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ABSTRACT
The paper provides an overview of the techniques used
for similarity retrieval of multimedia objects. Particular
emphasis is given to the problem of efficient retrieval
and to the analysis of different access structures used.

Keywords: Access structures, audiofvideo retrieval,
similanity retrieval, vector space model, metric space
model, approximation techniques

1. INTRODUCTION

Content-based retrieval of multimedia information is
attracting increasing interest, due to the wide diffusion
of computer systems able to produce and process these
type of data.

Historically, images were the first non-textual data type
managed by a computer; retrieval techniques have been
studied and experimented on images since the beginning
of '80's. Initial approaches were either based on
elementary techniques, such as those that reguire a
textual deseription of image content and then basing the
retrieval on the description, or on trying to support the
retrieval through an interpretation of the image content.
The use of image interpretation is very powerful when
such a description can be provided; however, it has
shown to be very ambitious in general environments and
it has been successfully applied only to limited
application  domains. Afterwards, the increased
processing power of computers and the availability of
tools for the management of multimedia data lead to a
significant increase of the amount of audio and video
data managed by computers. The storage and retrieval
of these new data types is remarkably more complex
than is the case with images; in particular, new methods
for the representation of their content and for their
autornatic indexing were needed. The retrieval of audio
and video objects has also required the use of the
temporal dimension in the object's representation, and
query formulation and execution.

The main objective of a retrieval system is user
satisfaction that, in a broad sense, is related to its
capability of retrieving all relevant information in a
limited amount of time. This means that the two key
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issues to be addressed by any retrieval system are
effectiveness and efficiency.

In this paper we mainly address the problem of
supporting an efficient retrieval of multimedia
information; this is critical due to the complexity of
descriptors of multimedia objects and due to the large
amount of data contained in multimedia archives. In
order to have an indication of the number of objects, we
may consider that the Web contains over one billion
pages, and most of them contain multimedia
information. In particular, the paper addresses the
problem of selecting appropriate access structures for an
efficient retrieval. Related to this, we will discuss the
question of whether we can use generic  access
structures for audio/video retrieval of if we need to
define access structures specialized for this type of data.

2. RETRIEVAL OF NON TEXTUAL DATA

Retrieval of multimedia objects has, at the very general
level, the same purpose and objective as the retrieval of
textual data, i.e. to select a set of objects belonging to
the multimedia archive, objects that satisfy user's
information needs, and to disregard at the same time
cbjects that do not correspond to these needs. The entire
process 1s not precise, so that retrieved objects will
contain some spurious results, while some relevanr
object will not be retrieved at all. The main problems to
be addressed in order to support an effective retrievat of
multimedia objects are related to (i) the definition of
appropriate tools that allow the user to express his/har
information needs, (ii) the possibility of using
appropriate representations of the objects contained in
the muitimedia archive, as well as of the user's requests.
and (ii1) the definition of criteria to select objects that
satisfy user's needs disregarding, at the same time,
objects that do not address these needs. The central
aspect (o be taken into consideration is related to the
representation used to describe the objects. An analysis
of the different approaches adopted for multimedia
retrieval leads us to distinguish three main categories
according to the information used to index the
multimedia objects. The first one uses a keyword or texr
representation of the objects, the second is based on
physical properties (features) extracted from the




objects, and the third one uses conceptual information
of the multimedia objects.

The first one is a quite straightforward approach that
can use the standard access structures adopted for text
retrieval. Most of the existing systems index the
multimedia objects according to a certain number of
physical characteristics (feature indexing) which could
be used to discriminate among them. A typical example
is color distribution in an image: an image with a
dominance of certain colors is, in many cases, unrelated
to images having a different set of dominant colors, and
vice-versa. For example, images representing fiowers
may have dominant colors such are red, yellow, green,
etc.. Then, the presence of these coiars increases the
expectation of the presence of flowers with respect to
images that do mnot conmtain them. The physical
characteristics of a multimedia object are usually
represented through a ser of features.

Features are media dependent because the physical
propertics of each media are different. For example,
typical image properties used as features are color,
texture, and object shape, while typical video properties
are motion vectors, camera position, etc.. Features such
as signal intensity and pitch can characterize an audio
component. Features are also application dependent
because, for particular uses, and considering objects
belonging to a limited application domain, particular
features can be used. For example, in a face recognition
application, the features used could be the size of the
eyes, their distance, the size of the mose and of the
mouth, their relative distances, etc.

The similarity between multimedia objects is argued by
the similarity of their features. The assumption on
which the approach relies is that if two objects have
similar feature values, then the objects are similar. It is
obvious that this assumption cannot be verified for all
objects, but is true only at a statistical level: there is a
higher probability that two objects with similar features
appear similar to a user than two objects with different
features. An approach based on such an assumption is
clearly very rough, and we can expect that the quality of
retrieval will be limited by imprecision that is mainly
due to the limited semantic meaning of some of the used
features, which could not be significant for the user.
The object's indexing requires calculation of the value
of each feature for all the objects contained in the
multimedia archive M. The retricval is performed
through the following procedure: a query is represented
through a multimedia object of the same type as those
contained in the multimedia archive. The same features
used to represent the object in the archive are extracted
from the query object; then, the dissimilarity (and
correspondingly  the  similarity) between each
multimedia object and the query is computed, through a
comparison of their representations. All objects in the
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multimedia archive M are then ordered in decreasing
similarity values with the query, which corresponds to
the query result. .

Main phases of a generic system supporting multimedia
object retrieval are: archive population, which allows
one to msert multimedia data and to extract information
about its content; object storage, which stores the
objects and their representation and generates suitable
access structures which support an efficient retrieval of
multimedia objects, and gquery formulation and
execution. In the following sections we will describe the
main characteristics of access structures.

3. VECTORMODEL

In this model, the assumption is that each object is
represented as a point in an n-dimensional vector space
Vv
X=(X,....X)
The dissimilarity between two generic objects x, y & V,
is measured as the distance between the objects as
defined for the space V. This is usually given by the
Euclidean distance L,. However, the most general case
is based on the use of the Minkowsky distance d,
defined as follows:
/r

d (x,y)= ile —y:'|

=]

.that corresponds, for r=/ to the city-block metric, and

for r=2 to the Euclidean distance. The similarity
sim{x,y) between two objects x and y can be chtained as
a function of d(xy) (sim{x,y)=G(d(x,y))). In general
terms, if we want to fimit the values of sim(x, y) to the
[0,1] interval, we may impose the following constraints:
d —> < as G(d) — 0 and if d=0 then G(d} = 1.

The vector model has been widely used in similarity
rerieval due to its simplicity and to the properties of
vector spaces. These properties have been used in the
definition of efficient access structures.

Metric Space Model

In many cases, a vector representation is not adequate to
represent the objects in the multimedia archive. For
example, some similarity functions used to compare
color distribution in an image satisfy the properties of
metric spaces, but they do not comply to the properties
of vecior spaces.

However, even if the representation of the object is
generic, the dissimilarity measure o between two
generic objects x and y is defined as a distance metric
function, i.e. a function having the following properties:

(1) d(x,y) = dfy,x)
{ii) O< dixy) <oo, xZyand dixx) =0
{iii) dixy) <d(x.z} +d(z,y)

simmerry
ositiviry
triangle inequaliry

®




Object representation with a distance measure that
satisfies these properties is said to be compliant to a
Metric Space Model (MSM). Examples of metric
distances are the edir distance for text, normalized
overlap for sets, histogram distance for images, and the
Hausdorf distance for shapes. In the MSM, the
representation of the object is not specified; this impiies
that it is not possible to take advantage, when the access
structures are defined, of the specific representation of
the objects. For example, in Vector Model she definition
of access methods makes use of concepts such as
splitting over one dimension, calculation of the centroid
of “close” obiects, etc. This cannot be done for the
definition of access structures of objects belonging to
the MSM. However, access structures have been defined
for metric spaces, using only the symmetry, positivity,
and triangula inequality properties. The MSM is a
generalization of the VSM; indeed, a vector
representation and a distance measure, based on the
Minkowky distance, satisfy the positivity, symmetry,
and trianguiar inequality properties. This implies that all
access structures defined for the MSM can be used for
the VSM, too. However, the access structurss
specifically studied for the VSM are expected to be
much more efficient.

General model_s

Studies that have been conducted on the human
perception of similarity, evidenced that perceptual
notions of similarity do not adhere either to the vector
model or to the metric space model. In particular, it has
been shown that the properties of symmetry and
triangular inequality are niot verified. This implies that
an exact evaluation of the similarity between objects in
the multimedia archive and the query requires a
complete scan of the archive: no general purpose access
structure can be used, in order to filter out objects which
are too much dissimilar with respect to the query.
Generic similarity models require the adoption of ad-
hoc access structures, specifically defined, when
possible, for the distance measure. Another possibility
consists in defining a distance function that
approximates the true distance function, and that is
compliant to the MSM or to the VSM models.

4. ACCESS STRUCTURES FOR SIMILARITY
RETRIEVAL
Typical queries that can be expressed in order to
retrieve multimedia objects are range queries and k-NN
queries. They can be defined as follows:

Definition 4.1. The range query g(r) requires the
retrieval of all objectso € M | sim(gq,0} <r.
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Definition 4.2. The k-NN query g(k) requires the
retrieval of a set L of k objects (L = (o, ..., o)) such
that LC M and ¥V o, o, |[(o,e Mrg L) Ao € Lthen
sim{o, q} £ sim(o, g).

A simple and trivial algorithm for the execution of
range and k-WN queries requires a complete scan of the
archive M. Such an algorithm, has a computational

complexity which is linear with the cardinality of M;

this may produce unacceptable response times for very

large archives, especially when the cost for calculating
sim(o, q) is high. Thus, access structures are used to

select the k-NN objects (or the objects within a

“distance” r to q) without the need to access the entire

archive containing the object's representation,

The main characteristics of access structures apt to

support similarity retrieval of muitimedia objects are as

tollows:

s Search response time sub-linear with the dimension
of the database.

We may measure the improvement of efficiency
deriving from the use of the access structure by
comparing the execution cost for a total scan of the
database with the number of accesses needed when
the access structure is used.

If card(M) = N, and M is the number of database
objects accessed when the access structure is used
(M is also the pumber of computations of
query/cbject similarity measures performed), then
we define the Index of Improvement (I as Il =
M/,

It is clear that a comparison between twe access
structures could be based on a comparison of their
average values of [I; the average is performed for
different queries.

*  Support of range queries as well as k-NN queries.
In many applications both types of queries are
needed and the access structure should improve the
efficiency of both types of queries.

®  The access method should be adaptable to different

types of data and similarity functions.
This is a particularly relevant problem. Indeed,
when a new access structure is studied, it would be
particularly useful if it could be adopted in many
different situations. Furthermore, the behavior of
the access structure is strongly dependent on the
characteristics of the objects stored in the darabase;
in particular, it strongly depends on the distribution
of the distances between the objects stored in the
database. The situation which is more difficult 1o be
manage arises when the distribution of distances of
objects is uniform.




Access structures for vector representations

Access structures, defined for objects that satisfy the
properties of the VSM, are usualiy based on R-tree and
its variants.

R-tree is & storage structure able to deal with spatial
data, originally presented in [1]. In the proposal, it is
assumed that an object, of arbitrary shape, can be
reduced to (possibly multi-dimensional) rectangles by
finding its minimum bounding rectangle. Like a B-tree
structure, an R-tree is also balanced and all leaf nodes
appear on the same level. An R-tree guarantees that the
space utilization is at least 50%. However, dyramically
built R-trees result in structures with excessive space
overheads and "dead-spaces” in the nodes that may
result in bad performance.

In R-trees, the concepts of coverage and overlap are
important. Coverage of a level of an R-tree is defined as
the total area of all the rectangles associated with nodes
of that level. Overlap of a level of an R-tree is defined
as the total area contained within two or more
overlapping nodes. Obviously, minimization of both the
overlap and the coverage is required for an efficient R-
tree search.

For region data objects, zero overlap is in general not
attainable. However, if we allow partitions to split
rectangles, then zero overlap among intermediate node
entries can be achieved. This is the main idea behind the
R’-tree [2]. Another variation of the R-tree, called R*-
tree [3], does not change the properties of the basic
structure, but rather has 2 more complex way of
organizing rectangles into nodes so that overall
performance is improved.

Access structures for metric representations

Most of the more commonly used distance and
similarity measures between objects satisfy the
definition of a metric distance function. Approaches
based on so-called metric trees directly use pair-wise
distances between objects to recursively partition the
search space without considering positions of objects in

a multidimensional space -- dimensionality of space

need not even be known.

Several techniques, such as GNAT [4] and VP-trees

[5Chi94], which basically differ in the criterion used for

partitioning objects, have recently been proposed, with

the common objective of designing a data structure that
would exploit local features of the metric for solving

similarity (proximity) queries [3].

»  VP-trees. The basic construction of a VP-tree is 0
break the space up using spherical cuts. To build it,
it is necessary to pick a point in the data set -- this
is called the vantage point, hence the name VP-
trees. Now, we may consider the median sphere
centered at the vantage point with a radius such that
half the remaining points fall inside and half fall
outside it. For every other point it is evaluated if it
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is inside the sphere of if it is outside the sphere: in
the first case the point is put in one branch, in the
second one it is put into the other branch. The lower
level branches are constructed recursively. This
idea has been extended in [6] 10 the r-ary case and
implemented as an indexing method for contentg
based image retrieval.

o  GNAT's. The primary goal of the Geometric Near-
neighbor Access Trees [7] is to have a data
structure that reflects the intrinsic geometry of the
underlying data. More specifically, the top node of
the tree gives a brief summary of the data in a given
metric space and, in descending the tree one gets a
more and more accurate sense of this data
geometry. The aim is achieved as a hierarchical
Dirichlet domain (or Voronoi diagram) based
structure -- given a number of points, X, X, v.ev s Xy,
the Dirichlet domain of x, consists of all possible
points in the space which are closer to x, than to any
other peint X, {f # {). In order to minimize the
number of distance computations while executing
queries, a numnber of pre-computed distances is
stored in the tree. However, the tree is built top-
down, so the resulting structure is not very
convenient for dynamic files.

o  M-tree. An M-tree [8] can be viewed as a hierarchy

of metric (ball) regions. A region is defined by a
database object O, and radius t{O), which
represents the maximum distance between O, and
any other object, including its region (if any}, in the
region of Q. An M-tree is a multiway-branching
tree, thus each node can contain several object
entries which are all members of a region centered
around a parent object, O,, stored in a higher-level
node. Notice that the region of objects from the root
is assumed to be the entire universe, because these
objects do not have any actual parent object. Each
entry is represented by the object's features and, in
the case of non-leave entries, by their region radii
which restrict minimum regions in which all
descendant objects and/or regions can be found. For
efficiency reasons, child to parenr object distances,
computed during the tree construction phase, also
form a part of the objects’ entries.

Access structures for general representations

Current research activities ty to transformm new
problems into other problems for which efficient
implementations are already known, or 10 develop new
access structures able to deal directly with some of the
new problems.

The problem of selecting a suitable set of features (o
accurately represent objects is not always an easy task.
An alternative approach, investigated in [9], suggests
starting from an expert-defined similarity (distance)
matrix, and assumes that each object is a point in 2




“virtual” high-dimensional space. By means of a
heuristic transformation technique, aiming to preserve
pair-wise distances as much as possible, objects are
mapped onto points in a lower k-dimensional space (k
being user-defined), where SAMs can be used.
Presumably, any approximated distance measure must
preserve the distance between objects as much as
possible. It has been shown in [10] that no dismissals
oceur if the actual distance is lower-bounded by the
actual distance in the distance space, more precisely:

dapprozima:ed (O: ’ O j) < daczua[ (O, 3 0 j)
for any pair of objects from a given database.

Approximation techniques

Although there are several index structures that can
support the execution of similarity queries, experience
with their applications shows that the processing costs
are still very high. For example, similarity retrieval in
high dimensional data spaces tends to access most or
even all similarity index tree nodes (sometimes
designated as the dimensionality curse).

Anocther important fact is that the specification of a
query object (, needed as a reference object in
similarity queries, is something users find quite
difficult. This problem is easy to understand if a space
of many dimensions is considered. Consequently,
several queries need to be executed before 2 good query
object is found. Initia] retrieval steps are needed to find
a more suitable query object. This iterative approach to
query processing makes the total costs of a query
execution even higher, while the need for exact answers
is not always relevant.

The vagueness in query specification together with the
high query execution costs led us to investigate the
following idea [11]:

Provided an approximate similarity search
can be performed much faster than the
precise search, the approximate similarity
reti ieval can play a useful role in the global
process of iterative similarity retrieval).

in other words, since processing exact similarity queries

is not always required, approximate answers would

suffice, especially when cobtained at much lower costs.

To investigate this idea, we have specified three

approximation techniques in the environment of the M-

tree. The approximations of the proposed techniques are

bound, respectively, by:

» therelative distance error,

e the statistically obtained fraction of the searched
file best cases, p;

* the tangent of the expected search improvement
curve, K.
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We have also defined measures to quantify the
performance improvements and the quality of
efficiency, -and tested all of our approximation
techniques by querying three different multidimensionai
data files.

Our results show that approximation through relative
error is not very efficient. Approximation through
distance distribution performs best, in fact,
improvements in efficiency of even two orders of
magnitude were observed for still quite high precision.
However, a characteristic distance distribution is
needed, and the quality of this distribution may
influence the performance. If such a distribution is not
available, the approximation through the slowdown of
distance improvements is strongly recommended,
because this method is simple, it does not need
additional data, and it also performs very well. Though
the techniques of approximation seem to be more
efficient for smaller sets of mnearest neighbors,
approximation techniques also seem to perform well for
skewed distance distributions, and they scale well to
manage large data files.

5. CONCLUSION

The definition of appropriate access structures
supporting sirnilarity retrieval of multimedia objects is
related to the mathematical properties of the used
feature representation, and to the similarity measure
adopted. In many cases, independently from the type of
data (images, audio, video, etc.), features are
represented by using a vector model with similarity
measures calculated with an Euclidean distance. More
complex situations are dealt using a more general
model, based on metric spaces. In both cases, several
access structures have been studied and are adopted in
many comumnercial and experimental systems. The main
limitation of the approaches adopted is limited
performance — mainly for high dimensional spaces —
which may require accessing approximately 10\% of the
entire database. A research direction that is under
investigation in crder to limit this problem consists in
accepting approximate results, yielding a significant
performance improvernent (in our experiments we
observed an improvemen: of up to two orders of
magnitude).
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