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Abstract

Metric databases are databases where a metric distance
function is defined for pairs of database objects. In such da-
tabases, similarity queries in the form of range queries or
k-nearest neighbor queries are the most important query
types. In traditional query processing, single queries are is-
sued 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 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 sim-
ilarity query and to an implementation based on an index
or using a sequential scan. Parallelization yields an addi-
tional impressive speed-up. An extensive performance eval-
uation confirms the efficiency of our approach.

1. Introduction

Metric databases are databases where a metric dis-
tance function is defined for pairs of database objects. A
prominent special case are databases of objects from a vec-
tor space, that is objects with numeric attributes. For exam-
ple, multimedia objects [10] are typically represented by a
large number of numeric features such as shape descriptors
or color histograms. In many scientific applications, e.g. in
astronomy [15], automatic facilities measure a large num-
ber of numeric values for each database object such as the
amplitude emitted in some frequency band. On the other
hand, in a database monitoring WWW accesses, the objects
may model URLs and these objects are not from a vector
space but a metric distance function can be supplied.

Similarity between database objects is expressed by
the distance function such that a low distance corresponds
to a high degree of similarity whereas two objects with a
large distance are considered to be rather dissimilar. Simi-
larity queries [29], e.g. range queries or k-nearest neighbor

queries, are the most important queries in metric databases.
Such queries play a major role in applications such as mul-
timedia systems, decision support systems and data mining.

A lot of research on analyzing large databases - manu-
ally and automatically - has been conducted. Data explora-
tion is the process of manually exploring a database [20]. A
user starts at a given database object and from there he or
she interactively navigates through the database, for exam-
ple by iteratively retrieving all similar objects. That is, the
answers of previous queries may be used as query objects
for new similarity queries. Knowledge discovery in data-
bases (KDD) has been defined as the non-trivial process of
discovering valid, novel, potentially useful, and ultimately
understandable patterns from data [11]. The core step of the
KDD process is the step of data mining, i.e. the application
of appropriate algorithms that automatically produce a par-
ticular enumeration of patterns over the data. For example,
a density-based clustering algorithm such as DBSCAN [9]
starts from some object and repeatedly retrieves the neigh-
borhood of objects which have been retrieved by previous
queries as long as the density in this neighborhood is large
enough. 

In traditional query processing, single queries are is-
sued independently by different users. In manual data ex-
ploration as well as in automatic data mining, however,
many similarity queries must be answered in a single appli-
cation. We define multiple queries as sets of queries issued
simultaneously. Clearly, multiple queries provide much
more potential for query optimization than single queries.
In the context of relational databases and SQL queries,
common subqueries of several queries may be detected and
their results be reused to speed-up processing multiple que-
ries. A lot of papers have investigated this approach, recent
work includes [28] and [25]. Typically, directed acyclic
graphs are used to represent alternative query plans and a
cost model is applied to estimate the cost for executing a
given plan. [28] considers sharing only amongst the best
plans of each query and, thus, does not always obtain the
cheapest overall solution. [25] considers all query plans and
proposes a novel heuristics to efficiently optimize multiple
SQL queries in this general case. 
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In the context of multimedia or metric databases, how-
ever, multiple queries have not yet received much attention.
[6] discusses efficient query processing for query refine-
ment in multimedia databases. A so-called multi point que-
ry consists of a set of query objects and this query may be
refined by adding or replacing query objects after having
evaluated the answers of the previous query. The basic idea
of the proposed technique is to cache relevant information
when processing k-nearest neighbor queries on top of an
index structure. Thus, the I/O cost for refined queries is sig-
nificantly reduced. [5] introduces the notion of a multiple
similarity query, defined by a set of query objects, and pre-
sents some basic techniques for efficiently processing such
queries. While query refinement of multi point queries can
be modeled by multiple similarity queries, the latter ap-
proach is much more general and effective for many other
query types and applications as described above. 

In this paper, we investigate two orthogonal approach-
es 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 poten-
tial of parallelization. The proposed techniques can be com-
bined in order to obtain a maximum performance when pro-
cessing multiple similarity queries.

The rest of this paper is organized as follows. In
section 2, we briefly review the standard methods of pro-
cessing single similarity queries and we introduce some ba-
sic notions and algorithms. Section 3 introduces an algo-
rithmic scheme typical for many data mining applications
and discusses several instances of this scheme. Further-
more, we develop a method to transform such algorithms so
that they issue sets of simultaneous queries. The concepts
of multiple similarity queries are introduced in more detail
in section 4. Section 5 presents several basic techniques for
efficiently supporting multiple similarity queries. All of the
proposed techniques were evaluated experimentally on two
real databases. In section 6, we introduce advanced tech-
niques for processing multiple similarity queries and com-
pare them with the basic techniques. Section 7 summarizes
the contributions of this paper and outlines some issues for
future research. 

2. 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: , and dist satisfies the fol-

lowing 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 ap-
propriate. For instance, quadratic form distance functions
were successfully applied for an image database using color
histograms as features [27]. 

Definition 1. (similarity query) 
Let  be a database and let  be a
query object. Let T denote the type of the similarity query
and let simT:  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 ob-

tained by different specializations of the query type.

Definition 2. (range query) 
A range query with respect to a database  and

a query object  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

 and a query object  is a similar-
ity query with T.range = +∞, T.cardinality = k and T.kind =
“k-nearest neighbor” which returns a set  that

contains k objects from the database and for which the fol-
lowing condition holds:

Other types of similarity queries have been proposed
in the literature. For instance, we may be interested in the k-
nearest neighbors but only in those within a specified range.

In order to speed-up similarity query processing,
many spatial index structures (for good surveys see [26],
[12]) have been developed which are applicable for the im-
portant special case where the database objects are from a
vector space. For instance, the R-tree [13] generalizes the
one-dimensional B-tree to d-dimensional data spaces, that

Objects Objects ℜ 0
+→×

DB Objects⊆ Q Objects∈

Objects Objects Boolean→×

DB.similarity_query Q T,( ) O DB∈ | simT O Q,( ){ }=

DB Objects⊆
Q Objects∈

DB.similarity_query Q T,( ) O DB∈ | dist O Q,( ) ε≤{ }=

DB Objects⊆ Q Objects∈

NNQ k( ) DB⊆

P NNQ k( )∈ O∀ DB NNQ k( )–∈,∀ : dist P Q,( ) dist O Q,( )≤
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is an R-tree manages d-dimensional hyper-rectangles in-
stead of one-dimensional numeric keys. 

The R-tree and its variants such as the R*-tree [1] 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 [4] 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 probabil-
ity that all parts of the node have to be searched anyway for
most queries. 

In [18] and [29], it is shown that under the assumption
of uniformly distributed data, above a certain dimensional-
ity 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 [29], 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 [23]. General
metric databases require other types of index structures, the
so called metric trees. In these metric trees the triangle ine-
quality 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 dele-
tions of objects. A recent paper [7] has introduced a dynam-
ic 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 cover-
ing radii to guide the search operations.

Query processing using a sequential scan is straight-
forward: 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 proce-
dure 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 [16] has been proven
in [3] 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. 

To conclude this section, we present an algorithm for
processing single similarity queries. This algorithm is ap-
plicable for any type of similarity query and it can be imple-
mented either by using an index structure or by performing
a sequential scan. Figure 1 presents the algorithm as a
method of the class DB (database). It takes two arguments,
a query object Q and a query type T, and returns a list of

objects answering the similarity query.

We discuss the most important details of this algorithm.
The method DB::determine_relevant_data_pages(Q,T) is
based on the algorithm presented in [16] 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 pri-
vate 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(Query-

Dist) removes all elements page from the internal DB at-
tribute of relevant data pages satisfying dist(page,Q) > Que-

ryDist. Clearly, this method performs no operation if
QueryDist has not been adapted.

Figure 1. Algorithm similarity_query

DB::similarity_query(object Q; type T)
Answers := initialize_answer_list(); 
determine_relevant_data_pages(Q, T);
QueryDist :=T.Range;
while Self.unprocessed_pages() do

NextPage := read_next_page_from_disk();
for each object O in NextPage do

Distance := dist(O,Q);
if Distance ≤ QueryDist then

Answers.insert(O); // in asc. order of dist(A,Q)
if Answers.cardinality() > T.Cardinality() then

Answers.remove_last_element();
QueryDist := adapt_query_dist

(Distance,QueryDist,T); 
Self.prune_pages(QueryDist);

return Answers;
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3. Data mining using multiple similarity queries

In many data mining applications the database is ex-
plored by iteratively considering the neighborhood of some
start objects. In this section, we introduce a generic scheme
for such data mining algorithms and discuss some typical
instances of the scheme. Furthermore, we develop a method
to transform such algorithms in a way that they can use
multiple similarity queries instead of single similarity que-
ries. 

3.1. Iterative neighborhood exploration

Many data mining algorithms start from a set of spec-
ified database objects and iteratively consider the neighbor-
hood of the visited objects. The neighborhood of a given
object is defined as the set of similar database objects with
respect to a similarity query. We introduce a generic scheme
for such algorithms which we call ExploreNeighborhoods.
Figure 2 depicts the algorithmic scheme in pseudo code no-
tation where DB denotes a database, StartObjects denotes a
subset of DB and SimType specifies the type of similarity
query. The dots in the argument list of some functions indi-
cate additional arguments which may be necessary for dif-
ferent instances of this algorithmic scheme. 

Starting from the objects in the set StartObjects, the
algorithm repeatedly retrieves the neighborhood of objects
taken from the ContolList as long as the function
condition_check returns TRUE for the ControlList. In the
most simple form, the function checks whether ControlList
is not empty. If the neighborhood of objects should only be
investigated up to a certain “depth”, then an additional pa-
rameter for the number of steps that have to be performed
can be used in the function condition_check. The control
structure of the main loop works as follows: objects are se-
lected from the ControlList, one at a time, and a similarity
query is performed for this object. The procedures proc_1
and proc_2 perform some processing on the selected object
as well as on the answers of the similarity query that will
vary from task to task. Before repeating the loop, the Con-

trolList is updated. Some or all of the answers which are not
yet processed are simply inserted into the ControlList. The
function filter(Answers, ...) removes from the set of answers
at least those objects which have already been in the Con-
trolList in previous states of the algorithm, if any exists. This
must be done to guarantee the termination of the algorithm. 

3.2. Instances of iterative neighborhood 
exploration

In the following, we discuss several typical instances
of the ExploreNeighborhoods scheme in order to show that
many data mining applications follow this scheme:
• Manual Data Exploration

When manually exploring a multimedia database, for ex-
ample, in proc_2 the answers are visualized and the user
may store the multimedia objects considered to be inter-
esting. In the filter the user may prune answers which are
too dissimilar from the initial start objects. Query refine-
ment [6] is an example of manual data exploration: a que-
ry is iteratively refined by adding or replacing query ob-
jects after having evaluated the answers of the previous
query. 

• Spatial Association Rules
[19] introduces spatial association rules describing asso-
ciations between objects based on spatial neighborhood
relations. For instance, a rule may be discovered stating
that 80% of the selected towns are close to some water
such as a lake or river. In this algorithm, the set StartOb-
jects is equal to the set of all database objects of a speci-
fied type such as town. SimType corresponds to the type
of spatial neighborhood such as intersects which is given
by the user. proc_2 calculates the support, that is the rel-
ative frequency, of the retrieved pairs of objects and the
filter passes all of these pairs which have at least a speci-
fied minimum support. 

• Density-Based Clustering 
DBSCAN [9] is a typical density-based clustering algo-
rithm. To find a cluster, DBSCAN starts with some data-
base object o and retrieves all objects density-reachable
from o with respect to two parameters Eps and MinPts.
Initially, ControlList contains an arbitrary database object
and range queries with a range of Eps are used as similarity
queries. proc_2 counts the answers and the filter passes all
answers which have not yet been assigned to some cluster
if the cardinality of the set of answers is at least MinPts.

• Simultaneous Classification of a Set of Objects
In an astronomy database [15], for example, all new stars
observed by a telescope during the night are processed
and added to the database the next day. Part of this pro-
cessing is to classify the set of new stars, that is to assign
each of them to one of the well-known classes. k-nearest
neighbor classifiers [22] are effective for this task and

ExploreNeighborhoods(DB, StartObjects, SimType, ...)
ControlList := StartObjects; 
while ( condition_check(ControlList, ...) = TRUE ) do

Object := ControlList.choose(...);
proc_1(Object, ...);
Answers := DB.similarity_query(Object, SimType);
proc_2(Answers, ...);
ControlList := (ControlList ∪  filter(Answers, ...)) 

- {Object};
end while;

Figure 2. Algorithmic scheme 
ExploreNeighborhoods
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they issue a k-nearest neighbor query for each of the ob-
jects to be classified. In this case, proc_1 is empty. proc_2
finds the majority class in the set of k-nearest neighbors
and filter always returns an empty list, that is no addition-
al query objects are generated.

• Spatial Trend Detection 
A spatial trend has been defined as a regular change of one
or more non-spatial attributes when moving away from a
given start object o [8]. Neighborhood paths starting from o
model the movement and a regression analysis is per-
formed on the respective attribute values for the objects of
a neighborhood path to describe the regularity of change.
For this data mining task, the ExploreNeighborhoods loop
is additionally controlled by the number of steps (i.e. the
length of a neighborhood path) and the procedures proc_1
and proc_2 perform the regression analysis on the paths. 

• Proximity Analysis
The goal of proximity analysis is to explain the existence
of some cluster of objects by using the features of neigh-
boring objects. [21] presents an algorithm which can ef-
ficiently find the “top-k” objects that are “closest” to a
given cluster. A second algorithm takes these k objects as
input and finds the features that are common to most of
them. Characteristic properties such as “most of the clus-
ters are close to private schools and parks” may be dis-
covered. In this case, StartObjects contains all the objects
of the specified cluster. proc_2 considers the features of
the k-nearest neighbors and returns the most common
ones. The filter returns an empty list implying that no ad-
ditional query objects are added.

3.3.  Transformation into multiple query form

An instance of Iterative Neighborhood Exploration
can benefit from a multiple similarity query because the al-
gorithmic scheme can be transformed into a multiple query
form such that it uses multiple similarity queries instead of
single similarity queries. If the evaluation of a multiple sim-
ilarity query for m query objects can be performed more
efficiently than the evaluation of the corresponding m sin-

gle similarity queries - which is possible as we will see in
the next sections - the runtime of the whole class of
ExploreNeighborhoods-algorithms will be improved. We
assume the following method to be available:
• ListOfAnswerSets DB::multiple_similarity_query 

(ListOfObjects, SimTypes);
Let the similarity queries for all of the query objects in

ListOfObjects be “somehow” performed simultaneously
and let the generated answers for all of these queries be
stored in some internal buffer of the DBMS. If each of the
queries is completely answered after the call of
multiple_similarity_query, successive calls containing que-
ries which were already asked in a previous call of the
method then can just pick the answers from the buffer. 

Note, however, that we do not require the multiple
similarity query to generate a complete set of answers for
each of the posed queries. One call of a multiple similarity
query must only guarantee that the answer set for the first
query object is complete. We will discuss this weak specifi-
cation of a multiple similarity query in more detail in the
next section. The intuitive meaning is that if we ask a simi-
larity query for the first object, we can additionally inform
the DBMS that similarity queries for the other query ob-
jects will probably be asked in the very near future. The
DBMS may use this information to improve the overall
runtime for the set of queries by retrieving (some of) the
respective answers in advance. The transformed algorith-
mic scheme called ExploreNeighborhoodsMultiple is pre-
sented in figure 3. As we can see, the reformulation can be
done in a purely syntactical way. Thus, a query optimizer
can automatically use multiple similarity queries to effi-
ciently process an ExploreNeighborhoods-algorithm if a
multiple similarity query is available as a basic DBMS op-
eration.

Obviously, the algorithmic scheme ExploreNeighbor-
hoodsMultiple performs exactly the same task as the origi-
nal ExploreNeighborhoods scheme. The only differences
are that a set of objects is selected from the ContolList in-
stead of selecting a single object and a multiple similarity
query is performed instead of a single similarity query.

ExploreNeighborhoodsMultiple(DB, StartObjects, SimTypes, ...)
ControlList := StartObjects; 
while ( condition_check(ControlList, ...) = TRUE ) do

ListOfObjects := ControlList.choose_multiple(...); // ListOfObjects = [object1, . . ., objectm]
proc_1(ListOfObjects.first(), ...);
SetOfAnswers:= DB.multiple_similarity_query(ListOfObjects, SimTypes);

// SetOfAnswers=[answers1, . . .,answersm], SimTypes=[SimType1, . . .,SimTypem]
proc_2(SetOfAnswers.first(), ...);
ControlList := (ControlList ∪  filter(SetOfAnswers.first(), ...)) - {ListOfObjects.first()};

end while;

Figure 3. Algorithmic scheme ExploreNeighborhoodsMultiple
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However, in one execution of the main loop, the algorithm
processes only the first element of the set of selected ob-
jects and its corresponding set of answers. 

4. Multiple similarity queries

In this section, the notion of a multiple similarity que-
ry 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 ele-

ment Qi in Queries a corresponding set Ai of objects of DB

where the following holds:
1.) A1 = DB.similarity_query(Q1, T1), and
2.) Ai ⊆  DB.similarity_query(Qi, Ti) for all 2 ≤ i ≤ m.

Only for the first query, all answers must be deter-
mined in a single call of a multiple similarity query. The
remaining queries may be answered completely or partial-
ly, depending on the implementation of the multiple simi-

larity query. We will argue in the next subsection that an
incremental implementation, i.e. only the first query is an-
swered 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 ExploreNeighborhoods-
Multiple 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 compari-
sons using the triangle inequality. 

Our algorithm for a multiple similarity query is depict-
ed in figure 4. The only parts that differ from the algorithm
for a single similarity query (see figure 1) - besides the ob-
vious 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

Figure 4. Algorithm multiple_similarity_query

DB::multiple_similarity_query(objects [Q1, ..., Qm]; types [T1, ..., Tm])
[Answers1, ..., Answersm] := Self.restore_from_buffer([Q1, ..., Qm], [T1, ..., Tm]);
Self.determine_relevant_data_pages([Q1, ..., Qm], [T1, ..., Tm]);
for i from 1 to m do QueryDistsi := Ti.Range;
for i from 1 to m, for j from i+1 to m do QObjDistsij := dist(Qi, Qj);
while Self.unprocessed_pages() do

NextPage := Self.read_next_page_from_disk();
for each object O in NextPage do

for i from 1 to m do AvoidingDistsi := UNDEFINED;
for i from 1 to m do

if Self.page_is_relevant(NextPage, Qi) then 
if not avoid_dist_computation(O,Qi,QObjDists,AvoidingDists) then

Distance := dist(O, Qi);
AvoidingDistsi := Distance;
if Distance ≤ QueryDistsi then

Answersi.insert(O); // in ascending order of dist(A,Q)
if Answersi.cardinality() > Ti.Cardinality() then

Answersi.remove_last_element();
QueryDistsi := Self.adapt_query_dist(Distance,QueryDistsi,Ti); 
Self.prune_pages(QueryDistsi);

Self.buffer_answers([Answers1, ..., Answersm]);
return [Answers1, ..., Answersm];



7

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 pag-
es 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 similar-
ity 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 case, the index has no selectivity at all,
which means that no data page can be excluded from the
similarity search. The details of determining the relevant
data pages are presented in section 5.1.

• avoid_dist_computation(O,Qi,QObjDists,AvoidingDists) 
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 per-
formed by avoid_dist_computation(O,Qi,QObjDists,
AvoidingDists). The details of avoiding distance calcula-
tions are presented in section 5.2.

5. Basic techniques for processing multiple 
similarity queries

In this section, we present techniques that significant-
ly reduce the amount of disk I/O as well as the number of
CPU operations needed to evaluate a multiple similarity
query compared to a set of single similarity queries. Fur-
thermore, we briefly discuss how to achieve a further per-
formance gain when using parallelization techniques for
the processing of multiple similarity queries. Note that
there is an upper limit for the number m of multiple similar-
ity queries which can be processed simultaneously. This
limit is determined by the amount of main memory avail-
able to buffer the answers and by the computational over-
head for calculating the inter-object distances between all
pairs of query objects. Therefore, we assume that a total

number of  similarity queries is processed in  con-

secutive blocks of m multiple queries.

Let  be the cost for simultaneous-

ly processing i similarity queries. Then, the cost for evalu-
ating M queries using single similarity queries is equal to

, the cost for evaluating M queries using multiple

similarity queries is equal to . Consequently, for a
multiple similarity query to improve the efficiency of single
similarity queries, the following condition must hold:

.
We performed an extensive experimental evaluation

of all the techniques presented in this section using real da-
tabases. The first dataset (in the following referred to as the
Astronomy database), part of the so-called Tycho catalogue
[15], was provided by the European Space Agency (ESA)
and contains 20-d feature vectors of 1,000,000 stars and
galaxies. The second dataset (in the following referred to as
the image database) was a large image database containing
64-d color histograms of 112,000 images from TV snap-
shots. We investigated two extreme instances of iterative
neighborhood exploration discussed in section 3.2., one
with independent queries and another one with highly de-
pendent queries:
• On the Astronomy database, we tested simultaneous

classification of a set of objects. M objects from the da-
tabase were chosen randomly and a k-nearest neighbor
query was performed for each of these query objects.

• On the image database, we simulated manual data ex-
ploration by a number of c concurrent users in the fol-
lowing way. We randomly selected a first query object
for each user and performed a k-nearest neighbor query
for each of them obtaining a total of  answers.
Then, we performed the following loop. While each of
the hypothetic users chose one from his k current an-
swers, for each of the current answers we prefetched their
k-nearest neighbors. After restricting the set of answers
to the answers of the objects chosen by the users, we con-
tinued the loop with these new query objects etc. Thus, in
each loop we generated  new query objects
for which we performed k-nearest neighbor queries.

We experimented with a broad range of k values and
found that the average cost per k-nearest neighbor query
was quite robust to reasonable values of k. All the results
reported in the following were obtained for k = 10 (Astron-
omy database) and k = 20 (image database) which are typi-
cal parameter values for the respective applications.

All experiments were performed on Intel Pentium II
(300 MHz) based workstations running Linux 6.0, each
workstation equipped with 128 MBytes of main memory.
Both, the linear scan and the X-tree were implemented in
C++. The block size of the X-tree was set to 32 KBytes and
the buffer size was set to 10% of the X-tree size. 

5.1. Reduction of the I/O cost

The key idea of reducing the I/O cost is to read each
disk page only once when processing a multiple similarity
query. On the other hand, when independently processing a
sequence of single similarity queries a given page may be

relevant_pages Q1( )  determine_relevant_pages(..)   ⊆ ⊆
  relevant_pages Qi( )

i 1=

m

∪⊆

M m≥ M
m-----

C
i
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i

CCPU
i

+=

M C
1×

M
m----- C

m×

C
m

m C
1×<

c k×
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read from disk many times even if using a page cache.
Figure 5 illustrates these two different approaches and the
reduction of I/O cost obtained by multiple similarity que-
ries.  From an I/O perspective, processing a multiple simi-
larity query may be viewed as an intelligent caching strate-
gy. Different from a standard page cache, the system knows
in advance which queries will occur and exploits this infor-
mation to place the relevant data in the cache. Furthermore,
not the whole data pages but only the relevant answers from
these pages are cached resulting in a much more efficient
usage of cache space. 

In the following, we discuss the algorithm
multiple_similarity_query from an I/O cost point of view
for two different implementations - one on top of the linear
scan and another one on top of an index structure such as
the X-tree. 

When performing a linear scan, the multiple similarity
query checks the similarity with each query object while
performing a single scan over the database and returns a
sequence of answers for each query object. If the dimension
d of the data space is very high, the scan may actually be the
most efficient method to answer similarity queries because,
in general, the performance of index structures degenerates
with increasing dimension d. 

When using a tree-like index structure (e.g. X-tree) to
answer a single similarity query, a set of data pages which
cannot be excluded from the search is determined from the
directory of the tree. These pages are then examined and the
answers to the query are determined. To answer a multiple
similarity query Q = [Q1, ..., Qm] with query objects Qi, we
propose a similar procedure. First, we determine the data
pages to be read as if answering only the similarity query

for Q1. However, when processing these pages, we do not
only collect the answers in the neighborhood of Q1 but we
also collect answers for the Qi (i=2, ..., m) if the pages load-
ed for Q1 are also relevant for Qi. After this first step, the
query for Q1 is completely finished and the answers for all
the other objects are partially determined. To determine the
complete answers for the other query objects [Q2, ..., Qm]

we have to call the method repeatedly for [Q2, ..., Qm], [Q3,

..., Qm], ..., [Qm]. However, in subsequent calls the partial
answers are first restored from the internal buffer. For in-
stance, the second call for  [Q2, ..., Qm] will only consider
data pages which are relevant for Q2 but which have not
been processed in the first call.

This incremental processing of a multiple similarity
query has the advantage that (partial) answers to all of the
queries can be presented to a user at a very early stage of the
evaluation. Furthermore, the incremental approach is very
efficient if an ExploreNeigborhoods-algorithm dynamical-
ly adds new query objects when processing the answers ob-
tained for previous query objects. Let us assume a first call
of DB.multiple_similarity_query([Q1,...,Qm], [T1,..., Tm]).
Furthermore, after this call let some answers A1, ..., Ak for
the query object Q1 be inserted into the ControlList of the
ExploreNeigborhoods-algorithm and let these objects be
inserted into the sequence Q of query objects at the begin-
ning of the second execution of the main loop. Then, the
multiple similarity query is executed for Q = [Q2, ..., Qm, A1,

..., Ak] implying that now all data pages are considered
which have not been processed for object Q1 but have to be
loaded for object Q2. It is very likely for an ExploreNeigh-
borhoods-algorithm that some of these pages must also be
considered for some of the objects Ai (i=1, ..., k). Then, the
answers for the objects Ai are (partially) collected from the
current data pages determined by the object Q2. These pag-
es will not be loaded again when Ai becomes the first ele-
ment of Q. If we use a non-incremental evaluation of a mul-
tiple similarity query we may have to load these pages
again, resulting in an overall higher number of disk I/Os. 

For m simultaneous similarity queries Q1, ..., Qm, the

I/O cost  is proportional to 

where |S| denotes the cardinality of a set S. Obviously, some
I/O speed-up is achieved if (and only if) there are data pages
which are relevant for more than one query object - more
formally, an I/O speed-up is achieved if

.

In the case of the linear scan, it holds that

, because relevant_pages(Q1) = ... =

Figure 5. Illustration of the I/O-reduction
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relevant_pages(Qm), and therefore, the condition

 is obviously satisfied. The average I/O

cost for one query object is  and the speed-up fac-

tor for a multiple similarity query compared to m single
similarity queries (with respect to disk I/O) is exactly equal
to m. 

In the case of a tree-like index structure, the ratio

 which de-

termines the actual speed-up factor cannot be analytically
derived. However, in higher dimensions it is very likely that
a data page is relevant for more than one query object, espe-
cially if the queries are dynamically generated by an Ex-
ploreNeighborhoods-algorithm. Therefore, we assume that

the condition  is also satisfied in this

case, even though we expect the gain of a multiple similar-
ity query on top of a tree-like index to be smaller compared
to an implementation for the sequential scan. Note that the
I/O cost of a multiple similarity query is never higher than
the I/O cost of a single query.

Figure 6 depicts the average I/O cost per similarity
query with respect to the number m of multiple similarity
queries for the Astronomy database as well as for the image
database. We observe that the average I/O cost clearly de-
creases with increasing m. This holds for the scan and for
the X-tree on both databases. For a single similarity query
(m = 1), the X-tree outperforms the linear scan by a factor
of 4.5 and 3.1. For m = 100 query objects, however, the
average I/O cost of the X-tree is 1.5 and 3.6 times the aver-
age I/O cost of the linear scan. While the enormous reduc-
tion of I/O cost (a factor of nearly m) is expected for the
linear scan, it is worth noticing that also the average I/O
cost of the X-tree is reduced by a factor of 8.7 and 15 for
100 multiple similarity queries.

5.2. Reduction of the 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 simi-
larity query. The proposed approach makes use of the fact
that a distance calculation is typically much more expen-
sive than a distance comparison. To apply the triangle ine-
quality 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 preprocess-
ing.

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 multi-
ple 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 dis-
tance 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(O, Q2) because it yields a lower
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Figure 6. Average I/O cost per similarity query
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bound for dist(O, Q2). 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: .

If  holds, then

it follows that .

Proof. We reformulate inequality (1) as follows: 
. By assumption 

. Then, 

. By exploiting 

the symmetry of dist we derive: 
. 

❏

Figure 7 (left) illustrates a situation where lemma 1
holds and the calculation of dist(O, Q2) can be avoided. In-

equality (2) is not useful for the purpose of avoiding dis-
tance calculations because it yields an upper bound and not
a lower bound for dist(O, Q2). Inequality (3), however, can

be used analogously to inequality (1) and yields the follow-
ing lemma.

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: .

If  holds, then

it follows that . 

Proof. Analogous to proof of lemma 1.
❏

Figure 7 (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 8 illustrates the area of data-
base 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

 holds, and the

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

 holds.

The CPU cost for processing m multiple similarity
queries is given by the following formula 

where avoiding_tries denotes the number of (success-
ful or not successful) applications of triangle inequalities
and not_avoided denotes the number of distance calcula-
tions 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 can be avoided at all, it

holds that . However, in our experimen-

tal evaluation we observed that  is significantly

smaller than  if m is small compared to the data-

base size. 
The amount of CPU cost which can be saved when a

data object is excluded from the answer set on the basis of
the triangle inequality depends significantly on the chosen
distance function. We measured the following average runt-
imes on our test databases. On 20-d data objects the CPU
cost for calculating the Euclidean distance ( ) was
52 times the CPU cost for evaluating a triangle inequality
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Figure 7. Illustration of lemma 1 and lemma 2
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( ) and on the 64-d data objects the factor was 155

(  versus ). Note that our implementation
of the distance function did not exploit system specific op-
timizations which may reduce these factors. On the other
hand, in many applications the distance functions have a
much higher complexity than the Euclidean distance. For
example, the cost of quadratic form distance functions used
for efficient color histogram indexing in image databases
within the QBIC (Query By Image Content) project [14]
are quadratic in the number of dimensions. Measures for
the structural similarity of objects also tend to be very com-
plex and computationally extremely expensive. For exam-
ple, the so-called RMSDopt [17], a typical distance function

for the dissimilarity of sets of 3-dimensional points is de-
fined as the minimum pairwise distance of the surface
points over all possible translations and rotations. This dis-
tance function is typically used in biological applications
(e.g. to measure the similarity of proteins). It requires sev-
eral seconds of runtime resulting in much higher factors.

We measured the average CPU cost per query for mul-
tiple similarity queries consisting of m = 10, 20, 40, 50 and
100 queries (cf. figure 9). For the linear scan, the average
CPU cost for a similarity query decreases from 4.3 sec to
0.6 sec on the Astronomy database when increasing m from
1 to 100. This corresponds to a reduction of the CPU cost by
a factor of 7.1. On the image database, the factor of the CPU
cost reduction is even 28. This effect can be explained when
considering the distribution of the databases: the Astrono-
my database is almost uniformly distributed, the image da-
tabase, however, is highly clustered. The linear scan profits
from clustered databases for the following reason: if the
distance computation for one data object from a cluster can
be avoided it is likely that the distance computation for all
other data objects lying in the same cluster can also be
avoided. 

For the X-tree, the effect of applying the triangle ine-
quality is less than for the linear scan, it is 2.1 on the Astron-
omy database as well as on the image database. The reason
for this smaller performance gain of the X-tree is the fact
that due to its indexing properties, the X-tree solely investi-
gates data objects which are close to query objects. Since
data objects which have a large distance to the query objects
- and therefore a high probability to be excluded from the
distance calculation for most of the query objects - are not
considered, the potential for CPU cost reduction is less than
for the linear scan. 

5.3.  Reduction of the total query cost

We now consider the effect of our technique for multi-
ple similarity queries on the total query cost and determine
the achieved speed-up. For both databases, figure 10 shows
the average total query cost as the sum of the average I/O
cost and the average CPU cost. This can be done since the
cost for managing the query process can be neglected com-
pared to the I/O cost and CPU cost. As expected, the aver-
age total query cost decreases with increasing m for the lin-
ear scan and the X-tree. An important observation we made
is that for  (Astronomy database) and  (im-
age database) the total query cost is dominated by the CPU
cost when performing a linear scan. The average query cost
of the X-tree was I/O bound for . Since the perfor-
mance gain is higher for the linear scan, the linear scan out-
performs the X-tree for  (Astronomy database) and

 (image database). 

Figure 11 depicts the corresponding speed-up. When
comparing m = 100 to m = 1, the linear scan achieves a
speed-up of 28 on the Astronomy database and 68 on the
image database. For the X-tree, this speed-up is less due to
the smaller benefits from the triangle inequality and the
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Figure 9. Average CPU cost per similarity query
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smaller reduction of I/O cost. However, we still observe a
speed-up of 7.2 on the Astronomy database and 12.1 on the
image database. Note that the speed-up factors are always
higher on the image database, an effect which can be ex-
plained with the distribution of the databases.

5.4. Potentials for parallelization

In this section, we will briefly discuss the implementa-
tion of a multiple similarity query on top of a parallel query
processor for a shared nothing environment. In such an en-
vironment, the data is distributed among s servers such that
the same similarity query is performed on each server in
parallel. However, each process has to look only at its local
part of the data which is s times smaller than the whole
database. The communication overhead in this setting is
very small so that a speed-up (compared to a sequential im-
plementation) in the order of s can be expected, i.e. the cost

 for performing m multiple similarity queries is re-

duced to . The implementation of such a parallel query

processor is trivial for the linear scan. For a parallel imple-
mentation, for example, of the X-tree see [2]. 

The transition from one computer to s computers of
the same type also makes s-times the main memory avail-
able. If we use these additional resources when performing
multiple similarity queries in parallel, we can gain a re-

markable speed-up factor for  similarity queries
which is larger than the number s of machines. This effect
is due to the fact that we can increase the number m of query
objects to be processed simultaneously if we have more
memory to buffer the partial answers. 

In a parallel environment each process produces only
one s-th of the answer set for a query object on the average.
Therefore, instead of evaluating M similarity queries in

blocks of m queries on a single machine we can now use
blocks of  queries. This means that the cost for evalu-
ating M queries using parallel multiple similarity queries is

equal to  compared to  for the se-

quential implementation. Consequently, the speed-up fac-
tor for a parallel multiple query versus a sequential multiple

query is larger than s if  holds. From
section 5.1 we know that we can expect this condition to be
satisfied at least for the I/O cost. We cannot prove that the

condition  holds for the CPU cost but
our experimental evaluation indicates that this condition
holds at least if the number m of simultaneous queries is
small compared to the database size. Note, however, that
even if this condition did not hold, we still would have the
“normal” speed-up factor of s when using parallelization
(not counting the initialization overhead). 

The setting we used in the following experiment was a
shared nothing environment with a TCP/IP network inter-
connecting 16 servers. For the implementation details of a
parallel X-tree see [2]. For both databases, we performed
multiple k-nearest neighbor queries consisting of m = 100
queries on a single server and while we increased the num-
ber of servers (s = 4, 8, 16) we proportionally increased m
(m = 400, 800, 1600). Our technique of parallelization in-
creases m in order to exploit the fact that s times the main
memory becomes available (see section 5.4.). Figure 12
depicts the achieved speed-up per similarity query compar-
ing parallel multiple similarity queries to non-parallel mul-
tiple similarity queries. 

On the Astronomy database, the parallel linear scan
achieves a superlinear speed-up using up to 8 servers and a
near linear speed-up of 13.4 using 16 servers. For larger
server numbers, i.e. also larger numbers m of queries, two
effects decrease the speed-up: (1) the cost for the computa-

Figure 11. Speed-up with respect to m
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tion of the distance for each pair of query objects which is

O(m2) and (2) the cost for applying the triangle inequalities
for each database object which - in the worst case - is
O(mn). The second effect is less important for the X-tree
because the X-tree visits only a considerably smaller num-
ber of database objects. Thus, the X-tree always achieves
superlinear speed-up factors such as 17.9 for 16 servers.

On the image database, the achieved speed-up is sub-
linear, for example 4.1 (linear scan) and 4.3 (X-tree) for s =
8. Furthermore, we observe that the speed-up for the paral-
lel linear scan as well as for the parallel X-tree using 16
servers is less than the speed-up using 8 servers. Again, this
result is explained by the two above effects with a cost qua-
dratic in m. Note that the influence of the initialization cost
for the query distance matrix - which is independent from
the database size - is much stronger here because the image
database (112,000 objects) is significantly smaller than the
Astronomy database (1,000,000 objects).

In figure 13, the overall speed-up (with respect to s) of
our technique is depicted, i.e. the speed-up when perform-
ing multiple similarity queries on top of a parallel query
processor compared to a non-parallel processing of single
similarity queries. Thus, in figure 13 the combined effect of
transformation into multiple queries and of parallelization
is represented. On the Astronomy database, we observe an
overall speed-up of 374 for the parallel linear scan and an
overall speed-up of 128 for the parallel X-tree using 16
servers. On the image database, the overall speed-up factors
using 8 servers are 279 for the parallel linear scan and 52 for
the parallel X-tree.

6. Advanced techniques for reducing the CPU 
cost

The above techniques are in our view the most
straightforward way to support multiple similarity queries.
In this section, we will introduce more sophisticated meth-
ods to reduce the CPU cost for multiple similarity queries,
especially for large numbers m of “simultaneous” queries. 

6.1. Analysis of the amount of avoided distance 
calculations

To initialize the technique for reducing the CPU cost,
we have to compute the distances between each pair of que-
ry objects. This overhead may well annihilate the possible
savings by using the triangle inequality in cases where the
number m of simultaneous similarity queries is large com-
pared to the database size n. In the above experiments we
already recognized a decrease of the speed-up (in the paral-
lel setting for the image database, cf. figure 13) when in-
creasing m to 1600 (while increasing the number of servers
to 16). 

The performance decrease for the CPU-technique is
due to the following reason: The overhead for initializing
the query distance matrix grows quadratic in the number of
simultaneous similarity queries while the fraction of dis-
tance calculations that can in the best case be avoided re-
mains constant for a given database (i.e. the numbers of
necessary and avoided distance calculations both grow lin-
early in m). 

A distance calculation dist(Q, O) for a query object Q
and a database object O can only be avoided if O is not
contained in the answer set for Q but dist(Q, O) must be
considered by the underlying query processor. For the se-
quential scan the second condition is trivially true for all
queries and database objects. A multidimensional index
like the X-tree, however, can exclude some data pages from
the processing of certain queries so that not all distances
between query objects and database objects have to be eval-
uated (recall that this is the reason why the speed-up of the
multiple queries technique is smaller for the X-tree than for
the sequential scan). 

Furthermore, we cannot avoid the distance calcula-
tions for the “first” query object Q1 since we need at least

one reference point for the application of the triangle ine-
quality. As we learned in section 5.2, we can only avoid the
distance calculation for a query object Qi and a database
object O if we can use an already calculated distance be-
tween O and another query object Qj, where j < i in a fixed
sequence of the queries. In an implementation we need such
a fixed sequence to determine the order in which the queries

Figure 13. Overall Speed-up with respect to s
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are used as reference points for the application of the trian-
gle inequality. 

Given a sequence of query objects and their inter-ob-
ject distances, we can ask how many distance calculations
are actually avoided by each query object in the sequence?
Informally, we call this property of a query object its
“avoiding power” (with respect to the fixed sequence). 

Figure 14 shows the cumulated number of avoided
distance calculations for each position in the sequence of
query objects. The total number of avoidable distance cal-
culations is also plotted. The values are averages over dif-
ferent random orders of multiple k-nearest neighbor queries
using an X-tree and the image database. The results for the
other combinations of query processors (X-tree, scan) and
databases (image, astronomy) basically show the same be-
havior. We can see that on the average only the first 20 que-
ry objects contribute significantly to avoiding distance cal-
culations, i.e. most of the distance calculations are avoided
by using the (pre-)computed distance to one of the first 20
query objects. 

This observation indicates that there is a great poten-
tial for reducing the initial overhead since most of the pre-
computed distances do not contribute much to the perfor-
mance gain of the multiple queries technique but instead
introduce only additional costs.

6.2. Determining good reference points

It is not necessary to use query objects as reference
points for the application of the triangle inequality. Any ob-
ject R may serve as a reference point to avoid the distance
calculation dist(Q, O) for a query object Q and a database
object O if we know the distances dist(R, Q) and dist(R, O).
Again, the distances dist(Ri, Qj) between reference objects
and query objects can be calculated in advance. They corre-
spond to the above query distance matrix if we use queries

as reference objects. The distances dist(Ri, O) between ref-

erence objects and a considered database object are com-
puted if the distance is needed to apply the triangle inequal-
ity for one of the queries. Once calculated for any query, a
distance dist(Ri, O) can be used to avoid distance calcula-

tions for the remaining queries. In the worst case, all dis-
tances dist(Ri, O) for all database objects O have to be cal-

culated. 

Obviously, if we do not use queries as reference ob-
jects, this strategy can only pay off if the number of refer-
ence objects is significantly smaller than the number of
query objects. We will consider this drawback later in more
detail. For our current goal, which is to further improve our
CPU-technique for large numbers of similarity queries, we
first investigate the more general question: Are there refer-
ence objects which are optimal in the sense that their num-
ber is minimal while at the same time their combined avoid-
ing power is maximal - maybe even independent of the
actual set of query objects?

To describe this problem more formally let us consider
the 2-dimensional example depicted in figure 15 where we
have one query object Q and two reference objects R1, R2. 

Using R1 as a reference object for the application of

the triangle inequality, we cannot avoid the calculation of
distances between the query object Q and database objects
O if the distance dist(R1,O) is within the “critical range”

[dist(R1, Q) − QueryDist(Q), dist(R1, Q) + QueryDist(Q)].

In figure 15, this range is illustrated by the ring around R1

with diameter 2*QueryDist(Q) (recall that QueryDist(Q)
can be either the radius for a fixed range query or the cur-
rent k-nearest neighbor distance for the query object Q). An
analogous property holds with respect to the reference ob-
ject R2. Therefore, if both R1 and R2 are used as reference

objects, we still cannot avoid to calculate the distances
dist(Q, O) which are in both critical ranges. The corre-

Figure 14. Actually avoided distance calculations 
per query object (cumulated)
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sponding “critical area” in which these database objects are
located is depicted as the gray area in figure 15.

In general, we can define the number of unavoidable
distance calculations for a set of range queries (i.e. for fixed
query distances) as follows: 

Definition 6. (unavoidable distance calculations)
Given a database D, a set of r reference objects R1, ..., Rr, a
set of m query objects Q1, ..., Qm, and corresponding query
distances QueryDist(Q1), ..., QueryDist(Qm). Let d-(Rj, Qi)
denote dist(Rj, Qi) − QueryDist(Qi) and let d+(Rj, Qi) de-
note dist(Rj, Qi) + QueryDist(Qi). Then, the number of un-
avoidable distance calculations is given by the expression: 

For k-nearest neighbor queries the expression would
be much more complex because we additionally would
have to distinguish different query distances for a single
query object in different states of the computation. 

To find an optimal selection of reference points, we
would have to determine r reference objects such that 
• the cost of unavoidable distance calculations 
• plus the cost of additional distance calculations for ref-

erence points, database points and query points
• plus the cost for selecting the reference points

is minimized. Obviously, this problem is too complex
to be solved analytically, especially if the reference points
should have a good performance for all possible multiple
queries, i.e. should be determined independent of the que-
ries. Even in the simple case of a uniform distribution of the
database objects, where the number of unavoidable dis-
tance calculations can be represented by the intersection
area of the “critical areas” of all reference points, there is no
computationally feasible solution. 

However, we developed a general heuristics which
can be applied in vector spaces and which turns out to be
very effective. The rationale behind this heuristics is as fol-
lows: Assume that the data set has a skewed distribution
and the queries follow the same distribution (like for exam-
ple the data set depicted in figure 15). The heuristics first
requires that the “critical area” for the first reference object
contains as few objects as possible. For this purpose, the
critical area ideally has to intersect with the data set perpen-
dicularly to its largest extension which is the first principal
axis of the distribution. The critical area of the second ref-
erence point should, in the ideal case, perpendicularly inter-
sect with the first critical area as well as with the second
largest extension of the data set (which is the second princi-
pal axis of the distribution). And so forth for the other refer-
ence points. See figure 16 for an illustration using the 2-
dimensional example from figure 15.

To determine the reference points according to this
heuristics, we first perform a principal component analysis
(PCA) for the whole dataset to find the main axes along
which the data exhibits the highest variance (see e.g. [24]).

For PCA, the means vector = 1/N Σ0≤i≤N xi and the cova-

riance matrix C = 1/N Σ0≤i≤N  are deter-

mined, and C is diagonalized by some orthonormal matrix

Φ, i.e. . The matrix Φ can be de-

termined by singular value decomposition, the λi are the

eigenvalues and the column vectors of 

are the eigenvectors of C. The eigenvector ϕj correspond-
ing to the largest eigenvalue λj indicates the direction of the

highest variance of the data set. The second largest eigen-
value indicates the direction of the second highest variance
of the data set, etc. Then, for each i = 1, ..., d we calculate an
artificial point outside of the main data space which lies on

a straight line  and order these points with

respect to the corresponding eigenvalues λi. From this se-
quence of artificial points on the main axes of the data set,
we then choose the first r points as reference points such
that the total query cost will be minimal.

In the following, we call these reference points
“PComp reference points”. Fortunately, the optimal num-
ber r of PComp reference points can be determined empiri-
cally for a given database. Our experiments indicate that the
optimal number of these reference points is quite robust to
the following parameters:

• the number of query objects, 

• the current size of the database (if insertions and dele-
tions do not change the distribution significantly),

• the underlying query processor, i.e. X-tree or scan, and
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Figure 16. Illustration of the “principal 
compontent heuristics” for reference points
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• the query distances (resulting from k-nearest neighbor
queries for reasonable values of k, i.e. k = 10, ..., 100). 

We performed several experiments where we varied
these parameters. For the image database, the measured
value for the optimal number of PComp reference points
was 5 in all experiments. For the astronomy database, the
optimal value was measured between 10 and 12 while the
absolute performance did not differ significantly between
10 and 12 reference points.

Due to space limitations, we cannot show all the corre-
sponding combinations of performance results. Some ex-
perimental results for different values of m and n using the
image database are shown in figure 17. These figures are
rather typical for all other experiments in the following two
respects:
• There is a robust optimum number of reference points.
• The performance minimum is robust against some error

in the sense that the absolute performance does not dif-
fer significantly for large ranges of numbers of refer-
ence objects.

According to the results of our experiments, we
choose the first 5 PComp reference points for the image
database and the first 10 PComp reference points for the
astronomy database. Note that the selection of the PComp
reference points is performed only once per database and
all possible multiple queries. Thus its cost can be neglected.

To demonstrate that our heuristics is effective, we first
show experimentally that the PComp reference points per-
form consistently better than randomly selected reference
points - either selected from the database (DBRand) or from
the data space, i.e. generated points with random coordi-
nates (Rand). The results for the X-tree implementation are
depicted in figure 18 for both the image database and the
astronomy database. The plots for the sequential scan are
not shown but they picture the same behavior which is that
the optimum number of PComp reference points always

outperforms any random selection of reference points. In
the image database, the results for the randomly generated
points were orders of magnitude worse than the results for
the other techniques. Therefore, we excluded this curve
from the plot.

As we already indicated above, using PComp refer-
ence points also induces some overhead: the additional
computation of distances between the database objects and
reference objects. Their computation may or may not pay
off depending on whether or not they can help to avoid dis-
tance calculations between query objects and database ob-
jects. The advantage of the basic technique presented in
section 5.2 is that the reference objects are query objects
and, therefore, the calculated distances between reference
and database objects contribute to the “query work” - espe-
cially in cases where the number m of queries is not too
large. 

An obvious idea to improve our basic technique there-
fore is to select a small set of reference points from the set
of simultaneous queries. This approach is also suggested by
the cumulated avoided distances shown in figure 14. 

There are different possibilities to select a number of
reference objects from the set of all query objects. First, and

Figure 17. Optimal number of reference points for 
different numbers of similarity queries
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most simply, we could select them randomly. Second, we
could try to apply an analogous heuristics as above, that is
we could select those query objects which are closest to the
constructed PComp reference points. 

We compared these two techniques experimentally.
From the results we learned that the second alternative is
not significantly better (sometimes even worse) than a ran-
dom selection of reference points from the query set. This
is, however, not surprising since the query set is in general
too small to contain good approximations for the PComp
reference points. 

Due to this reason, we show only the comparison of a
random selection of query objects (RSQueries) with the
PComp reference points in figure 19. The figure depicts the
results for both the image and the astronomy database using
the scan implementation. The performance of randomly se-
lected reference points never beats the performance of the
PComp reference points. However, it may be very close to
its performance as for example in the image database. This
fact makes RSQueries a good alternative to the PComp ref-
erence points especially in cases where we cannot apply the
principal component analysis (i.e. if the objects are not

from a vector space). The plots for the X-tree would show
the same principal results and are therefore omitted. 

6.3. Comparing the different techniques

Finally, we want to demonstrate that our advanced
CPU-techniques actually improve the basic technique for
cases where the number m of simultaneous queries is large
compared to the database size. For this purpose, we com-
pare the overall speed-up in the parallel setting where we
observed the performance decrease for the basic technique
in the image database (cf. section 5.4, figure 13). For com-
parison with the basic technique (Queries) we use the
PComp reference points. The results for randomly selected
query objects (RSQueries) would be similar though not
quite as good as for the PComp reference points. 

The plots for both the image and the astronomy data-
base are depicted in figure 20. One can clearly see that the
PComp technique drastically outperform the basic Queries
technique when increasing the number of servers (and con-
sequently the number of simultaneous queries). However,
note that the basic technique may perform (slightly) better

Figure 19. Performance of the PComp reference 
points compared to a subset of query points
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Figure 20. Overall speed-up with respect to s
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for smaller numbers of simultaneous queries depending on
the database and the underlying query processor. 

The performance decrease we observed for the basic
technique does not occur for the PComp reference points
resulting in much higher speed-up factors. For instance,
when using 16 servers (and 1600 simultaneous queries) the
PComp reference points yield a speed-up (compared to
non-parallel single query processing) of about 900 for the
image database and about 500 for the astronomy data. 

The implementation of the different CPU-techniques
presented in the previous sections is basically the same.
They differ only in the function that determines the refer-
ence objects. This fact makes it easy to switch from one
technique to another for different types of databases and/or
different numbers of simultaneous queries. This is the rec-
ommended strategy because - as our experiments have
shown - no technique always performs best and the various
techniques are applicable under different conditions. Fortu-
nately, it is not difficult to decide when to use a particular
technique. Our experiments suggest the following heuristic
rule which can easily be evaluated (and maybe tuned) auto-
matically by a multiple query processor: 

If the number of simultaneous queries m is larger than 100: 
If the data comes from a vector space:

use an experimentally determined optimal number
of PComp reference points;

Else // if the data does not come from a vector space
use 30 RSQueries, i.e. 30 randomly selected
query objects as reference objects;

Else // m ≤ 100
Use the basic Queries technique, i.e. select all query
objects as reference points;

This rule may not always yield the best possible per-
formance for values of m between 100 and 400. For some
applications, using all query objects as reference objects
may be slightly better than the PComp or the RSQueries
technique for such m values. However, we don’t loose
much in these cases since the performance of the latter tech-
niques is very close to the performance of the Queries tech-
nique for smaller values of m. 

7. Conclusions

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 process-
ing 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 ob-
jects. In this paper, we introduced multiple similarity que-
ries to speed-up such data mining applications by simulta-

neously processing sets of similarity queries. We presented
a generic scheme for many data mining algorithms and we
developed a method to syntactically transform those algo-
rithms in a way that they can use multiple similarity queries
instead of single similarity queries. Our framework for effi-
ciently processing multiple similarity queries includes two
orthogonal approaches: 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 apply-
ing different techniques in order to avoid expensive dis-
tance computations. Furthermore, we explored the poten-
tial 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. An extensive
experimental evaluation on real databases demonstrated the
efficiency of our approach: by combining all of our tech-
niques we achieved an overall speed-up with 16 servers in
the order of 200 for an index-based implementation and in
the order of 500 for an implementation using a sequential
scan. These results were obtained using the Euclidean dis-
tance which is a relatively cheap dissimilarity function. 

We argue that multiple similarity queries should be
provided as a basic DBMS operation since they allow to
speed-up the processing of many data mining algorithms.
There are several directions for future research. First, the
potential of parallelization should be explored in more de-
tail, e.g. the effects of various data declustering strategies.
Second, the automatic calibration of the decision rule for
the selection of the “best” CPU-technique. For instance, dy-
namic adjustment of the value m of simultaneous queries
where the system switches from the basic Queries tech-
nique to the PComp reference points. Finally, we want to
investigate the impact of the multiple queries technique in
the presence of complex and very expensive distance func-
tions. We expect to obtain enormous speed-up factors
which will make data mining feasable in such applications.
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