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Abstract. The comparison of complex patterns, i.e. patterns that are obtained by recursively aggregating other patterns, poses serious challenges because of the diﬀerent ways the
component patterns can be matched. In this paper, we investigate the problem of comparing
set of patterns when constraints are imposed on the matching between component patterns.
This is motivated by a real world example, namely the retrieval of images in a region-based
image retrieval system, where images represent complex patterns that are composed of regions, i.e. base patterns. We present both sequential and index-based exact algorithms for
solving the problem, and experimentally evaluate them on a medium-size data set.
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Introduction

The massive quantity of data produced every day by both industrial and scientiﬁc applications
poses new challenging requirements to DBMS systems. Such huge amount of data is unlikely
to be useful for end users, and automated processing techniques (such as data mining, pattern
recognition, and knowledge extraction techniques) are needed in order to reduce such raw data to
a compact, manageable, set of knowledge artifacts (e.g. clusters, association rules, time series). A
compact and rich in semantics representation of raw data is called a pattern [13, 4]. The problem of
storing and querying patterns in an eﬀective and eﬃcient way is the focus of so-called Pattern-Base
Management Systems (PBMSs). Among the several issues that a PBMS has to address (modeling,
storage, and retrieval of patterns), we believe that one of the most important operations that should
be supported is that of comparison. The comparison between two patterns entails the computation
of a score s, s ∈ [0, 1], assessing their mutual similarity. Given the deﬁnition of similarity between
patterns, the user may be interested in ﬁnding the patterns which are most similar to a given
(query) one. More precisely, given a query pattern q and an integer value k, a best matches query
returns the k patterns having the highest similarity score with respect to q, according to the
similarity measurement implemented.
The comparison between complex patterns, i.e. patterns obtained by assembling other patterns
to obtain a part-of hierarchy (for example, a clustering pattern is obtained as the composition of
cluster patterns) is particularly challenging. The similarity score s between two complex patterns
is computed starting from the similarity between component patterns, then scores obtained for
each sub-pattern are aggregated, using an aggregation logic, to determine the overall similarity
of the two patterns [9]. The aggregation logic may be very simple, just an expression combining
numerical values, or a more complex one, if constraints and/or transformation costs are to be
considered: For example, a suitable “matching” between components patterns might be needed.
The aggregation logic can also involve a variety of transformations, each with an associated cost,
and the overall similarity score is obtained as the maximum score obtained by applying all the
possible transformations to the component patterns.
In this paper, we provide correct sequential and index-based algorithms to solve best matches
queries for complex patterns consisting of a set of base patterns when constraints on the matching
between component patterns exist. In Section 2 we introduce a (simpliﬁed) framework for modeling
patterns. Then, Section 3 provides a motivating example, drawn from the world of image retrieval,
for the problem of best matches queries. The problem is precisely formalized in Section 4 and both
sequential and index-based correct algorithms for its solution are provided in Section 5. Section 6
shows some preliminary results obtained over a real data set and Section 7 concludes the paper.
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A Model for Patterns

The following framework for modeling patterns is a simpliﬁed version of the model proposed in
[13, 4], that we adapted to our needs.
A pattern type pt speciﬁes the intensional form of patterns, and is represented by a quintuple
pt = (n, ss, ds, ms, f ), where:
– n is the name of the pattern type.
– The structure schema ss describes the structure of the pattern instances of pt, thus deﬁning
the space in which patterns can be deﬁned.
– The source schema ds deﬁnes the schema of the data set from which instances of pt are
constructed.
– The measure schema ms describes the measures that quantify the quality of the representation
of source data achieved by the pattern.
– The formula f describes the relationship between source space and pattern space and, thus,
carries the semantics of the pattern.
Example 1. The pattern type “2-D cluster” can be deﬁned as follows:
n : 2DCluster
ss : RECORD(radius: REAL, center: RECORD(cx: REAL, cy: REAL))
ds : SET(point: RECORD(x: REAL, y: REAL))
ms : numberOf P oints: INTEGER
f : (x − cx)2 + (y − cy)2 ≤ radius2

A pattern p, instance of a pattern type pt, is deﬁned as a quintuple p = (pid, s, d, m, e), where:
–
–
–
–
–

pid (pattern identiﬁer) is an unique identiﬁer for p.
The structure s is a value of the structure schema ss.
The data set d conforms to type ds.
The measure m is a value of type ms.
The expression e is obtained by opportunely instantiating the formula f .

Example 2. A cluster of type 2DCluster (see Example 1) can be represented as follows:
pid : 324
s : RECORD(radius: 2.3, center: RECORD(cx: 35, cy: 1570))
d : ‘SELECT E.age, E.salary
FROM Employee as E’
m : numberOf P oints: 184
e : (E.age−35)2 + (E.salary−1570)2 ≤ 2.32

Note that composition of patterns can be obtained by inserting pattern types in the structure
schema of a pattern type pt.
Example 3. A clustering is just a set of clusters (see Example 1) having a measure expressing the
validity of the obtained clusters:
n : 2DClustering
ss : clusters: SET(2DCluster)
ds : SET(point: RECORD(x: REAL, y: REAL))
ms : validity: INTEGER
f:


The similarity between two simple patterns of the same pattern type is computed as a function
of the similarity between both the structure and the measure components:
sim(p1 , p2 ) = f (simstruct (p1 .s, p2 .s), simmeas (p1 .m, p2 .m))
where with p.s and p.m we indicate the structure and the measure for pattern p, respectively.
If the two patterns have the same structural component, then simstruct (p1 .s, p2 .s) = 1, and the
measure of similarity naturally corresponds to a comparison of the patterns’ measures, e.g. by
aggregating diﬀerences between each measure [9]. In the general case, however, the patterns to be
compared have diﬀerent structural components, thus a preliminary step is needed to reconcile the
two structures to make them comparable. Computing the similarity between complex patterns, i.e.
instances of a complex pattern type, in the general case is a two step process:
Matching: Component patterns of a pattern are associated to component patterns of the reference
(query) pattern, i.e. by only considering “best” couplings (matches).
Combining: The overall similarity between the two patterns is computed by combining similarity
scores corresponding to matched component patterns.
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Motivating Example

The goal of content-based image retrieval (CBIR) systems is to deﬁne a set of properties (features)
able to eﬀectively characterize the content of images and then to use such features during retrieval
in order to provide eﬀective and eﬃcient access to image databases based on content. To increase
the eﬀectiveness of image retrieval, in recent times a number of region-based image retrieval systems
has been presented [5, 12, 1, 14], which “fragment” each image into regions, i.e. sets of pixels sharing
common visual characteristics, like color and texture. Similarity between images is then assessed
by computing similarity between pairs of regions and combining the results at the image level.
Conceptually, each image is represented as a set of component regions. By considering the
model of Section 2, we can represent each region as a simple pattern and the overall image as a set
of region patterns. This way, the problem of ﬁnding the images that most resemble a given query
one can be modeled as a best matches query over the space of image patterns. In particular, the
process of similarity assessment between images perfectly ﬁts the matching/combining paradigm
introduced in Section 2 (see Figure 1).

Fig. 1. In region-based systems, similarity between images is assessed by taking into account similarity
between matched regions.

Region matching algorithms have only recently emerged as a need for region-based CBIR systems. Existing systems [5, 12, 14], however, use naı̈ve heuristic matching algorithms when associating regions of the images being compared, thus obtaining incorrect results.1
The criterion used to assess the similarity between two regions vary from system to system.
For example, the Windsurf system [1] segments images into sets of pixels that are homogeneous
for color and texture by using the Discrete Wavelet Transform (DWT, [7]) and a fuzzy c-means
algorithm. Each region is then represented as an elliptical cluster in the HSV space and the similarity between regions is computed by taking into account both diﬀerences in the color and textures
descriptors (the pattern structure) by way of the Bhattacharyya distance and in their relative size
(the pattern measure). For more details, see [1].
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The Problem of Optimal Matching

Given a reference (query) complex pattern cpq , composed of a set of patterns {pq1 , . . . , pqn }, and
a pattern ps , also composed of a set of patterns {ps1 , . . . , psm }, the problem of optimal matching
consists in associating (matching) each pattern pqi of cpq to a pattern psj = Γs (pqi ) of cps (possibly,
no pattern is associated to pqi , i.e. Γs (pqi ) = ∅) such that the overall similarity score between
patterns cpq and cps , sim(cpq , cps ), is maximized. Similarity between base patterns is assessed
by way of the simbase (pqi , psj ) function. Every Γs () has to satisfy the following constraint: Two
patterns of cpq cannot be associated to the same pattern of cps , therefore if pqi = pqj and Γ (pqi ) =
Γ (pqj ), it is Γ (pqi ) = Γ (pqj ) = ∅. Similarity between complex patterns is computed by taking
into account similarity between associated base patterns using a monotonic function P Msim , i.e.
sim(cpq , cps ) = P Msim (simbase (pq1 , Γs (pq1 )), . . . , simbase (pqn , Γs (pqn ))). The only requirement for
the function P Msim is that it has to be a monotonic increasing function, that is if si ≤ si , i ∈ {1, n},
then it is P Msim (s1 , . . . , si , . . . , sn ) ≤ P Msim (s1 , . . . , si , . . . , sn ). This is intuitive, since better
matches between base patterns can only increase the overall similarity score between corresponding
complex patterns. Moreover, for the sake of simplicity, in the following we will assume that P Msim
is a commutative function. The optimal matching between regions, i.e. that for which sim(cpq , cps )
is maximum, will be denoted as Γsopt .
sim(cpq , cps ) = max P Msim (si1 j1 , . . . , si|H| j|H| ),
(ih jh ), (il jl ) ∈ H, (ih jh ) = (il jl )
H = {(i, j)|xij = 1}
m

j=1
n


(1)
(2)

xij ≤ 1 (i = 1, . . . , n),

(3)

xij ≤ 1 (j = 1, . . . , m),

(4)

xij ∈ {0, 1} (i = 1, . . . , n)(j = 1, . . . , m)

(5)

i=1

Equation 1 means that to determine the overall score sim(cpq , cps ) we have to consider only the
matches Γs () in H (Equation 2). Equation 3 (Equation 4) expresses the constraint that at most
one pattern psj of cps (resp. pqi of cpq ) can be assigned to a pattern pqi of cpq (resp. psj of cps ).
Definition 1 (Correct matching). A set of xij values that satisfies the constraints expressed by
Equations 3, 4, and 5 is called a correct matching.
m
Definition 2 (Complete matching). A correct matching for which it is
j=1 xij = 1, (i =
1, . . . , n) (i.e. each pattern of cpq is associated to a pattern of cps ) is called a complete matching.
1

As an example, suppose that an user asks for an image containing two tigers: If a database image
contains a single tiger, it is not correct to associate both query regions to the single “tiger” region of
the DB image, since, in this case, information about the number of query regions is lost.

It should be noted that any correct matching for a pattern cps having a number of patterns lower
than that of cpq is obviously not complete.
Definition 3 (Optimal matching). The correct matching that maximizes the function expressed
by Equation 1 is called the optimal (or exact) matching, and will be denoted as Γsopt ().
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Solving the Problem

A typical form of the scoring function P Msim is that of a sum (this is indeed the case, save for a
constant scale factor, for the image retrieval systems WALRUS [12] and Windsurf [1]), leading
to a re-formulation of Equation 1 as follows:
sim(cpq , cps ) = max

n 
m


sij · xij

(6)

i=1 j=1

The generalized assignment problem, in this case, takes the form of the well known Assignment
Problem (AP), one of the most popular topics in combinatorial optimization. To resolve it, we
can apply the Hungarian Algorithm [11] to the matrix {sij } of similarity scores between regions.
Sequential evaluation of a best matches query is performed by way of a simple algorithm that
computes the optimal matching between the query pattern and all the searched patterns and
returns the k patterns for which the highest similarity score is obtained [3]. Of course, the sequential
algorithm requires to compute the similarity between the base patterns of the query and all the
indexed base patterns. Moreover, the matching problem has to be solved for all the searched
complex patterns.
In order to obtain a complexity sub-linear in the data set size, we describe an index-based algorithm that speeds up the evaluation of best matches queries by reducing the number of candidate
patterns, i.e. patterns on which the optimal region matching problem has to be solved.
In order to use an index to speed-up the search, we suppose that the similarity between base
patterns is computed by way of a distance between pattern features (this is the case, for example, for
most of the region-based CBIR systems, see Section 3). In this case, a distance-based access method
(DBAM), like the M-tree [6], can be used to index base patterns according to their respective (dis)similarity. Such index structures are able to eﬃciently answer k nearest neighbor queries, as well
as to perform a sorted access to the data, i.e. to output objects one by one in increasing order of
distance with respect to a query [10].
To retrieve best matches for query patterns, we run a sorted access to the indexed patterns for
S
algorithm shown in Figure 2 is able to return the correct
each base pattern in the query. The AW
0
result for a best matches query by only solving the matching problem for the candidate set, i.e. for
those patterns having at least one base pattern that has been returned by a sorted access [3, 2].
The random access phase consists in computing those similarity scores sij between query patterns
and patterns of candidates not returned in the X i result sets.
S
(the proof can be found in [3]) is independent of the speciﬁc P Msim function
Correctness of AW
0
used to combine scores into similarity between patterns, since it only relies on the monotonicity of
P Msim .
S
somewhat resemble those of
It can be noted that sorted and random access phases of AW
0
Fagin’s A0 algorithm [8], the major diﬀerence being that A0 does not deal with the issue of correct
matching, thus, if applied, it could report non-correct results.
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Experimental results

Preliminary experimentation of proposed techniques has been performed on the Windsurf system,
using a sample medium-size data set consisting of about 2000 real-life images from the IMSIPHOTOS CD-ROM.2 The over 8000 obtained regions were indexed using an M-tree [6]. The query
2

IMSI MasterPhotos 50,000: http://www.imsisoft.com.

S
AW
(cpq : query, k: integer, T : DBAM)
0
{ ∀ base pattern pqi of cpq , open a sorted access index scan on T
and insert results in the set X i ;
stop the sorted accesses when there are at least k patterns for which
a complete assignment exists, considering only base patterns in ∪i X i ;
∀ pattern cps having base patterns in ∪i X i ,
∀ pair pqi , psj
if psj ∈ X i compute score sij = simbase (pqi , psj ); (random access )
compute the optimal assignment; (combining phase )
return the k patterns having the highest overall scores sim(cpq , cps ); }

S
Fig. 2. The AW
algorithm.
0

workload consists in about one hundred randomly chosen images not included in the data set. All
experiments were performed on a Pentium II 450 MHz PC with 64MB of main memory running
Windows NT 4.0.
S
The experiments we present concern the eﬃciency of the AW
index-based algorithm as com0
pared to that of the sequential algorithm. In Figure 3 (a) we compare the average number of
candidate images, i.e. the images on which the Hungarian algorithm has to be applied, as a function of the number of query regions, for diﬀerent values of k. Of course, the sequential algorithm
(the horizontal line labeled ERASE, for Exact Region Assignment SEquential algorithm [3]) would
lead to a number of candidate images equal to the number of images in the data set, whereas for
S
this number depends both on k and on the number of query regions. As the graph shows,
AW
0
WS
A0 does well in reducing the number of candidate images. Clearly, its performance degrades as
the number n of query regions increases, since the complexity of ﬁnding k objects in the intersection of n sets augments with n. This is also conﬁrmed by Figure 3 (b), where query response times
are shown for the case n = 3.
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Fig. 3. Average number of candidate images vs. number of query regions (a), and response time vs. k
(n = 3) (b).
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Conclusions

In this work we have investigated the problem of correct resolution of best matches queries for
S
complex patterns, obtained as sets of base patterns. In particular, an index-based algorithm (AW
0 )
has been presented which computes the optimal matching between the base patterns, in order to

maximize the overall similarity score between complex patterns, under the condition that only
one-to-one matches exist. Preliminary experiments conducted over a region-based image retrieval
system have shown that our approach is indeed very eﬀective with respect to alternative retrieval
strategies. In the future we plan to investigate how to solve the problem when diﬀerent kind of
constraints or aggregation logics exist, and also to devise algorithms for dealing with multiple levels
of aggregation (i.e. when the composition hierarchy has more than just one level, as was the case
considered in this work).
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