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Abstract

This paper addresses the problem of quickly
performing point queries against high-dimensioegions.
Such queries are useful in the increasingly imparta
problems of multimedia identification and retriewahere
different database entries have different metiocs f
similarity. While the database literature has feclien
indexing for high-dimensional nearest neighbor aepsilon
range queries, indexing for point queries agaiiggt-h
dimensional regions has not been addressed.

We present an efficient indexing method for these
gueries, which relies on the combination of redunegtaand
bit vector indexing to achieve significant performea
gains. We have implemented our approach in a redBw
audio fingerprinting system, and have obtainedcéofeof
56 speed-up over linear scan. Furthermore, thekmelvn
Hilbert bulk-loaded R-Trees, a technique capable of
searching low-dimensional regions, are shown to be
ineffective in our audio fingerprinting system, base of
the inherently high-dimensional properties of thelyem.

1 Introduction
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Figure 1: Performing a search

Multimedia identification and retrieval have become
increasingly important problems. One important tgpe
search problem in this domain is known as fingetprg,
or approximate searching, where a candidate ofgegta
song) is compared to a set of objects in the datafig 11,
12, 13]. As a result of the search, either a unigaé&h is
found, or no match exists in the data. These search
problems are usually framed as some form of high-
dimensional search, where data and query objeets ar
mapped into the same high-dimensional feature sjraxrea
particular query point, a match is discovered hgifig a
data point in the feature space which is close gndo the
guery point to be considered a match (see Figure 1)

More specifically, these approximate matching peats
are usually framed in one of two ways. The tradio

paradigm, which we call the fixed distance searciblem,
involves formulating the problem as a point quergro
spheres of fixed radius. The distance measureuisllys
some L, metric, and the radius used is significantly sevall
than the average interpoint distance (see Figur&t$
problem can then be mapped into an epsilon rargelse
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Figure 2: Fixed Distance Searching

Recent work, however, shows that large benefitéabe
had by using different matching distances for défe data
points [1,21]. More specifically, using variables@inces
results in significantly improved accuracy of theerall
fingerprinting system. The resulting search, whighcall
the variable distance search, is a point query over

hyperspherical data (sédégure 3.
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Figure 3: Variable Distance Searching

Traditional query processing strategies for sohthmgyfixed
distance search problem in high dimensionalityds(by
suffer poor performance due to intrinsic difficali
associated with high dimensionality [2]. As a résthile
most straightforward approach towards solving such
problems, linear scan, usually outperforms more
sophisticated approaches [3]. Alternate technidoidisear
scan become even more problematic with variable
distances.



In order to map the variable distance problem arto
epsilon range search, we must replace all radii thie
maximum radius in the database, and post-filterdalts
to account for variable radii. Note that enlargihg radii
can produce an enormous increase in sphere hypereol
For instance, enlarging radii by a factor of 24 6
dimensions increases sphere hypervolumes by a faicto
2764. These problems associated with enlargingreghe
can be avoided by framing the search problem asdrd p
guery against high-dimensional regions. Unfortuiyate
none of the strategies designed to handle spatial(@.g.
R-Trees [4]), have focused on high-dimensional ades.

This paper introduces the first technique thagjsable of
efficiently handling both the variable and fixedtdince
matching problems. While the introduced techniquidch
employs bit vector indexing ([6]), is linear in thember of
data points, it nevertheless significantly outperfe linear
scan. This is true even in situations where mawditional
techniques are slower than linear scan. Furtherntioee
approach presented here is faster than linearfecéth
in-memory and disk resident datasets, althouglptimeary
focus of this paper is in-memory data, since the
fingerprinting search problem considered here tazasily
into main memory.

This paper also presents a detailed performandaagian
based on the integration of these techniques intala
audio fingerprinting system, called RARE (Robustiu
Recognition Engine) ([21]). The performance of our
technique is compared to both linear scan, which tiva
original implemented technique for RARE, and Hitidaulk
loaded R-Trees. Hilbert bulk loaded R-Trees wehecsed
because of their competitive page pruning charisties
for searches oveegions. Note that the severe penalty
associated with disk seeks, which motivated wodhas
the X-Tree([20]) were not relevant as all searchese
performed in memory. In addition, since the R-Tuaes
bulk loaded, the problems associated with dynamic
insertions into R-Trees were also not a factor.

By implementing our strategy in RARE, we improvbd t
throughput of the overall system by a factor of 450
addition, because of the fundamentally high dineemedi
distribution of the data, the R-Tree was unablprtme a
single page during the search. The key insight lvhic
explains our performance results, is that our teglen
makes extensive use of redundancy by partitiorhieg t
gueries rather than the data, and uses bit veitors
compress the resulting tuple ID lists. Becauseitofdrtor
indices’ efficient representation of tuple 1Ds, théal size
of our structures was smaller than the originahsiett.

In order to achieve these performance resultsmaje
fixed and variable distance searching into a rdlate
problem. We call this related problem tteetangle search
problem, which can be defined as follows:

Definition 1
Given:
« A static set of rectangld®
e Aquery pointQ
Find the set of rectangleshthat contairQ.

While there are many efficient solutions for sotythis
well known problem in low dimensionality (e.g. ReBs),
no work has focused on solving this problem in Higlg.
higher than 10) dimensionality. This is due priryato the
lack of motivation for solving such problems, whidt not
arise in typical spatial database applications.

The rest of this paper is organized into five Sai
Section 2 describes the manner in which various
approximate searches can be mapped into the réetang
search problem. Section 3 describes our solutimiset
rectangle search problem. Section 4 discusseseastiady
when our techniques were integrated into a largéesc
audio fingerprinting application. Performance islexated
relative to both linear scan and Hilbert bulk loddRe
Trees. Section 5 discusses related work, and $egtio
concludes this paper.

2 Mapping Approximate Matching
Problems into the Rectangle Search
Problem

2.1 Fixed distance searching

There are several geometric search problems afising
approximate matching problems, that can be mapged i
rectangle search problems. The most common of these
problems are fixed distance searches (see Figurehih
are isomorphic to the more commonly found epsiknmge
queries. In the epsilon range formulation, eachplem
object is mapped into a point in a high dimensideature
space. A match is then found for a query objeanbyping
that query object into the high dimensional feaspace
that the data objects are in. An epsilon rangeygisehen
performed as follows: if a data point is found thet

within epsilon distance of the query point (usuaikyng
some L, metric), the data point is considered a match for
the query point. Otherwise no match is found. Iftiple
data points are within epsilon distance of the gpeint,
then either the closest is used, or the answarisidered
ambiguous, and either no match is used, or alltpaire



used. Note that the following process can be used t
translate such epsilon range problems into rectasegrch
problems (see Figure 4):
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Figure 4: Conversion from Fixed Distanceto
Rectangle Search

Dataset transformation:

1. Replace each data point p with the smallest
hypercube c that encloses the hypersphere with
center point p and radius epsilon

Search transformation:

2. Instead of performing an epsilon range query over
the data points, perform a rectangle search using
the original query point over the hypercubes. Note
that performing such a search is conservative, and
can lead to false positives.

3. After performing the rectangle search, post-
process the results to eliminate false positives.

Note that in high dimensional scenarios, it canwédny
useful to use hypercubes in step 1 smaller thacritbes! if
a small number of false negatives (i.e. resulterimxtly
pruned) are allowed. This issue is explored botregsly
in Section 2.3 and with real data in the perforneastady
in Section 3.

2.2 Variable distance searching

Some versions of epsilon range queries use differen
epsilons to match different data points [1,21]. Tésulting
problems are isomorphic to the variable distaneecbes
described in Figure 3. These problems can be temsfd
to rectangle searches in a manner very similatatics
epsilon range queries. The only difference is ép <t,
where the size of hypercube c is dependent orottaion
of the data point. Thus step 1 becomes:

1. Replace each data point p with the smallest
hypercube c that encloses the hypersphere with
center point p and radius epsijpwhere epsilon
is the value of epsilon at point p.

The results are shown in Figure 5.

o —®
o) o)
| Query
o |
Query Found a match
Found a match

Figure5: Conversion from Variable Distance
to Rectangle Search

As in Section 2.1, it can be very useful to useengpbes in
step 1 smaller than the circumscribing hyperculazesifnall
number of false negatives (i.e. results incorregtlyned)
are allowed. This can be a very important parhef t
mapping and is discussed in Section 2.3. We ald@mse
of this observation for a particular applicatiorSaction 4.
More specifically, the rectangle sizes are deteeahiftom
examples of acceptable distortion along with aefals
negative objective.

2.3 Approximating Hyperspheres with Hypercubes

In Sections 2.1 and 2.2, we approximate hypersgheité
noncircumscibing hypercubes. We now show that this
approximation is harmless in high dimensions.

Substituting a noncircumscibing hypercube for a
hypersphere is useful and harmless if the hypercube
contains almost all of the volume of the hypersplaenrd is
substantially smaller that the circumscribing hypie.

Figure 6 shows the fraction of volume of a unit éngphere
that is covered with hypercubes of differing sidiedths L,
for 6 settings of dimensionality. This graph shahat, for
high dimensional search spaces, L can be subdtantia
smaller than 2, which is the side length of the
circumscribing hypercube. For example, in 256-
dimensional space, a hypercube with L = 0.6 covers
virtually all of the hypersphere, while being attaoof
0.37256 = 16** times smaller than the circumscribing
hypercube. This savings only relies on the props i
high-dimensional geometry, not on any specific egapilon
or data set.
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Figure 6: Fraction of unit hypersphere
contained within hypercube with side length
L.
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Figure 6 was calculated using a Monte Carlo estimat
technique. More specifically, the graph was wamft by
drawing a sample of 10000 points uniformly disttéul
through a unit hypersphere centered on the orfth [The
maximum coordinate for each of the 10000 pointmis-
half the side length of the hypercube that would@se that
point. Therefore, we sort the points by maximum
coordinate, plot twice the max coordinate on trexis-and
the fractional position in the sorted list on thexs.

3 Efficiently Solving the Rectangle
Search Problem

3.1 Problem setup

We begin this section by discussing the brute fone¢hod
of solving the rectangle search problem, whicloigifl in
Definition 1.

The most straightforward way to solve this probisno
perform a linear scan. In a linear scan, the bowfdsch
data rectangle are checked to determirgg lies within the
rectangle. Linear scan potentially involves perfioigra
compare for each bound valueRnand requires at lea&||
compares.

As an alternative, this paper introduces a techtbat,
while still linear in the number of operations, foems the
search much faster than a linear scan. This isnaglkished
through the aggressive use of precomputation irficttme of
bit vector indices.

3.2 Bit vector indices

Bit vector indices are typically used on relatiodata in
situations where the data is either static or agpeostly,
such as data warehousing and OLAP applicationsaf&],
are typically defined as follows:

Given:

« Every tupled in a tableS has an assigned unique
identification number such that the ID numbers
used are all integers between 1 &@jdthis is easy
to maintain when the data is either static or agpen
mostly).

e A boolean predicatp that can be applied to any
tupled in S (e.g.p is true if and only if the value
of the first column ird is less than 40).

The bit vector indeX over tableS using predicate,
referred to ad=bitvecS,p) is a list of binary digits such
that thenth value of the list is 1 if and only fif holds for
the tupled with ID n in S. These bit vectors are typically
packed into word arrays for fast linear access.example,
see Table 1, which shows how the bit vector index i
computed over a tablusing the predicate: Age<40. This
index can then be used to find the tuple IDs thtsfy
predicates in queries. For instance, assume thy tue
“Find all tuples inS that satisfies the predicate: Age < 40
AND Salary > 45000". We can answer this query bindo
the following:

1. Obtain the set of tuples associated with set bits i
b.

2. Remove all tuples whose salary is less than or
equal to 45000 from the remaining set.

Tuple ID/  Tuple inS: p=(Age<40) Bit Vector

Bit position (Age, Salary) Index Value

1 (18, 20000) True 1

2 (43,65000) False 0

3 (35, 50000) True 1
b=bitvec(S, p) = 101

Table 1. Example of a bit vector index

In addition, multiple indices can be bitwise AN Dead
ORed together when queries with complex prediczdes
be expressed in terms of the predicates used lab thei bit
vector indices. For instance, assume we have ttwebtor
indices, one of which is the index displayed in [€ah
calledb. The other bit vector index is callegand likeb,
is over tableS, but uses the predicgpe= Salary > 45000.
As a result, the indices themselveslax01 anda=011.
The query “Find all tuples in S that satisfy thegticate:
Age < 40 AND Salary > 45000” can be executed by



obtaining the set of tuples associated with setibithe
bitwise conjunction ob anda. Note that bitwise logical
operands like AND and OR are extremely efficieneash
CPU operation performs the logical operator for ynan
tuples in a single CPU instruction (since CPU indions
operate on a whole word at a time). In additiopsth
strategies tend to have excellent cache performance

Rect ID/ Rectanglein  p=Overlaps[ Bit

Bitpos S (X1,Y1)- (X1,Y1)- Vector
(X2,Y2) (X2,Y2), Index
(3,4)-(8,5)] Value
1 (0, 0)-(10, 10)  True 1
2 (4,2)-(7,5) True 1
3 (8,1)-(9,2) False 0
b=bitvec(S, p) = 110

Table 2: Example of a spatial bit vector index

The definition of bit vector indices above, whistthe
standard definition used today, applies only tatiehal
data. We relax this requirement by allowing dat@aes of
Sto be hyperrectangles, and we allpwo contain the
hyperrectangle specific predicate overlaps. Assaltewe
call such indices spatial bit vector indices. Aample of
spatial bit vector indices are shown in Tabl@ ? this
case is an overlaps test between the constanhggeta
(3,4)-(8,5) and a data rectangle

3.3 Solution overview

The way we use the spatial bit vector indices diesdr
above to efficiently solve the rectangle searctbjenm is
outlined as follows:

» For each dimension, createspatial bit vector
indices over rectangle data.
*  When a point query is performed with point

o Usingg, select exactly one spatial bit
vector index for each dimension.

0 AND together the selected spatial bit
vector indices from all dimensions,
producingc.

o Obtain the set of rectangl&sassociated

with set bits inc. Because of the manner

in which the bit vectors were created, and

because of the selection criteria, there is a
guarantee that all members of the answer

set are irfl.
o0 Remove any extra rectangleslirby

performing a linear scan of the contents

of T. Assuming thafT]| is significantly

smaller thang], this is much faster than a

linear scan over the whole dataset. Note
that this step may be replaced by a scan
over hyperspheres if the hyperrectangle
search is a mapped hypersphere search..

Note that there are two aspects in the above girabat
need to be specified. The first is how théndices per
dimension are created. The second is how an irmtex f
particular dimension is selected during search.
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Figure 7: Rectangle Data Example
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Figure 8: Projected rectangles

3.4 Creating and selecting the indices

The spatial bit vector indices are created by aergig the
projection of the data rectangles onto each indaid
dimension. For instance, consider the two-dimeradion
example depicted in Figure 7, and Figure 8, whithns
the projection of those rectangles onto thexs. Figure 9
showsm=3 disjoint intervals on thepaxis that cover the
entire axis.

For each interval, we construct a bit vector indegh that
the predicate is an overlap test between the iakend the
projection of each data rectangle onto that axésaAesult,
the bits associated with all data rectangles titat$ect the
interval are set to 1, and all others are set(seé Table 3).
Thus, each spatial bit vector index selects ordydhta
rectangles that cannot be ruled out using the preje
dimension alone for a query whose value lies in the
specified interval. As a result, the selectionetiit for each
dimension is to select the bit vector index coroesjing to
the partition that includes the query point. Geaioally,
the result of ANDing all the bit vectors selectadhis way
is that the query becomes a hyperrectangle thaairsthe



guery point, which is why a post-processing step is
necessary to remove the extra rectangles.

Our technique partitions the queries per dimensiaoh
that each partition contains all rectangle 1Ds of
hyperrectangles that overlap the query partiticscdption.
The bit vector indexes are just a way of comprestinse
rectangle ID lists so that the lists can be intees®
efficiently and easily, analogous to [6].
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Figure 9: Dividing the X; Axisinto 3intervals
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Of course we still need to specify how this paotitng is
created. We select omr-1 dividers along the axis from
amongst the boundary values of the rectangles. More
precisely, we create those dividers every (2*|S|)/m
boundaries, with any leftover boundaries spread out
amongst the first intervals. The partitioning shawirigure
9 was created with this heuristic, since each fpamthas
(2*5)/3=3 boundaries with 1 left over. Thus we make
divisions on the (3+(1 left over))94ooundary and the
(4+3)=7" boundary.

Py= p>= ps=
Overlaps Overlaps Overlaps
[Ri,11] [Ri,l2] [Ri,I3]

1 R True False False

2 R False True False

3 Rs False False True

4 Ry True True False

5 Rs True True True

b,= b,= bs=

bitvecS,p1)= bitvec(S, p,) = bitvec(S, p3)=

10011 01011 00101

Table 3:Bitmap indices for dimension X; from

Figure9

There is one special case, however that we triggutlgl
differently. We may knova priori that all, or the great
majority, of queries lie within some interval nasuer than
the whole axis. This can happen from either worloa
profiling, or because of the way the problem istge{see
Section 4). In these cases, when we generate our
partitioning, we only consider rectangle boundatinet lie

within the query interval, and completely ignoreadher
rectangle boundaries.

3.5 Inserts and Deletes

The strategy we recommend for handling insertsdatetes
involves a quick update that ensures that all syuoesst
answers are correct, but gradually degrades thigygag
the bit vector index.

When inserting a new data value, the ID given &t thalue
is always one more than the last value alreadlyén t
indices. This results in adding a bit to the enéwdry bit
vector index. In order to achieve acceptable I/0
performance for disk based searching, or good cache
performance for in memory based searching, mensory i
added to the end of the bit vector indices in larigenks,
and then gradually filled in by subsequent inseNtste that
in the disk-based scenario, it is not necessafiysh the
modified pages to disk since a log can be useddoegate
all the changes and stream them out efficientlys Bloids
many forced random 1/Os (one for each index) aasedi
with inserts. This is a known technique for insegthew
tuples in bit vector indexes.

When deleting a data value, we rely on the fadtdha
index is guaranteed to be used for each dimensima.
result, we can pick a single dimension, and chamyel to
a 0 for all indexes for that dimension for the & to
remove. This ensures that the appropriate rownay set
to 0 during a search. Note, however, that over tiftie can
result in a high concentration of unused tuple g take
space in the bit vector index. As a result, in akiead
where deletes are significant compared to inserts,
occasional reorganizations will be needed to rentbge
deleted IDs from the indices.

4 Case Study: Audio Fingerprinting

4.1 System overview

This section describes an implementation of ounrapies
in the context of an existing audio fingerprintsystem,
RARE ([1,21]). In this system, 239,369 songs were
fingerprinted. Each fingerprint consisted of a &gy
dimensional vector of floats plus ap matching distance.
As a result, the entire database is approximatelyiB and
can fit comfortably in memory. Each fingerprint is
constructed from approximately 6 seconds of audio
approximately 30 seconds into the clip.



When an audio clip is playing on a client, traqgsnerated
in the same way as fingerprints) are generated/e\&8
milliseconds and submitted to the server, whichcimed the
traces against the fingerprints in the databaseKggire
10). If the 64-dimensional Euclidean distance betwihe
fingerprint in the database and the trace is withenl,
matching distance associated with the databaserfinigt,
we have a tentative match, and a future fingerpsiosed
to confirm that we found an actual match. The syste
highly accurate and achieves a false positiveat&x

10°, per fingerprint, per clip, at a false negativee raf
0.8%, even in the presence of quite severe audiortions
([21]). The great majority of time (> 99%) in therger is
spent searching the 239,369 audio clips for aralnitatch.

The L, distances between incoming traces and stored
fingerprints are measured in a feature space, wthermap
from the input audio to the feature space is lehsing
examples of distortion (the system is generallyustb
however; the accuracy numbers mentioned aboveoare f
distortions that were not used for training). Tlee-point
epsilon values (Section 2) were computed usindidatan
set, where the epsilon value is chosen to be d foation
of the mean distance of the database point todhéation
set.
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Figure 10: RARE Architecture

4.2 Searching the Fingerprints

Since the server spends the great majority ofrite t
searching the in-memory database of fingerprintsfogus
on that search. The search is best formulatechaia
query (an individual trace) over a set of hyperspbe
where each hypersphere has a fingerprint as thercand
an individual match radius. The linear scan donéhby
fingerprinting system has an early bailout. More
specifically, as dimensions are added to the sutimein

Euclidean squared distance, the current sum is agedpo
the smallest (squared) Euclidean distance fourfdrsdf
the sum is greater than this value, we know thapttint
currently being examined is not the closest, aed th
computation can skip to the next point. This ebditout
results in approximately a factor of 2 speedup dwerfull
distance computation in the linear scan.

The fingerprint centerpoints themselves are distet in a
truly high dimensional fashion, as is demonstrétgthe
fact that they are all approximately equidistamt: F
instance, the distribution of distances about &aip
centerpoint is such that the median centerpoilesis than a
factor of two further than the closest centerpdimt.
addition, the radii are quite large when projeaatb
individual dimensions. Figure 11 shows, for each
dimension, the percentage of centerpoints thati@ver
typical hypersphere when projected onto that dinoens
The dimensions are listed in increasing order efriap.
Obviously, there is a great deal of overlap in the
projections, although there is almost no overlafh&64
dimensional space.

Instead of performing a full linear scan, we paria faster
but less discriminating search before performirgglithear
scan with bailing. For the faster search, we finap the
problem into a hyperrectangle search problem, hed t
measure a variety of approaches. These approautiade
linear scan over the hyperrectangles, bulk-loaddades,
and our spatial bit vector index based approach.

Fingerprint Overlap on 64 Projections

X Drerlap

5 9 13 17 21 25 29 33 37 41 45 49 53 57 61

Dimension

Figure 11: Percentage of center pointsthat
overlap atypical hypersphere

4.3 Mapping the Fast Search

We derive the hyperrectangle search problem itfiatsigion
described in Section 2.2. More specifically, foclea
fingerprint hypersphere, we create a corresponding
hyperrectangle with the same centerpoint as the



hypersphere. If we wanted to be completely consieeja
the side length of the hyperrectangle would be totie
radius of the hypersphere. But since a very smatiber of
false negatives are acceptable (in line with therallfalse
negative rate of the system to begin with), ancahse of
the distribution of acceptable distortions, we oaa a
substantially smaller side length, as in Sectié 2.

After performing the dataset transformation desatib
above, we have a set of hyperrectangles insteadef of
hyperspheres. The distribution of the centerpamhthese
hyperrectangles is identical to that of the hypleesps, but
the projections of those hyperrectangles on indizid
dimensions is quite different due to the non-coretire
approximation. Nevertheless, there is still sigaifit
overlap in the dataset, which is shown in Figurevitich
shows, for each dimension, the percentage of
hyperrectangle centerpoints that overlap a typical
hyperrectangle when projected onto that dimenstas.
easy to see that while overlap is significantly ioyed, it is
still quite high.

Hyper-rectangle Overlap for 64
Projections

% Overlap

1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61

Dimension

Figure 12: Percentage of center pointsthat
overlap atypical hyperrectangle

Since we know we are going to remove false pogitive
afterward, and since the first 14 dimensions yib&imost
selectivity (due to the process used to generatéetitures
[1]), we use only the 14 dimensions with the lowastrlap
and use post-processing to remove any false pesithat
come from not considering more dimensions. Notettia
post-processing may involve filtering out the extra
hyperrectangles, followed by filtering out the extr
hyperspheres, or just directly filtering out thiséapositives
using the hyperspheres. This is a performance dersion
that we measure, below.

4.4 Fast Search Results

This section presents the various alternativepéoforming
the hyperrectangle search over the mapped audio
fingerprint data. The total size of the original
(hyperspherical) data is ~61MB. The size of the 14
dimensional mapped (hyperrectangular) data is ~27MB
while the total size of the bit vector indices @B,
~14MB, ~27MB, and ~54MB for the 4 settings of inelic
per dimension that we used. The search alternatichsle
a linear scan of the rectangles, searching a balitdd R-
Tree, and our bit vector index based solution. G|3])
was used for the R-Tree implementation, and Hilbert
ordering([8]) based bulk loading was used. Forhur
vector index based solution, we used 16, 32, 64 128
partitions per dimension. In order to ensure thexthot
vector based approach produced the same answe as t
alternatives, we eliminated false positives from ithsult
set by scanning the candidate hyperrectangles. tRatén
the audio application, however, we would scan the
hyperspheres associated with the candidate hypenges
rather than scanning the hyperrectangles themselves

For all experiments, after the indexes were creédt@do
queries were run and the wall clock time was messtor
the 1000 query run. The minima and maxima for the
hyperrectangles were represented as 4 byte figatse all
structures fit in memory, there was not a signiftcamount
of disk I/0. The results are shown in Table 4

Technique Time for 1000 Speedup Ove
Queries(seconds Linear Scan

Linear Scan 29.5 1.0

Bit Vector Indices 1.027 28.7

16 Ind Per Dim

Bit Vector Indices 0.7598 38.8

32 Ind Per Dim

Bit Vector Indices 0.6687 441

64 Ind Per Dim

Bit Vector Indices 0.631 46.75

128 Ind Per Dim

Hilbert R-Tree 103 0.2864

Table 4: Hyperrectangle sear ch performance

First of all, note that all R-Tree times are subt&ly more
than linear scan times. This was due to prediczbuation
overhead in GIST. Nevertheless, not a single pagge w
pruned during any of the 1000 queries, which is
unsurprising given the extreme overlap in the ptijaes of
the data.

The bit vector indices based approach easily ofdpaed
the alternatives. It is easy to understand the vast



improvement over linear scan when one considers the
amount of data processed in each case. For thar lkgan,
the number of bytes examined per query was a fumat
the number of tuples (239,369), the size of a f{ddiytes),
the number of dimensions (14), and the fact th#t bo
maximum and minimum is examined per dimension. All
together that is 239,369*4*14*2=26.81MB. The bitte
index based approach, however, scanned 14 inditese
each index contained 239,369/8 bytes. The tota] was
therefore, only 14*239,369/8=418,895 bytes. Thamfthe
speedup in memory bandwidth was a factor of 64. Of
course this improvement was diluted somewhat by ts-
filtering step. Therefore the total speedup, foB iritlices
per dimension was a factor of ~47. Also, notice H#sawe
increase the number of indices per dimension, padace
improves. This is due to the reduction in falseifpees,
which ultimately leads to a smaller set to postepss.

Of course these timings, including linear scan,fare
solving only the rectangle search problem. When our
indexing technique is put in the context of theiaud
fingerprinting system, the post-processing is bagexh a
scan over the hyperspheres associated with thenmega
hyperrectangles. Also, the linear scan performéanoger
hyperspheres rather than hyperrectangles. Thesexul
running the modified bit vector based approach cnexp
to a linear scan over the hyperspheres is givarabie 5.
The overall speedup for searching the fingerpigitss6.

Technique Time for 1000 Speedup Ove
Queries(seconds Linear Scan

Linear Scan 325 1.0

Bit Vector Indices 0.8791 37.0

16 Ind Per Dim

Bit Vector Indices 0.6693 48.6

32 Ind Per Dim

Bit Vector Indices 0.5992 54.2

64 Ind Per Dim

Bit Vector Indices 0.577 56.33

128 Ind Per Dim

Table 5: Fingerprint search performance

5 Related Work

Many strategies have been proposed for indexing
similarity/fingerprinting problems [14, 15, 16, 1178],
these strategies can typically be used in two wagsrest
neighbor searching, and epsilon range searchinghEo
type of fingerprinting presented here, neithertefse
approaches are appropriate.

Nearest neighbor based solutions would suffer fpor
performance due to the requirement that an ansever b
returned even when there are no points nearbyti{rel
other points in the dataset). This is backed ufhby
observation that for the dataset used in our dasky sall
fingerprint centerpoints are approximately equatist a
scenario known to produce poor performance [2].

Epsilon distance based solutions are acceptalsi¢liations
where comparable neighborhoods around all fingetpri
are used for matching. Unfortunately the data prteskin
our case study does not have this property.

There is a plethora of work on indexing low-dimemnsil
regions. A good overview of this work can be foumgb].
This work is typically motivated by GIS and CAD
applications, and is targeted towards two or three
dimensions. As we saw in Section 1, it is unrealsient
expect such techniques to be effective. Of perhape
interest is the work on one dimensional intervaada.g.
[9, 10]) as one could conceivably use these teciesigpn
projections of the data in a manner similar to kitivector
based approach. Unfortunately, the overlap in the
projection is so high as to make techniques without
redundancy useless, where redundancy is definddtas
items not assigned to a unique location in thexn&®en if
one of these techniques were modified to use algppi
which involves breaking up the data intervals sitaaller
intervals based on page boundaries [5], the nuwiteiple
IDs in each page would typically be more than Haaf
dataset, making the need for bit vector representaf
tuple IDs such as that used in our approach aledplut
necessary.

Of course there has been a great deal of worktorebtor
indexing. A good summary of bit vector indices t@n
found in [6]. Bit vector indices have typically breased in
OLAP systems like Sybase 1Q [6] and model 204 [T9e
main contribution of our work over the existinghiature in
bit vector indexing is the particular scheme, idahg our
predicates and projections, we use to achieve high
performance searching over high-dimensional regidhe
application of bit vector indexing to multimedialexing
problem is also novel.

6 Conclusions

This paper presents a method for quickly perforngioint
gueries against non-uniform high-dimensional regiion
Such queries are motivated by multimedia retriewal
matching applications, such as audio fingerprintkar
highest accuracy, these applications can requirela@-
point thresholds for accepting a match in a high-



dimensional space. Therefore, neither nearest bergh
search nor epsilon range searching are appropriate.

Rather, we map such queries into high-dimensional
hyperrectangle searching with postprocessing. The
proposed solution is based on bit vector indexamgl has
complexity that is linear in the size of the databeserts
and deletes are relatively cheap as long as théewuai
deletes is small compared to the number of inséus.
techniques are applicable to both in memory anid lnbsed
applications.

Our solution was applied to an actual audio fingeting
application and was compared to both linear scan an
Hilbert bulk loaded R-Trees. Our scheme vastly
outperformed the alternatives, and improved thealve
performance of the search by a factor of 56 (coeghsw
linear scan). The R-Tree was completely ineffective
indexing/partitioning the data, which was unssing
given the properties of the data. These resulte wer
achieved through the use of redundancy. This reahumnd
resulted from partitioning the queries rather ttf@ndata,
and using bit vector indexing to compress the tssul
Because of bit vector indexes’ efficient represtoaof
tuple IDs, the total size of our structures waslemghan
the original dataset.
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