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Abstract. The indexing algorithms and data structures for similarity

searching in metric spaces seem to emerge from a great diversity, and
di erent approaches have been proposed and analyzed separately, often
under di erent assumptions. Currently, the only realistic way to compare two di erent algorithms is to apply them to the same data set.
We present a uni ed model for studying similarity searching algorithms,
de ning common complexity measures allowing comparison between different approaches.

1 Introduction
A metric space is a set of \black box" objects on which a distance function has
been de ned. On this set one performs \similarity queries", whose simplest form
is to have a new element q and a maximum distance r so that one wants to
retrieve all the elements of the set at distance r or less from q. This is trivially
solved by comparing q against every element in the set, but since the distance
is expensive to compute, the goal is to structure the set so that the number of
distance evaluations to answer the queries are minimized. This data structure
built on the set is often called an \index".
This general problem has a lot of applications, such as non-traditional databases (where the concept of exact search is of no use and we search for similar
objects, e.g. databases storing images, ngerprints or audio clips); machine learning and classi cation (where a new element must be classi ed according to its
closest existing element); image quantization and compression (where only some
vectors can be represented and those that cannot must be coded as their closest
representable point); text retrieval (where we look for words in a text database
allowing a small number of errors, or we look for documents which are similar
to a given query or document); computational biology (where we want to nd a
DNA or protein sequence in a database allowing some errors due to typical variations); function prediction (where we want to search the most similar behavior
of a function in the past so as to predict its probable future behavior); etc.
?
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Since the problem has appeared in unrelated areas, the corresponding algorithms and data structures seem to emerge from a great diversity, and di erent
approaches have been proposed and analyzed separately, often under di erent
assumptions [5, 20,22, 19, 21, 23, 13, 15, 1, 4, 14, 18, 3, 11, 17, 7, 8, 24]. Due to space
limitations we refer the reader to a recent survey where all the known approaches
for similarity searching are discussed [9].
Currently, the only realistic way to compare two di erent algorithms is to
apply them to the same data set. We present a uni ed complexity model for the
search in metric spaces. Its main contribution can be summarized in Figure 1:
all the indexing algorithms partition the set of elements into subsets. An index
is built which allows to determine a set of candidate sets where the elements relevant for the query can appear. At query time, que index is searched to nd the
relevant subsets (the cost to do this is called \internal complexity") and those
subsets are checked exhaustively (which corresponds to the \external complexity" of the search). There is a tradeo between internal and external complexity:
ner grained partitions have higher internal and lower external complexity.
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Fig. 1. The uni ed model for indexing and querying metric spaces.

2 Metric Spaces and Proximity Queries
We introduce now the basic notation for the problem. The set X will denote
the universe of objects. A nite subset U, of size n = jUj, will be called the
dictionary. The function d : X X?! R will denote a measure of \similarity"
between objects, satisfying the following properties for all x; y; z 2 X:

(p1) d(x; y)  0 positiveness,
(p2) d(x; y) = d(y; x) symmetry,
(p3) d(x; x) = 0 re exivity, and in most cases
(p4) d(x; y) = 0 i x = y strict positiveness.
The similarity d will be called a distance if it satis es the triangle inequality
(p5) d(x; y)  d(x; z ) + d(z; y).
There are basically two types of queries of interest in metric spaces:
(a) Range queries: retrieve all elements which are within distance r to q. This
is, (q; r) = fu 2 U = d(q; u)  rg.
(b) Nearest neighbor queries: retrieve the closest elements to q in U. This is,
nn (q) = fu 2 U = 8v 2 U; d(q; u)  d(q; v)g. We may also want the k
nearest neighbors.
We restrict ourselves to the analysis of range queries, since nearest neighbor
queries can be derived from range queries using a branch and bound scheme.
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3 Equivalence Relations and Cosets
Given a set X, a partition (X) = f1; 2;    ;  ;   g is a subset of the power
set P (X) such that every element of the set belongs exactly to one partition, i.e.
[1 = X; and  \  =  for all i 6= j
A relation, denoted by , is a subset of the cross product X X (the set of
ordered pairs) of X. Two elements x; y are said to be related, denoted by x  y,
if the pair (x; y) is in the subset. A relation  is said to be an equivalence
relation if it satis es the properties of
{ x  x for all x 2 X, re exivity
{ x  y if and only if y  x, symmetry
{ x  y and y  z then x  z, transitivity
It can be shown that every partition (X) induces an equivalence relation 
and, conversely, every equivalence relation induces a partition [10]. Two elements
are related if they belong to the same partition. Every element  of the partition
is then called an equivalence class. An equivalence class is often named after
one of its representatives (any element of  can be taken as a representative).
An alternative de nition of an equivalence class of an element x is the set of all
y such that x  y. We will denote the equivalence class of x as [x] = fy : x  yg:
Given the set Xand an equivalence relation , we obtain the quotient (X) =
X=. It indicates the set of equivalence classes or cosets, obtained when applying
the equivalence relation to the set X:
For a xed set X; consider two equivalence relations 1 and 2 . We say
that 1 is a re nement of 2 if for any pair x; y 2 X such that x 1 y then
`
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necessarily x 2 y. Equivalently, a partition 1 (X) is a re nement of partition
2(X) if 1  2 for every partition element 1 of 1 and some coset 2 of the
partition 2 . We may also say that 2 (equivalently 2) is a coarsening of 1
(equivalently 1 ).
The relevance of equivalence classes for us comes from the possibility of using
them on a metric space in a way that a new metric space is derived from the
quotient set. This new metric space will be a coarser version of the original one.
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4 Indexing and Partitions
The equivalence classes obtained with an equivalence relation of a metric space
can be considered themselves as points in a new metric space, as soon as we
de ne the distance function D of this new metric space.
In Figure 1 we can see a schematic example of the idea. We divide the space
in several regions (equivalence classes). The points inside each region are indistinguishable. We consider them as points in a new metric space. To answer a
query, we rst search the relevant classes in the quotient space. Then, instead
of exhaustively examining the entire dictionary we just examine the classes that
contain potentially interesting points. In other words, if a class can contain a
point that should be returned in the outcome of the query, then the class will
be examined.
For this approach to be useful we need that the mapping is contractive, i.e.
D([a]; [b])  d(a; b) for any a; b 2 X. This ensures that all the points relevant to
a query (q; r) are contained in the classes returned by the query ([q]; r) on the
quotient space. We explain the idea in more detail now.
We introduce a new function D0 : (X)  (X) ?! R+ now de ned in
the quotient. Since D0 is de ned between equivalence classes, a natural choice is
D0 ([x]; [y]) = inf 2[ ] 2[ ] fd(x; y)g, which we call the extension of d. We de ne
the outcome of a query in the coset as ([q]; r) 0 = fu 2 U : D0 ([u]; [q])  rg.
D0 could be used for similarity searching in a natural way. From the de nition
it is clear that D0 ([x]; [y])  d(x; y) for any x 2 [x], y 2 [y]. This permits to
convert one search problem into another, hopefully simpler, search problem. For a
given query (q; r) we nd out the equivalence class [q] the query point q belongs
to. Then, using the new distance function D0 the query is transformed into
([q]; r) 0 . Since D0 ([q]; [u])  d(q; u), this naturally implies (q; r)  ([q]; r) 0 .
That is, ([q]; r) 0 is indeed a list of candidates, so it is enough to perform an
exhaustive search on that candidate list (now using the original distance d), to
obtain the actual outcome of the query (q; r) .
Unfortunately, D0 does not satisfy the triangle inequality, just (p1) to (p3),
and in most cases (p4 ). Hence, no general search algorithm is possible using D0
itself. However, D0 gives the maximum possible values that keep the mapping
contractive, and therefore we can use any other distance that satis es the properties of metric spaces and that lower bounds D0. This distance, D, can be used
for indexing purposes and still serves to obtain a list of candidates for the actual
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outcome using d. An example of D is given in Figure 2, where the equivalence
classes are rings centered around a point p.
[y]

D([x],[y])

p
[x]
x
d(x,y)
y

Fig. 2. Two points x and y, and their equivalence classes (the shaded rings). D gives
the minimum distance among rings, which lower bounds the distance between x and
y.
When selecting D, another important consideration is the cost to compute
it. In fact, the most important tradeo for an indexing algorithm is to keep low
the number of evaluations to compute the D distance, and at the same time
to reduce the nal exhaustive search. In fact, the above procedure is used in
virtually every indexing algorithm. In other words:
Most indexing algorithms for proximity searching consist in building a
set of equivalence classes, discard some classes, and search exhaustively
the rest.
Some examples may help to understand the above de nitions.
Example 1. The brute force method of not indexing and examining every
point in the dictionary for each query, creates one equivalence class per point
in the set X. In this case, the coset obtained is the same as the original set
(X) = X= = X, it holds x  y () x = y, D0 ([x]; [y]) = d(x; y) for any
pair x; y and consequently (q; r) = ([q]; r) 0 . In other words the candidate list
is actually the outcome of the query. No extra e ort is done in trimming the
candidate list, however all the work have been done in building the candidate
list.
Example 2. Another trivial example, situated in the other side of the
spectrum, is when all points in Xare assigned to the same equivalence class, i.e.
x  y () x; y 2 X. Hence [x] = [y] for all elements in the set X. In this case we
have (X) = X= = fg, a set with a single element, and it holds D0 ([x]; [y]) = 0
for every pair of points. In this case nding the candidate list is trivial, since it is
actually the dictionary itself, but trimming the list is as dicult as the original
problem.
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Example 3. A more realistic example, indeed a true indexing algorithm, is
when we have an arbitrary reference point p 2 Xand the equivalence relation is
given by x  y () d(p; x) = d(p; y). In this case D([x]; [y]) = jd(x; p) ? d(y; p)j
is a safe lower bound for the D0 distance (guaranteed by triangle inequality). For
a query of the form (q; r) the candidate list ([q]; r) consist of all points such
that D([q]; [x])  r or in other way all the points such that jd(q; p) ? d(x; p)j 
r. Graphically, this distance represents a ring centered at p containing a disk
centered at q and radius r (recall Figure 2). This is the familiar rule used in
many independent algorithms to trim the space, as seen later.
Example 4. The approximate search problem was rstly introduced in
\vector spaces" (R ), and the very rst family of algorithms used there were
based on a coset operation. These were called bucketing methods, and consist in
the construction of cells or buckets [2]. Searching for an arbitrary point in R is
converted into an exhaustive search in a nite set of cells. The procedure used
two steps: (1) rst they nd which cell the query point belongs to and after that
they build a set of candidate cells using the query range; (2) this set of candidate
cells is inspected exhaustively to nd the actual points inside the query range.
In this case the equivalence classes are the cells, and the tradeo is expressed as
follows: the larger the cells, the cheaper it is to nd the appropriate ones, but
the more costly is the nal exhaustive search.
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5 Measures of Eciency
As sketched previously, most indexing algorithms rely on building an equivalence
class. The corresponding search algorithms have two parts:
1. Find the classes that may be relevant for the query.
2. Exhaustively search all the elements of these classes.
The rst part involves performing some evaluations of the d distance, as
shown in the Example 3 above. It may also involve some extra CPU time (which
although not the central point in this paper, must be kept reasonable). The distance evaluations performed in this stage are called internal, and their number
de ne the internal complexity.
The second part consists of directly comparing the query against the candidate list. These evaluations of d are called external. The amount of external
evaluations is called external complexity and is related to the discriminative
power of the D distance, a concept that we explain shortly.
The indexing scheme needs to nd a balance between the complexity to
compute D and its discriminative power.
Examples 1 and 2 can serve as upper and lower bounds of what is done by the
actual indexing algorithms. The rst algorithm has minimal external complexity,
since the distance function D discriminates as much as the original distance
function d. However, the internal complexity is maximal, in the sense that nding
the relevant classes is as hard as solving the original problem. This case shows

maximum discriminative power, as the metric spaces (X; d) and ((X); D) are
isometric [16]. Example 2 has minimal internal complexity, since it is trivial to
compute the relevant equivalence class. However, its external complexity is as
high as in the original problem, since all the points are candidates.
Example 3 is in between for internal and external complexity. The internal
complexity is 1 distance evaluation (the distance from q to p), and the external
complexity will correspond to the number of elements that lie in the selected
ring. We could intersect it with more rings (increasing internal complexity) to
reduce the external complexity.
The tradeo is partially formalized with the notions of re nement and coarsening of a partition. In particular, the following theorems show that the external
complexity decreases as the partition is more re ned (and we may assume that
the internal complexity increases since more information has to be obtained).

Theorem 1. If 1is a coarsening of 2 then the extended distances D1 and D2
have the property D2 ([x]; [y])  D1 ([x]; [y]).
Proof. D1 ([x]; [y]) = inf 2[ ]1 2[ ]1 fd(x; y)g  inf 2[ ]2 2[ ]2 fd(x; y)g =
D2 ([x]; [y]), since [x]2  [x]1 and [y]2  [y]1. We are using [x] and [y] to denote
the equivalence class of x and y under equivalence relation  .
Theorem 2. If A1 and A2 are indexing algorithms based on equivalence relations 1 and 2 , respectively, and 2 is a coarsening of 1 , then A1 has lower
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external complexity than A2.

Proof. We have to show that ([q]; r) 1  ([q]; r) 2 . But this is clear, since
D2 ([x]; [y])  D1 ([x]; [y]) implies ([q]; r) 1 = fy 2 U : D1 ([q]; [y])  rg  fy 2
U: D2([q]; [y])  rg = ([q]; r) 2 :
D
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An interesting idea arising from the above theorems is to build a hierarchy of
coarsening operations. Using this hierarchy we could proceed downwards from a
very coarse level building a candidate list of equivalence classes of the next level,
using for example D ; this candidate list will be re ned using the D ?1 distance
function and so on until we reach the bottom level. This is done, e.g. in [4].
The concept of discriminative power serves as an indicator of the performance
or tness of the equivalence relation (or equivalently, of the distance function D).
In general, it will be more costly to have more discriminative power. A related
concept is that of \fragmentation", which is explained next.
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5.1 Locality and Fragmentation of a Partition
The equivalence classes can be thought of as a set of non intersecting cells in
the space, where every point inside a given cell belongs to the same equivalence
class. Of course, this is not very precise from a mathematical point of view, but
can serve to clarify the concept. In the mathematical de nition an equivalence
class is not con ned to a single cell; indeed it can be an arbitrary collection of
cells.

A consequence of the above observation is that we need an additional property which will be called locality. It stands for how much the equivalence class
resembles a cell. Intuitively the opposite property, fragmentation of a partition,
can be easier to understand. An equivalence class is fragmented if it consists of
several \local" pieces. We do not go beyond with the formalization of this concept, because the de nition involves properties not common to every metric
space and we want to maintain our model as general as possible.
Figure 3 exempli es a fragmented partition. It is natural to expect a better
performance, i.e. more discriminative power, from a local partition than from
a fragmented partition. This is because the candidate list obtained with the
distance D will contain points actually far away from the query if the partition
is fragmented. Notice that in Figure 3, the fragmentation would disappear if we
added a third pivot.
Two fragments of the same
equivalence class

Fig. 3. With two rings we de ne an equivalence based on being at the same distance
to both points. However, the resulting class is partitioned.

6 Pivot Based and Clustering Algorithms
A large class of methods to index metric spaces are just variants of what we call
\pivot-based algorithms" [5, 20, 22, 21, 23, 13, 15,1, 14, 18, 3, 11, 7, 8, 24]. The idea
is an extension of Example 3, using more pivots in order to decrease the external
complexity. Instead of just one pivot, one selects h \pivots" p1    p 2 U, and
stores all the distances d(u; p ) for all u 2 U. This set of distances is the index.
Now, given a query (q; r) , q is compared against each pivot. This costs h distance
evaluations, which is the internal complexity.
The elements are ltered out with the following reasoning. For any u 2 U,
the distance d(q; u) cannot be smaller than jd(u; p ) ? d(q; p )j for any pivot
p , because of the triangular inequality. Therefore, all the elements u such that
jd(u; p ) ? d(q; p )j > r for some p can be safely discarded (recall that d(u; p ) is
precomputed). The external complexity then corresponds to comparing q directly
against all those u 2 U that could not be discarded.
In terms of our model, we have that the equivalence classes correspond to
the intersection of sphere shells centered at the p 's (recall Figure 3). Hence
h
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D([x]; [y]) = max fjd(x; p ) ? d(y; p )jg is a safe lower bound to the D0 function
corresponding to these equivalence classes.
As explained, the internal complexity increases and the external complexity
decreases as h grows, so there exists an optimum. We present an experiment
showing this phenomenon. Our metric space is the unitary real cube in k dimensions ([0; 1) ) under the Euclidean distance. We generated n = 100; 000 random
points and search a random query q with a radius r such that 0.01% of the
dictionary is retrieved.
Figure 4 (left) shows internal, external and total distance evaluations in 8
dimensions, using up to 256 pivots. The optimum number of pivots for this case
is close to h = 110. Despite that with 256 pivots we reach an optimum only
until 8 dimensions, it seems clear that the optimal h grows very fast with k. The
optimal h is 15, 30 and 110 for 4, 6, and 8 dimensions, respectively. Figure 4
(right) shows the overall complexity in higher dimensions, where the optimum
is not achieved with 256 pivots.
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Fig. 4. On the left, internal, external and overall distance evaluations in 8 dimensions,

using di erent number of pivots. On the right, overall distance evaluations for di erent
number of dimensions.

This also shows that a lot of memory is required for high-dimensional spaces,
because of which most indexing algorithms do not reach this optimum but they
us as many pivots as memory permits.
Another kind of algorithms, less popular, is called \clustering" algorithms
[5,4, 17]. The idea is also partitioning the space in equivalence classes, but the
classes are not de ned as being at the same distance to a set of pivots. In this
case the classes are normally being closer to a pivot than to any other pivot. The
result is that the classes are more local (less fragmented). On the other hand,
clustering indices tend to have high construction costs and cannot be easily
improved by adding more and more pivots.
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7 The Curse of Dimensionality and Conclusions
The fact that the optimum number of pivots grows quickly with the dimension
is just one aspect of the general phenomenon called \curse of dimensionality". It
is expressed as an exponential dependency on k that appears in the performance
of any algorithm to index k-dimensional vector spaces. It is interesting that
the phenomenon appears also when we disregard the coordinates and view the
vector space just as a metric space, so that one can in general speak of \highdimensional" metric spaces even when no explicit concept of dimension exists.
This phenomenon has a general cause which has also been mentioned in [23,
4, 6, 12, 9]. Very brie y, high dimensional metric spaces have a more concentrated
histogram of distances, and therefore a random query selecting a band of width
2r of the histogram of distances to a pivot p captures much more points in
high dimensional metric spaces. Only the points outside the band can be discarded, and therefore more and more pivots have to be considered to discard a
signi cative amount of points. Figure 5 illustrates.
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Fig. 5. A low-dimensional (left) and high-dimensional (right) histogram of distances,
showing that on high dimensions virtually all the elements become candidates for the
exhaustive evaluation.
Another facet of high dimensionality is the diculty of obtaining local partitions. Even with perfect pivot selection we need k + 1 points to obtain a local
partition in R (recall Figure 3). In general metric spaces one resorts to random
pivot selection and this number is much higher. This shows why clustering algorithms may be better suited for high dimensional spaces, as the experiments
in [9] show: fragmentation is smaller in the equivalence relations produced by
clustering algorithms. As a consequence, pivot based algorithms need much more
memory than clustering algorithms to beat them in high dimensions.
The most interesting research line on indexing metric spaces seems to be
the development of a clustering approach that can be improved by using more
memory and that needs less memory than pivot based algorithms to achieve the
same performance.
k
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