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Abstract
Metric databases are databases where a metric distance function is 
defined for pairs of database objects. In such databases, similarity 
queries in the form of range queries or k-nearest neighbor queries 
are the most important queries. In traditional query processing, 
single queries are issued independently by different users. In 
many data mining applications, however, the database is typically 
explored by iteratively asking similarity queries for answers of 
previous similarity queries. In this paper, we introduce a generic 
scheme for such data mining algorithms and we develop a method 
to transform such algorithms in a way that they can use multiple 
similarity queries, i.e. sets of queries issued simultaneously. We 
investigate two orthogonal approaches, reducing I/O cost as well 
as CPU cost, to speed-up the processing of multiple similarity 
queries. The proposed techniques apply to any type of similarity 
query and to an implementation based on an index or using a 
sequential scan. Parallelization yields an additional impressive 
speed-up.. 
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I. Introduction
In traditional query processing, single queries are issued 
independently by different users. In manual data exploration as 
well as in automatic data mining, however, many similarity queries 
must be answered in a single application. We define multiple 
queries as sets of queries issued simultaneously. Clearly, multiple 
queries provide much more potential for query optimization 
than single queries. In this paper, we investigate two orthogonal 
approaches to speed-up the processing of multiple similarity 
queries in metric databases: reduce I/O cost (that is, the number 
of disk accesses) and reduce CPU cost (that is, the number of 
distance calculations). Furthermore, we explore the potential 
of parallelization. The proposed techniques can be combined in 
order to obtain a maximum performance of processing multiple 
similarity queries

A. Processing Single Similarity Queries
Let the database objects be drawn from a set of Objects and let 
dist be a metric distance function for pairs of objects, i.e. dist: 
object X object  R , and dist satisfies the following conditions. 
∀ O1, O2, O3 ∈ Objects:
1) dist(O1, O2 ) = 0 ⇔ O1 = O2. (identity)
2) dist(O1, O2 ) = dist(O2, O1). (symmetry)
3) dist(O1,O3) ≤ dist(O1,O2) + dist(O2,O3). (∆-inequality) 
Often, the Euclidean distance or a weighted Euclidean distance 
is used as the distance function but, depending on the application, 
other distance functions may be more appropriate. For instance, 
quadratic form distance functions were successfully applied for 
an image database using color histograms as features.
Definition 1:(similarity query)
Let DB ⊆ Objects be a database and let Q∈ Objects be a query 
objects. Let T denote the type of the similarity query and let 

simT: Objects × Objects → Boolean  be a predicate defining 
the similarity of pairs of objects wrt. to the type T. A similarity 
query, denoted as DB.similarity_query(Q,T), returns the following 
database objects: 

The specification of the query type T consists of three 
components:

T.range: a real number specifying a maximum distance   • 
between Q and an answer.
T.cardinality: an integer number defining the maximum • 
cardinality of the set of answers.
T.kind: a string indicating how to combine the range condition • 
and the cardinality condition. The well-known types of 
similarity queries are obtained by different specializations 
of the query type.

Definition 2: (range query)
A range query with respect to a database DB ⊆ Objects  and a 
query object Q ∈ Objects  is a similarity query with T.range = 
ε, T.cardinality = +∞ and T.kind = “range” which returns the 
following subset of database objects:

Definition 3: (k-nearest neighbor query)A k-nearest neighbor 
query with respect to a database DB ⊆ Objects   and a query 
object Q ∈ Objects  is a similarity query with T.range = +∞, 
T.cardinality = k and T.kind = “k-nearest neighbor” which returns 
a set NNQ(k) ⊆ DB that contains k objects from the database and 
for which the following condition holds:

II. Related Works
The R-tree and its variants such as the R*-tree [BKSS 90] are 
efficient only for relatively small numbers of dimensions d. 
Recently, index structures have been designed which are also 
efficient for some larger values of d. For instance, the X-tree 
[BKK 96] is similar to an R*-tree but introduces the concept of 
supernodes, i.e. nodes of variable size in the directory of the tree. 
Directory nodes are “merged” into one supernode, i.e. directory 
nodes are not split, if there is a high probability that all parts of 
the node have to be searched anyway for most queries
In [Kei 97] and [WSB 98], it is shown that under the assumption 
of uniformly distributed data, above a certain dimensionality no 
index structure can process a nearest neighbor query efficiently. 
Thus, it is suggested to use the sequential scan which obtains at 
least the benefits of sequential rather than random disk I/O. In 
the VA-file [WSB 98], clever bit encodings of the data are used 
to speed-up the scan.
The above index structures are only applicable for vector spaces. 
The more general case of metric databases, however, is also 
important in applications such as WWW access log databases. 
Then, the database objects may be sessions grouping all log entries 
with identical IP address and user id within a given maximum time 
gap [MJHS 96]. General metric databases require other types of 
index structures, the so called metric trees. In these metric trees the 
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triangle inequality is used to prune the search tree while processing 
a similarity query. Most of these structures are static in the sense 
that they do not allow dynamic insertions and deletions of objects. 
A recent paper [CPZ 97] has introduced a dynamic metric index 
structure, the M-tree, which is a balanced tree that can be managed 
on secondary memory. The leaf nodes of an M-tree store all the 
database objects. Directory nodes store so-called routing objects 
and associated covering radii to guide the search operations

III. proposed System
Query processing using a sequential scan is straightforward: all 
objects must be visited to answer a query. When using an index 
it may be possible to exclude large proportions of the data from 
a search. To answer a range query using a tree-based index, the 
set of approximations (e.g. hyper-rectangles in case of an R-tree) 
intersecting the query region is determined recursively starting 
from the root. In a directory node, the entries intersecting the query 
region are determined and then their referenced child nodes are 
searched until the data pages are reached. The procedure is more 
sophisticated for a k-nearest neighbor query because we do not 
know the k-nearest neighbor distance in advance. The algorithm 
proposed by [HS 95] has been proven in [BBKK 97] to minimize 
the number of pages read from disk. This algorithm processes the 
data pages in ascending order of distance from the query point 
and does not load those pages with an approximation further away 
than the k-nearest neighbor found so far.
we present an algorithm for processing single similarity queries. 
This algorithm is applicable for any type of similarity query and 
it can be implemented either by using an index structure or by 
performing a sequential scan.

Fig. 1: Algorithm similarity_query

The method DB::determine_relevant_data_pages(Q,T) is based 
on the algorithm presented in [BBKK 97] and it constructs a 
sequence of the physical addresses of all data pages which may 
contain answers of the similarity query specified by Q and T. Note 
that the resulting sequence is managed as a private attribute of the 
class DB which is read by the method DB.unprocessed_pages() 
and which is updated by DB.read_next_page_from_disk(). If the 
implementation makes use of an index structure, then a subset 
of all data pages of DB may be recognized as irrelevant and thus 
is not returned. Otherwise, if a sequential scan is performed, 
all data pages of DB are relevant. In both cases, the relevant 
data pages are ordered according to their physical address such 
that the number of disk seeks is minimized. DB.adapt_query_
dist(Distance,QueryDist,T) changes the QueryDist only in the 
case of a k-nearest neighbor query but not in the case of a range 
query. DB.prune_pages(QueryDist) removes all elements page 
from the internal DB attribute of relevant data pages satisfying 

dist(page,Q) > QueryDist. Clearly, this method performs no 
operation if QueryDist has not been adapted.

IV. Multiple Similarity Queries
In this section, the notion of a multiple similarity query is presented 
in more detail.
Definition 4: (multiple similarity query)
Let DB ⊆ Objects be a database containing n objects. Let Queries 
= [Q1, Q2 , ..., Qm] be a sequence of m query objects Qi ∈ Objects 
and let SimTypes = [T1, ..., Tm] be the corresponding sequence 
of query types.
A multiple similarity query, denoted by DB.multiple_similarity_
query(Queries, SimTypes), returns a sequence Answers = [A1, ..., 
Am], containing for each element Qi in Queries a corresponding 
set Ai of objects of DB where the following holds:

A1 = DB.similarity_query(Q1, T1), and1. 
Ai 2. ⊆ DB.similarity_query(Qi, Ti) for all 2 ≤ i ≤ m.

Only for the first query, all answers must be determined in a single 
call of a multiple similarity query. The remaining queries may be 
answered completely or partially, depending on the implementation 
of the multiple similarity query. We will argue in the next subsection 
that an incremental implementation, i.e. only the first query is 
answered completely and other queries are answered partially in 
a single call of the method, may be more efficient if we consider 
the overall run-time of an ExploreNeighborhoodsMultiple 
algorithm.
Using multiple similarity queries instead of single similarity 
queries we may spend less I/O time and less CPU time for a set 
of queries. First, we read a single page only once for the whole 
set of queries. Second, knowing a
whole set of query objects in advance, we can use the distances 
between these query objects to replace expensive distance 
computations by significantly cheaper distance comparisons using 
the triangle inequality.
Our algorithm for a multiple similarity query is depicted in figure 2. 
The only parts that differ from the algorithm for a single similarity 
query (see figure 1) - besides the obvious handling of multiple 
query objects and types - are as follows:

restore_from_buffer([Q1,..,Qm],[T1,..,Tm])• 
buffer_answers([Answers1,..,Answersm])• 

In the beginning, we have to restore (partial) answers from an 
internal buffer -if available- and we have to store generated 
answers into this buffer at the end.

determine_relevant_data_pages([Q1, ..., Qm], [T1, ..., • 
Tm])

This procedure returns the set of all data pages relevant for Q1 
and, additionally, it returns some or all of the relevant data pages 
for the remaining query objects, that is

First, a subset of the set of all queries is chosen which should • 
be completely answered. If the implementation is based on 
the linear scan, each data page is relevant. If using an index 
structure such as the X-tree, the set of all data pages which 
cannot be excluded from the search for at least one of the 
selected queries is determined from the directory of the tree. 
Note that our implementation of a multiple similarity query 
on top of an index structure converges to the method for the 
linear scan when the page selectivity of the index decreases, 
e.g. with increasing dimension of the data space. In the worst 
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case, the index has no selectivity at all, which means that no 
data page can be excluded from the similarity search.

Fig. 2: Algorithm Multiple_similarity_query avoid_dist_
computation (O, Qi, QObjDists, Avoiding Dists)

We calculate the inter-object distances for all pairs of query objects 
and store them into QObjDists. Distances which must be calculated 
are temporarily stored into AvoidingDists. These distances and the 
QObjDists are needed for the application of the triangle inequality 
performed by avoid_dist_computation(O,Qi,QObjDists, 
AvoidingDists).

Reducing CPU Cost
The basic idea for reducing the CPU cost is to use the triangle 
inequality to avoid distance computations which are the most 
expensive operations when evaluating a similarity query. The 
proposed approach makes use of the fact that a distance calculation 
is typically much more expensive than a distance comparison. 
To apply the triangle inequality to avoid distance calculations, 
we need to know the distances for each pair of query objects 
(Qi,Qj) which have to be calculated and stored in advance. This 
computational overhead is (up to a certain value of m depending 
on the number n of database objects) relatively small compared to 
the savings of distance computations by such a preprocessing.
Intuitively, there are two cases where the calculation of dist(Qj,O) 
can be avoided for a query object Qj and a database object O if 
we already know the distance between Qj and a second query 
object Qi and the distance dist(Qi,O) has already been calculated: 
first, the query objects Qi and Qj are close to each other and 
dist(Qi,O) is large; second, the query objects Qi and Qj have a 
large distance from each other and dist(Qi,O) is small. To outline 
the proposed method more formally, we first define the notion 
of an avoidable distance calculation in the context of multiple 
similarity queries.
Definition 5: (avoidable distance calculation)
Let Queries=[Q1, ..., Qm] be the query objects for a multiple 
similarity query, O ∈ DB, and let l, 1 ≤ l < m, be a natural number. 
Furthermore, let the values of dist(Qi, Qj) be known for all 1 ≤ i 
≤ m, 1 ≤ j ≤ m, and let dist(Qi,O) be known for all 1 ≤ i ≤ l. Let 
QueryDist(Qi), 1 ≤ i ≤ m, denote the query distance of Qi in a current 
execution step of the multiple similarity query. Then, we call the 
calculation of dist(Ql+1,O) avoidable with respect to Queries if we 
can conclude that 
without having to calculate dist(Ql+1,O).

To show that a distance calculation is avoidable, we apply the 
triangle inequality - satisfied by the metric distance function dist 
- to the triangle defined by two query objects Q1 and Q2 and a 
database object O. We obtain the following three inequalities 
which hold simultaneously:

Inequality (1) can be used to show the avoidability of the calculation 
of dist(Q2,O) because it yields a lower bound for dist(Q2,O). This 
is formalized in the following lemma.
Lemma 1. Let Q1, Q2 ∈ Objects be query objects and let O 
∈ Objects be a database object. Let dist be a metric distance 
function dist

holds, then it follows that

Proof. We reformulate inequality (1) as follows:

By assumption 

By exploiting the symmetry of dist we derive
Figure 3 (left) illustrates a situation where lemma 1 holds and the 
calculation of dist(Q2,O) can be avoided. Inequality (2) is not 
useful for the purpose of avoiding distance calculations because 
it yields an upper bound.
Lemma 2. Let Q1, Q2 ∈ Objects be query objects and let O 
∈ Objects be a database object. Let dist be a metric distance 
function dist:

Fig. 3: Illustration of Lemma 1 and Lemma 2

Proof. Analogous to proof of lemma 1.
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Fig. 3 (right) depicts a case where lemma 2 can be applied to 
avoid the calculation of dist(Q2,O). To conclude the two above 
lemmata, figure 4 illustrates the area of database objects O for 
which the calculation of the
distance from a query object Q2 can be avoided. For example, 
the calculation of dist(Q2, O1) can be avoided because 

 and the calculation of dist(Q2,O2) can also be avoided because

Fig. 4: Area of Database Objects for Which Calculation of Dist 
Can be Avoided

The CPU cost for processing m multiple similarity queries is 
given by the following formula where avoiding_tries denotes the 
number of (successful or not successful) applications of triangle 
inequalities and not_avoided denotes the number of distance 
calculations which actually have to be performed. Obviously, 
this formula contains several application dependent parameters 
which can only be determined experimentally.
In the worst case, if no distance calculations avoided at all, it holds 
that if m is small compared to the database size.

V. Conclusion
Similarity queries in the form of range queries and k-nearest 
neighbor queries are the most important query types in metric 
databases. Whereas in traditional query processing queries are 
issued independently, the typical scenario of many data mining 
applications is to explore the database by iteratively investigating 
the neighborhood of some start objects. In this paper, we propose 
a new query type, the so-called multiple similarity query, to speed-
up such data mining applications by simultaneously processing 
sets of similarity queries. We introduced a generic scheme for 
many data mining algorithms and we developed a method to 
syntactically transform those algorithms in a way that they can 
use multiple similarity queries instead of single similarity queries. 
Our approach for efficiently processing multiple similarity queries 
includes two orthogonal techniques: first, the reduction of I/O cost 
by loading data pages only once and processing them for each query 
object. Second, the reduction of CPU cost by applying the triangle 
inequality in order to avoid expensive distance computations. 
Furthermore, we explored the potential of parallelization. The 
proposed techniques apply to any type of similarity query and to an 
implementation based on an index or using a sequential scan. 

We argue that multiple similarity queries should be provided as a 
basic DBMS operation since they allow tospeed-up the processing 
of many data mining algorithms. There are several directions to 
improve the efficiency of multiple similarity queries even more. 
We will investigate methods to reduce the initialization overhead 
implied by the query distance matrix. Furthermore, the potential of 
parallelization should be explored in more detail, e.g. the effects 
of various data declustering strategies.
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