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Abstract

In this report, we are interested in the fast retrieval, in a large collection of points in high-
dimensional space, of points close to a query point: we want to efficiently find the set of points
within a sphere of center query point p; and radius € (a sphere query). It has been argued that
beyond a rather small dimension (d > 10) for such sphere queries as well as for other similarity
queries, sequentially scanning the collection of points is faster than crossing a tree structure indexing
the collection (the so-called curse of dimensionality phenomenon). The contribution of this report
is to experimentally show that in the presence of redundancy in data, the curse of dimensionality
is delayed to higher dimensions, rendering the use of tree-structured index still effective for a large
number of applications dealing with points of moderate dimensions. We compare the performance of a
single sphere query when the collection is indexed by a tree structure (an SR-tree in our experiments)
to that of a sequential scan and to that of the VA-File which is an amelioration of the sequential scan.
This study is applied to content-based image retrieval where images are described by local descriptors
based on points of interest. Such descriptors involve a relatively small dimension (in general up to 30)
and several sphere queries that are usually time consuming, justifying that the collection of points be
indexed by a tree structure. The experiments were performed over 30 databases involving different
synthetic and real distributions.

Keywords: CBIR, Local Descriptors, Multidimensional Indexing, Tree structure, Curse of Dimen-
sionality, VA-File.



1 Introduction

During the last decade, similarity search has drawn considerable attention in multimedia systems, decision
support and data mining. In these systems, there is the need to find a small set of objects which are
similar to a given query object. Content based image retrieval is one example application where the
objects to be retrieved are images, videos or parts of images. Usually, similarity is not measured on the
objects themselves but on object abstractions called features which are points in some high-dimensional
space. The number of dimensions may vary from moderate (8 to 30) to large (64 to 300) or over 900
in some applications such as astronomy. The more pertinent the object abstraction or description, the
better the estimation of the similarity of two objects by the similarity of the features extracted from the
objects. The similarity of two features (points) is a function of their distance in the high-dimensional
space. Efficient similarity search is supported by a multidimensional index structure.

In this report we are interested in the fast retrieval, in a large collection of points in a high-dimensional
space, of points close to a query point. We want to efficiently find the set of points within a sphere of center
query point p; and radius e (e-sphere). It has been argued [35] that beyond a rather small dimension
(d > 10) for such sphere queries as well as for k-NN queries, sequentially scanning the collection of
points is faster than crossing the tree-structured multidimensional index: we briefly survey the well-
known curse of dimensionality phenomenon [25, 6, 34] in section 2.3. The more uniform the point
distribution in space, the smaller such a threshold dimension. In [34] Weber and al. formally shown
that the curse of dimensionality is reached for index structures with a dimension larger than 10 [35] but
under the assumptions of uniformity and independence of the dataset. They proposed the VA-File as an
improvement of sequential scan.

Here, we want to experimentally assess whether the curse of dimensionality is reached with various
points distributions when the number of dimensions is moderate. Considerable attention has been
devoted to data structures that delay the curse of dimensionality but surprisingly no study experimentally
evaluates until which dimension a tree structure is still appropriate. We compare the performance of a
single sphere query when the collection is indexed by a tree structure (an SR-tree in our experiments) to
that of a sequential scan and to that of a VA-File. We performed an extensive performance evaluation over
30 synthetic and real datasets. As an example of real data, the points were obtained by the description
of the visual content of images.

Outline of the report The following section gives a survey on related multidimensional access meth-
ods with emphasis on the SR-Tree and the VA-File structures and revisits the curse of dimensionality
phenomenon. Section 3 is dedicated to content-based image retrieval, and more precisely to local image
descriptors, which will constitute the real datasets of the evaluation. Section 4 describes our experi-
ments and provides some evaluation results: we assess the use of an SR-tree for single sphere queries in
applications where the objects are described by points in a moderately high-dimensional space.

2 Related work on multidimensional access methods

Several multidimensional access methods (MAM) have been proposed in the past decades. They mostly
differ in the manner data are partitioned in space, see for example [7] and [23] for a more recent classi-
fication of these methods. A large number of dynamic MAM are variants of the R-Tree [15] where the
collection of points is organized in a hierarchy of hyper rectangles. These variants differ in the strategy
chosen for splitting data; a survey on R-Trees can be found in [21]. We propose the use of the SR-
tree [18] structure, which is a combination of the R*-tree [1] (one of the most efficient R-Trees) and the
SS-Tree [36] (a hierarchy method based on bounding hyper spheres). The SR-tree structure is described
in subsection 2.1 where an algorithm for sphere queries is also introduced. If the dimension of the space
is high, MAM’s performance suffers from the well-known curse of dimensionality phenomenon [25]; the
latter is briefly surveyed in subsection 2.3. Arguing that if the space dimension is above a given dimen-
sion, sequential scan outperforms hierarchical index traversal, Weber and al. [25] proposed the VA-File,
as an amelioration of sequential scan. We revisit the VA-file structure in subsection 2.2 and also give an
algorithm for the sphere query. Many improvements of the VA-File have recently been proposed: among
them, it is important to note the VA-file parallelization [33], the KVA-File [16] that extends VA-File to
Kernel-based retrieval methods and the VA'-File [11] which performs a transformation on the data space



to ameliorate the VA-File with non uniform distributions. Other techniques combine the tree structure
with a VA-file like approximation, for example the IQ-Tree [3] and the A-Tree [27]. The former uses
approximations in the leaves of an R*-tree-like structure while the latter uses approximations all over
the tree structure; it is shown that the A-tree outperforms both the VA-File and the SR-tree. In [13], a
technique for taking advantage of both the A-Tree and the 1Q-Tree is proposed to improve even more
search in high-dimensional data spaces.

The rest of this section is devoted to the description of the SR-tree, the VA-File and to a discussion
on curse of the dimensionality phenomenon.

2.1 SR-tree

We have chosen to use the SR-tree [18] as an index structure for high-dimensional sphere queries, because
from one hand, its code! was available on the line at the time when the experiment started, and from
another its performance is by far better than that of the regular R*tree [1] for high dimensions. We
chose to compare its performance to a simple approximate based sequential scan, namely the VA-file.
One might argue that it would be fairer to compare the performance of a tree structure such as the
A-tree or the IQ-tree to that of an improved VA-file. However one should remember that our target is
not to decide which data structure is the best, such decision would depend on many parameters such
as the data distribution and the dimension. In contrast, our objective is to verify whether the curse of
dimensionality is reached for moderate dimension and some realistic data distributions. It is our belief
that similar results and conclusions would hold if we were to compare say the performance of an X-tree [5]
or that of the Pyramid-tree [4] or that of an A-tree with the performance of an improved VA-file. In the
following, we recall the principle of SR-tree.

SR-tree principle

The structure of the SR-tree is a mixture of that of the R*tree [1] and that of the SS-tree [36]. The
SR-tree is illustrated in Figure 1 for a 2-dimensional space. It is a hierarchy of regions where regions
in a subtree with root r are included in the region associated with r. Each region is specified by the
intersection of the minimum bounding sphere and the minimum bounding rectangle of the included
regions (internal nodes of the tree) or points (leaves of the tree). A leaf is a set of n vectors (points),
where the maximum value of n depends on the page capacity. An internal node N has the following
structure: [C1, ..., Cy] where C; corresponds to a child of the node and is the tuple [S, R, w, ¢,] where S
is its bounding sphere, R the bounding rectangle and w the total number of vectors in the subtree whose
root is the child pointed by c,.

Figure 1: Example of structuring with SR-tree.

For a detailed construction of the tree, see [18]. By employing spheres as regions, the SS-tree [36]
was shown to significantly outperform the R*tree in the case of similarity search. However the sphere
volume is large, which leads to a large overlap between nodes when the dimension increases. By taking
the intersection with the bounding rectangle we keep the advantage of the sphere (small diameter wrt
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to rectangles) and have a much smaller volume for the region (the smaller the region volume, the less
overlap with twin regions).

SR-tree with sphere queries

Because initially proposed for k-NN search, we developed code for sphere queries on top of the available
SR-tree code. The algorithm for sphere query, denoted S(T), q), is described in Algorithm 1. T is the tree
root page and ¢ is a sphere query (a sphere with center p and radius €). It is similar to the straightforward
depth-first traversal of an R*tree.

Algorithm 1: S(T,q)

Input : T a tree root, q a sphere query (sphere with center p and radius ¢)
Output: V a set of vectors < V1, Vo, ..., V,,, >
// Computes the set V of vectors of tree with rootpage T inside the sphere q
V:= empty;
readpage T;
if T is not a leaf then
for each child C in T do

if C.R intersects q and C.S intersects q then

// C.R (C.S) minimum bounding rectangle (sphere) of C

V4= {S(C, 9)};
end for;

else
for each point t in T do
if ¢t in q then then V4+={t};
end for;
end if}
return V;

2.2 VA-File

As a second multidimensional access method, we choose the VA-File because it ameliorates sequential
scan even for very large dimensions. Its code was also available on the line. The VA-File (Vector
Approximation File) is based on a concise representation of a vector by an approximation [32]. The
approximations of each vector of the dataset are concatenated to generate a vector approximation file
(VA-file) which is compact enough to hold in central memory, whereas the data vectors are saved in
second memory in an other file: the ”Basic File” (or ” Vector File”). When searching points similar to a
query point, the VA-file is first sequentially scanned entirely to exclude a part of vectors (Filtering step).
A superset of the solution is then chosen only on approximations of the vectors. After this step only a
small subset of pages of the vector file are loaded from second memory in order to check for similarity
on the vector themselves. The VA-File structure is illustrated in Figure 2 with two dimensions. The
whole structure is composed of two files. The high dimensional space is divided into cells such that each
cell contains at most one point with very high probability. The larger the dimension, the smaller the
number of non empty cells. Each point of the dataset has two representations: the regular precise one
and its approximation by the identity of the cell it belongs to. For example, the approximation of point
(0.1,0.9) is 0011.

We have adapted the VA-File code for sphere queries. This version of the algorithm, denoted
V A(F,q), assumes that there is one vector per case, which is the most probable. It is described in
Algorithm 2. F' is a VA-File composed of two files, the vector and the approximation ones, and ¢ is a
sphere query (a sphere with center p and radius €). We begin by sequentially scanning the approximation
file and applying two filtering rules:
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Figure 2: Example of structuring with VA File.

e All the vectors whose approximation case is totally included in the query sphere are added to the
solution without computing their distances to the query,

e The vectors whose approximation does not intersect the € sphere are discarded.

For the remaining approximations (which intersect the query but not fully included into the sphere)
the corresponding vectors have to be loaded from secondary memory in order to check for inclusion of

the vector in the sphere.

Algorithm 2: VA(F q)

Input :F a VA-File contains an approximation file AF and a vector file VF, q a sphere query

(sphere with center p and radius €)

Output: V a set of vectors

// Computes the set V of vectors of VA-File F inside the sphere q

V:= empty;

for each approximation C in AF do

// Filtering
if C in q then then

V={v};

else
// Filtering

end if
end for;
return V;

if ¢ intersects C then then
read the vector v from VF corresponding to C;
if v in q then then V+={v};

read the vector v from VF corresponding to C;

2.3 Curse of dimensionality

The concept of ”curse of dimensionality” was first coined by Richard Bellman [25]. He employed it to
describe the problem caused by the exponential increase of the volume with the augmentation of the
space dimension when addressing the problem of optimizing functions with several variables. Later, the
term was used to indicate, more generally, nonintuitive phenomena observed when the dimension of data



increases. Among these phenomena, let us quote the most important ones (for more details, the reader
can see [6, 34, 7, 30]):

e The "exponential increase of the space volume” phenomenon, which has many effects: the number
of partitions generated by the MAM based on space partitioning grows dramatically which has for
a consequence a drastic performance decrease of these structures. Related to this, space becomes
”sparsely populated” i.e. the probability to find a point in a sphere or a rectangle, with a width
less than the space one, gets very small when the dimension increases.

e The "measures concentration” phenomenon, which is related to the distances between vectors: in
high-dimensions, distances between objects become almost identical. Under these conditions, the
noise coming from data acquisition disturbs too much the usual metrics. As another consequence
of the "measures concentration”, k-NN search is not anymore meaningful since the distance of a
query point to the nearest neighbor is closer to the distance to the farthest one [6].

e The “concentration of the volume on the surface” phenomenon: the volume of an hyper-rectangle
placed in the center of the space and with an edge equal to 0.99 % of the space edge, is very small

compared to the space volume in high dimensions; for example it represents ~ 13.39% in dimension
200.

As the dimension increases, the aforementioned effects increase enough to have a negative impact on
performance. One may then wonder from which dimension this curse of dimensionality phenomenon is
reached. Several responses to this question were given in the literature:

e Verleysen and al. [31] for neuronal networks, Weber and al. [34] for MAM methods, show that an
exhaustive scan is faster than a tree traversal from a dimension of about 10.

e Beyer and al [6] demonstrate that k-NN search becomes meaningless from dimension 20 (under some
assumptions such as data uniform distribution in space), because of the ”measures concentration”
phenomenon.

e Verleysen et al. [29] link the curse of dimensionality problem to the number of points composing
the database. They assume that a space is high dimensional when the size of its population does
not grow exponentially with its dimension.

e More recently, Verleysen and Francgois [30] observed that redundancy in data coordinates is nec-
essary for analyzing data in high-dimensional space. They showed that in the presence of a small
database in a high dimensional space various methods (like linear regression) hardly analyze such
data; redundancy could remediate to the cited problem.

In the present study, the curse of dimensionality problem is said to be reached if a tree traversal is
not worth anymore, i.e. if its performance is lower than that of a sequential scan and show that the
distribution and the size of the dataset has a significant impact on this phenomenon. It has been argued
that beyond a rather small dimension (d > 10) sequentially scanning the collection of points is faster
than traversing the tree-structured multidimensional index [25, 6, 34, 35]. The more uniform the point
distribution in space, the smaller such a threshold dimension. In [34], Weber and al. formally show that
the curse of dimensionality is reached for index structures with a dimension larger than 10 but under the
assumptions of uniformity and independence of the dimensions of the vectors composing the dataset. To
the best of our knowledge, no formal or experimental study has yet evaluated or estimated until which
dimension a tree structure is still appropriate, when varying the data distribution.

3 Image retrieval with local descriptors

Descriptors dedicated to Content-Based Image Retrieval (CBIR) mainly depend on the applications and
datasets of images considered. When considering global or approrimate image retrieval, most of the
descriptors are based on the global color, texture and shape of the image. When dealing with sub-image
retrieval, local descriptors are a very popular approach in the CBIR community. In particular, they have



smart properties that make them relevant for object recognition? or more generally sub-image retrieval
in datasets of heterogeneous images, as illustrated in Figure 3.

(a) Query support

(b) Responses

Figure 3: Ezample of object retrieval using local descriptors. (a) is the query support presented with extracted
points of interest (in white). The query is a sunflower that has been manually determined by the user (bounding
rectangle). (b) shows the 16 first retrieved images from a data set of generic images, presented by decreasing order
of similarity. These results were obtained with the CBIR system IKONA, by courtesy of INRIA (http://www-
rocq.inria.fr/imedia/ikona.html).

In this paper, we focus on such descriptors, because similarity search with local descriptors implies
multiple queries, i.e. several points in the query, making on-line retrieval more time consuming than
with global descriptors and then justifying our study.

Local descriptors computation

Local descriptors are usually based on points of interest extraction and local characterization. Such an
approach allows to gain robustness against occlusions and cluttering since only a local description of the
patch of interest is involved. It is said to be salient features-based, because the information extracted
from the image is condensed into limited but salient sites.

Image retrieval based on local descriptors follows a classical computation flow: first a robust salient
feature detector must be designed. Such a detector determines the location of salient points in the image,
plus the support regions around them where the local descriptor is to be computed. Second, a rich and
compact descriptor is computed for each salient point, by analyzing the image information within the
support region exhibited. Finally, a similarity measure must be found to compare two salient point
signatures.

Many techniques of local descriptors have been proposed in the literature of Computer Vision and
CBIR, see for example [28, 20, 14, 2, 10] or the performance evaluation in [22]. Approaches depend on
the considered application and more precisely on the image transformations authorized.

2See for example the report of the European PASCAL Challenge on Visual Object Classes recognition [10], where most
of the approaches proposed are based on local descriptors.



Dimensionality of local descriptors feature spaces

When considering similarity search, such local approaches differ from global ones by the dimensionality
of the feature space involved: the content of the image is represented by several vectors in a relatively
low-dimensional (moderate) feature space. In comparison, global descriptors involve only one vector in a
high-dimensional space. Characteristics of feature spaces for some global and local popular descriptors
are given in table 1.

| Descriptor | Category | Size/image | Dimension |
Color histogram global 1 >200
Gabor filters global 1 ~48
Regions of interest local 4-20 ~20
Points of interest local 100-500 8-30, 128

Table 1: Ezamples of popular content-based image descriptors. The sizes (numbers of vectors per image)
and the dimensions given are representative of the descriptors considered.

As shown in the table, a majority of the encountered local descriptors involve a feature space having
between 8 and 30 dimensions or 128 dimensions for the popular SIFT descriptor [20] or the GLOH one
[22]. Because of their dimension, these last descriptors suffer from curse of dimensionality problem,
making sequential scan more efficient than using an index structure (as explained in section 2.3). The
encountered implementations of such descriptors apply a reduction of their size to remain efficient through
an index structure during similarity search. Reduction is usually performed with a Principal Component
Analysis: in [19], the best trade-off (in terms of precision/recall and time retrieval) is obtained for
dimensions of the reduced SIFT between 20 and 36, as also experimented in [24]. In [9], only the first 5
best components of SIFT are kept during search through a kD-tree.

According to these observations, we will consider dimensions from 8 up to 30 in our experiments.
This range of values is representative of the implementations aforementioned, that aim at practicable
on-line similarity search on large datasets.

Similarity search with local descriptors

Image retrieval with local descriptors implies a specific algorithm for similarity search that proceeds in
several steps:

1. For each query point p; je(1,m}, find in the feature space a set of neighbors points called N (p;);

2. For each image I; of the database, compute a vote v;, that is a function of the number of neighbors
retrieved and belonging to I; and of their associated distances. A similar image is associated with
a vote large enough that expresses that it contains a lot of points close to most of the query points;

3. Finally, the images are usually sorted by decreasing order of their vote, as shown in Figure 3.
Finding the nearest neighbors N(p;) of step #1 can be done according to two strategies [7]:

e Either a k-NN search ("Retrieve the k images most similar”). Here, the advantage is that k can
be easy to determine but the drawback is that some of the retrieved images may not be similar to
the query image;

e Or an e-sphere query, where € can be estimated (”Retrieve all the similar images”) of fixed by
the user ("Retrieve all the similar images up to a distance €”). Generally the difficulty lies in
determining the threshold e.

With local descriptors, the strategy usually follows an e-sphere query. The k-NN strategy is not well
suited because k may be very different for each query point p; and not easy to determine intuitively as
for global descriptors. If € is known or estimated, the set N(p;) is defined by:

N(p;) = {ni € Fy / dist(p;,ng) < €}



where dist(.,.) is the similarity measure associated with the feature space F; of dimension d. Tra-
ditionally for local descriptors, the similarity measure associated is the distance Lo or more generally
the Mahalanobis distance d2. In the rest of the paper, ¢; will denote the sphere query of center p; and
radius €, and dp,,, the measure dist(p;,p;) between two points p; and p;. It is worth noting that for our
experiments, we have an exact idea of the values of € which yield good results for the databases extracted
from video images that will be used in the experiments.

4 Experimentations

We performed an extensive experimental evaluation of the performance of SR-trees for sphere queries,
using synthetic and real data based on local descriptors. The distributions of datasets and queries
employed are described in section 4.1. All the experiments were performed on an Intel Pentium (3.2
G Hz) based workstation running Linux with 1G bytes of main memory. The algorithms and data
structures were implemented in C++. We used the SR-tree code version 2.0 beta 5 provided by the
authors. Each SR-tree is built dynamically and we stress that its structure and the data are not loaded
in main memory: during retrieval, each node is read from the disk, when necessary. For the VA-File we
utilized code provided by the authors with default parameters.

4.1 Tested datasets

The experiments were done over 30 different datasets, split into two main categories:

e Datasets composed of roughly 218000 points.

e Larger datasets (referred in the following by ”big” datasets) which are composed of 1 Million of
points each.

For each category, we generated real and synthetic data with three dimensions that are representative
of local descriptors for efficient similarity search, as explained in section 3. The main parameters and
names of the 30 datasets obtained are synthesized in Table 2 and Figure 4 shows some of the distributions
used, reduced for display to 3 dimensions with a PCA (Principal Component Analysis).

| ||| Distributions |
Dim Real Uniform Clustered
o =0.01 | o =0.05 | oc=0.2
8 D% D D¢, D, D5
I I T 2 S 7 R
29 D¥ Dy D) Dz, D
(a) Small Distributions (218 000 vectors).
| ||| Distributions |
Dim. Real Uniform Clustered
o =0.01 | o= 0.05 | =02
9 BD% BDQU BDQC1 BDQC2 BDQC3
18 BD}?I8 BD%J8 BDgs1 Bchf; BDgg3
30 BD;’%O BDE’,O BD%O1 BD%O2 BD%O3

(b) Big Distributions (1M of vectors).

Table 2: Synthetic and real datasets used for the evaluation.
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Figure 4: Visualization of some of the distributions evaluated, reduced for display to 3 dimensions with a PCA.

4.1.1 Small datasets

The first category (small datasets) is composed of:

e Real datasets (D) extracted from the well-known database of images COIL-100 [8]. This database
contains 7200 color images representing 100 objects displayed under 72 viewpoints. Each point is
extracted with the Harris detector and is characterized with three different feature vectors involving
several orders of Hilbert color invariants [14], providing feature spaces of dimensions 8, 17 and 29;

e Uniform datasets (Dy): synthetic point coordinates are uniformly generated in the interval [0, 1].
Three datasets were computed for the same dimensions;

e Synthetic clustered datasets obtained for the same dimensions with different shapes. Each one has
312 clusters of 700 points each, with a randomly generated center in [0,1]?. Points in a cluster
follow a Gaussian distribution with respective values of o = 0.01 (D¢ sets), o = 0.05 (Dg2 sets)
and o = 0.2 (D¢3 sets).

4.1.2 Big datasets
Similarly, the big datasets correspond to:

e Real datasets (BDpg) extracted from color video images of road traffic video-surveillance. Each
extracted Harris point is characterized with three feature vectors based on the local set of image
derivatives at different orders [17], providing three feature spaces of dimensions 9, 18 and 30. For
these datasets, we have a precise idea of the optimal values of € that yield good retrieval results®,
see Table 3;

e Uniform datasets (BDy) corresponding to three synthetic uniform datasets with the same three
dimensions;

e Clustered datasets obtained for the same three dimensions with different shapes. Each one has 2000
clusters of 500 points each, with a randomly generated center in [0,1]%. Points in a cluster follow
a Gaussian distribution with respective values of o = 0.01 (BD¢1 sets), o = 0.05 (BD¢gasets) and
o =0.2 (BDc¢3 sets).

11



dimension
9 18 30
[ e] 411 ]537]6.62

Table 3: Dataset BDr: relevant values of € for each dimension.

The similarity measure associated with all the feature vectors generated is the Lo distance. The
two kinds of local descriptors computed for D and BDpg are usually associated with the Mahalanobis
distance, but we normalized them (change of basis by decomposition of the covariance matrix) to use
the Lo distance. To have a more accurate idea about the distributions of real datasets Dr and BDg,
we plotted in Figure 5 the histograms of distances (normalized) between points for each dataset. We
observe the distributions are very different: in particular, BDpr has much more variability.

40

DR, dim 17 -

BDR, dim 18 muuU%

35 |- pr— 4
30 4
25 4
20
15 |

10

o 2 a4 6 8 10 12 14 16

Figure 5: Histograms of distances for the real datasets Dy and BDY .

4.1.3 Queries

All the experiments were done on a sample of 500 points randomly chosen among each dataset. For the
real collections, the 500 points correspond to different images. Each performance measure that will be
presented corresponds to an average over this sample.

For each category of our tested datasets we will first display experiments made on the real distribu-
tions, the uniform ones and finally on the second clustered datasets (with o = 0.05). Because of space
limitations, we do not display the results for other clustered distributions but briefly discuss differences
with the displayed distribution if any. Sometimes, we also present only one performance measure asso-
ciated with a relevant value of e: for BDpg, € is taken in Table 3. For other datasets, the appropriate
e corresponds to a value that brings at least ¢ neighbors (for the clustered datasets, ¢ is the number of
points per cluster, then ¢ = 700 for D¢; and ¢ = 500 for BD¢;, whereas it is about 80 for Dg since for
each object there are 72 similar objects in the database). The three following sections 4.2, 4.3 and 4.4
synthesize the results obtained.

4.2 Number of neighbors according different distributions and dimensions

In Figures 6 and 7, we display the average number of points found inside the query sphere versus the
sphere radius e.

The behavior of the curves is not the same for the real datasets as for the synthetic distributions
clustered and uniform whose curves look very similar (see Figure 6). As expected for the uniform
distribution (this is the curse of dimensionality phenomenon [34]), all points are much further away from
each other: the number of neighbors for a relatively large value of € (0.4) is still 1 for D} and BD{P.
For dimension 29, one finds one neighbor at € = 1. In contrast, for clustered synthetic data, e.g. for

3We deduced them from ROC (Receiver Operating Characteristic) curves of parameter ¢ computed during experiments
conducted in parallel for object recognition purposes, over these videos and with these descriptors.
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Figure 6: Number of neighbors versus € (a zoom is given in Figure 7 for the synthetic datasets).

the clustered distribution Deo (Figure 7), for large dimensions, with a value of € = 0.3 all points of the
cluster corresponding to the query point are within the sphere.

The curves of the big and the small real distributions are also different: with the small real dataset
Dy, (Figure 6), for dimensions 8, 17 and 29, respectively 608, 20 and 8 neighbors are found when ¢ = 0.5,
while with € = 1, one respectively gets 6062, 465 and 166 points. With a point query chosen in the
dataset, a ”pertinent” value of € is one such that there are approximately 100 neighbor objects within
the query sphere (recall that the dataset includes objects under 72 different viewpoints). Therefore a
pertinent value of € is less than 0.5 for dimension 8 and less than 1 for dimension 29. In contrast with
the real dataset BDp, a pertinent value of € (see Table 3) is ten times the one of the small dataset.

13



300 T 350 T
dim8 —— dim 9 ——
dim 17 -~ dim 18 -~/
dim 29 dim 30 /r'
250 300
/ 250 /
. 207 /A . /
H / H
- / £ o /
2 2 /
S 10 // b 5 /
o @ /
H / £ 150 /
5 5 /
2 2 /
100 / b /
/ 100 |- /
50 - / 4 /
/ 50 |-
_— P
0 0.05 01 015 02 025 03 0.35 04 0 0.05 0.1 0.15 02 025 03 035 0.4
epsilon epsilon
Dy BDy
4500 T 5000 T
dim8 —— dim 9 ——
dim 17 -4 / dim 18 -4/
dim 29 /| 4500 | dim 30

4000 |- /]

/ /
/
4000 /A
2500 |- / i 000 /
/ /
/ /

/ 3500 /
3000 / B /
/
/
3000 | /
2500 - B /

Number of neighbors

2500 -
2000 /

2000 |- / R /
B /
1500 | —
1500
1000 | - —

Number of neighbors

— 1000 - .
e - -
500 |- e R s00 | UV S —
et ‘ ‘ ‘ ‘ o e ‘

0 0.1 0.2 03 0.4 05 0.6 0 0 0.1 0.2 03 0.4 0.5 0.6

epsilon epsilon

Dco BDc¢o

(a) Small datasets (b) Big datasets

Figure 7: A zoom of the number of neighbors for the synthetic datasets.

Has the curse of dimensionality been reached?

In summary, as expected, the number of neighbors within a sphere significantly depends on the data dis-
tribution, and of course is independent from the search method (SR-tree, Sequential or VA-File traversal).
One can say that, except for the uniform distribution, even for dimension 29, the curse of dimensionality
has not been reached. Indeed, the query points are selected from the databases and:

e For the clustered datasets, they belong to one of the clusters composing the datasets. As afore-
mentioned, we are sure that we will find all the points composing the cluster to which this query
belongs, at a distance at most equal to the cluster diameter. Note that, when € increases we get a
behavior similar to that of the uniform. Indeed the cluster centers are uniformally distributed.

e With the uniform dataset, the larger the database size, the larger the value of € in order to get a
single neighbor and by enlarging the value of € we get nearly all the database points (the ”measures
concentration” phenomenon holds, i.e. the distance to the nearest neighbor is almost the same as
that to the farthest one).

e As expected, for the real dataset, even for a dimension of 29, although not as clustered as for the
synthetic dataset, data is not sparsely distributed as for the uniform dataset.

Is a tree-structured index still appropriate for sphere queries when the dimension is larger than 107
For which data distributions? Sections 4.3 and 4.4 attempt to answer these questions by respectively

comparing the sphere query time performance of an SR-tree to that of a sequential scan and to that of
a VA-file.
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4.3 Speed-up SR-tree/Sequential

It is important to stress that in the experiments conducted in this paper, we measure only CPU time,
since we are CPU bound, i.e. data holds in central memory. When appropriate we compare the number
of block accessed as an indication of a possible behavior for larger data sizes. Although we could have
investigated the impact of data size more exhaustively for synthetic data, we have left this as a future
work since very large real life data were not available at the time of the experiments. For space limitations
we do not show here the results with the uniform distributions: as expected, there is a very small gain
with a dimension d = 17 and no gain with dimension 29 with a uniform distribution, while there is a
gain for d < 10. In the following the CPU gain or the speed up designates the ratio Sequential scan CPU
Time over the SR-tree one.

Table 4 summarizes the results for real and clustered databases. Clearly the curse of dimensionality
has not been reached for dimensions higher than 10. The clustered small dataset exhibits a gain greater
than 20! For the large real dataset the gain is almost 9. It is important to note that the larger the data
size, the larger the gain. The poor performance of the large clustered dataset is probably due to the
poor adequation of the SR-tree parameters for this distribution.

Distribution dimension (d)
d <10 (8or9) [ d<20 (17 or 18) | d <30 (29 or 30)
Dgr 10.48 4.53 3.45
Dco 17.64 24.40 37.41
BDpr 15.10 8.92 69.25
BD¢o 15.95 4.11 1.50

Table 4: CPU time speed-up for SR-tree vs Sequential scan. The gain is given for pertinent values of €.

Figure 8 further illustrates the CPU time gain when using an SR-tree wrt a sequential scan. For both
the small datasets (a) and the big datasets (b), we plot the ratio of the sequential scan CPU time over
the CPU time obtained by the SR-tree traversal versus the number of neighbors (except for BDr where
the results are displayed up to the relevant values of € in Table 3).

From the experiments, the following facts are noteworthy:

1. The extremely high gain for dimension 30 with the large real dataset is due to the clustered nature
of the video images taken for this large dataset.

2. With BD¢1, the SR-tree is from far better than the sequential scan; for 500 neighbors (number of
vectors per cluster) the gain is over 80 even for the dimension 30.

3. Changing the value of ¢ has an important impact on the gain: for BD¢go (0 = 0.05), we have also
a gain but not as important as for the first clustered distribution (o = 0.01). It varies from 16 for
dimension 9 to down 3 for dimension 30.

Number of nodes acceded

Figure 9 (with a zoom for the small uniform dataset in Figure 10(b)) plots the ratio between the number
of nodes accessed during tree traversal versus the total number of nodes of the tree versus the number
of neighbors for both small and large datasets. The former study on CPU time gain is confirmed by this
figure: the percentage of nodes accessed is small (< 20) for the distributions which gave good results.
As aforementioned, the atypical good performance of the large dataset for dimension 30 is related to the
good clustering of the video images that lead to a cluster size pretty close to the page size.
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4.4 Speed-up SR-tree/VA-File

In this section, we compare the CPU time performance of sphere queries with an SR-tree to that of a
VA-File [26]. We plot in Figure 11 the speed-up SR-tree over VA-File versus the number of neighbors
found except for BDg where the speed-up versus € is displayed.
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Figure 11: CPU time speed-up for SR-tree vs VA-File.

For the uniform distribution, as expected, even for dimension 8 or 9 the VA-File CPU time is lower
than that of the SR-tree. Note however that for very large datasets, the SR-tree might outperform the
VA-file not because of CPU time but of disk accesses for small dimensions.

In contrast, for clustered data as expected the SR-tree outperforms the VA-file. For the moderately
clustered dataset Dp, even at dimension 17, the speed up is small (even lower than 1 for Dg in dimension
29). However due to the nature of the data, speed up reaches almost ten for the highly clustered data
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of BDp with dimension 30 (the number of neighbors is around 100). With the two synthetic clustered
datasets D1 and BDeq, the SR-tree brings one order of magnitude speed-up compared to the VA-
file even for dimension 29 or 30. Recall however that the VA-file is not appropriate for non uniform
distributions and that the speed-up of SR-tree wrt to more recent and more appropriate variants of
VA-files such as the VAT-File version [11] would probably be smaller with the evaluated datasets.

5 Conclusion

This report was devoted to the study of similarity search with sphere queries in a collection of points in a
high-dimensional space. We experimentally showed that - in contrast to common ideas and expectations
- when the dimension of the space is moderate and when data contains some redundancy, the use of a
tree-structured index is still effective, i.e. it significantly accelerates search in comparison to sequential
scan. In other words, the redundancy of data delays the impact of dimension on performance (curse of
dimensionality). We have illustrated this idea with the SR-tree structure and a number of synthetic and
real life datasets. From the experiments we showed, among different distributions and dimensions (up to
30 dimensions), that a tree structure is still effective for non uniform databases whereares, as expected,
for the uniform data the tree structure is not efficient. We also showed that a common amelioration of
sequential scan called VA-file might be outperformed by the SR-tree because of the clustering of data.
This experimental study partially answers the open question: ”Is concentration observed when there are
dependences?” raised in [12]. The impact of this study should be stressed, since there is a large number
of applications that faithfully describe (model) objects by a number of points whose dimension is only
moderate. Among these applications, image and video description by interest points is noteworthy.

At the time of the experiments no real life dataset large enough so that the structures do not totally
hold in central memory was available. As a future work, we intend to show that the larger the dataset,
the higher the dimension where the curse of dimensionality appears. Indeed when the size increases, the
impact of disk accesses on performance becomes crucial and should advantage tree-like structures.
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