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Abstract

As databases increasingly integrate non-textual information
it is becoming necessary to support efficient similarity search-
ing in addition to range searching. Recently, declustering
techniques have been proposed for improving the perfor-
mance of similarity searches through parallel I/0. In this
paper, we propose a new scheme which provides good declus-
tering for similarity searching. In particular, it does global
declustering as opposed to local declustering, exploits the
availability of extra disks and does not limit the partition-
ing of the data space. Our technique is based upon the
Cyclic declustering schemes which were developed for range
and partial match queries. We establish, in general, that
Cyclic declustering techniques outperform previously pro-
posed techniques.

1 Introduction

Identifying objects that are similar to each other is a chal-
lenging problem for many applications, such as multimedia
repositories or digital libraries. Examples of such applica-
tions are the QBIC project [NBET93] and the Alexandria
Digital Library [CDNT97]. In order to automate similarity
searching, it is first necessary to define a similarity mea-
sure. The most common approach is to map each data ob-
ject into a high-dimensional space such that the distance
between two such points is a measure of the similarity be-
tween the corresponding data objects — the closer the points
in the high-dimensional space, the more similar the data ob-
jects [MM96, Jag91]. The number of dimensions necessary
for satisfactory mapping can be very large, and dimension-
ality reduction techniques are first employed to reduce the
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number of dimensions to smaller values [AFS93]. A typical
number of dimensions into which images are mapped is 256,
followed by a reduction to 10 or 16 dimensions. Searching
for similar objects therefore transforms into a problem of lo-
cating the nearest points. A nearest-neighbor query is eval-
uated as follows. Given a query data object for which the
most similar object(s) are to be found from a collection of
objects, the object is first mapped into the high-dimensional
space. Next, the nearest point(s) from among all the points
in the database is(are) determined. The object(s) corre-
sponding to these points are the object(s) most similar to
the query object.

Typical applications contain large numbers of data ob-
jects. Searching for the nearest points in such high-dimensional
space is a very computation and I/O intensive operation.
Several index structures have been proposed in the litera-
ture that significantly improve the search operation in mul-
tidimensional spaces. Some examples of these include the
R*-tree [BKSS90], the X-tree [BKK96], HB-tree [LS90] and
GiST [HNP95]. The performance of these structures is good
for few dimensions, but as the number of dimensions in-
creases beyond 10, the performance degrades significantly
[AFS93]. An effective technique for improving the perfor-
mance of the index structures is to employ parallelism. The
major bottleneck is the large number of disk I/O operations
that need to be performed. This number typically grows
rapidly as the number of dimensions increases. Therefore
the key to improving the performance is distributing the
data among several I/O devices such that the data retrieved
by any query is evenly spread across all the I/O devices (typ-
ically disks). Ghandeharizadeh and DeWitt [GD92] demon-
strated, using simulation, that declustering data on multiple
disks results in significant improvements in response time for
range queries.

The problem of declustering a high-dimensional space
across multiple disks has been well studied in the context of
relational databases, where the goal has been to improve the
performance of range and partial match queries. Prominent
examples of such declustering schemes are HCAM [FB93],
Fieldwise Exclusive or FX [KP88] and CMD [LSR92] or
Disk Modulo [DS82] and error-correcting based techniques
[FM89, AE93]. In [BBB™97], a new declustering technique is
developed that optimizes data allocation on multiple disks
for nearest-neighbor queries. The authors argue that the
existing declustering techniques do not generate adequate
declustering for nearest-neighbor queries. Through experi-
mentation, it is shown that their approach gives much better
performance for nearest-neighbor and 10 nearest-neighbors
queries as compared to the HCAM approach, which has been



shown to give superior performance for square range queries
in two dimensions [FB93].

In a recent study [PAAE9S8], we proposed a new class of
declustering algorithms called Cyclic allocation schemes for
two-dimensional data. The schemes were shown to give the
best declustering performance for range and partial match
queries. It is also shown that the performance of the HCAM
approach degrades when non-square queries are considered.
The performance of HCAM for the nearest-neighbor queries
is also found to be poor (achieving a speed-up of only 3
with 16 disks) [BBBT97]. The new approach developed in
[BBB*97] limits the number of divisions along each dimen-
sion to 1. Also, the availability of additional disks does not
improve the performance of the declustering. The other ap-
proaches do not suffer from these limitations. In this paper,
we propose a new scheme which provides good decluster-
ing for similarity searching. In particular, it does global
declustering as opposed to local declustering, exploits the
availability of extra disks and does not restrict the parti-
tioning of the data space. We establish, in general, that
Cyclic declustering techniques outperform previously pro-
posed techniques.

The rest of the paper is organized as follows. A brief de-
scription of the problem of declustering for nearest-neighbor
searches is given in Section 2. In Section 3, the previous ap-
proaches for declustering data are presented. In Section 4
we present our new Cyclic allocation scheme. In Section 5,
the performance of our scheme in comparison to previously
proposed schemes is analyzed, and Section 6 concludes the
paper.

2 Nearest-Neighbor Searching

In this section we discuss the problem of nearest-neighbor
searching. The problem can be formally defined as:

Definition 1 Given a collection of d-dimensional points, C,
and a query point, p, find the point in C that is closer to p
than any other point in C. In other words,

Nearest_Neighbor(p) = {glq € C and Vr € C, |Ir—pl| > [lq—pl|}

where ||v|| s the norm or length of vector v.

In order to distribute the data points across the disks, the
domain is first divided into smaller parts, called buckets.
This is typically achieved by dividing each dimension into
several parts. Each bucket is then identified by a set of
numbers or coordinates corresponding to each dimension.

We borrow and extend the definitions of direct and in-
direct neighbors from [BBBT97] (the model in their paper
does not allow splitting any dimension into more than two
parts).

Definition 2 Two buckets are direct neighbors if their co-
ordinates differ in only one dimension. Moreover, the mag-
nitude of the difference in the coordinates should be 1.

Thus, in two dimensions, bucket (i, j) is a direct neighbor of
buckets (i+1, j), (¢—1, 5), (4, j+1) and (7, j—1), if they exist.

Definition 3 Two buckets are indirect neighbors if their co-
ordinates differ in only two dimensions. Moreover, the mag-
nitude of the difference in both dimensions should be 1.

Thus, in two dimensions, bucket (7, j) is an indirect neighbor
of buckets (i—1, j—1), (i—1, j+1), (41, j—1) and (i+1, j+1), if
they exist. Note that these definitions hold for any number
of dimensions. Similarly, buckets that differ by 1 in exactly
three dimensions can be said to be doubly indirect neighbors
and so on.

As was established in [BBBT97], for d dimensions, the
likelihood that data will be clustered around the (d — 1)-
dimensional surface that encloses the data space, increases
as d becomes larger. Consequently, the need to access direct
and indirect neighbors when searching for nearest-neighbors
becomes greater. Therefore it is important to effectively
decluster direct and indirect neighbors. The scheme pro-
posed in this paper not only optimizes for direct and indirect
neighbors, but aims at more global declustering, wherein
doubly indirect neighbors and so on are also declustered.

For ease of exposition, we consider the case of only two
dimensions. An example of a set of points in two-dimensional
space is given in Figure 1. These are the points to which the
objects in the database are mapped. In order to decluster
the data over multiple disks, it is first necessary to divide
it into buckets. The region is partitioned into 64 buckets
by dividing each dimension into 8 parts. Each bucket can
then be identified by the two coordinates in each dimension.
Let the horizontal coordinate be the first coordinate and
the vertical coordinate be the second. The coordinate val-
ues are assumed to go from 0 through 7 as shown in Figure
1. Thus the top-left corner bucket is identified as (0,0), and
the bottom-right corner bucket as (7, 7).
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Figure 1: Data points in 2-dimensional space

A nearest-neighbor search would proceed as follows. Given
the query point, the bucket containing the query point is first
retrieved from the disk. The data points contained in that
bucket are analyzed to determine the point that is closest
to the query point. Then, depending upon the distance to
the closest point and the location of the query point in the
bucket, different steps need to be taken. Consider a query
asking for the nearest-neighbor of point A in bucket (1, 6), as
shown in Figure 1. The nearest point in that bucket is point
B. As can be seen from the circle centered at A and passing
through B, no other bucket can have any point closer to A
than B. Therefore, the search for the nearest-neighbor of A



concludes with the retrieval of one bucket. On the other
hand, if the query were to find the nearest-neighbor of point
B, then bucket (1,6) would again be retrieved first. Point A
is found to be the closest neighbor of point B, however, there
are other buckets which can have points closer to B than A,
as can be seen from the circle centered at B and passing
through A. This circle passes through buckets (0,6), (0,7)
and (1, 7). Thus it is necessary to retrieve these buckets and
look for the nearest-neighbor of B, which in this case is a
point in bucket (1,7). Therefore, if the three buckets were
assigned to three different disks, they could be retrieved in
one parallel disk I/0, as opposed to making three sequential
disk I/Os from a single disk.

Two other examples of queries are also shown in Fig-
ure 1. In searching for the nearest-neighbor of point C, the
nearest point in its bucket is point D. The circle to point
D passes through four other buckets - (3, 2), (2,3), (3,4) and
(4, 3), which are the direct neighbors of bucket (3,3). Thus
the direct neighbors could be retrieved in parallel to speed
up the search. Note that it is not necessary to retrieve the
indirect neighbors (buckets (2,2), (4,2), (2,4) and (4,4)) of
the bucket containing point C because the distance to D
is smaller than the shortest distance to any of these buck-
ets). In the case of point E, no other point is found in
bucket (5,5). Thus, all direct neighbors are first searched
— i.e. buckets (4,5),(5,4),(5,6) and (6,5). These can be
retrieved in parallel if they have been declustered. Since the
nearest-neighbor found from these buckets is point F, it is
necessary to retrieve all indirect neighbors too, which could
also be fetched in parallel. Alternatively, all direct and in-
direct neighbors could be retrieved at the same time. From
the example of point B, it can be seen that it may be neces-
sary to retrieve the direct and indirect neighbors in one step.
In higher dimensions, the likelihood of such access increases
[BBB*97].

3 Related Work

In this section we review some related work. There has been
a significant amount of work investigating the use of paral-
lel techniques for improving I/O performance such as the
Scotch parallel storage systems [GSC™T95] which investigate
the evolution of RAID technology and parallel prefetching
and caching [KTP*96]. In particular, several approaches
to decluster data for increasing parallel I/O have been pro-
posed. We now review some of the most prominent declus-
tering schemes. The first four schemes discussed have been
developed for optimizing range and partial match queries.
The last scheme has been designed specifically for nearest-
neighbor queries. In the following discussion, it is assumed
that the domain in each dimension is divided into several
parts, thus yielding a collection of buckets, e.g., if each di-
mension of a 5-dimensional space is divided into four parts,
we get 4° = 1024 5-dimensional buckets. In the following,
we will use V; to denote the number of buckets in dimension
1. If the number of buckets in each dimension is the same,
then N will be used to represent this number. Each bucket
is identified by a set of coordinates: (xo,x1,---,Zq—1) for
a d-dimensional space, where each coordinate, z; is in the
range [0, N; —1] since dimension j is divided into N; parts.
Also, M represents the number of disks over which the buck-
ets are to be declustered, and d is the number of dimensions.
The meaning of each symbol is summarized in Table 1.

The Disk Modulo or DM approach [DS82] allocates bucket

[ Symbol | Meaning |
M Number of Disks
d Number of Dimensions
N; Number of Buckets in Dimension ¢
T; Coordinate of Bucket in Dimension 7

Table 1: Meaning of symbols used

(%o, 1, -+, 24-1) to disk

d—1
(Z zj) mod M.

=0

The Fieldwise eXclusive or FX approach [KP88] allocates
the same bucket to disk
(bo@®b1 @ Dbg—1) mod M
where b; is the binary representation of z;, @ represents
the bitwise exclusive-OR operator and ()10 represents the
decimal value of the resulting binary digits. The HCAM
approach [FB93], allocates the bucket to disk
hilbert_order(xo, 1, -+, Zq—1) mod M
where the function hilbert_order() returns the Hilbert se-
quence of the input coordinates. The Hilbert sequence maps
a multidimensional space into a linear order. Figure 2 shows
the allocation generated for a 2-dimensional space with N =
8 and M =5, i.e., eight buckets in each dimension and 5
disks. Figure 2(a) shows the allocation generated by the DM
scheme, Figure 2(b) shows the allocation generated by the
FX scheme and Figure 2(c) shows the allocation for HCAM.
The order generated by the hilbert curve is also shown by
the directed lines beginning at the top left corner.
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Figure 2: Allocation generated by existing methods



The Cyclic allocation schemes [PAAE9S], defined only
for two dimensions, allocate bucket (xo,z1) to disk

(o + o1 * H) mod M

where the value of H is appropriately chosen to ensure good
declustering. Different values of H, ranging from 1 through
M —1, produce different allocation schemes. Each of these
is called a Cyclic scheme. The DM allocation method is
also a Cyclic scheme, where H = 1. The value of H, also
called the skip value, is the key factor determining the per-
formance of the Cyclic scheme. A good choice of H depends
entirely upon the value of M. Three different techniques
for determining an appropriate choice of H are described in
[PAAE98]. The key idea is that H should be relatively prime
with respect to M and H #1. One of the techniques for de-
termining the value of H is called Generalized Fibonacci or
GFIB. It is based upon Fibonacci numbers and is an exten-
sion of a declustering scheme proposed earlier [CLRS86] for
improving the performance of raster graphics displays. The
original scheme is restrictive because it limits the number of
disks to odd order Fibonacci numbers. The GFIB scheme
works as follows. Let us first assume that M is a Fibonacci
number. The best H value is found to be the previous Fi-
bonacci number. Generalizing this idea to other values of
M, we determine the “index”, r, of M in the Fibonacci se-
quence and choose H to be a relatively prime value close
to the Fibonacci number corresponding to the index r—1.
Note that in order to allow arbitrary values of M, we need
to move from integral indices in the Fibonacci sequence to
non-integral indices. The explicit closed form formula for Fi-
bonacci numbers and integral indices provides a convenient
vehicle for this: .
Y.

V5

where ¢ is the golden ratio, 1+2¢g and ¢ is its complement,

%g. The allocation generated by GFIB is shown in Figure
2(d).

The relative performance of the above schemes for range
queries in two dimensions is studied in [PAAE98]. The effec-
tiveness of declustering achieved by each scheme is measured
as follows. For a query which retrieves A buckets, an opti-
mal declustering would result in no more than [ 4] buckets
being allocated to any one of the M disks. This therefore
represents the optimal or minimum cost for the query. The
cost for evaluating the query with a particular declustering
scheme is given by the largest number of buckets retrieved
from a single disk. The ratio of this cost to the optimal cost
is taken to be a measure of the quality of the declustering for
that query. This ratio is averaged over all possible queries
to yield a single ratio for each scheme and value of M. An
overall ratio of 1 indicates that the declustering is optimal.
The higher the ratio, the poorer the declustering. Figure 3
shows the results for the above schemes. The z-axis gives
the number of disks and the y-axis gives the ratio that re-
flects the performance of the query. It is clear to see that
the GFIB Cyclic schemes outperforms all the other schemes
for all values of M for range queries.

In [BBB"97], an allocation scheme for declustering buck-
ets to optimize nearest-neighbor queries is presented. This
scheme requires that each dimension be divided into exactly
two parts, thus the value of each coordinate is either 0 or
1. Each bucket can therefore be identified by a binary num-
ber, where each bit identifies the bucket in each dimension.
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Figure 3: Relative performance for range queries

The authors argue that a nearest-neighbor query in high-
dimensions needs to access direct and indirect neighbors of
the bucket containing the query point. Therefore, the goal
of their allocation scheme is to ensure that any two buck-
ets that are direct or indirect neighbors of each other, are
allocated to different disks. They define such an allocation
to be near-optimal. It is shown that DM, FX and HCAM
do not achieve near-optimal declustering. Given a bucket
(0,21, ++,2a-1), the [BBB197] scheme assigns it to disk

d—1
@ 1+1 ifz; =1
0 otherwise
10

i=0

where @ is the bitwise exclusive-OR operator. This allo-
cation guarantees near-optimal declustering, assuming that
there are enough disks available. The number of disks re-
quired is given by 2M1°82(d+D1 1In the rest of the paper, we
will therefore call their scheme Near-optimal Declustering,
or NoD. If there are less disks than the required number,
then higher disk numbers are mapped to lower numbers.
However, if there are more disks available then the required
number, the NoD approach does not use the extra disks —
thus the extra disks are wasted.

Through experiments, it is shown in [BBB197] that the
performance of 10 nearest-neighbors queries is improved by
almost a linear factor in the number of disks through declus-
tering using NoD. The HCAM approach is able to achieve
only a two fold improvement using 16 disks. Therefore, the
NoD approach gives almost a factor of 5 improvement over
HCAM for 16 disks. The experiments reported are for 15
dimensions, and up to 16 disks. Note that 16 disks are
sufficient to ensure a near-optimal declustering for a 15-
dimensional space using NoD declustering. The success of
NoD is attributed to the near-optimal declustering achieved.
In Figure 4, the ability of the two approaches to achieve
near-optimal declustering is shown. The x-axis gives the
number of disks and the y-axis gives the total number of
pairs of buckets that are direct or indirect neighbors and
are allocated to the same disk. Therefore, a count of 0 im-
plies that near-optimal declustering has been achieved. The
number of dimensions for the experiment is 15. It can be
seen that NoD achieves near-optimal declustering as soon
as 16 disks are available. HCAM, on the other hand, does
not achieve near-optimal declustering even for 32 disks. In
fact, we expect that HCAM will not achieve near-optimal
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Figure 4: Comparison of HCAM and NoD for 15 Dimensions
declustering for even much larger numbers of disks.

4 Cyclic declustering for similarity search

In this section we develop a new disk allocation method
for optimizing the performance of nearest-neighbor queries
based upon Cyclic allocation. The Cyclic schemes developed
in [PAAE98] were optimized for declustering two-dimensional
data for range or partial match queries. The first step is ex-
tends the schemes to make them applicable to more than
two dimensions. The 2-dimensional allocation scheme can
be viewed as allocating bucket (zo, z1) to disk (xo* Ho+ 1 *
Hi) mod M, where Hy = 1. Now the extension to multiple
dimensions is simply to use values of H for each dimension.
Thus bucket (zo, z1,---,Zq4—1), is allocated to disk

(ro* Ho+x1*Hi+--++24-1% Hqg_1) mod M

where the values of Hy--- Hg_1 range from 1--- M —1. The
key to the performance of the scheme, as in the case of range
queries, is in the judicious choice of values for the skips,
Ho- - Hy_:.

As was observed in Section 2, a nearest-neighbor search
often involves the retrieval of direct neighbors, indirect neigh-
bors or both direct and indirect neighbors. Therefore, it is
important that direct and indirect neighbors be declustered
across the disks. Intuitively, direct neighbors differ by +1
in one dimension, therefore they will be allocated to disks
that are +H; apart, if they differ in dimension j. Thus if all
the H; values are non-zero, no two direct neighbors will be
allocated to the same disk. Similarly, indirect neighbors dif-
fer by %1 in two dimensions. Thus they would be allocated
to disks that are (+H; + H}) mod M apart, if they differ in
dimensions j and k. Therefore, if no two H; values add up
to or differ by M or a multiple of M, then no two indirect
neighbors will be allocated to the same disk.

Note however, that in order to obtain d skip values, a
minimum number of disks is required. The proof of the
following theorem which establishes that for d-dimensions,
2d disks are sufficient is presented in [PAE97].

Theorem 1 For a d-dimensional space, it is possible to find
d values such that no two direct or indirect neighbors are
allocated to the same disk if 2d disks are available.

The Cyclic approach requires a choice of skip values. The
specific values chosen result in different performance. We
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Figure 5: Disk requirements for achieving near-optimal
declustering

now develop a Cyclic based allocation method that achieves
near-optimal declustering. The Cyclic approach for near-
optimal declustering is as follows. For d-dimensional data,
allocate bucket (zo, 1, -, Zq—1) to disk

(ro*Ho+x1*H1+---+xq—1 % Hy—1) mod M
where the choice of the skip values is made as follows:
e If d < M/2, choose the values to be 1,2, --,d.

o If M/2 < d < M, choose the first M/2 skips to be
1,2,---,M/2, then choose the next d — M /2 skips to
be M/2+1,---, M—1.

e Otherwise, pick the first M—1 skipstobe 1,2,---, M—1,
and then cycle through the same values again.

If 2d disks are available, it is clear that this Cyclic scheme
guarantees near-optimal allocation. We could design other
Cyclic schemes by choosing different skip values so as to
achieve other goals. For example, if the goal is to ensure
maximum parallelism for direct and indirect neighbors (i.e.
all direct and indirect neighbors of any bucket are on differ-
ent disks), in addition to the earlier conditions, we choose
skip values such that no two skip values add up to or differ
by a third skip value and that the sum or difference of no
two different pairs of skip values is the same. Naturally, this
may require more than 2d disks.

Figure 5 shows the disk requirements of the Cyclic and
NoD approaches. As can be seen, the NoD approach has
a lower requirement than the Cyclic approach. A lower
bound on the number of disks required by any approach
that achieves near-optimal declustering is d+1. This follows
from the following argument. Consider a bucket B. In or-
der to allocate direct neighbors of B to different disks, it is
necessary to have at least 2 disks - one disk to which B is al-
located and at least one other to which B’s direct neighbors
are allocated. Every pair of direct neighbors of B, are also
indirect neighbors of each other (this is because any two di-
rect neighbors differ from B in one dimension, therefore they
differ from each other in two dimensions). Note that we are
limiting this discussion to the case N =2 because NoD is not
defined otherwise. Therefore no two direct neighbors of B
can be allocated to the same disk. The lower bound on the



number of disks required to achieve near-optimal decluster-
ing is d+1 since there are d direct neighbors of each bucket.
Thus both approaches are within a factor of 2 of the lower
bound. Moreover, the bound for Cyclic is a tight upper
bound for NoD.

It should be noted that although NoD requires fewer
disks for achieving near-optimal allocations, it does not make
use of more disks even if they are available. Thus any ex-
tra disks are wasted instead of being used to improve the
performance of the nearest-neighbor query through greater
parallel I/O. The Cyclic scheme, on the other hand, makes
use of all available disks, even when there are more disks
than are needed to achieve a near-optimal declustering (2d).

5 Experimental Evaluation

In this section we analyze the performance of the new Cyclic
allocation scheme for nearest-neighbor queries relative to the
other schemes. We start by using a metric that measures
the degree of near-optimal declustering since in [BBBT97]
achieving near-optimal declustering was the main criterion
for predicting the performance of an allocation scheme. How-
ever, achieving near-optimal declustering in itself does not
accurately reflect the degree of parallelism achieved. Gains
from parallelism are maximized when buckets that are re-
trieved together are spread among all available disks as uni-
formly as possible. We therefore define a new criterion for
comparing the quality of declustering for direct and indi-
rect neighbors. Using any declustering scheme, the cost of
accessing all the direct and indirect neighbors together is
given by the maximum number of buckets that are retrieved
from the same disk. The average of this cost over all buckets
is a measure of the quality of the declustering. The lower
this average, the better the performance. A lower bound on
the cost of any declustering scheme is given by f%], where
A is the total number of direct and indirect neighbors of
the bucket. This measure is a modification of the measure
used for comparing declustering schemes for range queries.
A similar metric can be used for any set of buckets that are
accessed together, such as direct neighbors only or doubly
indirect neighbors and indirect neighbors, etc. The evalua-
tions are based upon both criteria:

1. Counts - this is a measure of how far the allocation
is from being a near-optimal allocation, as defined in
[BBB*97]. The count for an allocation scheme is the
sum of the count for each bucket. The count for a
bucket is the number of direct and indirect neighbors
of the bucket that are allocated to the same disk as
the bucket itself. Thus a lower count indicates better
declustering of direct and indirect neighbors. A count
of 0 indicates near-optimal declustering.

2. Cost- as explained above, this measure is similar to the
standard measure used for evaluating the performance
of declustering schemes for range queries. Given a set
of A buckets to be retrieved in parallel, the cost of the
retrieval is given by the maximum number of buckets
retrieved from a single disk. The optimal cost with M
disks is given by [4]. The cost over all buckets is av-
eraged to yield an overall cost. We define five different
cost measures, each representing the average cost for
retrieving a different set of neighbors in parallel. The
five sets considered are: Direct, Indirect, Doubly Indi-

rect, Direct + Indirect and Direct+ Indirect + Doubly
Indirect.

Note that other cost measures could be used (such
as those involving triply indirect neighbors) but, as
seen earlier, the above five represent the most common
sets of buckets that are retrieved together for nearest-
neighbor queries.

In the remainder of this section, the performance of the var-
ious schemes based upon the above metrics is presented. In
Subsection 5.1 the counts measure is used to compare the
ability of all the schemes to produce near-optimal declus-
tering. In Subsection 5.2, the direct, indirect and direct +
indirect cost metrics are the basis of the comparison of all
schemes. The purpose is to determine the improvement in
parallel I/O achieved by each scheme using multiple disks.
In Subsection 5.3, the doubly indirect and the direct + in-
direct + doubly indirect cost are used to study how the two
schemes, NoD and Cyclic, decluster sets of neighbors for
which they are not explicitly optimized. In the first two sub-
sections, the performance for 2-way partitioning is presented
first, followed by 4-way partitioning. For 2-way partitioning,
results for 8 dimensions as well as 15 dimensions are shown.
These two values are chosen because they represent the case
where NoD and Cyclic have very different disk requirements
(15 dimensions) and the case where they have the same disk
requirements (8 dimensions). The results for other cases can
be found in [PAE97].

5.1 Achieving near-optimal declustering

‘We begin by studying how effective the various schemes are
in achieving near-optimal allocations. For this purpose, we
compare the performance of the various schemes under the
counts metric. The performance of all the schemes for 8 di-
mensions is presented in Figure 6. FX has extremely poor
performance, in fact it performs as though there were only
two disks, irrespective of how many disks are available. The
reason for this is that each coordinate can be either 0 or
1 since this is 2-way partitioning. Therefore, the value of
the exclusive-OR can be only 0 or 1, hence only these two
disks are ever used. DM also has poor performance, which
doesn’t change beyond 3 disks. The constant behavior of
DM is due to the fact that any two buckets which have the
same number of coordinates equal to 1, will be assigned to
the same disk. Therefore, all direct or indirect neighbors
whose coordinates are permutations of the same numbers
will always be allocated to the same disk. This count re-
mains constant as long as M is larger than 3. For lower
values, even more direct or indirect neighbors have to be
allocated to the same disk. HCAM has very variable per-
formance, depending largely upon the value of M. It is
good for odd values of M but poor for even values, partic-
ularly, for powers of 2. NoD is able to achieve near-optimal
declustering with as few as 16 disks. The performance of the
Cyclic approach is very close to that of NoD, achieving near-
optimal declustering with 16 disks. For other numbers of di-
mensions Cyclic may need more disks that NoD to achieve
near-optimal declustering. In general, for 2-way partition-
ing, NoD is able to achieve near-optimal declustering with
fewer disks than Cyclic. Other than this difference, Cyclic
and NoD have performance very similar to each other. If we
consider the case where the partitioning is not 2-way, DM,
FX and HCAM give very similar performance as in the case
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2-way partitioning

of 2-way partitioning. The Cyclic scheme gives the best per-
formance achieving near-optimal declustering with 16 disks.
The NoD scheme is not defined beyond 2-way partitioning.

5.2 Performance improvement through parallel 1/0

In this subsection the performance of the various schemes
in terms of achieving parallel I/O for direct and indirect
neighbors is presented. For this purpose, the Cost met-
rics are used to compare the schemes. In each graph the
lower bound that can be achieved by any allocation scheme
is shown. For two-dimensional range queries, it has been
shown that strictly optimal declustering can be achieved
only in very rare cases [AE97]. We expect that for nearest-
neighbor searching too, in general, optimal declustering will
be achievable only in very few cases. The case of 2-way par-
titioning is discussed first. In Figures 7 and 8, the perfor-
mance of the various schemes for 2-way partitioning with 15
dimensions is shown. Figure 7 shows all schemes and Figure
8 shows only NoD and Cyclic. The FX and DM schemes, as
expected, do not give good performance. The performance
of HCAM is again highly variable. The performance of NoD
and Cyclic is interesting. Both schemes obtain significantly
higher levels of declustering of direct and indirect neighbors
consistently. Cyclic achieves better declustering than NoD
for most values of M. It is interesting to note that even
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Figure 8: Cost for direct and indirect with 15 dimensions,
2-way partitioning
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for small values of M, Cyclic outperforms NoD. This was
not the case with the counts metric. Therefore, we see that
although NoD achieves a near-optimal allocation with fewer
disks, Cyclic results in a lower parallel access cost. The per-
formance of Cyclic keeps improving as the number of disks
increases. NoD, on the other hand, shows no improvement
in parallelism beyond 16 disks. This is because it does not
utilize more than 16 disks irrespective of how many disks
are available. It should be pointed out that for 16 disks, the
performance of NoD becomes optimal at which point it sat-
urates, i.e. the performance doesn’t improve. It continues
to achieve better performance than Cyclic for 17, 18, 19 and
20 disks. However, after that point, Cyclic’s performance
continues to improve and outperforms NoD. The behavior
of NoD and Cyclic for 8 dimensions and 2-way partitioning
is shown in Figure 9. Their relative behavior is unchanged,
except that NoD does not achieve optimal declustering and
Cyclic outperforms NoD more often than for 15 dimensions.
From these graphs we conclude that the Cyclic approach is
most effective in increasing parallel I/O when both direct
and indirect neighbors are retrieved concurrently.

Let us now consider the declustering when only direct
or only indirect neighbors are retrieved. Figure 10 gives the
performance of NoD and Cyclic (the other schemes have per-
formance very similar to that in the earlier tests) for 2-way
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partitioning and 8 dimensions for retrieving direct neighbors
only. Figure 11 shows the performance of all the schemes for
2-way partitioning and 15 dimensions based only on direct
neighbors. Similarly, Figure 12 shows the results when only
indirect neighbors are retrieved for 15 dimensions. The per-
formance of FX, DM and HCAM is almost the same as that
for both direct and indirect neighbor retrieval and is not
shown. For direct neighbors only, we see that NoD is able
to achieve optimal declustering as soon as there are 16 disks.
Similarly, Cyclic is able to achieve optimal declustering as
soon as 16 disks (for 8 dimensions) or 30 disks (for 15 di-
mensions) are available. This goes to show that if there are
less than 2d disks, NoD gives better declustering for direct
neighbors than Cyclic. For indirect neighbors however, the
two schemes give performance similar to their performance
for both direct and indirect neighbors, i.e. Cyclic has better
performance for most values of M. Note that optimal per-
formance for direct and indirect neighbors can be achieved
by using a different cyclic scheme which ensures that all di-
rect and indirect neighbors of the same bucket are allocated
to different disks, as was mentioned in Section 4.

Now we examine the behavior of the schemes for 4-way
partitioning based upon the cost for direct and indirect neigh-
bors. The performance of the schemes for 8 dimensions is
given in Figure 13. The relative performance of all schemes
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Figure 12: Cost for indirect with 15 dimensions, 2-way par-
titioning
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Figure 13: Cost for direct and indirect with 8 dimensions,
4-way partitioning

is very much the same as that for a 2-way partitioning. Note
however that the NoD scheme is not applicable because there
are more than two buckets in each dimension. Cyclic is
clearly the approach that gives the best performance con-
sistently. Although for odd values of M, HCAM has much
better performance than for even values, it does not perform
better than Cyclic. The superior performance of Cyclic is
seen also when only direct neighbors are considered, as seen
in Figure 14. The results for indirect neighbors only is sim-
ilar.

From these results, it is clear that the new Cyclic ap-
proach achieves greatest parallelism when direct and indi-
rect neighbors are retrieved together. Also, when only indi-
rect neighbors are retrieved, Cyclic gives the greatest paral-
lelism. For the case of retrieving only direct neighbors, NoD
gives better declustering when there are few disks, and both
schemes achieve optimal declustering with sufficient disks.

5.3 Declustering doubly indirect neighbors

In this subsection, the ability of the NoD and Cyclic schemes
to decluster doubly indirect neighbors is studied. The goal
is to show that the Cyclic approach achieves better declus-
tering even for doubly indirect neighbors, for which neither
scheme attempts to optimize explicitly. Both schemes at-
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tempt to ensure that no two direct or indirect neighbors are
allocated to the same bucket. We compare the schemes us-
ing two cost measures. The first is the cost for retrieving
only doubly indirect neighbors together and the second is
the cost for retrieving direct, indirect and doubly indirect
neighbors together. In Figure 15 the costs for retrieving
only doubly indirect neighbors is shown for both NoD and
Cyclic with 8 dimensions. The tests are for 2-way partition-
ing. In Figure 16, the graph for accessing direct, indirect
and doubly indirect neighbors with 15 dimensions is shown.
Note that the performance of the other schemes is similar
to that seen earlier and is not shown to improve readabil-
ity of the graphs. The Cyclic scheme achieves much better
declustering than NoD except for a couple of points in Figure
16. Once again, the performance of NoD remains constant
beyond 16 disks. The Cyclic scheme shows consistent and
regular improvement tracking the lower bound as the num-
ber of disks increase. Based upon these results we expect
that for even higher levels of indirect neighbors, the Cyclic
approach will give even better relative performance.

6 Concluding Remarks

The problem of efficient similarity searching is becoming im-
portant for databases as non-textual information is stored.
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Figure 16: Cost for direct, indirect and doubly indirect with
15 dimensions

The problem reduces to one of finding nearest-neighbors
in high-dimensional spaces. In this paper, a new disk al-
location method for declustering high-dimensional data to
optimize nearest-neighbor queries is developed. The new
scheme, called Cyclic allocation, is simple to implement and
is a general allocation method in that it imposes no restric-
tions on the partitioning of the data space. Furthermore, it
exploits the availability of any number of disks to improve
performance. Finally, by varying the skip values the method
can be adapted to yield allocations that are optimized for
various criteria.

We demonstrated the superior performance of the Cyclic
approach compared to existing schemes both those that were
originally designed for range queries (FX, DM and HCAM)
as well as those designed specifically for nearest-neighbors
(NoD). The FX and DM schemes are found to be inappro-
priate for nearest-neighbor queries. HCAM performs rea-
sonably well for odd numbers of disks, but extremely poorly
for even numbers. NoD was found not to achieve as much
parallelism as Cyclic for most cases, except when retrieving
only direct neighbors with a small number of disks. NoD
also has the potential to give better performance for some
dimensions when the number of disks is close to that re-
quired to achieve near-optimality. On the other hand, NoD
is restricted to 2-way partitioning of each dimension, and its
cost remains the same even when more disks beyond those
required for near-optimal declustering are available. This
results in a saturation of the gains produced by NoD be-
yond this point. In contrast, the Cyclic approach is not
restricted to 2-way partitioning and makes use of all avail-
able disks. In fact, its cost tracks the lower bound and
reduces as the number of disks increases. Overall we ob-
serve that the Cyclic scheme gives the best performance for
nearest-neighbor queries more consistently than any other
scheme. Given the success of the cyclic schemes for two-
dimensional range queries [PAAE9S], and the flexibility for
nearest-neighbor queries, we expect that it will give good
performance for systems that require both types of queries.
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