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Database Laboratory
Universidade da Coruña
A Coruña, Spain
{lgares,brisaboa,mfesteller,opedreira,asplaces}@udc.es

Abstract
We consider the problem of similarity search in metric
spaces with costly distance functions and large databases.
There is a trade-off between the amount of information
stored in the index and the reduction in the number of
comparisons for solving a query. Pivot-based methods
clearly outperform clustering-based ones in number of
comparisons, but their space requirements are higher and
this can prevent their application in real problems. Therefore, several strategies have been proposed that reduce
the space needed by pivot-based methods, as BAESA,
FQA or KVP. In this paper, we analyze the usefulness
of pivots depending on their proximity to the object. As
consequence of this analysis, we propose a new pivotbased method that requires an amount of space equal or
very close to that needed by clustering-based methods. We
provide experimental results that show that our proposal
represents a competitive strategy to clustering oriented
solutions when using the same amount of memory.

I.. Introduction
The main goal of methods for searching in metric spaces
is to reduce as much as possible the number of distance
evaluations needed to solve a query, since this is the
main component of the search cost. However, there are
other factors that affect the overall search performance,
as the space requirements for storing the index (in either
primary or secondary memory) and the extra CPU time
needed for loading and processing it. Most research in
metric spaces has focused on the number of distance
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evaluations as a measure of efficiency, but these other
factors become important when indexing large collections
of data in real systems. This is especially important when
searching contents generated by millions of users from the
web.
According to [1], metric access methods can be generally classified in two groups: clustering-based and pivotbased methods. Clustering-based methods partition the
space and try to discard whole regions during the search.
Pivot-based methods store precomputed distances from
each object in the database to a set of pivots, and these
distances are used during the search to discard as many
objects as possible from the result set. In the case of
clustering-based methods, the index is usually a list or
a tree that represents the partition of the space. They
need a very small amount of memory for storing the
index, and the extra CPU time is also very small. Pivotbased methods can outperform clustering-based ones in
one or two orders of magnitude in terms of distance
computations, although they need very significant amounts
of space for storing the precomputed distances. Therefore,
despite they are very efficient in distance computations,
their memory requirements can prevent them to be applied
in real applications. The reader not familiar with similarity
search in metric spaces can find good introductions in [1]
and [2].
Previous works have studied different strategies to reduce the amount of space used by pivot-based methods
while trying to conserve their effectiveness for discarding
objects from the result set. This can be done mainly by
storing less information in the index (bucket and scope
coarsening), or storing it with less precision (range coarsening). In both cases, the loss of information implies a
loss of effectiveness for discarding objects. FQA [3] and
BAESA [4] reduce the size of the index by storing the
information with less precision. BAESA divides the range
of possible values of the distance in a set of intervals and

stores the interval in which each distance falls using the
minimum number of bits necessary. Methods as KVP [5]
reduce the size of the index by storing only information
they consider promising for the search.
In this paper, we analyze the effectiveness of each
pivot for each object in the database and the resulting
utility of storing that distance. We also study the effect
of the initial pivot set in the index performance. Based on
this analysis we propose a new pivot-based method that
needs an amount of space very close or even smaller than
the used by clustering-based algorithms. Our experimental
evaluation shows that our proposal represents a competitive
strategy when using the same amount of space.
The rest of the paper is organized as follows: Section
II describes previous proposals for reducing the amount
of space needed by pivot-based methods, and techniques
for the selection of effective pivots. Section III poses the
objectives of this work and describes our experimental
setup. Section IV presents our analysis of pivot effectiveness. Section V presents the new pivot-based method
we propose in this paper and its experimental evaluation.
Finally, Section VI presents the conclusions of this work
and potential lines of future work.

II.. Background and Related Work
Suppose that (X, d) is a metric space, and U ⊆ X a
database or collection of objects of size n = |U |. Pivotbased methods select a set of m objects P = {p1 , . . . , pm }
from the database to be used as reference objects, called
pivots. In the indexing phase, the distances d(xi , pj ) from
the objects in the database to the pivots are computed
and stored in an appropriate data structure. When given
a query (q, r), the query object is compared with the
pivots to obtain the distances d(q, pj ). For each object
xi ∈ U , we can obtain a lower bound of its distance
to the query using the triangle inequality. The object is
discarded from the result set without comparing it with
the query if d(xi , q) ≥ |d(xi , pj ) − d(pj , q)| > r for any
pivot pj ∈ P . The search complexity is the sum of the
internal complexity (comparisons of the query with the
pivots) and the external complexity (comparisons of the
query with objects that could not be discarded).
Existing methods differ in the information they store
and the data structures they use. Methods like AESA [6]
and LAESA [7] use a table to store the distances from
objects to pivots, while others as BKT [8], FQT [9], FQA
[3] or VPT [10] use tree-like structures.
There are two important issues for pivot-based methods:
the reduction of the space requirements of the index, and
the selection of the reference objects used as pivots.

A.
. Reducing the Space Requirements
The main drawback of pivot-based methods is the space
and extra CPU time needed for loading and processing the
information stored in the index. The goal of reducing the
space needed to store the index is to make possible to use
it in main memory or even in the cache of the processor,
and therefore reducing the extra CPU time needed for
processing it too. There are several strategies for reducing
the space of this class of methods [1]:
• Range coarsening: The space required by the index
can be reduced by storing the distances from objects
to pivots with less precision. This is direct when
working with discrete distances. For continuous distances, the range of possible values can be divided in
several intervals. Instead of storing the exact distance
between an object and a pivot, the index can store
the interval in which each the distance falls. Since the
distances are now less precise, the amount of objects
discarded from the result will be smaller. Working
with less precise distances coarsens the region of
exclusion defined by each pivot for a given query,
thus the name of range coarsening.
This strategy is used by VPT [10] and MVPT [11]
and can be easily applied in indexes like FQA [3], a
compact representation of FHQT [9]. BAESA [4] is
basically an AESA [6] index in which the range of
distances is divided in 2k intervals. Therefore each of
the n × n distances of AESA is stored using k bits.
• Bucket coarsening: This strategy is thought for indexes with a tree-like structure. The idea is to stop
creating more subtrees when they have a small enough
number of elements. The size of the candidate list
increases as this small areas are not further indexed,
but the index stores less distances and needs thus less
space.
• Scope coarsening: Indexes like AESA [6], LAESA
[7], and SSS [12] store all the distances from each
object in the database to each pivot. Another option
consists in storing the distances from each pivot to a
subset of objects in the database, thus coarsening the
scope of action of the pivot. Since the index stores less
distances, the chances of discarding an object from
the result are smaller too.
KVP [5], [13] is an example of scope coarsening.
[5] showed that for a given object in the database,
its nearest and furthest pivots are the ones with
more chances of discarding it from the result. KVP
prioritizes the pivots based on this criterion and,
given a limited amount of space, stores only the most
promising distances. [13] combines scope and range
coarsening and reports KVP to obtain better results
than previous methods.

B.
. Selecting Eﬀective Pivots
Although most methods select the pivots at random,
it has been shown that the specific set of pivots affects
the search performance [14]. The position of each pivot
with respect to each other and to the rest of objects in
the database determines the index capacity for discarding
objects from the result.
The more the pivots, the more the chances of discarding
an object from the result. However, increasing the number
of pivots also increases the internal complexity. Therefore,
there is an optimal number of pivots that optimizes the
trade-off between the internal and external complexities.
The number of pivots selected also affects the space
requirements of the index and the extra CPU time for
processing it. Given two sets of pivots that show the same
effectiveness, the smaller one is the best choice.
Previous works have proposed different ways of estimating the effectiveness of a pivot or set of pivots. Works
as [15], [7], [10] indicated that good pivots should be far
from each other and also far from the rest of objects of
the database. Bustos et al. [14] defined a formal criterion
for comparing the effectiveness of two set of pivots of the
same size.
Despite the good results that can be obtained with these
techniques, they are thought towards the selection of a set
of pivots that are effective in average for all the objects of
the database as a whole. They do not give any guidance
on what is the best pivot for an object. Celik [5] showed
empirically that given an object of the database and a
query, the best pivots for that object are those which are
either very near or very far from that object. This criterion
is the only one that permits us to have an estimation of
what should be the best possible pivot for a given object.
However, [13] also mentions that one can come up with
distributions for which far and close pivots are not the best
choice.
Several techniques have been proposed for pivot selection: MaxMin [16] selects pivots maximizing the minimum
distance between them; SFLOO [17] select pivots based on
a measure of the loss of precision in the search; Spacing
[18] selects pivots with minimum correlation and that
maximize the distance between objects in the mapped
pivot space; Incremental [14] incrementally selects a set
of pivots that maximizes a criterion for comparing two
sets of pivots; Maximum Pruning [19] selects pivots that
maximize pruning based on a sample of queries.
Sparse Spatial Selection (SSS) [12][20] selects a set
of pivots well distributed in the space. An important
characteristic of SSS is that the selection is carried out
dynamically. This is, when an object is inserted in the
database, the algorithm determines if it should be a pivot
or not. SSS considers that the new object is far enough

if its distance to already selected pivots is greater than
M α, being M the maximum distance between any two
objects and α a constant parameter that controls the density
of pivots with which the space is covered. Therefore, the
index adapts its structure and information as the database
evolves when objects are inserted or removed from the
database. In [12] is proven that using SSS, the number of
pivots depends on the complexity of the space and not on
the number of objects.

III.. Objectives of this Work
In this paper, we pursue the following two objectives
related to pivot-based methods for similarity search in
metric spaces:
• First, to analyze the effectiveness of pivots for each
object in the database. We carry out an empirical
analysis with different synthetic and real collections
of data.
• Second, based on the results of the analysis of the
effectiveness of pivots, to reduce as much as possible
the number of distances stored in the index for each
object of the database.
In our experiments we used several collections of synthetic and real data available in the Metric Spaces Library
[21]: UV08, UV10, UV12, and UV14 are collections of
100, 000 synthetic vectors with uniform distribution in a
hypercube of dimension 8, 10, 12, and 14 respectively.
English is a collection of 69, 069 words extracted from the
English dictionary, and compared using the standard edit
distance; Nasa is a collection of 40, 150 images extracted
from the archives of image and video of the NASA, and
represented by feature vectors of dimension 20, compared
using the Euclidean distance of their feature vectors.
As usual, the experimental evaluation focused in range
search. For English we worked with r = 2. For vector
collections, the search radius was set to retrieve the 0.01%
of the database, in average, for each query.

IV.. Analysis of Pivot Effectiveness
We consider two issues concerning the selection of the
most effective pivots for each object of the database: first,
the initial set of pivots from which the most promising
ones are selected; second, the effectiveness of the different
pivots for each object.
Celik [5] shows that the nearest and furthest pivots of
an object are the most promising ones for discarding it
in a query evaluation. From this fact we deduce that SSS
[12] is an effective way of selecting the pivots, since it
guarantees that the pivots will be well distributed in the
space. That is, other methods for pivot selection (random

Coll.
UV08
UV10
UV12
UV14
English
Nasa

Piv.
85
190
460
1000
200
77

Random
Space
Eval. d
29.1828
211.78
65.2321
468.23
157.9303
998.13
343.3266 2077.44
27.5696
443.85
10.6143
276.34

Piv.
53
176
250
491
212
55

SSS (optimal
Space
18.1963
60.4255
85.8317
168.5734
45.0553
7.4438

α)
Eval. d
141.43
367.14
645.08
1381.64
354.89
168.62

SSS (α = 0.25, 4 dist.)
Piv.
Space
Eval. d
494 2.7485
1231.66
1461 2.7522
3011.61
4303 2.7630
6803.09
10000 2.7848 14229.20
3100 1.9089
7931.30
871 1.1061
1308.28

SSS (α = 0.25, 2 dist.)
Piv.
Space
Eval. d
494 1.3752
3094.13
1461 1.3789
5891.64
4303 1.3897
9739.49
10000 1.4115 18160.91
3100 0.9604 12373.45
871 0.5547
1958.34

TABLE I. Search cost with different strategies for selecting the initial set of pivots.

is the obvious case) do not guarantee that each object will
have pivots that are really near or far. In the worst case,
all pivots can be at a half of the maximum distance from
the object.
The next question we have to ask is that, among the
pivots selected with SSS, what are the characteristics of
those which are most useful for discarding an object from
the result? Following the results of Celik [5], we know that
those pivots have to be really near or far from the object.
But, how many near and far pivots do we need for each
object in order to be effective?
Table I shows the number of pivots (“Piv.”), space
(“Space”, in MB), and distance evaluations (“Eval. d”)
obtained when using:
• SSS, storing all the distances from each object to each
pivot (“SSS (optimal α)”).
• A random pivot selection, storing all the distances
from each object to each pivot (“Random”).
• SSS, but storing only the distances to the two nearest
and two furthest pivots for each object (“SSS (α =
0.25, 4 dist)”).
• SSS, but storing only the distances to the nearest
and furthest pivot for each object (“SSS (α =
0.25, 2 dist)”).
This is almost a reproduction of the results of Celik
[5], but we can observe that, in fact using two pivots, the
efficiency is still better than the obtained with clusteringoriented methods, while the space has been dramatically
reduced. For instance, in the case of UV12, the number
of evaluations when using two pivots is about 15 times
the number of comparisons when using all pivots, but the
space needed when using all pivots is about 61 times the
space when using only two. In the case of UV14, a more
complex collection, the difference is bigger: the number
of comparisons when using two pivots is about 13 times
the number of comparisons when using all of them, but
the space when using all the pivots is about 119 times the
space needed when using only two. We can observe that in
the most complex collections, such as UV14, English, or
Nasa, when we pass from 4 to 2 pivots the effectiveness is
reduced to a 75% while the space is reduced to a 50%. This
is, the loss in effectiveness is not proportional to the gain
in space. Therefore, we think that reducing dramatically
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Fig. 1. Percentages of objects discarded by
the nearest, furthest or both pivots.

the number of pivots to just 2 is a good idea when we
want to reduce the space requirements of the index.
A second question we have to ask is if it is more
effective to use the nearest or the furthest pivot for each
object. Figure 1 shows for each collection the percentages
of objects that could not be discarded (“Not discarded”),
objects discarded only by their nearest pivot (“Nearest”),
objects discarded only by their furthest pivot (“‘Furthest”),
and objects that could be discarded by either their nearest
or furthest pivot (“Both”). In Figure 1 we can see that most
the objects are discarded by the nearest pivot, although
a wide percentage can be discarded by both the nearest
and furthest pivot too. Only in a few cases the object is
discarded by its furthest pivot but not by the nearest.
In order to analyze these data and understand in what
cases the object is discarded only by its furthest pivot,
we computed the average and standard deviation of the
distribution of distances among objects for each collection.
Subsequently, for the cases where objects were discarded
only by their nearest pivot (“Nearest”), only by their
furthest pivot (“Furthest”) or both of them (“Both”), we
computed the average distance from objects in each group

Collection

μ

σ

UV08
UV10
UV12
UV14
English
Nasa

1.5086
1.4032
1.2652
1.1244
8.3176
1.2342

0.2452
0.2456
0.2450
0.2469
2.0260
0.3424

Nearest
zdnearest zdf urthest
-4.3989
0.9845
-3.7182
2.2671
-3.0008
3.5298
-2.3669
4.6804
-2.3335
4.6113
-2.2611
3.1419

Furthest
zdnearest zdf urthest
-4.1949
1.3923
-3.5147
2.6743
-2.7151
3.9788
-1.9214
5.0855
-1.9040
5.1591
-2.0859
2.9083

Both
zdnearest zdf urthest
-4.3989
1.4331
-3.7182
2.6743
-3.0416
3.9380
-2.4480
5.0450
-2.2742
4.9617
-2.1735
2.7623

TABLE II. Standard scores of the distances to nearest and furthest pivots.

to the nearest and furthest pivots. The results are shown in
Table II. The distances from the objects to the pivots are
shown as standard scores (z = (d − μ)/σ) for their better
comparison. The nearest and furthest pivots are taken from
a set of pivots obtained with SSS and α = 0.25.
Lets take English as an example. The average distance
between two words is μ = 8.31, and the standard deviation is σ = 2.02. Take into account that although the
distribution of the distances is normal, the standard scores
are computed on the distances from the discarded objects
and their corresponding pivots. An object is going to be
discarded by its nearest pivot when the standard score of
its distance to the nearest pivot is about −2.33. However,
when the standard score of the distance to the nearest pivot
is around or less than −1.9, and the standard score of the
distance to the furthest pivot is around 5.1, the object is
going to be discarded only by the furthest pivot. In the
last two columns we can observe the standard scores to
the nearest and furthest pivots for the objects that can be
discarded by both of them.
It is curious to observe that, as the complexity of the
synthetic collections grows, the furthest object has to be
further to have some capacity for discarding an object.
In other words, there are few possibilities of the object
to be discarded by its furthest pivot. These results are in
agreement with the results already shown in Figure 1.
These standard scores give us a threshold for each
collection that permits us to decide for each object if the
nearest or furthest pivot will be the one with more chances
of discarding it.
As a conclusion, the nearest pivot is the one with more
capacity of discarding an object, and only in those cases
when it is not near enough it is worth to try to use the
furthest pivot if it is far enough. The standard score of the
distance to the nearest and furthest pivot can give us for
each collection a guideline of when to take the furthest
pivot. In case of doubt because the distance of both could
be over or below these thresholds, the most reliable option
is to use the nearest pivot.

V.. Minimum-Space Pivot-Based Index
Based on the results of our empirical analysis of pivot
effectiveness, we can propose to build an index where
for each object we store only the identifier of the pivot
that is going to be used, and the distance from the object
to that pivot. That pivot will be the nearest pivot, or the
furthest in those cases where the distance from the object
to the nearest is not small enough and a really far pivot is
available. Since this method needs less space for storing
the distances from objects to pivots, we can afford having
a larger list of pivots that will increase the chances for
each object to have a really near pivot.
We could see the resulting index as if we created a
Voronoi partition of the space, storing for each object the
partition to which it belongs and the distance to the pivot
centering of that partition. However, in our case, for the
objects that are not near enough to the center of their
partition (because they are outliers or they are very close
to the limit of two regions), we store information about its
furthest pivot instead of about the nearest.

A.
. Storing Distances with Less Precision
As our goal is to save space, observe that the identifiers
of the pivots can be stored with log2 (m) bits (m = number
of pivots), they will require less than a byte in most cases.
The distance to the pivot can also be stored with a variable
number of bits if we permit to loose some precision.
For the evaluation of our method we will refer to it as
Unique Pivot Index (UPI). Table III shows two different
configurations of our method. In the first one (“UPI (4
bytes)”), the identifiers of pivots were stored using the
minimum number of bits, and the distances were stored
using the 4 bytes needed for float precission. In the second
(“UPI (2 bytes)”), the identifiers of pivots were also stored
using the minimum number of bits, but the distances were
stored using 2 bytes, this is, with half precission. For
each option we show the space used by the index in MB
(“Space”) and the number of evaluations of the distance
function (“Eval. d”). As we can see in the table, when the
distances are stored losing precission, the loss in number
of comparisons is almost inexistent, while the space is

reduced to about a half of that needed when using float
precission for the distances.
Collection
UV08
UV10
UV12
UV14
English
Nasa

UPI (4 bytes)
Space
Eval. d
0.4311
3094.13
0.4348
5891.64
0.4456
9739.49
0.4673 18160.91
0.3083 12373.45
0.1757
1958.34

UPI (2 bytes)
Space
Eval. d
0.2594
3095.72
0.2631
5893.84
0.2740
9741.91
0.2957 18164.03
0.1897 12373.45
0.1068
1958.72

TABLE III. Space and distance evaluations
when storing distances with less precision.
The number of bits necessary for storing the distances
depends on the range of values returned by the distance
function. Therefore, our method can be parameterized to
store the distances with a given number of bits depending
on the definition of the distance function and the tolerance
to the loss of precission.

B.
. Evaluation
We compared our method with the following methods
for evaluating its competitiveness:
• SSS with as much space as needed for its optimal
configuration (“SSS (optimal α)”).
• KVP storing for each object only the distance to its
nearest and furthest pivots (k = 2) (“KVP (k = 2)”).
• List of Clusters, [22] since it is a representative of effective clustering-based methods (“List of Clusters”).
Although SSS performs a much smaller number of
comparisons, we compared our method with it since it
constitutes a good baseline for the number of distance
evaluations and space usage.
Table IV shows the results of the comparison. Note that
the space used by UPI is the needed to store the table of
distances and the needed to store the list of pivots too, that
can be larger than in other methods.
Our method obtains better results than KVP in all
collections using less space for storing the index. When
compared with List of Clusters, our method obtains better
results in terms of distance evaluations in all collections
of synthetic vectors and in Nasa, using less space than
List of Clusters. In the case of English our method needs
more evaluations of the distance function, but it needs less
space for storing the index. The number of evaluations of
the distance function is of course higher than the obtained
with SSS, but the reduction in the space needed for the
index is very significant. For instance, in the case of UV14,
SSS builds an index of about 168 MB, while our method
builds an index of about 0.37 MB. These results show that
our method is a competitive strategy to previous proposals
when using the same amount of space.

VI.. Conclusions
In this paper, we consider the problem of reducing as
much as possible the space requirements of pivot-based
methods for similarity search in metric spaces.
We present an empirical analysis of the effectiveness
of the pivots for each object in the database, studying the
effect of the selection of the initial set of pivots and the
selection of the most promising one for each object. Our
results also show that we can store for each object only
the distance to its most promising pivot (the nearest or the
furthest) reducing the amount of space to that required for
clustering-based methods.
Based on the results of this analysis we propose a
new pivot-based method that needs an amount of space
smaller or very close to that used by clustering-based
methods. Our method combines the strategies of scope
and range coarsening: we store only the most promising
distance for each object, and these distances are stored with
half precision. Our experimental evaluation shows that our
method is a competitive strategy against previous proposals
when compared using the same amount of space.
As future work, we are further studying the parametrization of the number of bits used for storing the distance
depending on the effect of the loss of precission in the
search cost. We are also working on strategies for increasing the number of pivots without increasing the internal
complexity, thus we are working on building an index on
the pivots in order to avoid the comparison of the query
with all the pivots.
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[1] E. Chávez, G. Navarro, R. Baeza-Yates, and J. L. Marroquı́n,
“Searching in metric spaces,” ACM Computing Surveys, vol. 33,
no. 3, pp. 273–321, September 2001, aCM Press.
[2] P. Zezula, G. Amato, V. Dohnal, and M. Batko, Similarity search.
The metric space approach, ser. Advances in Database Systems.
Springer, 2006, vol. 32.
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