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Abstract

Many emerging application domains require database
systems to support efficient access over highly multi-
dimensional datasets. The current state-of-the-art tech-
nigue to indexing high dimensional datais to first re-
duce the dimensionality of the data using Principal
Component Analysis and then indexing the reduced-
dimensionality space using a multidimensional index
structure. The above technique, referred to as global
dimensionality reduction (GDR), works well when the
data set is globally correlated, i.e. most of the varia-
tion in the data can be captured by a few dimensions.
In practice, datasets are often not globally correlated.
In such cases, reducing the data dimensionality using
GDR causes significant loss of distance information re-
sulting in alarge number of false positivesand hence a
high query cost. Even when a global correlation does
not exist, there may exist subsetsof datathat are locally
correlated. In this paper, we propose atechnique called
Local Dimensionality Reduction (LDR) that tries to
find local correlationsin the data and performs dimen-
sionality reduction on the locally correlated clusters of
data individually. We develop an index structure that
exploits the correlated clusters to efficiently support
point, range and k-nearest neighbor queries over high
dimensional datasets. Our experiments on synthetic as
well asreal-life datasets show that our technique (1) re-
duces the dimensionality of the data with significantly
lower loss in distance information compared to GDR
and (2) significantly outperforms the GDR, original
space indexing and linear scan techniques in terms of
the query cost for both synthetic and real-life datasets.
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1 Introduction

With an increasing number of new database applications dealing
with highly multidimensional datasets, techniques to support ef-
ficient query processing over such data sets has emerged as an
important research area. These applicationsinclude multimedia
content-based retrieval, exploratory data analysis/data mining,
scientific databases, medical applicationsand time-seriesmatch-
ing. To provide efficient access over high dimensional feature
spaces (HDFS), many indexing techniques have been proposed
in the literature. One class of techniques comprises of high di-
mensional indextrees[3, 15, 16, 5]. Although these index struc-
tures work well in low to medium dimensionality spaces (upto
20-30 dimensions), a simple sequential scan usually performs
better at higher dimensionalities [4, 20].

To scale to higher dimensionalities, a commonly used ap-
proach is dimensionality reduction [9]. This technique has been
proposed for both multimedia retrieval and data mining appli-
cations. The idea is to first reduce the dimensionality of the
data and then index the reduced space using a multidimensional
index structure [7]. Most of the information in the dataset is
condensed to a few dimensions (the first few principal com-
ponents (PCs)) by using principal component analysis (PCA).
The PCs can be arbitrarily oriented with respect to the origina
axes[9]. The remaining dimensions (i.e. the later components)
are eliminated and the index is built on the reduced space. To
answer queries, the query is first mapped to the reduced space
and then executed on the index structure. Since the distance in
the reduced-dimensional space lower bounds the distance in the
original space, the query processing algorithm can guarantee no
falsedismissals[7]. The answer set returned can have false pos-
itives (i.e. false admissions) which are eliminated before it is
returned to the user. We refer to this technique as global dimen-
sionality reduction (GDR) i.e. dimensionality reduction over the
entire dataset taken together.

GDR workswell when the dataset is globally correlated i.e.
most of the variation in the data can be captured by a few or-
thonormal dimensions (the first few PCs). Such a case is il-
lustrated in Figure 1(a) where a single dimension (the first PC)
captures the variation of data in the 2-d space. In such cases, it
is possible to eliminate most of the dimensions (the later PCs)
with little or no loss of distance information. However, in prac-
tice, the dataset may not be globally correlated (see Figure 1(b)).
In such cases, reducing the data dimensionality using GDR will
cause asignificant loss of distanceinformation. Lossin distance
information is manifested by a large number of false positives
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Figure 1: Global and Local Dimensionality Reduction Tech-
niques (a) GDR(from 2-d to 1-d) on globally correlated data (b)
GDR (from 2-d to 1-d) on globally non-correlated (but locally
correlated) data (c) LDR (from 2-d to 1-d) on the same data as
in (b)

and is measured by precision [14] (cf. Section 5). More the
loss, larger the number of false positives, lower the precision.
False positivesincrease the cost of the query by (1) causing the
guery to make unnecessary accesses to nodes of the index struc-
ture and (2) adding to the post-processing cost of the query, that
of checking the objects returned by the index and eliminating
the false positives. The cost increases with the increase in the
number of false positives. Note that false positives do not affect
the quality the answers as they are not returned to the user.

Even when a global correlation does not exist, there may ex-
ist subsets of data that are locally correlated (e.g., the data in
Figure 1(b) is not globally correlated but islocally correlated as
shown in Figure 1(c)). Obviously, the correlation structure (the
PCs) differ from one subset to another as otherwise they would
be globally correlated. We refer to these subsets as correlated
clusters or simply clusters. * In such cases, GDR would not be
able to obtain a single reduced space of desired dimensionality
for the entire dataset without significant loss of query accuracy.
If we perform dimensionality reduction on each cluster individu-
ally (assuming we can find the clusters) rather than on the entire
dataset, we can obtain a set of different reduced spaces of de-
sired dimensionality (as shown in Figure 1(c)) which together
cover the entire dataset 2 but achieves it with minimal loss of
guery precision and hence significantly lower query cost. We
refer to this approach as local dimensionality reduction (LDR).

Contributions: In this paper, we propose LDR as an ap-
proach to high dimensional indexing. Our contributions can be
summarized as follows:

¢ We develop an algorithm to discover correlated clustersin
the dataset. Like any clustering problem, the problem, in
genera, is NP-Hard. Hence, our algorithm is heuristic-
based. Our agorithm performs dimensionality reduction
of each cluster individually to obtain the reduced space (re-
ferred to as subspace) for each cluster. The data items that
do not belong to any cluster are outputted as outliers. The
algorithm allowsthe user to control the amount of informa-
tion loss incurred by dimensionality reduction and hence
the query precision/cost.

o We present atechniqueto index the subspacesindividually.
We present query processing algorithms for point, range
and k-nearest neighbor (k-NN) queries that execute on the

INote that correlated clusters (formally defined in Section 3) differ from the
usual definition of clustersi.e. aset of spatially close points. To avoid confusion,
we refer to the latter as spatial clustersin this paper.

2The set of reduced spaces may not necessarily cover the entire dataset as
there may be outliers. We account for outliersin our algorithm.
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index structure. Unlike many previous techniques[14, 19],
our agorithms guarantee correctness of the result i.e. re-
turns exactly the same answers as if the query executed on
the original space. In other words, the answer set returned
to the user has no false positives or fal se negatives.

o We perform extensive experiments on synthetic as well as
real-life datasets to eval uate the effectiveness of LDR asan
indexing technique and compare it with other techniques,
namely, GDR, index structure on the original HDFS (re-
ferred to as the original space indexing (OSI) technique)
and linear scan. Our experiments show that (1) LDR canre-
duce dimensionality with significantly lower loss in query
precision as compared to GDR technique. For the same
reduced dimensionality, LDR outperforms GDR by almost
an order of magnitude in terms of precision. and (2) LDR
performs significantly better than other techniques, namely
GDR, original spaceindexing and sequential scan, interms
of query cost for both synthetic and real-life datasets.

Roadmap: The rest of the paper is organized as follows. In

Section 2, we provide an overview of related work. In Section
3, we present the algorithm to discover the correlated clustersin
the data. Section 4 discusses techniques to index the subspaces
and support similarity queries on top of the index structure. In
Section 5, we present the performance results. Section 6 offers
the final concluding remarks.

2 Redated Work

Previous work on high dimensional indexing techniques in-
cludes development of high dimensional index structures (e.g.,
X-treg[3], SR-tree [15], TV-tree [16], Hybrid-tree [5]) and
global dimensionality reduction techniques [9, 7, 8, 14]. The
techniques proposed in this paper build on the above work.
Our work is aso related to the clustering algorithms that have
been developed recently for database mining (e.g., BIRCH,
CLARANS, CURE agorithms) [21, 18, 12]. The agorithms
most related to this paper are those that discover patternsin low
dimensional subspaces[1, 2]. In[1], Agarwal et. a. present
an algorithm, called CLIQUE, to discoverdense” regionsin all
subspaces of the origina data space. The algorithm works from
lower to higher dimensionality subspaces: it starts by discover-
ing 1-d dense units and iteratively discovers all dense units in
each k-d subspace by building from the dense units in (k-1)-d
subspaces. In[2], Aggarwal et. al. present an algorithm, called
PROCLUS, that clusters the data based on their correlation i.e.
partitions the data into digjoint groups of correlated points. The
authorsuse the hill climbing technique, popular in spatial cluster
analysis, to determine the projected clusters. Neither CLIQUE,
nor PROCL US can be used asan L DR technique since they can-
not discover clusterswhenthe principal componentsare arbitrar-
ily oriented. They can discover only those clusters that are cor-
related along one or more of the original dimensions. The above
techniques are meant for discovering interesting patterns in the
data; since correlation along arbitrarily oriented componentsis
usually not that interesting to the user, they do not attempt to
discover such correlation. On the contrary, the goal of LDR is
efficient indexing; it must be able to discover such correlation
in order to minimize the loss of information and make indexing
efficient. Also, since the motivation of their work is pattern dis-
covery and not indexing, they do not address the indexing and
guery processing issues which we have addressed in this paper.
To the best of our knowledge, this is the first paper that pro-



| Symbals | Definitions |
N Number of objectsin the database
M Maximum number of clusters desired
K Actual number of clusters found (K < M)
D Dimensionality of the original feature space
Si Theith cluster
C; Centroid of S;
n; Sizeof S; (number of objects)
A; Set of pointsin .S;
0¥ The principal components of S;
@EJ) The jth principal component of .S;
d; Subspace dimensionality of .S;
€ Neighborhood range
Mazxz ReconDist | Maximum Reconstruction distance
FracOutliers Permissible fraction of outliers
MinSize Minimum Size of acluster
MazDim Maximum subspace dimensionality of a cluster
o Set of outliers

Table 1: Summary of symbols and definitions

poses to exploit the local correlationsin data for the purpose of
indexing.

3 ldentifying Correlated Clusters

In this section, we formally define the notion of correlated clus-
ters and present an algorithm to discover such clusters in the
data

3.1 Definitions

In developing the agorithm to identify the correlated clusters,
we will need the following definitions.

Definition 1 (Cluster and Subspace) Given a set A of N
points in a D-dimensional feature space, we define a cluster S
asaset As (As C .A) of locally correlated points. Each cluster
S isdefined by S = (®s,dg, Cs, . As) where:

e &g are the principal components of the cluster, <I>gf) de-
noting the ith principal component.

e dg isthe reduced dimensionality i.e. the number of di-
mensionsretained. Obvioudly, the retained dimensions cor-
respond to thefirst dg principa components <I>(SZ), 1<i<
ds while the eliminated dimensions correspond to the next
(D — dg) components. Hence we use the terms (principal)
components and dimensionsinterchangeably in the context
of the transformed space.

o Cs = [Céds“) o -CéD)] is the centroid, that stores, for
each eliminated dimension ®;, (ds + 1) < ¢ < D, asingle
constant which is “representative” of the position of every
point in the cluster along this unrepresented dimension (as
we are not storing their unique positions along these di-
mensions).

o Ag isthe set of pointsin the cluster

The reduced dimensionality space defined by <I>(SZ), 1<i<ds
is called the subspace of S. ds is called the subspace dimen-
sionality of S.
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Figure 2: Centroid and Reconstruction Distance.

Definition 2 (Reconstruction Vector) Given a cluster
S = (®g,ds,Cg,Ag), we define the reconstruction vec-
tor ReconVect(Q, S) of apoint @ from S asfollows:

ReconVect(Q, S) = iiD:(dsﬂ)(Q . (b(Si) _ Cgi))q)(si) )

where ¥ denotes vector addition and e denotes scalar product
(ie Qe <I>(5i) isthe projection of ) on <I>(5i) as shown in Figure
2).(Qe <I>(5i) — Cf;)) isthe (scalar) distance of @) from the cen-
troid along each eliminated dimensionand ReconVector(Q, S)
is the vector of these distances.

Definition 3 (Reconstruction Distance) Given a cluster S =
(®s,ds,Cs, As), we now define the reconstruction distance
(scalar) Recon Dist(Q, S, D) of apoint @ from S. D isthedis-
tance function used to define the similarity between pointsin the
HDFS. LetD bean L, metrici.e. D(P, P') = || P - P'||, =

[Ele(|P[i] — P’[z’]|)p]1/p. We define ReconDist(Q, S, D) 3
asfollows:

ReconDist(Q,S,D) = ReconDist(Q,S, L) 2
= || ReconVecet(Q,5) ||, (3)

i N4 1/p

= B (Qeed — )@

|

Note that for any point (2 mapped to the d s-dimensional sub-
space of S, ReconVect(Q, S) (and ReconDist(Q, S)) repre-
sent the error in the representation i.e. the vector (and scalar)
distance between the exact D-dimensional representation of ()
and its approximate representation in the ds-dimensional sub-
space of S. Higher the error, more the amount of distance infor-
mation |ost.

3.2 Constraintson Correlated Clusters

Our objective in defining clustersis to identify low dimensional
subspaces, one for each cluster, that can be indexed separately.

SAssuming that D is a fixed L, metric, we usualy omit the D in
ReconD1st(Q, S, D) for simplicity of notation.



We desire each subspace to have as low dimensionality as pos-
sible without losing too much distance information. In order to
achieve the desired goal, each cluster must satisfy the following
constraints:

1. Reconstruction Distance Bound: In order to restrict the
maximum representation error of any point in the low di-
mensional subspace, we enforce the reconstruction dis-
tance of any point P € As to sdtisfy the following
condition: ReconDist(P,S) < MaxReconDist where
M axz ReconDist isaparameter specified by the user. This
condition restricts the amount of information lost within
each cluster and hence guarantees a high precision which
in turn implies lower query cost.

. Dimensionality Bound: For efficient indexing, we want
the subspace dimensionality to be as low as possible while
gtill maintaining high query precision. A cluster must
not retain any more dimensions that necessary. In other
words, it must retain the minimum number of dimen-
sions required to accommodate the points in the dataset.
Note than a cluster .S can accommodate a point P only
if ReconDist(P,S) < MaxReconDist. To ensure that
the subspace dimensionality ds is below the critical di-
mensionality of the multidimensional index structure (i.e.
the dimensionality above which a sequential scan is bet-
ter), we enforce the following condition: ds < Maxz Dim
where M axz Dim is specified by the user.

. Choice of Centroid: For each cluster S, we use PCA to
determine the subspacei.e. ®g isthe set of eigenvectors
of the covariance matrix of .A¢ sorted based on their eigen-
values. [9] shows that for a given choice of reduced di-
mensionality ds, the representation error is minimized by
choosing the first ds components among ®s and choos-
ing C's to be the mean value of the points (i.e. the cen-
troid) projected on the eliminated dimensions. To minimize

the information loss, we choose Cgi) = E{Pe @Ej)} =
E{P} e <I>(SZ) (see Figure 2).

. Size Bound: Finally, we desire each cluster to have a min-
imum cardinality (number of points) : ns > MinSize
where MinSize isuser-specified. The clustersthat aretoo
small are considered to be outliers.

The goal of the LDR algorithm described below isto discover
theset § = 51,95, ..., Sk of K clusters (where K < M, M
being the maximum number of clusters desired) that exists in
the data and that satisfy the above constraints. The remaining
points, that do not belong to any of the clusters, are placed in the
outlier set O.

3.3 The Clustering Algorithm

Since the LDR algorithm needs to perform local correlation
analysis (i.e. PCA on subsets of pointsin the dataset rather than
the whole dataset), we need to first identify the right subsets to
perform the analysis on. This poses a cyclic problem: how do
we identify the right subsets without doing the correlation anal-
ysis and how do we do the analysis without knowing the sub-
sets. We break the cycle by using spatial clusters as an initial
guess of the right subsets. Then we perform PCA on each spa-
tial cluster individually. Finally, we ‘recluster’ the points based
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Clustering Algorithm

Input: Set of Points A, Set of clusters S (each cluster is either

empty or complete)

Output: Some empty clusters are completed, the remaining

points form the set of outliers O

FindClusters(A4, S, O)

FC1: For each empty cluster, select arandom point P € A such
that P is sufficiently far from all completed and valid clus-
ters. If found, make P the centroid C; and mark .S; valid.

FC2: For each point P € A, add P to the closest valid cluster

S; (i.e. 1 = argmin(Distance(P, C;))) if P liesin the

e-neighborhood of C; i.e. Distance(P, C;) < e.

FC3: Foreachvalid cluster S;, computethe principal components

®; using PCA. Removeall pointsfrom A,;.

FC4: For each point P ¢ A, find the valid cluster S; that,

among al the valid clusters requires the minimum subspace

dimensionality LD(P) to satisfy ReconDist(P,S;) <

Maz ReconDist (bresk ties arbitrarily). If LD(P) <
MazDim, increment V;[j] for 5 = 0 to (LD(P) — 1)
and ;.

FC5: For each valid cluster .S;, compute the subspace dimension-

dity d; as. d; = {j|Fi[j] < FracOutliers and F;[j —

1] > FracOutliers} where F;[j] = Xl

g

FC6: For each point P € A, add P to the first valid cluster S;
such that ReconDist(P,S;) < MazReconDist. If no
such S; exists, add Pto O.

FC7: If avalidcluster S; violatesthe size constrainti.e. (|.A;| <
MinSize), mark it empty. Remove each point P € A;
from S; and add it to the first succeeding cluster S; that
satisfies ReconDist(P,S;) < MazReconDist or to O
if there is no such cluster. Mark the other valid clus-
ters complete. For each complete cluster S;, map each
point P € A; to the subspace and store it aong with
ReconDist(P, S, D).

Table 2: Clustering Algorithm

on the correlation information (i.e. principal components) to ob-
tain the correlated clusters. The clustering algorithm is shown
in Table 2. It takes a set of points A and a set of clusters S
asinput. When it is invoked for the first time, A is the entire
dataset and each cluster in S is marked ‘empty’. At the end,
each identified cluster is marked ‘complete’ indicating a com-
pletely constructed cluster (no further change); the remaining
clusters remain marked ‘empty’. The points that do not belong
to any of the clusters are placed to the outlier set O. The details
of each step is described below:

e Construct Spatial Cluster S(Steps FC1 and FC2): The al-
gorithm starts by constructing M spatia clusters where
M is the maximum number of clusters desired. We use
a simple single-pass partitioning-based spatial clustering
algorithm to determine the spatial clusters [18]. We first
choose a set of C C A of well-scattered points as the cen-
troids such that points that belong to the same spatial clus-
ter are not chosen to serve as centroids to different clus-
ters. Such aset C iscaled a piercing set [2]. We achieve



Figure 3: Determining subspace dimensionality
(MaxDim=32).

this by ensuring that each point P € C in the set is suf-
ficiently far from any aready chosen point P’ € C i.e
Dist(P, P') > threshold for a user-defined threshold. *
This technique, proposed by Gonzalez [10], is guaranteed
toreturnapiercingif no outliersare present. To avoid scan-
ning though the whol e database to choose the centroids, we
first construct a random sample of the dataset and choose
the centroids from the sample [2, 12]. We choose the sam-
ple to be large enough (using Chernoff bounds [17]) such
that the probability of missing clusters due to sampling is
low i.e. thereisat least one point from each cluster present
in the sample with a high probability [12]. Once the cen-
troids are chosen, we group each point P € A with the
closest centroid Cejosest If Distance(P, Cerosest) < € and
update the centroid to reflect the mean position of its group.
If Distance(P, Ceosest) > €, Weignore P. Therestriction
of the neighborhood range to ¢ makes the correlation anal-
ysis localized. Smaller the value of ¢, the more localized
the analysis. At the same time, ¢ has to be large enough
so that we get a sufficiently large number of pointsin the
cluster which is necessary for the correlation analysis to be
robust.

e Compute PCs(Step FC3): Once we have the spatial clus-
ters, we perform PCA on each spatial cluster S; individ-
ually to obtain the principal components <1>f;>, i=[1,D].
We do not eliminate any components yet. We compute the
mean value M; of the pointsin S; so that we can compute
ReconDist(P, S;) in Steps FC4 and FC5 for any choice of
subspace dimensionality d;. Finally, we remove the points
from the spatial clusters so that they can be reclustered as
described in Step FCB6.

e Determine Subspace Dimensionality(Steps FC4 and
FC5): For each cluster S;, we must retain no more di-
mensions than necessary to accommodate the points in the
dataset (except the outliers). To determine the number of
dimensions d; to be retained for each cluster .S;, we first
determine, for each point P € A, the best cluster, if one
exists, for placing P. Let LD(P, S;) denotethethelesst di-
mensionality needed for the cluster S; to represent P with

4For subsequent invocations of FindClusters procedure during the iterative
agorithm (Step 2 in Table 3), there may exist already completed clusters (does
not exist during the initial invocation). Hence P must also be sufficiently far
from al complete clusters formed so far i.e. ReconDist(P, S) > threshold
for each complete cluster S.
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ReconDist(P, S;) < MaxReconDist. Formaly,

LD(P,S;) = {d|
ReconDist(P,S;) < MaxReconDist if d; > d

and ReconDist(P, S;) > MaxReconDist otherwise }
()

In other words, the first LD(P, S;) PCs are just enough to
setisfy the above constraint. Note that such a LD(P, S;)
always exists for a non-negative M ax ReconDist. Let
LD(P) = min { LD(P, S;)|S; isavalid cluster }. If
LD(P) < MaxzDim, there exists a cluster that can ac-
commodate P without violating the dimensionality bound.
Let LD(P,S;) = LD(P) (if there are multiple such clus-
ters S;, break ties arbitrarily). We say S; is the “best”
cluster for placing P since S; is the cluster that, among
all the valid clusters, needs to retain the minimum num-
ber of dimensionsto accommodate P. P would satisfy the
ReconDist(P,S;) < MaxReconDist bound if the sub-
space dimensiondlity d; of S; issuch that LD(P,S;) <
di < MazDim and would violate it if 0 < d; <
LD(P,S;). For each cluster S;, we maintain this infor-
mation as a count array V;[j],j = [0, MaxDim] where
V;i[4] is the number of pointsthat, anong the points chosen
to be placed in S;, would violate the Recon Dist(P, S;) <
M ax Recon Dist constraint if the subspace dimensionality
d; is j: so in this case (for point P), we must increment
Vilj] for j = 0 to (LD(P, S;) — 1) and the total count
n; of points chosen to be placed in S;. (V;[j] and n; is
initialized to O before FC4 begins). On the other hand, if
LD(P) > MaxDim, there exists no cluster in which P
can be placed without violating the dimensionality bound;
so we do nothing.

At the end of the pass over the dataset, for each cluster S;,
we have computed V;[j],j = [0, MaxzDim] and n;. We
usethisto compute F;[j], j = [0, M axz Dim] where F;[j] is
thefraction of pointsthat, among those chosen to be placed
inS; (during FC4), would violatethe Recon Dist( P, S;) <
M az Recon Dist constraint if the subspace dimensionality

d;isji.e Fi[j] = ‘n_D] An example of F; from one of the
experiments conducted on the real life dataset (cf. Section
5.3) isshownin Figure 3. We choose d; to be as low as pos-
sible without too many points violating the reconstruction
distance bound i.e. not more than FracOutliers fraction

of points in S; where FracOutliers is specified by the



user. In other words, d; is the minimum number of dimen-
sionsthat must beretained so that the fraction of pointsthat
violate the ReconDist(P,S;) < MaxReconDist con-
straint isno morethat FracOutliersi.e. d; = {j|Fi[j] <
FracOutliersand Fi[j — 1] > FracOutliers}. In
Figure 3, d; is 21 for FracOutliers = 0.1, 16 for
FracOutliers = 0.2 and 14 for FracOutliers = 0.3.
We now have all the subspaces formed. In the next step,
we assign the points to the clusters.

Recluster Points(Step FC6): In the reclustering step, we
reassign each point P € .4 to acluster S that covers P i.e.
ReconDist(P,S) < MaxReconDist. If there exists no
such cluster, P is added to the outlier set O. If there exists
just one cluster that covers P, P isassigned to that cluster.
Now we consider the interesting case of multiple clusters
covering P. Inthis case, thereis apossibility that some of
these clusters are actually parts of the same correlated clus-
ter but has been split due to the initial spatial clustering.
Thisisillustrated in Figure 4. Since pointsin a correlated
cluster can be spatially distant from each other (e.g., form
an elongated cluster in Figure 4) and spatial clustering only
clusters spatially close points, it may end up putting cor-
related pointsin different spatial clusters, thus breaking up
a single correlated cluster into two or more clusters. Al-
though such ‘splitting’ does not affect the indexing cost
of our technique for range queries and k-NN queries, it
increases the cost of point search and deletion as multi-
ple clusters may need to searched in contrast to just one
when thereis no ‘splitting’. (cf. Section 4.2.1). Hence, we
must detect these ‘broken’ clusters and merge them back
together. We achieve this by maintaining the clusters in
some fixed order (e.g., order in which they were created).
For each point P € P, we check each cluster sequentially
in that order and assign it to the first cluster that covers
P. If two (or more) clusters are part of the same corre-
lated cluster, most pointswill be covered by all of them but
will always be assigned to only one them, whichever ap-
pearsfirst in the order. This effectively merges the clusters
into one since only the first one will remain while the oth-
ers will end up being almost empty and will be discarded
due to the violation of size bound in FC7. Note that the
FracOutliers bound in Step FC5 dtill holds i.e. besides
the points for which LD(P) > M axz Dim, no more that
FracOutliers fraction of points can become outliers.

Map Points(Step FC7): In the final step of the algo-
rithm, we eliminate clusters that violate the size con-
gtraint. We remove each point from these clusters and
add it to the first succeeding valid cluster S; that satisfies
the ReconDist(P,S;) < MaxzReconDist bound or to
O otherwise. For the remaining clusters .S;, we map each
point P € A; to the subspace by projecting P to <I>Z(] ), 1<
J < d; and refer it asthe (d;-d) image Image(P, S;) of P:

Image(P,S;)[j) = Pe® for1<j<d; (6)
We refer to P a the (D-d) origind
Original(Image(P, S;), S;) of itsimage Image(P, S;).
We store the image of each point along with the recon-
struction distance Recon Dist(P, S;).
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Since FindClusters chooses the initial centroids from a ran-
dom sample, there is arisk of missing out some clusters. One
way to reducethisrisk isto choose alarge number of initial cen-
troids but at the cost of slowing down the clustering algorithm.
Wereducetherisk of missing clustershby trying to discover more
clusters, if there exists, among the points returned as outliers by
theinitial invocation of FindClusters. We iterate the above pro-
cess as long as new clusters are still being discovered as shown
below:

Iterative Clustering

1) FindClusters(A, S, O); /* initial invocation */

(2) Let O be an empty set. Invoke FindClusters(O, S, ©’).
Make O’ the new outlier seti.e. O « O'. If new clusters
found, goto (2). Elsereturn.

Table 3: Iterative Clustering Algorithm

The above iterative clustering algorithm is somewhat similar
to the hill climbing technique, commonly used in spatial clus-
tering algorithms (especially in partitioning-based clustering al-
gorithmslike k-means, k-medoids and CLARANS[18]). Inthis
technique, the “bad quality” clusters (the ones that violate the
sizebound) arediscarded (Step FC7) and isreplaced, if possible,
by better quality clusters. However, unlike the hill climbing ap-
proach where all the points are reassigned to the clusters, we do
not reassign the points already assigned to the ‘complete’ clus-
ters. Alternatively, we can follow the hill climbing approach but
it is computationally more expensive and requires more scans of
the database [18].

Cost Analysis: The above algorithm requires three passes
through the dataset (FC2, FC4 and FC6) and a time complexity
of O(N D?K). The detailed analysis can be found in [6].

4 Indexing Correlated Clusters

Having developed the technique to find the correlated clusters,
we now shift our attention to how to use them for indexing. Our
objective is to develop a data structure that exploits the corre-
lated clustersto efficiently support range and k-NN queries over
HDFSs. The developed data structure must also be able to han-
dleinsertions and deletions.

4.1 Data Structure

The data structure, referred to as the global index structure (Gl)
(i.e. index on entire dataset), consists of separate multidimen-
sional indices for each cluster, connected to a single root node.
The global index structureis shown in Figure 5. We explain the
various components in details below:
e The Root Node R of Gl contains the following informa-
tion for each cluster S;: (1) a pointer to the root node R;
(i.e. the address of disk block containing R;) of the cluster
index /; (the multidimensional index on S;), (2) the princi-
pal components ®; (3) the subspace dimensionality d; and
(4) the centroid C;. It also contains an access pointer O to
the outlier cluster O. If thereis an index on O (discussed
later), O points to the root node of that index; otherwise,
it points to the start of the set of blocks on which the out-
lier set resides on disk. R may occupy one or more disk
blocks depending on the number of clusters K and original
dimensionality D.
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Figure5: Theglobal index structure

e The Cluster Indices: We maintain a multidimensional in-
dex I; for each cluster S; in which we store the reduced
dimensional representation of the points in S;. However,
instead of building the index 7; on the d;-d subspace of
S; defined by @) 1 < j < d;, we build I; on the
(di + 1)-d space, the first d; dimensions of which are de-
fined by ) 1 < j < d; as above while the (d; +
1)th dimension is defined by the reconstruction distance
ReconDist(P, S;, D). Including reconstruction distance
as a dimension helps to improve query precision (as ex-
plained later). We redefine the image New/Image(P, S;)
of apoint P € A; asa(d; + 1)-d point (rather than a d;-
d point), incorporating the reconstruction distance as the
(d; + 1)th dimension:

NewImage(P, S;)[]

= Image(P, 5;)[j] = Po @) for1 < j < d;

= ReconDist(P,S;,D)forj=d; +1 (7)

The (d; + 1)-d cluster index I; is constructed by inserting
the (d; + 1)-d images (i.e. NewlImage(P,S;)) of each
point P € A; into the multidimensional index structure
using the insertion algorithm of the index structure. Any
disk-based multidimensional index structure (e.g., R-tree
[13], X-tree[3], SR-tree[15], Hybrid Tree[5]) can be used
for this purpose. We used the hybrid tree in our experi-
ments since it is a space partitioning index structure (i.e.
has“ dimensionality-independent” fanout), ismore scalable
to high dimensionalitiesin terms of query cost and can sup-
port arbitrary distance metrics [5].
The Outlier Index: For the outlier set @, we may or may
not build an index depending on whether the original di-
mensionality D is below or above the critical dimension-
ality. In this paper, we assume that D is above the critical
dimensionality of theindex structure and hence choose not
to index the outlier set (i.e. use sequential scan for it).

Like other database index trees (e.g., B-tree, R-tree), the
global index (GI) shown in Figure 5 is disk-based. But it may
not be perfectly height balancedi.e. all pathsfrom R to leaf may
not be of exactly equal length. The reason is that the sizes and
the dimensionalities may differ from one cluster to another caus-
ing the cluster indices to have different heights. We found that
Gl is almost height balanced (i.e. the difference in the lengths
of any two paths from R to leaf is never more than 1 or 2) due
to the size bound on the clusters (see [6] for details). Also, its
height cannot exceed the height of the original space index by
more than 1 (see [6] for details).
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To guarantee the correctness of our query algorithms (i.e. to
ensure no false dismissals), we need to show that the cluster
index distances lower bounds the actual distances in the origi-
nal D-d space [7]. In other words, for any two D-d points P
and Q, D(NewlImage(RS;), NewlImage(Q,S;)) must aways
lower bound D (P, Q).

Lemma 1 (Lower Bounding Lemma)
D(Newlmage(P, S;), NewImage(Q, S;))
bounds D (P, Q). (Proof in [6]).

always lower

Note that instead of incorporating reconstruction distance as
the (d; + 1)th dimension, we could have simply constructed Gl
with each cluster index I; defined on the corresponding d;-d sub-
space <I>Z(]) , 1 < j < d;. Since the lower bounding lemma holds
for the d;-d subspaces (as shownin[7]), the query processing al-
gorithms described below would have been correct. The reason
weuse (d; + 1)-d subspaceisthat the distancesin the (d; + 1)-d
subspace upper bounds the distances in the d;-d subspace and
hence provides atighter lower bound to distancesin the original
D-d space:

D(Newlmage(P,S;), NewlImage(Q, S;)) =
[D(Image(P, S;), Image(Q, Si))? +

|(ReconDist(P, S;, D) — ReconDist(Q, S;, D))|p]1/p
= D(NewlImage(P, S;), NewImage(Q, S;)) >

D(Image(P,S;), Image(Q,S;)) (8)
Furthermore, the difference between the two (i.e
D(NewlImage(P,S;), NewlImage(Q, S;)) and

D(Image(P,S;), Image(Q,S;))) is usualy significant
when computing the distance of the query from a point in the
cluster: Say, P isapoint in S; and @ is the query point. Due
to the reconstruction distance bound, ReconDist(P, S;, D) is
always a small number (< MaxReconDist). On the other
hand, ReconDist(Q,S;, D) can have any arbitrary value
and is usually much larger than ReconDist(P, S;, D)), thus
making the difference quite significant. This makesthe distance
computationsin the (d; + 1)-d more optimistic than that in the
d;-d index and hence a better estimate of the distances in the
original D-d space. For example, for a range query, the range
condition (D(NewlImage(P, S;), NewlImage(Q, S;)) < p)
is more optimistic (i.e. satisfies fewer objects) than the range
condition (D(Image(P, S;), Image(Q, S;)) < p), leading to
fewer false positives. The sameistrue for k-NN queries. Fewer
false positivesimply lower query cost. At the sametime, adding
a new dimension also increases the cost of the query. Our
experiments show that decrease in the query cost from fewer
false positives offsets the increase of the cost of the adding a
dimension, reducing the overall cost of the query significantly
(cf. Section 5, Figure 12).

4.2 Query Processing over the Glaobal Index

In this section, we discuss how to execute similarity queries effi-
ciently using the index structure described above (cf. Figure5).
We describe the query processing algorithm for point, range and
k-NN queries. For correctness, the query processing algorithm
must guaranteethat it always returns exactly the same answer as
the query onthe original space[7]. Often dimensionality reduc-
tion techniques do not satisfy the correctness criteria [14, 19].



We show that all our query processing algorithms satisfy the
above criteria.

4.2.1 Point Search

To find an object O, we first find the cluster that contains O. It
is the first cluster S (in the order mentioned in Step FC6) for
which the reconstruction distance bound is satisfied. If such a
cluster S exists, we compute NewImage(O, S) and find it in
the corresponding index by invoking the point search algorithm
of the index structure. The point search returns the object if it
exists in the cluster, otherwise it returns null. If no such cluster
S exists, O must be, if at al, in @. So we sequentially search
through O and return it if it existsin O.

4.2.2 RangeQueries

A range query Q@ = (Q, p, D) retrieves al objects O in the
database that satisfies the range condition D(Q, O) < p. Theal-
gorithm proceeds as follows (see [6] for pseudocode). For each
cluster .S;, we map the query anchor @ toits (d; + 1)-d image @;
(using the principal components ®; and subspace dimensional-
ity d; stored in theroot node R of Gl) and execute arange query
(with the samerange p) on the corresponding cluster index 7; by
invoking the procedure RangeSearchOnClusterlndex on the root
node R; of I;. RangeSearchOnClusterindex is the standard R-
tree-style recursive range search procedure that starts from the
root node and explores the tree in a depth-first fashion. It exam-
ines the current node 7: if T is a non-leaf node, it recursively
searches each child node N of 7' that satisfies the condition
MINDIST(Q,N,D) < p (where MINDIST(Q, N, D) de-
notes the minimum distance of the (d; + 1)-d image of query
point to the (d; + 1)-d bounding rectangle of N based on dis-
tance function D); if T'isaleaf node, it retrieves each dataitem
O stored in T' (which is the New/Image of the original D-d
object) ° that satisfies the range condition P(Q, O) < p inthe
(d; + 1)-d space, accesses the full D-dimensional tuple on disk
to determine whether it is a false positive and adds it to the re-
sult set if it is not a false positive (i.e. it also satisfies the range
condition P(Q, 0) < p in the original D-d space). After all
the cluster indices are searched, we add all the qualifying points
from among the outliersto the result by performing a sequential
scan on 0. Since the distance in the index space lower bounds
the distance in the original space (cf. Lemma 1), the above al-
gorithm cannot have any false dismissals. The algorithm can-
not have any false positiveseither asthey are filtered out before
adding to theresult set. The above algorithm thusreturnsexactly
the same answer as the query on the original space.

4.2.3 k Nearest Neighbor Queries

A Kk-NN query Q@ = (Q, k, D) retrievesaset R of k objectssuch
that for any twoobjectsO € R, 0’ ¢ R, P(Q,0) < D(Q,0').
Thealgorithmfor k-NN queriesisshownin Table4. Liketheba
sick-NN algorithm, the algorithm uses apriority queue queue to
navigate the nodes/objects in the database in increasing order of
their distances from ). Note that we use a single queue to navi-
gate the entire global index i.e. we explore the nodes/objects of
all the cluster indicesin an intermixed fashion and do not require

5Note that instead of storing the ‘Newlmage's, we could have stored the
origina D-d points in the leaf pages of the cluster indices (in both cases, the
index is built on the reduced space). Our choice of theformer option isexplained
in[6].

96

k-NNSearch(Query Q = Q, k, D))

1 for (i=1;i < Kji++)

2 Q@s, < Newlmage(Q, S;);

3 queue.push(S;, R;, MINDIST(Q:, R;, D));

4 Addto temp the k closest neighbors of @ among O (lin. scan)
5 while(not queue.lSEmpty())

6 top=queue.Top();

7 for each object O in temp such that O.dist < top.dist
8 temp + temp — O,

9 result = result U O;

10 retrieved++;

11 if (retrieved = k) return result;

12 queue.Pop();

13 if top.T isan object

14 top.dist = D(Q, Original(top.T, top.S));

15 temp =temp U top.T,

16 dseif top.T isaleaf node

17 for each object O in top.T

18 queue.push(top.S, O, D(Qiop.s, O));

19 ese/* top.T isanindex node */

20 for each child N of top. T

21 queue.push(top.S, N, MINDIST(Q:op.s, N, D)),

Table 4: k-NN Query.

separate queues to navigate the different clusters. Each entry in
queue is either anode or an object and stores 3 fields: the id of
the node/object 7" it corresponds to, the cluster S it belongs to
and its distance dist from the query anchor ). The items (i.e.
nodes/objects) are prioritized based on dist i.e. the smallestitem
appears at the top of the queue (min-priority queue). For nodes,
thedistanceisdefined by M I N DI.ST whilefor objects, itisthe
the point-to-poi nt distance. Initially, for each cluster, wemap the
query anchor ) toits (d; + 1)-d image @; using theinformation
stored in the root node R of Gl (Line 2). Then, for each cluster
index I;, we compute the distance M IN DIST(Q;, R;, D) of
Q; from the root node R; of I; and push R; into queue along
with the distance and the id of the cluster S; to which it belongs
(Line 3). We also fill the set temp with the k£ closest neigh-
bors of (7 among the outliers by sequentially scanning through
O (Line4).

After these initialization steps, we start navigating the in-
dex by popping the item from the top of queue at each step
(Line 11). If the popped item is an object, we compute the
distance of the original D-d object (by accessing the full tu-
ple on disk) from @ and append it to temp (Lines 12-14). If
it a node, we compute the distance of each of its children to
the appropriate query image Q:.p.s (where top.S denotes the
cluster which top belongs to) and push them into the queue
(Lines 15-20). Note that the image for each cluster is com-
puted just once (in Step 2) and is reused here. We move an
object O from temp to result only when we are sure that
it is among the k£ nearest neighbors of @ i.e. there exists
no object O’ ¢ result such that D(0', Q) < D(0,Q) and
|result| < k. The second condition is ensured by the exit con-
dition in Line 11. The condition O.dist < top.dist in Line
7 ensures that there exists no unexplored object O’ such that
D(0',Q) < D(0,Q). Theproof issimple: O.dist < top.dist
implies O.dist < D(NewlImage(O',S), NewImage(Q,S))



for any unexplored object O’ in a cluster S (by the prop-
erty of min-priority queue) which in turn implies P(0, @) <
D(O',Q) (since D(NewlImage(O',S), NewImage(Q,S))
lower boundsD (0’ ), seeLemmal). By inserting the objects
intemp (i.e. aready explored items) into result in increasing
order of their distances in the original D-d space (by keeping
temp sorted), we also ensure there exists no explored object O’
such that D(O’, Q) < P(0, Q). This shows that the algorithm
returns the correct answer i.e. the exact set of objects as the
guery in the original D-d space. It isaso easy to show that the
algorithmis 1/O optimal .

Lemma 2 (Optimality of k-NN algorithm) The k-NN algo-
rithm is optimal i.e. it does not explore any object outside the
range of kth nearest neighbor. (Proof in [6]).

4.3 Modifications

We assume that the data is static in order to build the index.
However, we must support subsequent insertions/deletions of
the objects to/from the index efficiently. We do not describe
the insertion and deletion algorithms in this paper due to space
limitations but they can be found in [6].

5 Experiments

In this section, we present the results of an extensive empiri-
cal study we have conducted to (1) evaluate the effectiveness of
LDR asahigh dimensional indexing technique and (2) compare
it with other techniques, namely, GDR, origina space indexing
(OSl) and linear scan. We conducted our experiments on both
synthetic and real-life datasets. The major findings of our study
can be summarized as follows:

e High Precision: LDR provides up to an order of magni-
tude improvement in precision over the GDR technique at
the same reduced dimensionality. This indicates that LDR
can achieve the same reduction as GDR with significantly
lower loss of distance information.

e Low Query Cost: LDR consistently outperforms other in-
dexing techniques, namely GDR, original space indexing
and sequential scan, in terms of query cost (combined I/O
and CPU costs) for both synthetic and real-life datasets.

Thus, our experimental results validate the thesis of this pa-

per that LDR is an effective indexing technique for high dimen-
sional datasets. All experiments reported in this section were
conducted on a Sun Ultra Enterprise 450 machine with 1 GB of
physical memory and several GB of secondary storage, running
Solaris 2.5.

5.1 Experimental Methodology

We conduct the following two sets of experimentsto evaluate the
L DR technique and compare it with other indexing techniques.

Precision Experiments

Due to dimensionality reduction, both GDR and LDR, cause
loss of distance information. More the number of dimensions
eliminated, more the amount of information lost. \We measure

thisloss by precision defined as Precision = Boriginatl \yhere

T |Rreduced|

Ryeduced @A Rorigina are the sets of answers returned by the
range query on the reduced dimensional space and the original
HDFS respectively [14]. We repeat that since our agorithms
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guaranteethat the user alwaysgets back the correct set Roriginat
of answers (asif the query executed in the original HDFS), pre-
cision does not measure the quality of the answers returned to
the user but just the information loss incurred by the DR tech-
nigue and hence the query cost. For a DR technique, if we fix
the reduced dimensionality, the higher the precision, the lower
the cost of the query, the more efficient the technique. We com-
pare the GDR and LDR techniques based on precision at fixed
reduced dimensionalities.

Cost Experiments

We conducted experiments to measure the query cost (1/0 and
CPU costs) for each of the following four indexing techniques.
We describe how we compute the 1/0O and CPU costs of thetech-
niques bel ow.
e Linear Scan: In this technique, we perform a sim-
ple linear scan on the original high dimensional dataset.
The 1/0O cost in terms of sequential disk accesses is

N*(D*sizeoFf,((lj;leo;;g:-sizeof(id)) _ Since SZZGOf(Zd) < (D %
sizeof(float)), we will ignore the sizeof(id) hence-
forth. Assuming sequential 1/O is 10 times faster than
random 1/O, the cost in terms of the random accesses is
al *sfgf;fa(ggg‘;?ew ). The CPU cost is the cost of computing
the distance of the query from each point in the database.

e Original Space Indexing (OS): In this technique, we build
the index on the original HDFS itself using a multidimen-
sional index structure. We use the hybrid tree as the index
structure. The I/O cost (in terms of random disk accesses)
of the query is the number of nodes of the index structure
accessed. The CPU cost is the CPU time (excluding 1/O
wait) required to navigate the index and return the answers.

e GDR: In this technique, we peform PCA on the origi-
nal dataset, retain the first few principal components (de-
pending on the desired reduced dimensionality) and in-
dex the reduced dimensional space using the hybrid tree
index structure. In this case, the 1/O cost has 2 compo-
nents: index page accesses (discussed in OSI) and access-
ing the full tuplesin the relation for false positive elimina-
tion (post processing cost). The post processing cost can
be one 1/O per false positivesin the worst case. However,
as observed in [11], this assumption is overly pessimistic
(and is confirmed by our experiments). We, therefore, as-
sume the postprocessing 1/0 cost to be 24l alse-positives
The total /O cost (in number of random disk accesses) is
index_page_access_cost + "“m‘fals;‘pomwes. The CPU
cost is the sum of the index CPU cost and the post pro-
cessing CPU cost i.e. cost of computing the distance of the
guery from each of the false positives.

e LDR: In this technique, we index each cluster using the
hybrid tree multidimensional index structure and used a
linear scan for the outlier set. For LDR, the 1/O cost
of a query has 3 components. index page accesses for
each cluster index, linear scan on the outlier set and ac-
cessing the full tuples in the relation (post processing
cost). The total index page access cost is the total num-
ber of nodes accessed of all the cluster indices com-
bined. The number of sequential disk accesses for the
outlier scan is [ClxPxsizeof(float)  Tha cogt of outlier

PageSize
is |O|*sizeof (float)*D)
10xPageSize :

scan in terms of random accesses
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The postprocessing 1/0 cost is 2Um=lalsepositives (ag
discussed above). The total 1/O cost (in number of

random disk accesses) is index_page_access_cost +

[Ol#sizeof (float)*D) num_false_positives ..
10xPageSize + 5 . Simllarly, the

CPU cost is the sum of the index CPU cost, outlier scan
CPU cost (i.e. cost of computing the distance of the query
from each of the outliers) and the post processing cost (i.e.
cost of computing the distance of the query from each of
the false positives).

We chose the hybrid tree as the index structure for our
experiments since it is a space partitioning index structure
(“dimensionality-independent” fanout) and has been shown to
scale to high dimensionalities [5]. ® We use a page size of 4KB
for all our experiments.

5.2 Experimental Results- Synthetic Data Sets
Synthetic Data Sets and Queries

In order to generate the synthetic data, we use a method similar
to that discussed in [21] but appropriately modified so that we
can generate the different clusters in subspaces of different ori-
entations and dimensionalities. The synthetic dataset generator
is described in Appendix A. The dataset generated has original
dimensionality of 64 and consists of 100,000 points. The in-
put parameters to the data generator and their default values are

6The performance gap between our technique and the other techniques was
even greater with SR-tree [15] as the index structure due to higher dimension-
dity curse [5]. We do not report those results here but can be found in the full
version of the paper [6].
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shownin Table 5 (Appendix A).

We generated 100 range queries by selecting their query an-
chors randomly from the dataset and choosing a range value
such that the average query selectivity is about 2%. We tested
with only range queries since the k-NN algorithm, being opti-
mal, isidentical to the range query with the range equal to the
distance of the kth nearest neighbor from the query (Lemma 3).
We use L, distance (Euclidean) as the distance metric. All our
measurements are averaged over the 100 queries.

Precision Experiments

Inour first set of experiments, we carry out asensitivity analysis
of the GDR and LDR techniques to parameters like skew in the
size of the clusters (z;;.), number of clusters (k) and degree of
correlation (p). In each experiment, we vary the parameter of
interest while the remaining parameters are fixed at their default
values. We fix the reduced dimensionality of the GDR tech-
nigue to 15. We fix the average subspace dimensionality of the
clusters (i.e. X, ”lel) also to 15 by choosing FracOutliers
and M axz Recon Dist appropriately (FracOutliers = 0.1 and
MaxzReconDist = 0.5). Figure 6 compares the precision of
the LDR technique with that of GDR for various value of z; .
LDR achieves about 3 times higher precision compared to GDR
i.e. the latter has more than three times the number of false pos-
itives as the former. The precision of neither technique changes
significantly with the skew. Figure 7 compares the precision of
the two techniques for various values of k. As expected, for
one cluster, the two techniques are identical. As k increases,
the precision of GDR deteriorateswhile that of LDR isindepen-
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dent of the number of clusters. For £ = 10, LDR isamost an
order of magnitude better compared to GDR in terms of preci-
sion. Figure 8 compares the two techniques for various values
of p. Asthe degree of correlation decreases (i.e. the value of p
increases), the precision of both techniques drop but LDR out-
performs GDR for al values p. Figure 9 shows the variation
of the precision with the reduced dimensionality. For the GDR
technique, we vary the reduced dimensionality from 15 to 60.
For the LDR technique, we vary the F'racOutliers from 0.2 to
0.01 (0.2, 0.15, 0.1, 0.05, 0.02, 0.01) causing the average sub-
space dimensionality to vary from 7 to 42 (7, 10, 12, 14, 23 and
42) (M axz Dim was 64). The precision of both techniques in-
crease with the increase in reduced dimensionality. Once again,
LDR consistently outperforms GDR at all dimensionalities. The
above experiments show that LDR is a more effective dimen-
sionality reduction technique as it can achieve the same reduc-
tion as GDR with significantly lower loss of information (i.e.
high precision) and hence significantly lower cost as confirmed
in the cost experiments described next.

Cost Experiments

We compare the 4 techniques, namely LDR, GDR, OSl and Lin-
ear Scan, in terms of query cost for the synthetic dataset. Figure
10 comparesthe 1/0 cost of the 4 techniques. Both the LDR and
GDR techniques have U-shaped cost curves: when the reduced
dimensionality is too low, thereis a high degree of information
loss leading to a large number of false positives and hence a
high post-processing cost; when it is too high, the index page
access cost becomes too high due to dimensionality curse. The
optimum points lies somewhere in the middle: it is at dimen-
sionality 14 (about 250 random disk accesses) for LDR and at
40 (about 1200 random disk accesses) for GDR. The I/O cost
of OSI and Linear Scan is obvioudy independent of the reduced
dimensionality. LDR significantly outperforms all the other 3
techniquesin terms of 1/0 cost. The only technique that comes
closeto LDR intermsof 1/O cost isthe linear scan (but LDR is
2.5 times better as the latter performs 6274 sequential accesses
~ 627 random accesses). However, linear scan loses out mainly
dueto its high CPU cost shownin Figure11. While LDR, GDR
and OSI techniques have similar CPU cost (at their respective
optimum points), the CPU cost linear scan is aimost two orders
of magnitude higher that the rest. LDR has dlightly higher CPU
cost compared to GDR and OSI sinceit uses linear scan for the
outlier set: however, the savings in the 1/0 cost over GDR and
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OSl (by afactor of 5-6) far offsetsthe slightly higher CPU cost.

5.3 Experimental Results- Real-Life Data Sets
Description of Dataset

Our rea-life data set (COLHIST dataset [5]) com-
prises of 8 x & color histograms (64-d data) extracted
from about 70,000 color images obtained from the
Corel Database (http://corel.digitalriver.com/) and is
available online a the UCI KDD Archive web site
(http://kdd.ics.uci.edu/databases/Corel Features). We gen-
erated 100 range queries by selecting their query anchors
randomly from the dataset and choosing a range value such
that the average query selectivity is about 0.5%. All our
measurements are averaged over the 100 queries.

Cost Experiments

First, we evaluate the impact of adding Recon Dist as an addi-
tional dimension of each cluster in the LDR technique. Figure
12 shows that the additional dimension reduces the cost of the
guery significantly. We performed the above experiment on the
synthetic dataset as well and observed a similar result. 7 Fig-
ure 13 compares the 4 techniques, namely LDR, GDR, OS| and
Linear Scan, in terms of 1/O cost. LDR outperforms al other
techniques significantly. Again, the only technique that come
closeto LDRin 1/O cost (i.e. number of random disk accesses)
is the linear scan. However, again, linear scan turns out to sig-
nificantly worse compared to LDR in terms of the overall cost
duetoits high CPU cost as shownin Figure 14.

6 Conclusion

With numerous emerging applications requiring efficient access
to high dimensional datasets, there is a need for scalable tech-
nigues to indexing high dimensional data. In this paper, we pro-
posed local dimensionality reduction (LDR) as an approach to
indexing high dimensional spaces. We developed an algorithm
to discover the locally correlated clusters in the dataset and per-
form dimensionality reduction on each of them individualy. We
presented an index structure that exploits the correlated clusters
to efficiently support similarity queries over high dimensiona
datasets. We have shown that our query processing agorithms

"We aso analyzed the senstivity of the LDR technique to the
MaxzReconDist parameter. The results can befound in[6].



are correct and optimal. We conducted an extensive experimen-
tal study with synthetic as well as real-life datasets to evalu-
ate the effectiveness of our technique and compare it to GDR,
original space indexing and linear scan techniques. Our results
demonstrate that our technique (1) reduces the dimensionality
of the data with significantly lower loss in distance information
compared to GDR, outperforming GDR by almost an order of
magnitude in terms of query precision (for the same reduced
dimensionality) and (2) significantly outperforms all the other
3 techniques (namely, GDR, original space indexing and linear
scan) in terms of the query cost for both synthetic and real-life
datasets.
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A Synthetic Data Generation

Param. Description Default Value
n Total number of points 100000
D Original dimensionality 64
k Number of clusters 5
d Avg. subspace dimensionality 10

Zdim Skew in subspace dim. across clusters 0.5

Zsize Skew in size across clusters 0.5
c Number of spatial cluster per cluster 10
r Extent (from centroid) along subspace dim 0.5
p Max displacement along non-subspace dim 0.1
0 Fraction outliers 0.05

Table 5: Input parameters to Synthetic Data Generator

The generator generates & clusters with atotal of n.(1 — o)
points distributed among them using a Zipfian distribution with
value z;;,.. The subspace dimensionality of each cluster also
followsa Zipfian distribution with value z4;,,, , the average sub-
space dimensionality being d. Each cluster is generated as fol-
lows. For a cluster with size n; and subspace dimensionality
d; (computed using the Zipfian distributions described above),
we randomly choose d; dimensions among the D dimensions
as the subspace dimensions and generate n; points in that d;-
d plane. Along each of the remaining (D — d;) non-subspace
dimensions, we assign a randomly chosen coordinate to all the
n; pointsin the cluster. Let f; be the randomly chosen coordi-
nate along the jth non-subspace dimension. In the subspace, the
points are spatially clustered into several regions (¢ regions on
average) with each region having a randomly chosen centroid
and an extent of » from the centroid along each of the d; dimen-
sions. After all the pointsin the cluster are generated, each point
is displaced by a distance of at most p in either direction along
each non-subspace dimension i.e. the point is randomly placed
somewhere between (f; — p) and (f; + p) dong the jth non-
subspace dimension. The amount of displacement (i.e. value of
p) determines the degree of correlation (sincer isfixed). Lower
the value, more the correlation. To make the subspaces arbitrar-
ily oriented, we generate a random orthonormal rotation matrix
(generated using MATLAB) and rotate the cluster by multiply-
ing the data matrix with the rotation matrix. After all the clusters
are generated, we randomly generate N.o points (with random
valuesalong all D dimensions) as the outliers. The default val-
ues of the various parametersis shown in Table 5.
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