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Abstract

This paper proposes a new dimensionality reduction technique
and an indexing mechanism for high dimensional data sets in
which data points are not uniformly distributed. The pro-
posed technique decomposes a data space into convex poly-
hedra, and the dimensionality of each data point is reduced
according to which polyhedron includes the data point. One
of the advantages of the proposed technique is that it reduces
the dimensionality locally. This local dimensionality reduction
contributes to improve indexing mechanisms for non-uniformly
distributed data sets.

To show the applicability and the effectiveness of the pro-
posed technique, this paper describes a new indexing mech-
anism called CVA-file (Compact VA-File) which is a revised
version of the VA-file. With the proposed dimensionality re-
duction technique, the size of data points stored in index files
can be reduced. Furthermore, it can estimate upper and lower
bounds of each entry in index files by using geographic prop-
erties of convex polyhedra. Results from experimental simu-
lations show that the CVA-file is better than the VA-file for
non-uniformly distributed real data sets.

Keywords: High-dimensional Space, Spatial Index,
Image Retrieval, Local Dimensionality Reduction,
VA-file, CVA-file.

1 Introduction

Constructing efficient indexing mechanisms for high
dimensional data has been a challenging topic
because of the dimensionality curse.  Some of
recent researches conclude that it is inherently
impossible to construct efficient indexing mech-
anisms under the assumption that data points
are uniformly distributed and dimensions are not
correlated[Berchtold et al., 1997][Beyer et al., 1999).

We can observe such a kind of problem in the
pyramid-tree technique[Berchtold et al., 1998] which
maps d-dimensional points into a 1-dimensional space
and uses a B*-tree to index the 1-dimensional space.
Figure 1 illustrates the range query ¢ of length a in
pyramids of a unit space. In this figure, if the center
of the query ¢ is placed in one of the white trian-
gle areas, the search procedure can be localized to
the triangle. That is, we can omit to check data
points stored in other triangles. If data points are
uniformly distributed, the probability that a query is
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localized to a single triangle is proportional to the to-
tal amount of the areas of triangles. However, this
amount is rapidly decreasing as the dimensionality
becomes higher. Actually, the total amount of areas
of triangles is (1 — 2a)¢, and this amount becomes
almost 0 when d is large, even if « is very small.

Figure 1: Range Query in Pyramid-tree
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Figure 2: Data Distribution

However, it is very unlikely that data points in
real data sets are uniformly distributed and dimen-
sions are independent of each other. Figure 2 is a
histogram of the unit color feature vector space of a
certain image data set. This figure shows the distri-
bution of coordinate values composing vectors in the
data set. In this data set, about 78.5% of coordinate
values are in the range (0.0, 0.05), and about 11.2% of
coordinate values of all data points are in the range
(0.05,0.1). This means that almost all vector com-
ponents have values of nearly 0, data points are not
uniformly distributed.

By exploiting the non-uniformity of real data
sets, we can have room for avoiding the di-



mensionality curse. Such kinds of research
work include the projected clustering called
PROCLUS[Aggarwal et al., 1999). This cluster-
ing algorithm finds subspaces, in which a subset of
data points are close together, from original high
dimensional space. In this algorithm, each subspace
is composed of a small set of dimensions. The sets
of dimensions selected for each subspace may not
be identical. That is, dimensions are reduced locally
for each cluster. This technique is also useful for
constructing indexing mechanism.

To scale to higher dimensionality, a com-
monly used approach is the dimensionality re-
duction. The FastMap technique proposed in
[Faloutsos et al., 1995]

projects data points in an Euclidean space into its
subspace. In [Shinohara et al., 2000], another tech-
nique applying the FastMap to L; distance space is
proposed. These techniques reduce the dimensional-
ity globally. Therefore, all data points are represented
in a common (reduced) subspace.

In this paper, we propose a new dimensionality re-
duction technique. Unlike the FastMap, the proposed
technique reduces the dimensionality locally, i.e., the
set of selected dimensions for a data point may differ
from the ones for other data points. This local dimen-
sionality reduction contributes to improve indexing
mechanisms for non-uniformly distributed data sets.

One of the major advantages of the proposed tech-
nique is that it exploits geographic properties of con-
vex polyhedra. In general, d-dimensional unit hyper-
cube can be decomposed to convex polyhedra which
are clipped by lower dimensional hyperplanes. We re-
duce the dimensionality of each data point according
to which polyhedron includes the data point. This
approach is very effective to decrease the loss of in-
formation caused by the dimensionality reduction.

The proposed technique is widely applicable to a
class of indexing mechanisms. To verify the effec-
tiveness of the technique, we apply it to the VA-
file[Weber et al., 1998] and construct another index-
ing mechanism called CVA-file (Compact VA-file).
By the proposed dimensionality reduction technique,
we can reduce the size of data points stored in in-
dex files. Furthermore, we can estimate upper and
lower bounds of each entry in index files by exploit-
ing the properties of convex polyhedra. Results from
experimental simulations show the effectiveness of the
proposed technique.

The remainder of this paper is organized as fol-
lows. Next section explains our idea with a simple
2-dimensionality example. Generalized description of
the idea and definition of the convex polyhedra used
in the proposed technique are given in Section 3. Sec-
tion 4 describes the structure of the CVA-file and the
mechanism to estimate the lower and upper bounds
by the polyhedra. Section 5 confirms the effectiveness
of the proposed technique with some experiments us-
ing real data sets. Section 6 concludes this paper.

2 Outline of the Approach

This section explains the idea of our approach with
a simple 2-dimensional example as illustrated in Fig-
ure 3. Data space is normalized into a unit square
and thus any data point can be represented by two
coordinates on X; and X, range over (0, 0) to (1, 1).
In this figure, lines x9 = x1 and x5 = 1 — x; divide
the space into 4 disjoint triangles. These 4 triangles
have base lines z; = 0,27 = 1,290 = 0, and z5 = 1
respectively. X5 is called the surface azis of the two
triangles TOX, and T XTI because it parallels (or is)
the base line of each of these two triangles. Similarly,
X is called surface axis of the other two triangles.
Each data point has shorter distance to the base line

of the triangle which includes the data point than to
base lines of other triangles. For example, in Figure
3(a) the data point v; has shorter distance to base
line ;1 = 0 than to 22 = 0, and vy has shorter dis-
tance to base line z5 = 0 than to 1y = 1. We call this
distance the face-altitude of the point.

According to which triangle the data point falls in,
some certain coordinates of the data point are omit-
ted, hence resulting in a smaller index file. By “omit”,
we mean that the coordinate values are not stored in
the index entry of the data point. Generally, the coor-
dinates of non-surface axes are omitted. For instance,
the X7 coordinate of v; in Figure 3(a) is omitted, and
so is that of vz. Similarly, for v, and vy, the coordi-
nate of their non-surface axis X5 is omitted. That is,
the triangle a data point belongs to specifies omitted
coordinates of the data point. In next section we give
the definition of convex polyhedra generalized trian-
gle for higher dimensional space and formally describe
the condition that determines which convex polyhe-
dra a data point belongs to.

Figure 3(b) illustrates how the index entry for the
data point v = (v.z1, v.x2) is constructed. The v.z
is omitted since X is not a surface axis of the triangle
to which v belongs. In our approach, p,2[s] is stored
in the index entry as approximation of the coordinate
v.xy of surface axis X,. For each data point, header
area of the index entry records which coordinate val-
ues are omitted for that data point.

Generally, p,;[-] stores the so-called “partition val-
ues” on axis X;. In the case of Figure 3(b), pya[s] is
taken as the approximation of v.z» for the reason that
Da2[8] < v.x2 < pg2[s + 1]. Binary partition values
are intuitive and simple ones for dividing axis value
into 2° partitions determined by a given parameter b.
With binary partition values each p,;[] is expressed
as a bit pattern, and usually takes much smaller space
than storing the coordinate itself.

It is possible to apply our approach of dimensional-
ity reduction to a class of index structures. Here we il-
lustrate an example of the application to VA-file index
structure[Weber et al., 1998]. Suppose that an index
file is built for all data points as described above.
This file is called “CVA-file”’. Consider a query point
whose coordinate values are g.z; (i = 1, 2) is given as
illustrated in Figure 3(b). k-nearest-neighbor(k-NN)
search with CVA-file is performed as follows. In the
first phase, the CVA-file is scanned and the lower and
upper bounds are calculated for each entry. If the
lower bound of next entry is greater than the k-th
biggest upper bound of entries examined so far, then
the entry is pruned, or in other words, the real data
of the entry needs not to be accessed since k better
candidates have already been found. In the second
phase, real data are accessed in the increasing order
of the lower bounds to determine final answer set.
Note that it is not necessary to examine all entries in
the second phase when the lower bound of next entry
is greater than the distance of k-th nearest neighbor
found so far.

With CVA-file, bounds of omitted coordinates can
be estimated as follows. Because the query point ¢ is
in right-and-upper position of data point v, the lower
bound(denoted by [) and upper bound(denoted by )
of v would be I =dist(q, (pz1[t+ 1], pz2[s +1])) and
u =dist(q, (Pz1[t], Px2[s])), respectively. For the case
that distance function is Ly, | = ((¢.1 —pa1[t+1])P +
(q.z9 — paa[s + 1])P)/P, where q.xy — pga[s + 1] is the
Iy shown in Figure 3(b). w can be obtained in the
similar way.

In the case of Figure 3(b), v.z1 or pg1[-] is omitted,
and hence the bound of coordinate X; (lower bound
and upper bound is donated by Iy , ug,respectively)
have to be estimated. Since v falls into the triangle
TOXo,, it is guaranteed that v.xz; is not greater than
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Figure 3: A 2-Dimensional Example

v.xy. Moreover, the width of two vertical shaded rect-
angles is pya[s+1]. Thus, p,2[-] of v.z2 can be used as
the upper approximation for p,;[-] of v.z;. Asa conse-
quence, the lower bound for v on X1, |q.21 —pg1[t+1]],
can be estimated by l; = |¢.z1 — pya[s + 1]|. This ex-
pression means that the range of v.x1’s value is pre-
dictable to be in the left vertical shaded rectangle of
Figure 3(b). Because of the symmetry between the
two triangles with surface axis Xs, the opposite side
|g.z1 — (1 — pga[s + 1])| must be taken into account
(see Figure 3 (b) where the data point v’ has the same
partition number s as v). Therefore, Iy = min(|g.z2—
Pz2[s+1]|, |g.22 — (1 — pgo[s +1])|. Similarly, the up-
per bound is u1 = maz(|g.z1 — 0|, |g.z1 —1]). If ¢
comes into the two vertical shaded rectangles (that
is, 0 < q.x1 < pgafs+1] or ppfs+1]<gaz <1)
then I, is 0. Consequently, I = (I¥ + 15)'/? and
u = (uf + ub)'/P, with u; and [;(j = 1,2) shown
in the Figure 3(b).

Finally, it is worth noting that when there are
more than one non-omitted coordinates like v.xzs |,
then the minimum value of them is used to estimate
omitted coordinate value.

3 Convex Polyhedra of High Dimensional
Space

A d-dimensional unit hypercube is covered by (d —
1)-dimensional hyperplanes (surfaces), and some of
the (d — 1)-dimensional hyperplanes make (d — 2)-
dimensional tangents. In general, a d-dimensional hy-
percube is covered by d—1, d—2, ..., 0-dimensional
(hyper-)planes. For example, a 3-dimensional cube
is covered by six 2-dimensional surfaces (planes),
twelve 1-dimensional surfaces (lines), and eight O0-
dimensional surfaces (points). In general, the number
of m-dimensional hyperplanes which a d-dimensional
hypercube has is 2¢—™ - (d_dm).

Now, we explain how to partition a d-
dimensional hypercube into convex polyhedra of
equal size by using lower dimensional hyperplanes.
We start with the explanation of the Pyramid
Technique[Berchtold et al., 1998], since it is a special
case of our Convex Polyhedra Technique.

In the Pyramid Technique, a d-dimensional unit
hypercube is divided into 2d pyramids having center
of the hypercube (0.5,0.5,...,0.5) as their top and

(d —1)-dimensional surfaces of the hypercube as their
base. Figure 4(a) illustrates this technique when d =
3. Since a 3-dimensional cube has six 2-dimensional
planes, the Pyramid Technique partitions a cube into
six pyramids.

Obviously, each data point in a pyramid has the
shortest distance to the base hyperplane than to other
surfaces. In this paper, this is called the pyramid
property. The pyramid property can be mathemati-
cally described as follows. For a pyramid 7, assume
that X; is the axis which is orthogonal to the pyra-
mid’s base (in this case, the pyramid’s base can be
defined as z; = 0 or z; = 1). In Figure 4(a), the
base is defined by

2 =0 (1)
Let p(z1,x2,- .. ,z4) be a data point in 7. Then, the
following inequation holds:
z' <z’ (j#9)
where
4=l (S0p  (0SESD 0

Hereafter, we call z}, the face-altitude of the dimen-
sion k (of the data point p(z1,2,...,2q))-

The Pyramid Technique uses (d — 1)-dimensional
hyperplanes as bases. We generalize this technique so
that it uses m-dimensional hyperplanes as bases. The
Pyramid Technique partitions a unit hypercube into
2d pyramids of equal size, while our technique parti-
tions it into 277 ™ - ( dfm) convex polyhedra of equal

size. Thus, we call our technique the Convex Polyhe-
dra Technique. Of course, this technique is identical
to the Pyramid Technique when m =d — 1.

Figure 4(b) illustrates our technique when d = 3
and m = 1. In this case, the base is 1-dimensional
(i.e., a line) since m = 1. In this figure, a convex
polyhedron whose base is a line defined by

ry = 1
o = 0
is depicted. Like the Pyramid Technique, each data
point in a polyhedron has the shortest distance to

3)
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Figure 4: Convex Polyhedra

the base line than to other lines. Thus, the following
inequations hold.

z' < zj'

Ty’ < w3
Since a cube has twelve lines, our technique partitions
it into twelve convex polyhedra.

In general, a m-dimensional surface can be defined
as
(1<s<d-m)

(4)

), as

zj,=0o0r z;, =1

and the number of such surfaces is 24-™ - ( d_dm
mentioned above.

Like the pyramid property, we can define the
conver polyhedron property: for any data point
p(x1,Za,. .. ,24), the following inequation holds
1<s<d-m, d—m+1<t<d)

(5)

where z;,' and z;,' are the face-altitudes of the di-
mension ¢ and 7, respectively.

! !
zj, <y,

4 An Application: CVA-file

In this section, we show how to apply our approach
to other existing indexing techniques. In this paper,
a well known indexing technique called “VA-file” is
used. Note that our approach is not limited to VA-
file.

4.1 VA-file

VA-file ([Weber et al., 1998]) is invented as an index
structure which accelerates the sequential scan by the
use of data compression. The basic idea of the VA-
file is to keep two files: a bit compressed, quantized
version of the data points and their exact represen-
tation. Both files are unsorted, and the positions of
the data points in the two files agree. k-NN queries
using VA-file are processed in two phases. In the
first phase, the quantized points are loaded into main
memory by sequential scanning. The filtering is per-
formed based on the lower and the upper bounds of
the distance of the approximative data points from
the query point. Better approximations lead to bet-
ter filtering and less candidates. In the second phase,
the candidates which cannot be pruned are refined,
that is, their exact coordinates are called in from the
data file in the order of their lower bounds of dis-
tance. The nearest neighbor algorithm stops when
next lower bound is greater than the distance of k-th

actual nearest neighbor found so far. Tighter lower
bounds cause the algorithm to stop earlier and visit
less number of candidates, and therefore less number
of page accesses to the secondary storage caused.

Figure 5 compares the number of page accesses
between the first and the second phases for a uni-
formly 64-dimensional distributed data set of 70,000
data points. It can be seen that in the case of 64-
dimensions, page accesses in the first phase is propor-
tional to the number of bits used to partition each
dimension. In the second phase, the number of page
accesses is tremendous if the prune in the first phase
is not enough, the random access used in the second
phase is ineffectual.

To make lower and upper bounds tighter, more
bits are need for partitioning each dimension. How-
ever, using more bits makes the index file larger, and
as a consequence, the number of page accesses in the
first phase will be bigger.

Prune Effect
1400

"pﬁasel“ —
"phase2" ---x---

1200 1

1000

Number of Page accesses

6 8 10 12 14 16 18
Number of Bits(b) of One dimension

Figure 5: Effect of Pruning

4.2 Dimensionality Reduction by Convex

Polyhedra

To address the tradeoff between tightness of bounds
and size of index file, we propose a new index file
using dimensionality reduction which enables us to
use more bits for partitioning while keeping index files
small. CVA-file proposed here is constructed in the
following way.

For a d-dimensional data set, parameter m(< d)
is determined, and the data space is partitioned into
convex polyhedra based on m-dimensional faces as
described in Section 3. (d — m) axes are used to de-
fine the bases of convex polyhedra like Equation (1)
and (3). Remaining m surface azes are called effec-
tive dimensions. Moreover, by the number of bits



(b) for approximating each data point v, quantization
parameters b; are determined for each dimension for
i = 1,2,...,d as described in [Weber et al., 1998].
Then the index file is constructed by appending the
entry of v one by one, in the following steps.

1. Keep a d-bit header.

2. Choose m largest face altitudes of v, and set cor-
responding bits of the header.

3. Append the entry’s approximation of the m-
coordinate values corresponding to the bits set in
header. Their order is kept as in the coordinates.
For each effective dimension ¢, the approximation

is |z; x 2% |

Figure 6 shows the structure of VA-file and CVA-
file. In CVA-file (b), header fields ”dim. inf.” preserve
effective dimensions for each data point, and the ” VA-
data” fields preserve data approximation of effective
dimensions. Although the header fields are overhead,
the size of CVA-file is smaller than VA-file because
data approximation of many non-effective dimensions
can be omitted.

As an instance, if d =4, m = 2, by = 3, b3 = 2,
and v = (0.1, 0.3, 0.6, 0.2), then the index entry
for v is (0110, 010, 10)2, because the second and third
dimensions are the effective dimensions thus leads to
header “0110”, in which the corresponding bits are
set. The coordinate value of the second dimension 0.3
(— 0.3 x 8] = 2) falls into the third partition of the
8(= 22) partitions counted from “000”, and so forth.
In case of two coordinates having equal value during
choosing m largest values first larger m-values, prior-
ity is set to same as the order of dimensions. There-
fore if there is a data point v = (0, 0.1, 0.6, 0.1),
then the first coordinate is chosen from the two 0.1’
values, and leads to an index entry (0110, 000, 10).

4.3 Estimating Bounds in CVA-file

Let m be the number of effective dimensions, N be
the number of data points, and d be the number of
dimensions. We use ¢ € {1,..., N} torange over data
points, and the dimensions is divided into two parts,
one is non-effective dimensions X;,(1 < ¢ < d —m),
and the other is effective dimensions X, (d—m+1 <
t < d). v; denotes an individual data point, and v;.j;
is v;’s coordinate value of j;-th dimension. b is the
number of bits required in each approximation, and
b;, indicates the number of bits assigned to dimension
}é .- All notations are summarized in Table 1.

Let us consider a query g and a distance function
L,, for some p. An approximation of v; determines a
lower bound I; and an upper bound u; such that:

li < Ly(q, vi) <y

cell for ui
Vi

Figure 7: Lower Bound and Upper Bound in VA-file

This is sketched in Figure 7. The lower bound
l; is simply the shortest distance from the query to a
point in that cell. Similarly, the upper bound w; is the
longest distance to a point in that cell. Formally, I;

and u; are derived as follows. Assume that the dimen-
sionality of hyperface is m, non-effective dimensions
are X,;,, X; X and the effective dimensions

Jioges e s Aja_m>
are X Ja—mazs -+ »Xjq- Then, the bounds [;
and u; are defined by the equations:

Jd—m+17
- (zmt S J>
t=d—m+1

o=

o=

e (Ervirs 3 )

t=d—m+1

l;.7: and u;.j¢ are the lower and the upper bounds
of effective dimensions X;,(d —m +1 <t < d), re-
spectively. They are computed like VA-file as follows.

(ri-je < 7q-Jt)
(ije = Ta,5)
(ri-j¢ > rq-Jt)

q.jt — pj, [ri-Je + 1]
lijs =40

P [Tinj.] — V-t

q-j¢ — pj,[ri-Jt] if  (rg.ge <rg.dt)
max(q.j¢ — pj, [Ti-Jt)s Pj. [ri-de + 1] — q.jt)
lf (T’i.jt = Tq.jt)
if  (rije > rq-Jt)

Ui Jt =

Dj.[ri-je + 1] — q-J¢

As with data points, a query ¢ consists of coor-
dinate values ¢.j; (1 <t < d), and these fall into
regions numbered ry.j;. For effective dimensions, the
components r;.5; (d—m+1 <t <d) of v; are easily
extracted.

For non-effective d1mens1ons, rije 1<t<d-
m+1) has not been stored in CVA-file, and thus such
components must be estimated. Equatlon (7) and
(8) give the estimation. From the convex polyhedron
property mentioned in Section 3, for a data point v;,
the bounds of non-effective dimensions are estimated
by Equation (5) in Section 3.

Range of Xnon-eff’s val ue

Xeff.

Xef f T

Range of Xnon-eff’s val ue

X .

(Xj is non-effective dinmension)

Query Qis in range
Figure 8: Estimating Bounds of Face Axes

Two lightly shaded rectangles in Figure 8 indicate
the bounds of all non-effective dimensions for v;. The
width p;.min of lightly rectangles is computed by se-
lecting an effective dimension which has the smallest
face-altitude among effective dimensions. In Figure §,
p;-min is denoted by “Range of Xpon—css’s Value”.

pi-min = min(pl,[riji]) (1<t <m)

O)jt [T,’.jt] < 05) (6)

, . e lTi-Je +1
p;,[riji] = {p i ] (pj.[ri-ji] > 0.5)

1.0 — pj, [r3-Ji)

Query Qis out of range
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Table 1: Notations and Basic Definitions

m number of effective dimensions
d number of dimensions
N number of data points
i range over data point, i € {1,... ,N}
V; i-th data point
b number of bits per approximation
;. 18] B-th partition point in j;-th dimension
q a query
l;,u; bounds: I; < Ly(g,v;) < u;
Vi-Jt v;’s coordinate value of j-th dimension
b, bits per approximation in dimension j;
ri.Jt region into which v; falls in dimension j;
n number of data points in result set
L, distance function L,(q, v;)
I;.ji' ,ui.j;" | contribution to I;,u; for non-effective dimension j; (1 <t < d—m)
l;-J,u;.5¢ | contribution to I;,u; for effective dimension j; (d —m +1 <t <d)

Any non-effective dimension’s coordinate value of
v; must be in the two lightly shaded rectangles of the
figure, so we can compute the lower and the upper
bounds of v; from query point g, according to whether
q is inside or outside of the range.

0 if (1 = pi-min < q.ji)
min(q.j; — pi-min, (1 — p;.min) — q.j)

li-je = if (p;.min < q.jy <1 — p;.min)
0 if (vq.j¢ < pi-min)
(7)
1—vg.j it (11— pimin < vg.ji)
oy = max (1 - vq.jt,vq:jt) ' .
it (pimin <wvg.jy < 1— p;min)

q-Jt if  (vg-jt < pi-min)

®)

5 Performance Evaluation

We evaluate the performance of the proposed
mechanism with a real data set of color images
available from the Corel Database Color Database
(http://corel.digitalriver.com/) and color histograms
provided online at the UCI KDD Archive web site
(http://kdd.ics.uci.edu/databases/CorelFeatures).
The size of the dataset is 70,000. 4,8,16,...,64-
dimensional data points are extracted from the data
set. The size of page is set to 8K bytes. The distance
function is of the L, metric(Euclidean distance).

As mentioned above, the VA-file approach sequen-
tially scans all data points in index to filter can-
didates in the first phase. This contributes to the
gain of the performance because the cost of sequen-
tial access is significantly lower than random access
which rises in the second phase. A factor of 5 to 10,
which means that random access is five times or more
slower than sequential access, is assumed in VA-file
[Weber et al., 1998]. Having no hint on this factor,
yet to compare with VA-file fairly, we evaluate the
performance in different way.

Let N be the size of the data set, b; be the number
of bits of one dimension of an index entry. Let b; be
the average of b;, then the size of VA-file is b;dN. On
the other hand, in CVA-file, the number of bits b; are
assigned to each dimension. Let m be the number of
effective dimensions and b; be the average of b;, then
the size of CVA-file is (b;m + d)N. Thus, the size
of CVA-file compared to </A—ﬁle can be expressed as
follows.

(b;m + d)N/b;dN = (bym + d)/b;d (9)

In the simplest case when we assign to each dimension
the same number of bits as in VA-file, namely b; = b;,
this expression is simplified to

(Bm + d)N/b;dN = (bym + d) /bid

Since b; is about 7 or 8 [Weber et al., 1998], that is

1/b; = 0, the size of CVA-file is smaller than VA-file
at the rate of about m/d. Since the number of page

accesses in phase one is in proportion to size of VA-
file(or CVA-file), CVA-file index mechanism vastly

(10)



cuts down the number of page accesses in phase one.
This compensates excess page accesses in phase two
because of less tight bounds than VA-file.

Because the factor of random access and sequen-
tial access are not stable, we consider two extreme
situation.

Firstly, we control CVA-File to have the same
number of page accesses as VA-File in the second
phase by tuning the parameter m. Figure 9 shows ef-
fective dimensions of CVA-file comparing with that of
VA-file which has the same number of dimensions as
original dimensionality. In Figure 10, the number of
sequentially accessed pages in the first phase is com-
pared, and CVA-File outperforms VA-File. The effect
becomes significant as the dimensionality increases.
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Figure 9: The Effect of Dimensionality Reduc-

tion(phase one only)
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Figure 10: Comparison of Number of Page Accesses

Secondly, we compare the total number of page
accesses among SR-tree, VA-File and CVA-File. Cer-
tainly, a tradeoff is that CVA-file gives loose bounds
than VA-file, and hence requires more page accesses
in the second phase. In order to investigate the effi-
ciency in total, we compare the number of page ac-
cesses of our approach to other methods on the above-
mentioned real data set. Figure 12 shows the results.
For each of dimensionality of 4,8,16,24,...,64, we
perform 10-nearest neighbor queries. For each dimen-
sionality, the number of bits assigned to each dimen-
sion for VA-file is chosen to 8 bits for 4 to 24 dimen-
sionality and 7 bits for 32 to 64 dimensionality. These
decisions are made according to [Weber et al., 1998]
which concludes that this choice gives them the best
approximation file.

Our experiments measured the number of the most
effective dimensions of CVA structure. The average
of the number of effective dimensions is shown in Fig-
ure 11. The results indicates that there is a slight
increase of the number of effective dimensions in high
dimensionality. Comparing to VA-file which is linear

to dimensionality of the dataset, our approach reduce
the dimensionality to the number of effective dimen-
sions, which is significantly smaller than the original
dimensionality. Furthermore, the effect of the reduc-
tion becomes more remarkable as the dimensionality
becomes higher.
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The Effect of Dimensionality Reduc-

Figure 12 shows the number of page accesses
in various dimensions. We can observe that CVA-
file always outperforms VA-files, and it outperforms
SR-tree[Katayama et al., 1997] for high-dimensional
dataset. The margin increases as the number of di-
mensionality increases. For the case of 64-dimension,
the number of page accesses of CVA-file is almost 2/3
gf SR-tree ([Katayama et al., 1997]), and 1/2 of VA-

le.
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Figure 12: Comparison of Three Approaches Mecha-
nisms

6 Conclusions

In this paper, we observed the skewed distribution of
high dimensional real data set, and proposed a new
dimensionality reduction technique. An application
of our technique to VA-file implements another index
file CVA-file. The performance evaluation shows sig-
nificant improvements on the I/O cost of queries over
original VA-file approach for several real datasets.
The proposed approach of dimensionality reduction
can be used for any applications in which similarity,
distance and nearest neighbor search are treated.

As future work, we are planning to study the ef-
fect of different data patterns of coordinates in high
dimensionality, by varying effective dimensions or by
dynamically assigning effective dimensions. We are
also considering tighter bounds to enhance the filter-
ing effect of CVA-file.
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