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ABSTRACT OF DISSERTATION
ADAPTABLE TEXT AND IMAGE RETRIEVAL SYSTEMS USING
RELEVANCE FEEDBACK

The purpose of this work is to develop adaptable and robust search and retrieval
systems for both text and image databases. The proposed systems referred to as
“model-reference text retrieval system (MRTRS)”, and “model-reference image re-
trieval system (MRIRS)”, are inspired from the well-known theory of model-reference
adaptive control systems. A learning methodology that incorporates users’ informa-
tion and expertise via relevance feedback to improve the relevancy of solutions is
presented. This methodology relies on a limited number of single-term as well as
multi-term queries for text databases and on a limited number of training samples
for image databases.

The learning in MRTRS involves three phases that are: (i) initial model-reference
learning, (ii) model-reference following, and (iii) relevance feedback learning from
expert users. The initial model-reference learning involves capturing the behavior
of a reference text retrieval model, when this is available, or simply the results of
an indexing system. The model-reference following is implemented in dynamic con-
ditions, when documents are added, deleted or updated. New relevance feedback
learning methods are developed for single-term and multi-term queries from multiple
users using either score-based or click-through selection feedback. Additionally, as a
by-product of our system, we account for the ability to cluster queries according to
their content. This feature allows the system to provide suggestion feedback to the

users to enhance their original query. The developed MRTRS system is tested on
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a text database that encompasses several HP-products with over 60,000 documents
and 130,000 terms.

The learning in MRIRS involves two phases that are: (i) model-reference learning,
and (ii) relevance feedback learning from expert users. Again, the model-reference
learning involves capturing the behavior of a reference image retrieval model, when
class information of the images is available. Relevance feedback learning is imple-
mented using the information on the relative positions of some relevant images. We
propose two different MRIRS retrieval systems that can operate in an online fashion
or in a batch mode. The first retrieval system uses several regulators working inde-
pendently from each other, though they are influenced by the users’ feedback. Each
regulator transforms the original query image into a mapped version with the goal of
driving the error signal between the output of the retrieval system and that of the
expert users to zero, hence meeting the users requirements. The second system uses
a single regulator to deliver a single mapped version of the submitted query image.
Although, structurally more complex, the multiple regulator image retrieval system
involves lesser number of parameters to fine-tune in response to either model reference
or relevance feedback learning. The implementation of each system via a structurally
adaptable neural network in which relevance feedback learning from multiple expert
users optimally maps the original query is presented. The learning algorithms are
thoroughly tested on a domain-specific image database, which encompasses a wide
range of underwater mine-like and non-mine-like objects captured with an electro-

optical sensor.

Jaime Salazar Tamez

Department of Electrical and Computer Engineering
Colorado State University

Fort Collins, Colorado 80523

Fall 2006
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CHAPTER 1

INTRODUCTION

1.1 Problem Statement and Motivations

The focus of most general-purpose text retrieval systems (TRS) is to apply robust
search and content matching to deal effectively and consistently with an overwhelm-
ingly large volume of information. In these systems, the user typically modifies and
enhances the query text in a subjective manner in order to narrow the domain of the
search. The search process typically culminates at a list of the documents from which
the user identifies, either implicitly or explicitly, the most relevant ones after navi-

7 “retrieval status

gating or browsing through the list in the order of the documents
values” or relative scores [1]. This subjective query modification does not allow for
the incorporation of the user expertise or feedback to influence the suggested solu-
tions. Moreover, identification of an optimum query that carries the required concept
is difficult or sometimes impossible, even for expert users. We propose to develop

adaptable text [2-4] and image search/retrieval systems for special-purpose applica-

tions allowing only expert users to incorporate their suggested solutions via relevance

feedback.

Special-purpose text and image databases are commonly found in a variety of
areas such as medicine [5,6] and military. These databases typically contain informa-
tion in the form of text, images, or text and images combined in the same document.

Due to the development of efficient technologies to transmit and store information,
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these databases may contain thousand or even hundreds of thousands of documents.
Querying these databases is performed regularly by an expert user who has the pos-
sibility to search through the list of retrieved documents but cannot typically modify
the retrieval system when the list is unsatisfactory. Although there exist methods [7]
that aid a particular user to search through a list of retrieved documents in an effi-
cient way, few of them keep what has been learnt from the expert user to enhance
the performance of the retrieval process for subsequent sessions by the same or other

expert users.

Relevance feedback was originally introduced in the vector space model for TRS by
Rocchio [8]. In this model, documents are considered as vectors in an n-dimensional
space where each element represents the weight or importance of a term or a stemmed
word in the document. Relevance feedback is a mechanism through which an original
query is automatically modified in order to improve retrieval efficiency based on infor-
mation extracted from labeled lists of relevant and non-relevant documents identified
by a user. Two commonly used methods that implement relevance feedback are query
expansion [9] and query point movement [10]. In query expansion, a new query is
formed by augmenting the original query using relevant terms extracted from the set
of relevant documents; while, in the query point movement, a new query is formed
by inducing a little perturbation to the original query. This perturbation is obtained
from the set of relevant and non-relevant documents. Most often, these two methods
rely on Rocchio’s formula [11] and work fairly well for general (not special-purpose)
text or image databases where a reasonable solution is also acceptable. But, they do
not offer good solutions for special-purpose databases where an accurate result list
is expected, unless several rounds of query modification is performed. Moreover, in
general-purpose databases, a user may be willing to spend several rounds of querying
until he/she gets the desired information. Whereas, in a special-purpose database, an

expert user expects to receive an accurate list of documents immediately after he/she

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



submits the initial query. Therefore, learning methods used in the retrieval systems
for special-purpose databases must incorporate relevant information efficiently and
with minimum involvement from expert users.

In summary, current TRS tools are typically designed for general purpose search
and retrieval applications and are not suited for special-purpose scenarios where the
domain of applications is limited to specific databases with expert end-users. Exam-
ples of such systems are in customer support of various corporations like that in our
study, educational institution databases, hospital databases [12-15], homeland secu-
rity and other similar applications where the accuracy and relevancy of search results
and system adaptability are of utmost importance. In these environments, TRS must
continuously learn from the users under hugely under-specified relevance feedback.
In other words, in contrast to the general-purpose TRS where abundant number of
feedback in terms of click-through selection are typically available for every query, it
is important to accurately meet the user requirements when queries normally do not
receive numerous feedback. Additionally, it is crucial to capture the expertise of all
the users by adapting the system parameters for more refined future searches using
an appropriated relevance feedback mechanism.

The need to develop a well-established framework for the problem of learning
from expert users via relevance feedback was the incentive that drove us to do this
research. In particular, there are definite needs for rigorous multi-term multi-user
relevance feedback learning for TRS that can accurately capture a set of input/output
relations even in contradictory and incomplete scenarios and for linear and nonlinear
query mapping cases. In what follows, we provide a survey of related previous work

on text and image retrieval systems.
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1.2 Previous Work

1.2.1 Survey on Text Retrieval Systems

Text retrieval systems that allow for user contribution typically utilize “relevance
feedback” [16-19] from the users to modify the original query in order to meet the
users’ requirements and improve the retrieval efficiency. It is expected that the new
query would deliver a more refined list of documents than that delivered by the
original query. As mentioned before, a mechanism to implement relevance feedback
was originally introduced by Rocchio [8]. In this algorithm, the query is modified
selectively using relevant documents to achieve improved retrieval. Ide {20} showed
that by incorporating non-relevant documents as well as the relevant ones, retrieval
accuracy could be improved even further. In [11] and [21], query modification using
Rocchio’s formula and query expansion schemes are used, while others rely on support
vector machines (SVM) [22-24], on learning from a committee of agents [25], or on

boosting algorithms [26].

The learning capabilities of a neural network provides an ideal framework around
which an adaptive TRS could be built [27,28]. Kwok [29] devised a probabilistic
document retrieval system implemented using a feedforward neural network. The
search results are ranked in the order of conditional probabilities that are estimated
based on a sample of relevant documents to the query. In [30], [31], a back-propagation
neural network (BPNN) was used as a retrieval system. The retrieved documents for
a query are compared against the corresponding relevant document set and if any
non-relevant document is also retrieved the network relearns to remove the document
from the list. The documents are listed as relevant or non-relevant and are not
ordered in accordance with their relevancy to the query. The results in [30], however,
indicated poor performance of the network when the training was done only with
several relevant documents. Boughanem et al. [32] used an unsupervised network

with two fully interconnected layers where the neurons in the first layer represent
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terms and those in the second layer represent documents. Hebb’s learning rule [33]
was used to modify the connection weights. Recently, Bouchachia [34] proposed a
hierarchical fuzzy neural network architecture for document retrieval. The documents
and queries are represented as fuzzy sets and a two-layer neural network is used to

learn the implicit relationship among the documents.

In [22], Tong and Koller developed an active learning scheme using SVM, called
SVM getive, t0 quickly and effectively learn the boundary that separates samples that
satisfy the user’s query concept from the rest of the text database. To solicit relevance
feedback, the user is asked to label a small set of documents as relevant or non-
relevant classes. Using these initially labelled samples, the system finds the separating
hyperplane and performs a series of querying rounds. At each round, the hyperplane
parameters are adjusted based upon user votes on the unlabelled samples closest to the
hyperplane. At the completion, the SVM 4444 returns the top k-most relevant samples
which are farthest from the hyperplane on the query concept side (i.e. relevant
samples). Comparison of the SVM 4cive results with those obtained using Query
by Committee (QC) algorithm [25] indicated the superiority of SVM 4ctive regardless
of the initial number of labelled samples.

In [35], using the risk minimization framework of SVM and the description-
oriented class of ranking functions [36], a learning method for linear retrieval function
using click-through data is presented. Discordance pairs between the ranked docu-
ments and the click-through data are used to create a set of training samples. The goal
is to learn a ranking function with the minimum number of discordance pairs. This
is equivalent to maximizing the Kendall’s 7 [37] factor, which measures the degree of
correspondence between two ranking schemes. A suboptimal solution is suggested by
formulating the SVM problem with a penalizing factor that accounts for the errors

of the discordance pairs.
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1.2.2 Survey on Image Retrieval Systems

During the last decade extensive research on content-based image retrieval (CBIR)
has been conducted [38-40] to incorporate user’s expertise via relevance feedback.
Relevance feedback, which is a well-known [26,41-43] mechanism created for text
retrieval systems, has found acceptance in image retrieval applications as well. CBIR
~ systems utilize relevance feedback to dynamically modify the original submitted image

query [44] or some similarity measure [45] in order to meet users’ requirements.

Algorithms such as query modification and query point movement for relevance
feedback in the image retrieval area have been adopted from their counterparts in
the text retrieval area. In query modification, the query is modified selectively using
relevant and non-relevant documents to achieve improved retrieval. An example of an
image retrieval system that utilizes relevance feedback using this scheme is the Multi-
media Analysis and Retrieval System (MARS) [46]. In most retrieval systems, the
process of query modification via relevance feedback is typically interactive involving
several querying rounds until the refinements eventually result in a list of images that
most closely carry the required concept. During this challenging and time consuming
process the end-user may loose his/her patience in voting and scoring the relevant
images, which may in turn lead to inaccurate or inconsistent association. Moreover, as
pointed out before these systems are designed for general-purpose search and retrieval
applications and are not suited for scenarios where the domain of applications is
limited to specific databases with expert end-users. Also, relevance feedback is applied
only on temporarily basis for each user during a particular session. Additionally, most
of the present algorithms assume binary (positive or negative cases) relevance feedback

from the users.

More recently, user feedback has found numerous applications in machine learn-

ing using both positive and negative samples. In this framework, methods such as
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Support Vector Machines (SVM) [47], Bayesian inference [48], K-nearest neighbor
classification, boosting, and bagging [49] are among the popular ones. The system
developed by Chen et al. [50] used a learning scheme based upon SVM to classify
positive feedback samples from the negative ones given that only the positive samples
are known. The assumption is that positive examples cluster in a certain way but
negative ones do not, since they can potentially belong to any class. They used a
function to map each positive sample from the input space to the feature space, where
most of the positive samples are placed inside a hyper-sphere, with unknown center
and radius subject to certain constraints. An unknown sample is then classified as
positive or negative depending on whether it lies inside or outside the hyper-sphere.
They reported excellent results considering that they used a small number of positive
training samples. However, the performance of the method relies on the choice of a
free parameter. There is also no control on the relevance (or position) of the positive

samples as all of them are treated equally.

Another method that modifies a similarity metric was proposed by Guo et. al
[26]. They applied a boosting algorithm in order to learn the boundary between
positive samples and the negative ones. The input to their algorithm consists of the
training samples and their corresponding labels. Adaboost iterative algorithm [49)
is used starting from a set of weak hypothesis to arrive at the best final hypothesis
after several iterations. The final hypothesis is used to form the decision boundary.
The results are compared with the boundary region generated by a SVM. Positive
and negative samples for boundary learning are provided by the users through the

relevance feedback. Although this algorithm is appropriate for some photo collections,

its effectiveness remains in doubt when the amount of noise in images increase [51].

Among the amply variety of methods that incorporate relevance feedback into the

learning process for image retrieval [26,43,52-54], the approach in [55] is perhaps
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the most related one to that presented here. In [55], the authors created a RBF-
alike scoring function using a sum of univariate Gaussian-shaped functions centered
at individual features of the input query. After the user is asked to label some
displayed images as relevant or non-relevant, the standard deviation for each feature
is estimated. In addition, the input query suffers a series of modifications in order
drive the query towards the relevant images and against the non-relevant images. To
this aim, they use the linear vector quantization (LVQ) algorithm. After convergency
of the algorithm, the final query is substituted in the RBF-alike scoring function
to compute the score of each image in the database. The main advantage of the
scoring function is that it is easy to compute. However, the scoring function does
not represent a RBF structure but rather an overwhelming simplification where the
good properties of RBF approach as function approximation are not fully exploited.
In our work, we circumvent this problem by using the kernel functions along with

appropriate learning rules to find the corresponding parameters.
1.2.3 Overview of a Typical Text/Image Retrieval System

A typical TRS/IRS consists of several components or subsystems namely storage,
document (image) indexing system, user interface and search/retrieval system (see
Figure 1.1 (a)). The storage system maintains the documents (or images) in the
database in their original format, which for the case of text could be a simple text
format in ASCII, a more sophisticated format such as hyper-text-markup-language
‘HTML’, or Standard Generalized Markup Language (SGML) and for the case of
images, it could be the Joint Photographic Experts Group (JPEG) format, the win-
dows bitmap (bmp) format, or another useful representation. The indexing system
processes each document (or image) in the database and generates an indexed file
(or feature vector) based upon certain attributes in the documents (images). These

attributes represent the importance of different terms (or features) contained in the
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document (image). These attributes (features) form a vector d; = [dy;, daj, - . ., dag]”,
that represents j** document, j € [1, N], where N is the total number of documents
(images) in the database and "T” represents the transposition operation. The compo-
nent, d;;,3 € [1, M] where M > N is the total number of terms (number of features) in
the entire corpus, gives the weight or importance of the term (feature) ¢; in document
(image) d;. When a specific term is not present in the document the corresponding
entry in the vector is 0 for the case of text (for images, regularly all the elements have

a value different of zero).

Indexing

System

Search &
Retrieval
System

% <-_—:> User Interface

Search results

(a) Typical (non-adaptable) TRS (IRS).
Knowledge Repository

(b) Relevance-Feedback Adaptable Retrieval System.

Figure 1.1: Typical and Adaptable Text (Image) Retrieval Systems.
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The retrieval and search system performs, upon the user request or query, a simi-

larity measure s(q, d;) between the submitted (text or image) query q and each doc-

=j
ument (image) vector d; in the entire database and delivers n < N closest matches.

In the simplest case, this similarity measure could be s(q, d;

) = QjTg_. The search
and matching processes result in a list of the relevant and non-relevant documents
arranged in order of their relevancy (or match) to the submitted query. The “re-
trieved status value” or relative score of each listed document is clearly a function
of the adopted similarity measure and the model used by the particular TRS (IRS)
system [56].

If the search results and the retrieved status values are not arranged in their
relevancy to the items of interest, the user may need to interactively modify the
query until the refinements lead to results that most closely carry the required query
concept. Since the identification of an optimum query is difficult and sometimes an
impossible task (especially for images), the user must navigate through the list of
documents and identify the most relevant document(s), which could be unfavorable
for large databases.

The navigation process is illustrated in the upper part of Figure 1.1 (b). For
simplification purposes, only one round of querying divided in four consecutive time
steps is presented. Let us describe this process in detail for our text retrieval case.
At time tg, query q is submitted to the TRS. This query is an M-dimensional binary
vector ¢ = [1...0 1 0...1...0 1]7, where the " element is one if the " term

in the database is in the query, otherwise it is zero. At time ¢;, the list of scored
documents r is delivered. Then at t,, the user, evaluates the listed documents and
provides information about some relevant and non-relevant documents in order to
form a desired list of scored documents . At time t3, an error signal J is formed that
is the difference between the actual output of the retrieval system and the desired

output, i.e. § =r — . This error is then used to adjust the internal parameters of

10
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the adjustable mechanism in order to meet user’s requirements.
We define relevance feedback learning as the process of finding a multivariate
mapping function ¢ : RM — RM that transforms an input query g into an optimal

one, g, given a set of K training samples {gz, d;, Tza} , Where 7;; is the desired

i=1,j€[1,N]
score of document d; for query g;, and IV is the number of documents in the collection.

Thus, the problem can be cast as follows. Find ¢(-) such that

f@) =D lIf — ¢"(a)d;I* (1.1)

=1 j5=1

attains its minimum. Note that this must be solved for a known class of ¢(-) functions.

In the case of text retrieval, one of the goals of the proposed system in this work
is to incorporate relevance feedback information via a linear mapping function, i.e.
#(q;) = Zq, where Z is an M x M matrix. Other two goals are (1) to follow the
behavior of a reference model and (2) to make the system robust to environmental
changes resulting from removing, adding, or updating documents (images) in the
database. In the case of image retrieval, the goal is to incorporate relevance feedback
via a non-linear mapping function. The goals of the proposed retrieval systems as

well as the approach taken here are discussed in the next section.

1.3 Goals and Contributions of the Present Work

The goal of the present work is to develop, under a unified approach, a theoreti-
cal and practical framework related to the creation, maintenance, and learning of
adaptable text/image retrieval systems for special-purpose text and image databases
with expert end users. The approach is inspired from the well-known model-reference
adaptive control theory, and hence our proposed text and image retrieval systems are
subsequently referred to as “model-reference text retrieval system (MRTRS)” and
“model-reference text retrieval system (MRIRS)”. The proposed systems advance the

state-of-the-art in adaptable text and image retrieval systems that can continuously
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learn from multiple users while maintaining the stability of the previously learnt in-
formation.

The propose of our text and image retrieval systems it to capture both the input-
output behavior of a “reference retrieval model” and the knowledge from a set of
experts users via relevance feedback. The novelty of our approach lies in the rigorous
formulation of the problem of learning from users in both text and image retrieval
cases where usually only a limited number of training samples are available. The pro-
posed adaptable systems typically contain four components: a plant, which embeds
the information of the documents (images) in the database; one or several regulators,
that embed relevance feedback repositories; a reference-model, which is represented
by a log-file in the image case or an external model-reference as in the case of text
retrieval; and an adjustment mechanism, which provides the learning rules to adjust
the parameters of the regulator(s).

Three learning modes are devised for the adaptable text retrieval system. These
are: initial model-reference learning, model-reference following, and relevance feed-
back learning. Initial model-reference learning phase is used to capture the input-
output mapping of a reference retrieval model for an ensemble set of queries and their
corresponding listed documents. This could be done either in a regression mode using
a score-based matching or in a classification mode using the support vector machines
(SVM)-based framework [33]. The reference model could be either a typical non-
adaptable (to user feedback) TRS, or an initial retrieval system. In the latter case,
only the document vectors are needed to initially train the system, without the need

to have queries and their associated listed documents. In the former case, a typi-

cal retrieval model is initially used and then subsequently enhanced using a limited
amount of multi-user feedback.
Once the initial model-reference learning is completed, it is crucial that the reg-

ulator adapts itself to the changes in the model or the environment (in this case the

12
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database). These changes can be brought about as a result of document re-indexing,
adding new documents that may contain new terms, and deleting the obsolete ones.
The key requirement is that these changes must be incorporated into the system
without impacting the performance or sacrificing the stability of the previously es-
tablished learning. The model-reference following is accomplished efficiently in the
regulator of the proposed system using a recursive (online or batch) learning. This
learning mode enables the retrieval system to account for all such changes in a fast
and efficient way while keeping all the previously learnt information intact.

Relevance feedback learning mode aims at meeting multiple users’ requirements
and at the same time preserving the previous learning. In our proposed text (or
image) retrieval system, relevance feedback information is incorporated by updating
the parameters of the regulator(s). The user relevance feedback information to the
adjustment mechanism could be either in form of desired scores of the most relevant
document(s) or click-through selection results. These specific scenarios can be im-
plemented using regression or classification-based learning algorithms. When dealing
with incorporating relevance feedback from a group of expert users, a classical clas-
sification framework is not the most appropriate choice as different documents might
receive different votes, even for the same query. In this regard, a regression framework
or a modified classification framework which consider partial order relations is more
appropriate. Most of the submitted queries to a TRS are short queries containing
three or less terms. The proposed methodology for relevance feedback learning ac-
counts for this types of queries as well as for the single-term queries that constitute
almost 30% of the total queries that can be encountered.

In summary, the proposed adaptable text and image retrieval systems hold cer-
tain unique attributes such as adaptability to environmental changes (database) and
their effectiveness in incorporating multiple experts users’ feedback under conflicting

conditions. Moreover, the ability to incorporate all the new solutions without erasing
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the old information is one of the greatest attributes of the proposed retrieval systems.

1.4 Organization of the Thesis

The organization of the thesis is as follows. In Part I of the thesis, Chapter 2 in-
troduces our model-reference text retrieval framework. A general overview of the
proposed text retrieval system framed in the model-reference theory is presented.
Chapter 3 addresses the problem of setting up the parameters of our system as the
problem of learning using a limited set of input-output relationships of an external
model retrieval system. Both single-term and multi-term queries cases area consid-
ered. The experimental results for the initial model-reference training based on single
terms queries and testing on single and multiple terms queries are also presented in
this chapter. In Chapter 4, the algorithms for adapting the parameters of the sys-
tem as well as its structure under the introduction of new documents or the deletion
of old ones are presented. Numerous tests are conducted to evaluate the proposed
retrieval system when it faces environmental changes resultant from document addi-
tion, deletion, or updating. Chapter 5 introduces the problem of learning from expert
users via relevance feedback in the proposed adaptable text retrieval system for both
single-term and multi-term queries. The problem of relevance feedback learning is
cast as regression or a classification problem, depending on the nature of the received
relevance feedback. To test the learning algorithms a representative set of queries
collected by HP corporation during a six month period is used in the experiments.
Chapter 6 introduces a new clustering algorithm that can provide feedback to the
users on the relevant query concepts. Comparative results of this algorithm versus
the two dimensional self organized memory (2D-SOM) and results from experts users
are presented.

In Part II of this thesis, Chapter 7 presents our model-reference image retrieval

framework and gives general overviews of the two image retrieval systems proposed in
14
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this work. Chapter 8 covers the detailed description of the image databases and fea-
ture extraction methods, namely the shape-dependent features given by the Zernike
moments and the textural-dependent features given by Co-Occurrence Matrices, used
in the subsequent experiments. Experimental results showing the characteristics of
the texture and shape dependent features for some of the 40 different types of ob-
jects are presented. In Chapter 9, a new multiple-regulator-based model-reference
image retrieval system is presented. The associated learning algorithms for learning
from a reference model and users are also developed. Results of the multi-regulator
MRIRS are also presented for various modes of learning on an underwater target
database. Chapter 10, presents our preliminary results on the development of the
single-regulator image retrieval system and some of the learning algorithms. Finally,
Chapter 11 presents the conclusions, observations on this work as well as some items

to be studied in future work.
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PART I: TEXT RETRIEVAL
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CHAPTER 2

A MODEL REFERENCE TEXT RETRIEVAL

FRAMEWORK

2.1 Introduction

The purpose of this chapter is to present the fundamental ideas behind the creation
of an adaptable and robust text search and retrieval engine that can incorporate
the users’ information and expertise to improve the relevancy of solutions. The pro-
posed system is inspired from the well-known framework of model-reference adaptive
control systems [57, 58], and hence is referred to as “model-reference text retrieval
system (MRTRS)”. The novelty of our approach lies in the development of rigorous
formulations for the problem of learning from users in text retrieval systems.

The proposed (MRTRS) system captures users’ expertise to enhance its perfor-
mance based upon a limited number of single-term or multi-term queries. The learn-
ing involves three phases that are: (i) initial model-reference learning, (ii) model-
reference following, and (iil) relevance feedback learning from expert users. Initial
model-reference learning involves capturing the behavior of a reference text retrieval
model. The initial model-reference learning uses a set of input-output relationships
generated by an external non-adaptable retrieval system to initialize the internal pa-
rameters of our MRTRS. In absence of a reference text retrieval model the indexed

documents can be used to initialize our system. The model-reference following is
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implemented in dynamic situations, when documents are added, deleted or updated
without jeopardizing the accuracy of the system for previous solutions. A new rele-
vance feedback learning method will also be developed for single-term and multi-term
queries from multiple users using either score-based or click-through selection. Addi-
tionally, as a by-product of our system is the ability to cluster queries. This feature
allows the system to provide suggestions to the users on how to enhance their original
query.

The MRTRS contains five components. These are: a retrieval system or a ‘plant’,
a mapping mechanism or ‘regulator’, an adjustment mechanism, an external text
retrieval system (TRS) or reference model, and a user relevance feedback repository.
The plant contains the information of the documents in the text database needed for
the retrieval process. In the plant, each document is as a feature vector containing
the weights of the terms in the corpus. The plant is in charge of normal search and
retrieval operations as in most text retrieval systems. The plant is not adaptable
under users’ relevance feedback, however, it is adaptable to changes caused by adding
or deleting documents. The regulator takes the original query, transforms it using the
accumulated feedback, and resubmits it to the plant. When there is no accumulated
feedback, provisions are taken to adequately initialize the MRTRS, as we shall show
later. The adjustment mechanism modifies the parameters of the regulator based
upon the information received from either expert users or another retrieval system
(model-reference). The learning is carried out by the adjustment mechanism while
what has been learnt is stored in the regulator. The external TRS generates a set

of input-output relationships that will be used to set up the regulator. The user
feedback repository contains relevance information captured from expert users. This
information is then used to enhance the accuracy of the retrieval process not only for
solutions previously found but also for new ones that share some common information

(generalization capability).
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In special-purpose TRS, where mainly expert users conduct search and retrieval
operations, it is crucial that the system exactly meets the specific requirements while
maintaining the previous learning. The main benefit of the proposed approach is
the ability for the expert users to contribute to the decision-making capability of the
system and to enhance the relevancy of the suggested solutions, without the slow
and expensive process of authoring or modifying the information content within the
query directly. The efficiency of the system improves over time as expert users actively
provide relevance information in the context of their needs. The learning eventually
culminates at the optimal association for mapping queries to documents that will
be captured in the system for future use. The MRTRS system offers high retrieval
accuracy needed in critical applications and more importantly preserves stability of
the stored information, while offering plasticity needed in these applications.

Section 2.2 describes an overview of the adaptable MRTRS along with its compo-
nents. Section 2.3 presents brief description of the different model-reference learning
modes, namely, the initial model-reference, model reference following, and relevance
feedback learning covered in more details in the next chapters. Finally, conclusions

and observations are given in Section 2.4

2.2 Overview of the Proposed MRTRS

To capture user’s expertise via relevance feedback, we propose a model-reference text
retrieval system (MRTRS) framework. The overall MRTRS retrieval system archi-
tecture is presented in Figure 2.1. The purpose of the system MRTRS is to provide

an adaptable text retrieval system that enhances the capabilities of a typical text

retrieval system. Under this framework the system might work either in a retrieval
mode or in an active learning mode, modifying its internal parameters. The retrieval

+ mode involves computing the score list r of the documents following the direct path
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between the submitted query q and r, as indicated by the solid lines in the feed-
forward path of Figure 2.1, i.e. r = DTZq, where D = [d;d,---dy] is the matrix
of documents of the database d; = [dy; da; - -dum;]”, j € [1, N], with dj; being the
weight of term 4 in j** document, and Z is an appropriated M x M mapping matrix
that transforms the original query into the ‘optimal’ one. The learning mode involves
capturing either the user expertise via relevance feedback, as indicated in the lower
part of the figure, or the behavior of another retrieval system, as indicated by the
upper two blocks. In addition, the leaning mode must take into account dynamic
databases where documents could be modified, added, or removed.

As can be seen, the proposed MRTRS contains five components. These are: (1) a
retrieval system or plant (in analogy to adaptive control); (2) a mapping mechanism
(or a regulator) in the form of a mapping matrix; (3) an adjustment mechanism
(learning); (4) a reference model; and (5) user’s relevance feedback repository, which

could be a log file (not shown in Figure 2.1).
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Figure 2.1: Model Reference Text Retrieval System.

In the MRTRS, when the user submits a query, the system first transforms the
query into a new or modified version and then resubmits this modified query to the
retrieval system to get the score of the documents. The retrieval system could be a

TRS as in Figure 1.1 (b). The modified query is generated by the regulator, which
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captures the user expertise through the interaction with the user via the relevance
feedback process (see Figure 2.1). The initial mapping matrix in the regulator could
be an identity matrix, which implies that no expertise is built into the regulator
yet. Through time, however, the regulator gains experience from the expert user’s
feedback (lower path in Figure 2.1) or from the TRS reference model (upper path),
if the latter is available. Normally, the relevance feedback information is binary,
because users normally click on at the most relevant document(s). When an external
reference model or search engine provides the relevant documents for an input query,
which happens in our system during the initial-model reference learning mode, the
feedback may not be binary. That is, the desired scores of the listed documents (by
the model TRS) are used in conjunction with an adjustment mechanism to update
the parameters of the regulator. We shall see in the next chapters that if the score
for each document is a continuous value then a regression framework is needed to
derive the appropriate rules for updating the parameters. On the other hand, if
the output of the reference model is given as an ordered list of relevant and non-
relevant documents then a classification framework is more appropriate. Thus, the
adjustment mechanism associated with the reference model provides the learning rules
to update or find (in case that a complete input-output relations were available) the
parameters in the regulator. The adjustment mechanism (lower path) associated with
the user feedback, can also be implemented either in classification mode (click-through

selection) or in regression mode (score-based voting).

2.3 Model Reference Learning Modes

We devise three different learning modes for our MRTRS. These are: (i) initial model-
reference learning mode which enables the system to follow accurately a limited num-
ber of training samples provided by the reference model; (ii) reference following learn-

ing mode which makes the system to adapt itself to the environmental changes brought
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about from the addition, deletion or updating of the database documents; and (iii)
relevance feedback learning mode which helps the system to incorporate adequately
the information from one or more expert users. These modes will be briefly described

next.
2.3.1 Initial Model-Reference Learning

The goal of the initial model-reference learning is to capture the input-output mapping
of a reference model for an ensemble set of queries and their corresponding listed
documents. The reference model could be a typical non-adaptable TRS either with
known retrieval function, where abundant input-output mapping for a specific set of
queries can be generated and then utilized to initially train the system, or a TRS
with unknown retrieval function, where the input-output mapping can be limited
and/or vague. It is vague when, for instance, the scores are not known but instead
an ordered list of documents is provided. In absence of a reference model, the results
of an indexing system can be used to initially set up the MRTRS. In this case, the
parameters in the regulator are obtained exclusively based upon document vectors

d;’s produced by an indexer (See Remark 3.1 in Chapter 3).

The initial model-reference learning will be implemented in either regression or
classification modes. The regression mode is used when the model retrieval function
is known or the output of system is not vague, as defined before. The classification
mode is used when the mapping of the model reference system is vague and hence only
the class labels (i.e. relevance or non-relevance) are considered. In both regression

and classification modes, the formulations can be extended to the kernel case in order

to capture non-linearities inherent in the retrieval function. It must be pointed that
a linear scoring system with known retrieval function can be easily captured using
our framework while the degree on the approximation of a nonlinear scoring function

depends in part on the knowledge we have about the type of retrieval function and
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on the basis functions we use to approximate it, e.g. it is known [59] that polynomial

functions cannot be approximated using Gaussian radial basis functions .

Now, let us consider a reference model that exploits the linear retrieval function
proposed by Robertson and Jones [11]. This system uses the classical probabilistic
retrieval model. The function for computing a similarity measure between document

d and query q in this model is given by

P(ti|R) 1 - P(t|R)
Zwlqwld (log PR 4 logW> , (2.1)

where wy, and wyy € {0,1} are the weights for term ¢; in query g and document
d, respectively, and P(t;|R) and P(t;|R) are the estimated probabilities that term
t; is present in a relevant or in a non-relevant document, respectively. If we define
dy = wig(log(P(t;|R)/(1—P(t;|R)))+log((1—P(t;|R))/P(t|R))), I € [1, M], the docu-
ment vector becomes d = [dd; . . . dp]T, and the query vector is g = [wy,waq - - - warg]T-
Then, the retrieval function in (2.1) can be expressed as r(d, q) = d”q. This formula-
tion implies that the plant is represented by matrix DT in our proposed system (See

Figure 2.1).

In the initial model-reference learning, the query mapping subsystem generates a
modified query (like control signal in an adaptive control system), g, that yields the
desired response or the document list, T, for the original submitted query. The desired
response, I, for a submitted query is generated by the reference model. Note that the
dimension of the original query space q is the same as that of the mapped query §. The
process is shown using the dotted-dashed lines in the upper loop of the block diagram
in Figure 2.1. The static retrieval system in the feedforward path, which plays a
similar role as a plant in an adaptive control system, is a linear system described by
matrix DT where D = [d,d,...d;...dy] is the document matrix generated by an

indexing system, d,; is the 4t document vector of size M x 1.
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Initial model-reference learning using the regression method based upon single-
term queries is already developed in [2] and successfully tested on the HP product
family databases. In this research, we develop linear learning algorithms for both
multi-term and single-term query combinations in both regression or classification
modes. In Chapter 3, we introduce the ideas and methodologies behind our proposed

approaches in more details.

2.3.2 Model Reference Following

Once the initial model-reference learning is completed and the system in the feed-
forward path of Figure 2.1 captures the underlying input-output relationship of the
reference model, it is crucial that the regulator can adapt itself to the changes in
the model or the environment (database). These changes can be brought about as a
result of document re-indexing, adding new documents that may contain new terms,
and deleting the obsolete ones. The key requirement is that these changes must be
incorporated into the system without impacting the performance or sacrificing the

stability of the previously established learning.

This model-reference following can be accomplished efficiently in the regulator
of the proposed MRTRS using a recursive (online or batch) learning. As in the
initial learning, the upper loop in Figure 2.1 together with an appropriate adjustment
mechanism is used in this phase. In [2], a batch method for document addition and
deletion in linear regression mode and for single-term queries has been developed and
tested on the HP product family database. In this research, we have developed on-line
iterative learning schemes for both the regression and classification modes when the
queries contain multiple terms. We shall explore how to incrementally add and/or
delete documents without requiring to retrain the system. The connection of our
learning methodology with the classification framework and in particular with the

SVM paradigm will be presented in Chapter 3.
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2.3.3 Relevance Feedback Learning

Relevance feedback learning refers to the interaction of a retrieval system with a
user with the aim of incorporating user’s expertise into the retrieval process. Before
developing a learning algorithm capable of efficiently incorporating relevance feedback
it is indispensable to understand how a typical user-retrieval system iteration takes
place. The term ‘typical’ denotes an interaction between a user and the system in
which relevance feedback is not involved. A typical interaction starts when a user
submitting a query and the system displaying a list of documents along possibly with
their respective scores and a brief description of the document or short passages of
text where the terms in the query are highlighted. If the user finds one of these
documents of interest then he/she may open it and start searching for the desired
concept. In case that the concept is not present the user might decide to open another
document or resubmit a modified version of the original query by adding or deleting
some query terms. Even in the case that the concept is present in the document the
user might still want to conduct another search and look for additional documents
that could contain the same concept. The interaction ends satisfactorily when the

user finds the concept of interest and decides to terminate the retrieval process.

Often the original submitted query does not meet the specific user requirements in
terms of the listed documents, their relevancy and relative scores. To meet the users
requirement and at the same time preserve the previous learning, in our proposed
MRTRS system, the relevance feedback information can be incorporated using two
different learning frameworks, depending on the nature of the user feedback. This
can be accomplished by updating the parameters of the regulator or the weights of
the block, namely W matrix. In the MRTRS, the lower feedback loop (relevance
feedback loop) of the system in Figure 2.1 provides expert users’ votes on relevant
and non-relevant documents to the adjustment mechanism, which in turn updates

the parameters of the regulator to meet the user requirements by imposing relevance
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feedback. The user relevance feedback information to the adjustment mechanism
could be either in form of desired scores of the most relevant document(s) or click-
through selection results. These specific scenarios can be implemented using regres-
sion or classification-based learning. Clearly, this phase of learning captures certain
user-based information and expertise that cannot be learnt from the reference model

alone.

To enhance the behavior of the MRTRS for better capturing the hidden associations
between the queries and the relevant documents, relevance feedback learning from
multiple expert users can be implemented in our system even when the votes are
contradictory. In our proposed system, relevance feedback captures this high-level in-
formation from the expert users via the same adaptation mechanism for the regulator
parameter. This is done without jeopardizing the previous learning. The multi-user
voting process (click-through) results in a log file of queries and the voted documents
together with other useful information such as frequency of votes, expertise level of
the users, date in which voting takes place, date in which the document is last mod-
ified or any other factors. These can then be used in conjunction with some specific
heuristic rules to arrive at the desired score vector for every query in the log file.
These scores are then provided to the adjustment mechanism for relevance feedback

learning.

2.4 Conclusions

This chapter presented a novel adaptable text retrieval system that is based on con-

cepts of adaptive model reference control. The system is capable of incorporating

knowledge collected from a pool of expert users via the relevance feedback informa-
tion or from a reference model via a limited number of training samples. Our proposed
model-reference text retrieval (MRTR) system consists primordially of a retrieval sys-

tem that stores the information of the collection of documents and a regulator that
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captures the behavior of a model retrieval system or a group of expert users or the
combination. The main function of the regulator is to transform the original query
into a new one that meets user requirements in terms of the positions of the relevant
documents in the displayed list and/or their retrieval scores. This transformation
somehow resembles the addition and/or deletion of terms that a user performs on
the original query in order to get the desired list of documents. The learning modes
are: (i) initial model-reference learning used to emulate the behavior of an external
model text retrieval system; (ii) model reference following used to make the system
robust to environmental changes resulting from the introduction of new documents,
deletion, and updating of old ones; and (iii) relevance feedback learning used to cap-
ture, without erasing previously captured learning, knowledge from a group of expert
users. These learning modes provide a fully flexible search engine that can accurately
and promptly respond to the needs of the expert users of any other expert agent. A
general overview of different possible learning modes were presented, leaving specific

details for the subsequent chapters.
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CHAPTER 3

INITIAL MODEL REFERENCE LEARNING

FOR TEXT RETRIEVAL

3.1 Introduction

As mentioned in the previous chapters, the goal of the initial model-reference learning
phase is to capture the input-output mapping of a reference model using an ensemble
set of queries and their corresponding listed documents. This could be done either in
regression mode using a score-based matching or in classification mode using the SVM
framework using only partial information about the listed documents as will be shown -
later in this chapter. The reference model could be either a typical non-adaptable (to
user feedback) TRS, or a simple document indexing system (see Remark 3.1). In the
latter case, only the document vectors d,’s are needed to initially train the system,
without the need to have queries and their associated listed documents.

During this initial model-reference learning the role of the query mapping subsys-
tem is similar to a regulator in an adaptive control system that generates a modified
query (control signal), g, that yields the desired response or the document list, t, for
the original submitted query. Note that the dimension of the original query space g is
the same as that of the mapped query q. The process is shown by the dotted-dashed
lines in the upper loop of the block diagram in Figure 2.1. The desired response,

t, for a submitted query is generated by the reference model. The static retrieval
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system, which plays a similar role as a ‘plant’ in an adaptive control system, is a
linear mapping system described by matrix DT where D = [d,d, ... d;...dy] is the
document matrix for the entire collection, d; is the 4" document vector of size M x 1
as defined before. The document matrix is generated either by the indexing system
within the TRS or any other basic indexing process. In the former case, the matrix is
generated using the input-output relationships of a selected set of single-term queries,
while in the latter case, the matrix is generated using a particular indexing scheme.
In both cases, the creation of the ‘plant’ (represented by the matrix of documents)
is a straightforward process that does not require a lot of computations. However,
we cannot make the same statement for the creation of the regulator, for which,
an appropriated learning scheme for adjusting or updating its parameters must be
derived.

The organization of this chapter is as follows. Section 3.2 presents our novel
initial-reference learning methodology casting a minimization problem in a regression
framework. This is done using either single term or multiple terms queries. Section
3.3 presents the minimization problem in a classification framework, used when only
partial information of the listed documents is known. Section 3.4 gives a connectionist
system that effectively implements the learning rules derived in previous sections.
Section 3.5 presents a study on the computational complexity of the algorithms that
generate the mapping matrix of the regulator. Section 3.6 presents the experimental
results on a text database of the Hewlett-Packard (HP) corpus. Finally, Section 3.7

presents the conclusions of our initial model reference learning framework.

3.2 Learning as a Regression Problem

3.2.1 Single-Term Queries

The goal of this initial model-reference learning is that having submitted the original

it" query q;, we would like to find the optimal mapped query, d;, that yields the desired
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response, t;, where g, is a single-term query consisting of term ¢; and represented
by input vector q; = e;, with ¢, = [0---1---0]T being a unit norm vector with
the " component being 1. Since typically M > N, this parameter estimation
problem is under-determined. Thus, the problem can be cast as a minimum-norm
least square (LS) [60] where it is desirable to find a mapped query ¢; with minimum
distance from the origin (i.e. small number of terms) subject to constraint D7g; = f;,
where £, = [, T, . .. ,fiN]T is the desired score vector for the 5** submitted query.
Accordingly, we can construct the Lagrangian function
1 N
(&, w;) = §§131Qi + Zwij(fij - Q?Ai) (3.1)

i=1
where w; = [w;; - - - win]T and w;;’s are Lagrangian multipliers. Differentiating J(§;, w;)

wrt 4, and setting the result to zero yields
N
q; = Z wi;d; = Dw; (3.2)
j=1

Now, taking the derivative of J(4,;, w;) wrt w; and setting the result to zero yields

DT§, = £,. Combining with (3.2) gives the solution for the optimal w;,
w; = (D"D)™'t; (3:3)

which yields the desired result T; at the output of the retrieval system. Thus, the LS
solution for g, lies in the space spanned by the documents. This can be viewed as a
generalization of the Rocchio’s formula [11] where all the documents are included and
their associated weights are obtained using the learning mechanism in this section.
Note that from Figure 2.1 in Chapter 2, we have the relationship 4, = Zq, = DWq;
between the original query and the mapped query §;. Clearly, for the single-term

queries g, = ¢;, this relationship becomes

4; = DWe; = Dw;,, (3.4)
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where w, is the i** column of weight matrix W. That is, in this case it is only essential
to solve for w; to meet the desired score vector f;. Thus, single-term queries can only
identify one column of W at a time.

The objective function J(g;,w;) can equivalently be represented in terms of doc-

uments d,’s and the Lagrangian multipliers leading to the following “dual problem”,

N N N
1
{(w;) = Z Wiy = 5 Z Z wijwied] dg (3.5)
Jj=1 j=1 k=1
= W, — sw? D™Dy, (3.6)

v 2
which should be maximized wrt w,. This cost function is only represented in terms
of weights and dot product of documents Qfd_k. This implies that there is a close link
between the proposed query mapping approach and SVM in the original linear space.

This is shown in Section 3.3.

3.2.2 Multiple-Term Queries

The developed algorithms for single-term queries can be extended to multi-term query
learning. To see this, let us divide the problem of finding mapping matrix Z = DW
(see Figure 2.1) given an ensemble of training samples into the problem of finding
certain columns of mapping matrix Z = [z, z,...2,,] by using only specific samples

that convey the necessary information. For instance, queries that contain one or more

terms t;,, tj,, and tj;, j1,j2, 3 € [1, M], can be used to find columns z; , z;, and z,,
respectively.
Now, the problem of finding 7' columns z; , z;,, -.. z;, given a set of T-term

queries g; = Z;‘ll 35,5, ¢ € [1, K] with K > T, with their respective outputs r,’s,

where e; is the vector containing 1 at the g position and zero elsewhere, can be

cast in an optimization framework. The goal here is to find z; ,..., z;. and v,’s that
minimize the Lagrangian function,
1 K K
AT A T T A
J(Zjs - r2jpr V1,1 V) = 3 Zgi g, + Zyi (t, — D" g;) (3.7)
=1 i=1
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Since we require linear optimal mapping of the form §, = Zq, = Z;‘F:l G2 L€

[1, K], we set the derivative of J wrt z; to 0. This yields

K K
> g — Y @Dy =0 1€[LT] (3.8)
i=1 i=1

To transfer the information of the ensemble of optimal queries g,’s into the map-

ping matrix, let us plug the ** optimal query §, = Z§=1 %ij,2;, into (3.8). This

gives,
T /K K
Z (Z Qij,,CIijl) Z;, = DZ%[!@‘ = D¥(1); leL,T] (3.9)
p=1 \i=1 i=1

which must hold for the query terms tj,...,t;.. Here, w(l) = S8 v | €

[1,T], and the term in the bracket in (3.9) represents a correlation measure be-
tween the terms in the set of queries. To find a solution for z;’s let us define
the matrix H = [hul, p,l = 1,2,...,T with elements hy = f:qz-quijl and matrix
W = [#(1) %(2)...%(T)]. Then, (3.9) can be rewritten in matzrziic form ZH = DW,
where matrix Z = [2;,2;, - - - 2;;] contains columns ji, ja,...,jr of Z. If we solve for
A , we get
7 =DWH™ (3.10)
As can be seen, to solve for 7 we need to compute W and H ~1, where H~! (inverse
of a T x T correlation matrix) exists and is easy to compute as T is usually small
(T < K) and queries with few terms are abundant.
A recursive equation for Z can be found using the corresponding recursive equa-
tions for W and H~!. Since H (k), the correlation matrix for query ‘k’, can be written

as a function of the new query sample g, and H(k — 1) as H(k) = H(k — 1) + q,qz,

k € [1, K], its inverse can easily be computed using the matrix inversion lemma [49],

H Mk — gy H (K~ 1
1+ af HH(k — 1)gy,

Now, since the constrains in (3.7) is given by £, = DTq;;¢ = 1.2... K, this implies

HYk)=HYk—-1)- ) (3.11)

that (3.8) can be rewritten as Zfil (£, — DTDv;) gij, = 0; ji € [1,T]. From here, the
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Lagrange multipliers v; = (DTD)™1%;, ¢ € [1, K] are found and then used to form the
columns of W(k) to obtain W(k) = (DTD)™! Zle £.q7. Consequently, the recursive
equation for W(k) is

——~

W(k) = W(k — 1)+ (DTD)'1,q7. (3.12)

Having found W (k) and H~(k), Z (k) can be computed using Z (k) = DW (k)H (k).

3.3 Learning as a Classification Problem

The initial model reference learning and relevance feedback (Chapter 5) in our frame-
work can also be implemented in classification mode, if desired. To see this, let us
compare the dual cost function [24] of the SVM to that in (3.5) or (3.6). If we change
w, = A;w; where A; is a diagonal matrix with elements 1 (class 1) or -1 (class 2),
and further A;r, = 1 with 1 being the one vector, then the cost function in (3.6) be-
comes exactly the same as that of SVM. Note that since A? = I then r; = A;1 which
implies that the score vector consists of elements 1 (relevant documents) or -1 (non-
relevant documents) as in a two-class problem. Now, taking the partial derivative of

the modified {(w,) wrt w, and setting the result to zero yields,
w, = Ai(DTD)—Iii (3.13)

Moreover, from the modified primal problem in (3.1),

. 1., .
J(@;,w;) = 595.% +w; Ai(r; — DTq,) (3.14)
1
= 2G4 q+w (1-AD"g) (3.15)

the solution for the optimal query for this two-class classification problem becomes,

Clearly, this optimal query yields the desired output of DTd; = r,. These results

show that the proposed learning can be implemented in either regression mode or
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classification mode linked strongly to the SVM framework. This offers the potential

for development of kernel-based search machines using this framework.

3.4 Connectionist Network Implementation

The learning capabilities of a neural network provides an ideal framework around
which an adaptive TRS could be built [27,28,61,62]. Kwok [29] devised a probabilistic
document retrieval system implemented using a feedforward neural network. The
search results are ranked in the order of conditional probabilities that are estimated
based on a sample of relevant documents to the query. In [30], [31], a back-propagation
neural network (BPNN) was used as a retrieval system. The retrieved documents for
a query are compared against the corresponding relevant document set and if any
non-relevant document is also retrieved the network relearns to remove the document
from the list. The documents are listed as relevant or non-relevant and are not
ordered in accordance with their relevancy to the query. The results in [30], however,
indicated poor performance of the network when the training was done only with
several relevant documents.

Boughanem et al. [32] used an unsupervised network with two fully interconnected
layers where the neurons in the first layer represent terms and those in the second layer
represent documents. Hebb’s learning rule [33] was used to modify the connection
weights. Recently, Bouchachia [34] proposed a hierarchical fuzzy neural network
architecture for document retrieval. The documents and queries are represented as
fuzzy sets and a two-layer neural network is used to learn the implicit relationship
among the documents.

The query mapping and retrieval processes in the feed-forward path of our MRTRS
system in Figure 2.1 can be implemented using a simple three-layer network as illus-
trated in Figure 3.1. Each node, j, in the first and third layers represents a document

d;, j € [1, N]; whereas each node 4 in the second layer represents a term t;, i € [1, M].
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The connection weight from node j in the first layer to node 7 in the second layer is
d;;. Similarly, the connection weight between node j in the third layer and node 7
in the second layer is the same weight d,;. Thus, the weight matrices for the second
and third layers are D and DT, respectively. These weights remain unchanged unless
the documents are re-indexed or updated. The weight matrix for the first (flexible)
layer, however, is W = [w; W, - - - w,,]. As shown before, in the initial model-reference
learning the objective is to find W to capture input/output behavior of the reference
system for every query in the ensemble set. The first and second layers combined
form the mapped query at the term layer, i.e. §; = DWgq,, which in turn yields the
retrieved documents and their desired score vector, f; = DT DWgq, at the output of
the retrieval layer for optimal W. Consequently, the first and second layers combined
function like the regulator in Figure 2.1. Note that the space that spans the original
input query is the same as the mapped term space (second layer) that forms the

optimal mapped query.

oo T Ty BN

Third l%lyer R(*Ttrieval layer

| DT
Static v{lelght «zZ+Storage

{ !
4 % T}erm Layer

| |
4G — D
First layer Document layer

Adjustable
weights

Figure 3.1: Proposed flexible network structure.

In this network, the inputs are indexed representing different possible terms in
the submitted query. Each input can take either 0 or 1 values depending on the

absence or presence of the corresponding term in the query. As mentioned before, if a
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single-term query is applied to the network, the output of the first layer extracts the
it" column of weight matrix W, i.e. We; = w;, which in turn generates the mapped
query §; = Dw; at the output of the second layer. Thus, w; is the weight vector of
Lagrangian parameters that connects the term ¢; to all the document layer nodes.
This implies that learning for each single-term query can be performed independently
by only updating w; to meet the desired scores at the output layer. This interesting
feature of this network guarantees the stability of the weights for other queries while
offering flexibility that is needed to accommodate new model-based or user-based
information.

For the initial training phase, (3.3) can be rewritten as,

w” = 4,713 (3.17)

=1

©
%

(0)

where w ) is the initial weight vector, £; ~ is the initial document score vector provided
either by the TRS or the indexing system (see Remark 3.1) and A9 = DTD is a
symmetric positive definite (PD) Gram matrix with element [Ag);; = QZTQ].. The
superscript ‘0’ is used to represent the initial training phase. Equation (3.17) is
solved once for all the queries in the ensemble set. The Gram matrix Ag € RV*¥
can be expressed as Ay = GoGI where Gy € RV*VN is a lower triangular matrix
with positive diagonal entries. Fast algorithms using Cholesky decomposition and
triangular matrix inversion [63] can be applied to solve for the weight vector _vzgo) for
each query i.e., yﬁ‘” = GJTGgliEO).

Once the initial model reference learning is completed the weights of the first layer
can be updated in response to the relevance feedback from expert users. Relevance
feedback learning will only impact those weight vectors corresponding to the terms
in the submitted query. This process will be discussed in Chapter 5.

Remarks

3.1 From the definition of W weight matrix and the result in (3.3), it can easily

be shown that W = (DTD)7'R, where R = [r;,---1,,] is the score matrix for all
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the queries in the corpus. It is interesting to note that when a reference TRS is not
present, the results of an indexing system can be directly used to initially train the
network. In this case, we get W = (DTD)~'DT which yields the regulator mapping
matrix of Pp = D(DTD)™'D7, i.e. the projection matrix associated with document
space D. This implies that the regulator projects the original query onto a space
spanned by the documents to generate the mapped query. Clearly, for the i query,
q; = ¢;, this gives the retrieved score vector r; = [dy1, -+ din]” that contains the at-
tributes or the weights for the ** term in all documents. Thus, the document that
has the highest weight attribute for term ¢; will have the highest retrieved score.
Although, these scores are not directly representative of relevancy, subsequent learn-
ing based upon numerous user-based votes (in general-purpose TRS) for every query
will gradually improve the relevancy scores of the documents. This will be shown in

Section 3.6.

3.2 If two document vectors are identical, the Gram matrix Ay becomes singular.
This situation can be avoided, if for each document its ID, which is unique to each
document, is also added as a representative term. If o is the weight assigned to
the term that represents the document name, and d; is the document vector after

augmenting the original document vector d; with the document name, then we have

dfd; = did, i#jandVi,j€[l,N] (3.18)

dfd; = did, +a? i € [1,N] (3.19)

-t =1

Therefore, the new Gram matrix is A) = Ay + oI, which is regularized version of
Ag. In the sequel, it is assumed that the Gram matrix is regularized when needed,

t”l”

and for simplicity the notation superscrip is dropped.
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3.5 Computational Complexity

The computational complexity of an algorithm is commonly measured by the number
of elementary operations such as additions/subtractions, multiplications/divisions,
and other operations that have a direct impact on the computational time. Since
multiplications and divisions are generally more costly, in terms of computational
time, than the additions and subtractions, they are primarily the measure of the
complexity of an algorithm. In this section, we present computational complexity
analysis of the two learning algorithms for setting up the parameters of our MRTRS,

the first uses a regression approach and the second one uses a classification approach.
3.5.1 Regression Mode

In the regression learning mode, we are interested in knowing the number of opera-
tions needed to compute each column w;, 7 € [1, M], of matrix W using the weight
learning rule given in (3.3). Finding w, involves computing one matrix transposition,
one matrix-matrix multiplication, one matrix-vector multiplication, and one matrix
inversion. When N > M the bulk of operations is concentrated on the inverse of the
Gram matrix Ay = DT D, which, in general!, requires roughly N3/2 multiplications,
for N > 1. However, if we decompose the Gram matrix using the Cholesky factor-
ization Ay = GoGE with Gy being lower triangular the number of operations for the
computations reduces to N3/3. Thus, the number of operations is approximately re-
duced by 23% with the aid of Cholesky factorization. Note that this inverse operation
needs to be carried out only once for the given document database.

Now, the computational complexity for setting up the whole matrix W is obtained
using the ensemble of M different single-term queries, where each one, most often,

produces a score vector r; with many zeros. Thus, the computational complexity for

'Without using some properties of the matrix that could help us reduce the number of
computations.
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computing weight matrix W for a repository of N documents and a vocabulary of M
terms is given by

3
C(N,M) ~ N? + N*ME, (3.20)

where E is the average number of non-zero elements in the vectors of scored documents
when single-term queries are submitted. Note that, the second term in (3.20) is
obtained as follows. The matrix-vector operation Gy'f; requires on average N2E
multiplications. Now, if we take into account that the training must be done for
all M single-term queries then the second term gives the number of multiplications
for these queries. Because typically M > N and F > 1, the second term in (3.20)

dominates, i.e.

C(N,M) ~ N*ME. (3.21)
3.5.2 Classification Learning Mode

Following a similar approach as in the regression case, the computational complexity
for setting up matrix W in classification learning mode is expressed as
N3

C(N,M) ~ <5+ N?+ N2ME, (3.22)
where the term N? is the number of multiplications needed to obtain A;G5*. The
number of multiplications needed to obtain [A;Gy'|E; is N2E, if we assume that A;Gy*
has already been computed and that f; has on average E non-zero elements. Thus, the
third term is the number of multiplication for all M single-term queries. Again, the

term N?ME in (3.22) dominates and thus the computational complexity is roughly
C(N,M) ~ N2ME. (3.23)

Note that if we assume that the number of different terms is greater that the size of
the document collection (M > N) and that E > 1 then the number of multiplications

is the same for both the regression and classification learning modes.
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To put into perspective the computational complexity of these algorithms let us
consider two databases: the Hewlett-Packard (HP) text database, subject of our
study, and the text retrieval conference (TREC) database [64], used as a testbed in
the text retrieval area. The computational complexity of either the regression or the
classification learning algorithm using one of the HP-collections that contains 5,000
documents, 30,000 terms, and E around 20, is of order of 1.5 x 102 multiplications.
Thus, the learning algorithm for this collection could take around 4 hours on a machine
that executes 100 millions of multiplications per second. Now for one of the TREC
collections containing 60,000 documents, assuming 100,000 terms, and E = 20, the
computational complexity is of 7.2 x 10'® multiplications. Thus, for TREC collection
the initial reference learning model could take 833 days on the same machine. This
implies that the proposed learning schemes are meant primarily for small to medium
size special-purpose text retrieval problems with expert end users. Alternatively, large
collections could be partitioned into smaller ones, depending on the content, that can

be more efficiently handled by our MRTRS.

3.6 Experimental Results
3.6.1 HP-Text Database

The entire knowledge base for the TRS consists of several major collections of about
60K documents and about 130K distinct terms. These collections provide a wide
range of information for support, diagnostics, and specifications for consumers and
commercial suites of HP products. The documents contain both unstructured and
structured information on various product types. The majority of content is rep-
resented in text format, while the collections also contain a mixed graphical and
multimedia formats. The major collections are based on product types. The re-
sults presented in this work are obtained based upon seventeen product collections

containing over 32K documents and about 108K distinct terms.
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The document survey feature available within the TRS helps users to log their
votes on one or more documents for the query submitted. The voting process is
influenced by the users’ perception on the desired solution documents. The influence
comes in the form of a vote, either a positive or a negative one, that the user assigns
to a particular document. In order to incorporate user expertise level and add some
dynamics into the retrieval system, the vote is weighted by a factor that depends
on the users’ expertise level and the elapsed time since the document was created or
modified. Using the log file of queries along with their respective feedback information,
we recreate the voting process used by the users to generate a set of prototype pairs
(g,1)’s with the goal of training our MRTRS. Then, the relevance feedback learning
can be applied either iteratively or in the batch mode. It is important to mention
that although a large number of queries were available, only a subset of approximately
5900 most commonly used queries are used to form the prototypes. The prototype

query set consists of 2386 1-term, 1664 2-term, and 1846 3*-term queries.
3.6.2 Performance Measures

To assess the performance of the learning algorithms, the rank order correlation mea-
sure based on Kendall’s 7 [37] is used. This nonparametric measure is useful when
the underlying distribution that generates the scores cannot easily be estimated. The
performance measure based on Kendall’s 7 compares two ranked or unranked lists
and generates a coefficient (7 € [—1, 1]) that represents the closeness of the two lists.

The coefficient 7 [37] is given by

__P-q

where P and (Q are the number of concordant and discordant pairs, respectively. The
denominator in (3.24) is the number of combinations of taking two elements out of
N and is equal to the sum of the concordant pairs P and discordant pairs ) found

in the two lists when they do not contain ties. However, when there are ties, the
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measure in (3.24) is not accurate. In this case, a modification can be made to yield

Kendall’s 7, as defined by

Ty = il (3.25)
VANV = 1) - T)(AN(N ~ 1) - Ty)

2
where T} and T3 are the number of tied pairs for lists 1 and 2, respectively. Clearly,
(3.25) reduces to (3.24) when there are no ties.

Another performance measure used in this study is the standard ‘recall’ [11] defined

as the ratio of the number of relevant documents retrieved to the total number of

relevant documents.

3.6.3 Initial Model Reference Learning Results

As pointed out before, the goal of the initial model-reference learning is to capture
the input/output behavior of a reference TRS system or to use the results of the
indexing sy.stem in absence of a model TRS. Thus, three scenarios are considered
here: the first and second use the response of the TRS to all the single-term queries
in the log file to set up the weights of the network (initial training) through the
regression or classification learning modes; while the third one uses the projection
matrix Pp, i.e. the indexing results. The regression mode is useful when the scores
of the documents are available from the TRS, while the classification mode is useful
when a set of relevant document(s) for each submitted query in the training set is
known. However, the initial training based upon the indexer does not rely on any
querying results.

The networks are trained in the batch mode and the weights of the networks are
obtained using (3.3), (3.13) and the projection matrix Pp for the regression, classi-
fication, and indexer-based learning modes, respectively. The Kendall’'s 7, measure
is then generated based on the top twenty documents listed by the initially trained
networks evaluated against the ’benchmark’, i.e. the results of the TRS augmented

by the users’ votes. The purpose is to determine how close each initially trained
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system can get to the ultimate benchmark. The results are obtained for the most
commonly used 1-term, 2-term and 3*-term queries in the log file. Table 3.1 gives
the values of 7, for these most commonly used prototype queries. In the regression
and classification learning modes the value of 7, gets close to 1 (perfect match) for

all the single and multi-term queries.

Table 3.1: Performance measure, 73, for different learning modes.

Learning Modes 1-Term | 2-Terms | 34+ Terms
Regression mode 0.935 0.892 0.935
Classification mode 0.927 0.880 0.918
Indexer mode 0.613 0.033 -0.123

The results obtained based upon regression mode learning are slightly better than
those of the classification mode learning. This is due to the fact that unlike the
regression mode, in the classification mode document scores are ignored and only their
binary relevance information is considered. However, the high value of 7, indicates
that the learning through both the regression and classification modes is able to
capture the reference model behavior very closely. The results obtained based upon
the initial learning from the document indexer indicate that though for single-term
queries the value of 7, is reasonable, the corresponding values for the multi-term
queries become unacceptable. This is due to the fact that in this case the querying
information and the response of the reference model are not used in the initial training.
Nonetheless, we shall show in Chapter 5 that even with this coarse initial training,
the proposed relevance feedback learning leads to excellent final results.

Next, the recall capability of the TRS initially trained using the three differ-
ent initial learning modes is evaluated. Figures 3.2 (a), (b) and (c) show the recall
plots for various thresholds of the retrieved list for the regression, classification, and

indexer-based learning modes, respectively and for the most commonly used 1-term,
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2-term and 3*-term queries in the log file. As observed from these figures, the re-
sults obtained based on the regression mode are significantly better than those of the
classification and indexer learning modes. This is due to the fact that in the clas-
sification mode learning, for a given query, the binary relevance information of only
top twenty documents are considered without considering the scores of the relevant
documents. The results of the indexer-mode, which requires the least amount of prior
information, are better than those of the classification mode. Thus, in Chapter 5 this
initially trained system is used as the starting point for the subsequent learning via

relevance feedback.

1Term
_________ 0.9+ —-—-2Term
R i — — —3Term

00 1000 2000 3000 4000 5000 00 1000 2000 3000 4000 5000
Top Documents Top Documents

(a) (b)

1Term
09 —- -~ 2Term|
— — —3Temm|

[ 1000 2000 3000 4000 5000
Top Documents

(c)

Figure 3.2: Recall plots for learning in (a) regression mode (b) classification mode
and (c) indexer mode.
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3.7 Conclusions

Two learning algorithms that implement initial-model reference learning for our new
adaptive MRTRS are proposed in this chapter. The first algorithm is obtained from
the minimization of a cost function cast as a regression problem, while the second
algorithm is obtained from the minimization of a cost function cast as a classification
problem. The choice of learning algorithm used depends on the type of information
provided by a model-reference model, which could be the scores of certain documents
in a list of relevant documents. In absence of a model reference TRS another mode
of initialization was proposed that only uses information available from the indexed
documents in the database. Clearly, the first two modes aim at capturing the behavior
of the reference model while the “indexer mode” aims at setting up the parameters
of our MRTRS in the absence of a model-reference. The learning is assimilated in a
mapping matrix of a simple three-layer connectionist network structure.

The excellent resuits on both the Kendall’s 7 correlation measure used to com-
pare the ranked list of our retrieval system against that of a model retrieval system,
and the ‘recall’ measure show the effectiveness of our learning algorithms to initially
set up the MRTRS based on a limited number of training samples corresponding to
single-term queries. Among the three learning modes, namely regression, classifica-
tion, and indexer presented in this chapter, the results of the first two show that
in fact it is possible to learn and initially set up the system using a limited num-
ber of samples; situations that commonly arise when learning from typical search
and retrieval engines. The advantage of the indexer-based learning mode is that it
does not rely on an external retrieval system and hence does not require document
scores/labels. Although the results on the indexer initial learning mode indicated
poorer performance when compared to the regression and classification modes, the
performance significantly improves as a result of the incorporation of user relevance

feedback. This will be shown in Chapter 5.
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CHAPTER 4

MODEL REFERENCE FOLLOWING FOR
TEXT RETRIEVAL

4.1 Introduction

In practice, most text retrieval systems operate under dynamic environments where
the arrival of new documents and the deletion or updating of old ones are events that
occur frequently and typically asynchronously. The majority of the systems incorpo-
rate these changes of the databases by re-indexing [65-69] the set of documents. It is
fundamental that our retrieval system can easily incorporate these changes without
impacting the performance or sacrificing the stability of the previously established
learning. In order of not interfering with the running retrieval system, the changes
can be made in batch mode using a replica of the information of the retrieval system
that includes the parameters of the regulator and the documents of the plant.

We define model reference following in the MRTRS as the methodology that makes
the regulator or the plant to respond adequately to environmental changes caused by
frequent database operations such as addition, deletion, and updating of documents.
Since the changes are related to the reference model (rather than the expert users),
after the model reference following is carried out, the outputs of the retrieval system
for a selected set of training queries should be close enough to those of the reference

model. Given that the list of queries could be large it is very important to ensure
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that the retrieval system follow exactly the reference-model for all the queries.

In our MRTRS, the model-reference following can be accomplished efficiently in
the regulator of the system using a recursive (online or batch) learning. As in the
initial learning, the upper loop in Figure 2.1 together with an appropriate adjustment
mechanism is used in this phase. In the proposed three-layer network these changes
can easily be implemented via structural as well as weight adaptation mechanisms.
Structural adaptation involves node addition and deletion. The following sections
describe the adaptation rules for these scenarios for the case where the learning is
carried out in regression mode. Note that the results in Chapter 3.1 can be used to
derive similar adaptation rules for the classification mode of model-reference following.

The organization of this chapter is as follows. Section 4.2 develops the document
addition learning using basically two modes, namely an iterative online mode for the
case when documents are added one by one, or in a batch mode where documents are
first collected and then added to the database. Section 4.3 develops the document
deletion learning, covering again the online and the batch modes. Section 4.4 presets
the document updating learning for documents that undergo modifications. Section
4.5 presents the results of the proposed model-reference following. Finally, Section

4.6 presents the conclusion of this chapter.

4.2 Document Addition

To incorporate L new documents into the three-layer network in Figure 4.1, additional
nodes with new connection weights must be added while the old weights of the network
must be updated. Let dy.1), d(n42), and dy.p) be the new document vectors to
be added into the system, and m be the total number of new terms introduced as a
result of adding these documents. To accommodate these documents, L new nodes
must be inserted into the first and the third (output) layers. The weight vectors

corresponding to connections emanating from the added nodes in the first hidden
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layer and the weight vectors for the incoming connections to the added nodes in the
third layer are dy;, VI € [1, L]. Additionally, to account for the addition of m newly
introduced terms, m new nodes must be added in the second hidden layer as well
as in the input layer. The network has to be updated in such a way that even after
the insertion of the new documents with the corresponding new terms, the system
retains the original training. Figure 4.1 shows the modified version of network in
Figure 3.1 after the insertion of the new documents and terms. The newly added
nodes are shown inside the dashed boxes. For all the already existing terms i.e.,
ti,1 € [1, M], the old connections weights w;j,j € [1, N| have to be updated; while
the new connection weights w;n+1), V! € [1, L] have to be found. For those newly

introduced terms ¢;,7 € [M + 1, M +m] all the connection weights must be computed.

i1 745 TN FiN+1 PiN+L

D <N
First layer o i - :
Adjustable N ————%}____
weights f@?"“:.‘:-—@%—:
A RN |
0 o

Figure 4.1: Network after the insertion of L new documents.

Assume that the system is initially trained for N documents and that data matrix
D contains these documents. Let Dy be the data matrix of L newly introduced
document vectors. These new documents are added to the column space of matrix
D. Now, using (3.2) in Chapter 3 the optimal query for the single-term query, ¢;, in

this augmented space is given by,

N+L
g =3 wid, (4.1)
j=1
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The desired score vector, t;; = [rf}\), i1 S\, +]7, of the L newly added documents
is assumed to be available from the reference model. Since the score of the already
existing documents should not change, the score vector of all the documents for the
mapped query in (4.1) is f(l) [r(o) i7;]7. We redefine w( [wfll), Z(;), . .w§2+L]T
as the new weight vector after inserting these L new documents. Clearly, we still have

yﬁl) = A/ 1 ( ) where matrix Ay is given as,

Ay B
A = . (4.2)
BT C
Here A, is the same as before, B = DT D;, is a matrix of dot products between old

and new documents, and C = DT Dy is a matrix formed with the dot products of the

new documents only. If the inverse of matrix A; is expressed as,

F V
At = (4.3)
vl U
then
U = (C-BT4;'B)™" (4.4)
V = —A;'BU

F = A*(I-BVT

Using the expansion for matrix A;™}, the updating equation for the weight vector

1 .
wg ) can be glven as,

(0) A T (0)
w, +V(I,,— B'w,
ﬂ-l) — pAS) (— L ) (4.5)
U (iiL - BTE('O))

This weight update equation is performed for all nodes ¢ € [1, M| or single-term
queries in the input layer. The first and second parts of the vector in the right

hand side of (4.5) correspond to updating the old weights and computing the new
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added weights, respectively. For those newly introduced terms, since ﬂgo) =0,Vie€

[M + 1, M 4+ m], we have
O (4.6
Uty
From (4.5) and (4.6), it can be seen that only U and V are needed to update the
weights. Computing U involves inverting a matrix of dimension L where L < N.
Remark
This batch learning reduces to an iterative on-line learning if every time a new doc-

ument is added the weight updating is implemented. This leads to the following

recursive equations

E@(O) - 5_2A51b(f’z‘(N+1) - btﬂgo))

wi = . Vie[l,M] (4.7)
B~2(Fiwe1) — biwi”)
and
—B72A;'br;
w) = o S Vie[M+1,M+m]  (48)
/B_QTAi(N-H)
where A; matrix in this case is given by,
Ag b
Al == ; (49)
b ¢

matrix A is defined before, b = DTQ(NH), and ¢ = Q(TN+1)Q(N+1)- Also, it can easily
be shown that

ﬂQ = Q’{N+1)PIJ)_Q(N+1) (410)

where Pj = I — Pp and the projection matrix Pp was defined before.

4.3 Document Deletion

When multiple (e.g. L) documents are to be simultaneously removed, they could

be at any position within the network structure. To facilitate the deletion of these
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documents (or nodes) it is desirable to move them to the last L columns of matrix D.
Let Aj be the Gram matrix after moving the document vectors to be deleted to the far
right side of the data matrix D. Thus, Aj can be defined in terms of the original Gram
matrix Ap via permutations i.e. we have, Ay = (DP\P,--- P)(DP\P---Pp) =
(PP PL)TAo(P\ P, - - - P) where P’s, i € [1, L] are the appropriate permutation
matrices. Each permutation matrix P; is formed such that it moves a document vector
to be deleted to the far right side of the data matrix so that it can easily be removed.
Additionally, we partition the weight and score vectors such that the connection
weights corresponding to the documents to be deleted are at the lower end hence we

0 _ [/ OF O

oy
have w; Win-1) Wi

and similarly for the score vector, Ij = [f;v_z) )7

Thus, the weight vector solution can be written as,
w = A7 (4.11)
Rewriting Aj in the block matrix form we have,

. A B
BIT 04
The inverse of matrix A} can be computed using A,~" = PTA;'P. Now, rewriting

Ay in the block matrix form,

_ Fo Vo
AT = (4.13)
Vit Us
and using (4.11) gives,
1(0) A N
Win-ry | _ | Foliv-r) + Volig (4.14)
Wiy Vi Eyn—ry + Uskyy,

where Fy, Uy and Vj are defined like before. Now, the solution for the connection

weights of the network after deleting L documents can be written as,
1y = AT Ly (4.15)

WinN-L)y =

o1
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Note that (4.15) is obtained by deleting the last L columns and L rows of matrix
o in (4.12) and then solving for yg(lj)v_ 1)~ From (4.12) and (4.13), we can express

ATl = Fy(I — B'V)~L. Using the matrix inversion lemma [63,70] we have,
ATl = Fy(I+ B'(I - VIB) W) = Fy — VU 'V (4.16)
Substituting for A7! in (4.15) yields,
w1y = Foin—1y — VUg Ve B -1 (4.17)
From (4.14), we get the following updating equation for document deletion

1 0 _ 0
WiN-r) = Win-g~ VoUs 'wip) (4.18)

where weight vector w?) _ ., after the deletion is expressed in terms of the weight
WiN-L) g

vectors _vyé.((?\),_ 1y and yv_;(,?) before the deletion. As can be observed, the inverse of

matrix Uy (dimension L < N) needs to be computed.

4.4 Document Updating

When a document is re-indexed or updated care must be taken to include it into
the system because of possibly new document terms. Although the weights in the
second and third layers can easily be updated, additional steps should be carried out to
modify the first layer connections in order to retain the previously stored information.
Suppose that document d; is updated and also new terms are introduced. Let T°
be the set of remaining terms in the system after the document to be updated is
removed from the system. The process of finding the weights can be accomplished in
two steps, where the document to be updated is first removed and then added into
the system with new attributes and terms. However, the equations for removal and
addition of a document can be simplified using a sequential updating. If document
]T

j is to be updated and WiN-1) = [wig -+ - Wi j—1W; j41 - ~win] represents the weight

vector emanating from term ¢; € T° in the input to the remaining documents, i.e.
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excluding the j** one, then using (4.18) with L = 1 the weight vector wf(l 1)\1—1) after

deletion will be

1
—-E(I)V 1y = —z((J)v 1)~ Yo Vsz(_y)’ Vit eT’ (4.19)
where w( ) ( 0) represents the weight connection of the document to be removed

(i.e. document j), Uy — ug is a scalar, and Vy — v, is a column vector. Now, we
use (4.5) to add the updated document along with its new terms and its new score
74;. In this case V' — v; and B — b, will be column vectors and U — wu; is a scalar.

Therefore, we have

S@w'D 4 v, (7 — 8(i)by Tw'Y
.“—752) _ ( )—Z(N—l) —1( J () 1 —=i(N- 1)) (420)
wi(Fyy — 6 )b, " Wz(N 1))
where
) 1 ift; e 70
0(i) = (4.21)

0 otherwise
Note that d(7) is needed to account for the remaining terms after document j is
deleted. Combining (4.19) and (4.20), the final equations to modify the weights of

the system, when document j is updated, are

. 0 . 0
5(Z)ﬂ§(1)v—1) - 5(1)!1blTﬂ§(1)v_1) — (d)ug” Vow )+ 8(i)ugtvib, Vow( )+ vy

o ulﬂj — (5( )UlblT z(() + 5( )ualulb_l Kowg'))

(4.22)

)

where the last element of w,” is the weight between term t; and document j.

4.5 Experimental Results

The model-reference following developed for learning in dynamic environments is
tested in this section when new documents with new terms are introduced or obsolete

ones are removed from the initially trained system in Chapter 3. The experiments in
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this section are performed on only one collection consisting of about 3700 documents
and the results are obtained for 800, 724, and 1037 1-term, 2-term and 3%-term
queries, respectively. Two experiments are conducted here. In the first experiment,
500 new documents with new terms are introduced into the initially trained system in
steps of 20. The algorithm in Section 4.2 was then applied to update the weights of the
initially trained network using the regression-based learning in Section 3.2. Every time
20 new documents are added, the value of 7, is computed for the most commonly used
1-term, 2-term and 37-term queries. Figure 4.2(a) shows the plots of the averaged
7, for these three cases during the course of the model-reference following. Again,
the Kendall’s 7, measure is generated based on the top twenty documents listed by
the updated system against the benchmark. Note that in this phase, the benchmark
corresponds to the log file of users’ votes for the enlarged document set that included
the additional 500 documents. As can be seen, for the 1-term, 2-term and 3*-term
queries the values of 7, increased from 0.714, 0.659 and 0.792 to 0.93, 0.89 and 0.93,
respectively. This increasing trend of 7, in Figure 4.2(a) implies that the retrieved
results of the system after adding the new documents approach those of the initially
trained system based upon the enlarged document set. It is interesting to note that
the retrieved results for the 3*-term queries are much closer to the benchmark. This
is also consistent with the results of initial model reference learning modes shown in
Table 3.1. This may be attributed to the fact that incorporating more than 3 relevant
terms in queries closely captures the user concepts and requirements.

Another experiment was conducted when 500 documents were deleted from the
initially trained system. The benchmark for this study was the log file of the users’
votes and TRS results for the reduced set of documents that excluded the 500 docu-
ments. Documents were deleted in steps of 20 and the value of 7, was generated at
every step for the most commonly used 1-term, 2-term and 3*-term queries in the

log file. Figure 4.2(b) shows the plots of the averaged 7, for these queries. As can be
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Figure 4.2: Model-reference following: (a) 7, when 500 new documents are added
and (b) 7, when 500 documents are deleted.

observed from these plots, the value of 7, for these queries increased from 0.77, 0.71
and 0.80 to 0.938, 0.902 and 0.935, respectively. Again, these results attest to the fact
that the system after the model-reference following closely captures the underlying

dynamic behavior of the model when documents are added or deleted.

4.6 Conclusions

In this chapter we presented three model-reference following learning algorithms for
the operations of document addition, deletion, and updating. The algorithms adjust
the exiting parameters in the regulator and modify dynamically the structure of our
connectionist retrieval system in order to respond adequately to such changes in
the database environment where terms or documents are constantly introduced or

removed.

For dynamic databases where at any moment new documents might arrive, ob-
solete ones should be removed or modified, it is important to devise algorithms that
can incorporate these changes in the retrieval system efficiently. Since new documents

might arrive asynchronously it is impractical and perhaps inefficient to make changes
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to the weight connections in the system in an on-line fashion. However, it is possible
to make them off-line and in batch mode, e.g. every 2-3 days, when the activity-level
of the retrieval system is low. More importantly, these changes must be incorporated
without impacting the previously stored information, i.e. offering flexibility while

guaranteeing the long-term stability of the system.

For document addition when a new document is introduced along with its new
and old concepts (terms) the structure of our connectionist system can be adjusted
to incorporate this new information. The output and the first layer associated with
the documents and the input layer and second layers associated with the concepts
are modified. One neuron is created in both the first and the output layers to accom-
modate every new document and several neurons are created in the input and third
layers to accommodate the new terms in the new document added. For document
deletion it was found that this process was not the exact inverse process of the docu-
ment addition process because the documents to be deleted could be at any place of
the network structure rather than at the far right end of the network structure, place
of the added documents. However, moving the documents to be deleted at the far
right end the deletion process could be seen as the inverse operation (in mathematical
terms) of the document addition process. When a document is deleted all the layers
of the network are narrowed; the output and the first layer are reduced in one neuron
while the second and third layers are reduced in one or more neurons depending on

the terms that uniquely belong to the deleted document.

Batch and recursive versions of the algorithms were developed and tested on a HP-
collection containing around 3700 documents. The test results showed an increasing
trend of the correlation measure (73) used in the experiments for document addition.
This implies that the retrieval system adjusts its performance after adding the new
documents. It was noticed that the retrieval results for the 3*-term queries were

closer to the benchmark. This may be attributed to the fact that incorporating more
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than 3 relevant terms in queries closely captures the user concepts and requirements.

The high value of the correlation measure 7, between document lists produced by
our MRTRS system and those of the model text retrieval indicated the good capability
of our system in following the time-varying (slow) model reference system when new
documents are introduced, deleted, or updated. Although 7, did not reach a perfect
match of 7, = 1 it got very close to it (around 0.93), attesting the fact that our system
can follow very closely the external reference model when new documents are added

or some documents are deleted or modified in context.
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CHAPTER 5

RELEVANCE FEEDBACK LEARNING FOR

TEXT RETRIEVAL

5.1 Introduction

Often the original submitted query does not meet the specific user requirements
in terms of the listed documents, their relevancy and relative scores. To meet the
users requirement and at the same time preserve the previous learning we propose a
new learning mechanism to capture relevance feedback information. In our proposed
MRTRS system, the relevance feedback information can be incorporated using two
different mechanisms, depending on the nature of the user feedback, which could be
binary or score based. The user’s feedback is binary when he/she specifies, via a
click-through selection scheme, the relevancy of some documents without assigning
to them specific scores. Whereas in the score-based scheme the user specifies either
the desired scores of the selected documents or their relative positions from which
their respective scores can be estimated. Relevance feedback learning can be im-
plemented using either regression learning mechanism for the scored-based case, or
the classification-based learning mechanism for the click-through selection case. For
both cases, relevance feedback learning is ultimately accomplished by updating the
parameters of the regulator or the weights of the first layer in the connectionist net-

work. In the MRTRS framework, the lower feedback loop (relevance feedback loop)
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of the system in Figure 2.1 provides expert users’ votes on relevant and non-relevant
documents to the adjustment mechanism, which in turn updates the parameters of
the regulator to meet the user requirements by imposing relevance feedback.

The relevance feedback learning should not only be applied to single-term queries
but also to various combinations of multi-term queries. This requirement is crucial
in light of the fact that most text queries for special-purpose databases are long
[12] while most queries for general-purpose databases are short [71-73]. Thus, the
development of learning algorithms (for both single-term and multi-term queries)
capable of incorporating users’ expertise via relevance feedback is the main purpose
of this chapter.

The organization of this chapter is as follows. Section 5.2 covers the details to
casting the relevance feedback learning in a regression framework. Section 5.3 uses
the classification approach for relevance feedback learning for cases where only partial
information is provided, i.e. when only the relevancy or non-relevancy of some docu-
ments are known. Section 5.4 develops the algorithm for relevance feedback learning
using multi-term queries and presents a convergence analysis of the algorithms in-
volved. Section 5.5 presents the experimental results to evaluate the performance
of our relevance feedback algorithms, both for the single-term and the multi-term
queries cases. Finally, Section 5.6 presents the conclusions on the relevance feedback

learning algorithms.

5.2 Relevance Feedback Learning as a Regression
Problem

As in Section 3.2, the problem of relevance feedback learning can be cast in a con-
strained optimization framework. In this case, the main objective is to transform the
previously mapped query (obtained in phase 1), to a new optimal query g, that is the

closest to the old one (in the Euclidian norm) and further satisfies the new constraint
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DTg, = 1,. Thus, the Lagrangian function in this regression-based learning should be
modified to
1 N
J(@;, Aw;) = §(§Iz —a,)" (G —q;) + Z Awg; (75 — Q?Qi) (5.1)
j=1
where Aw;; represents the incremental change in the Lagrangian multiplier. Then,
the LS solution for g, becomes
N
& =g+ Awyd; =g+ DAw, (5.2)
j=1

and the optimal solution for Aw; is,
Aw, = (D"D)™s, (5.3)

where §; = £, — r; with DTq, = 1, i.e. score vector for the old query. Thus, the
weight vector w, in the first layer can be updated to ¥; using W, = w; + Aw,, where
W, = (DT D)™'t; meets the new score requirements f,.
If there are K voted documents whose scores need to be modified in the regression
mode, the new score vector becomes,
=1+ Y ey (5.4)
ke S
where ¢, is as defined before, Ary is the incremental change corresponding to user-
specified score of the voted documents d,, and S represents the set of voted documents
with cardinality |S| = K. In this case, the parameters of the regulator or the weights
of the first layer must be updated using the weight increment vector,
Aw; = > bAry (5.5)
ke S
where b, = Ao~ 'e, is the k** column of the matrix Ay™' = (DTD)™1,
From the above equation it can be observed that document voting corresponds

to linearly adjusting the weights to incorporate user information. Since this weight
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updating is only implemented for the weights associated with the term ¢;, it is ensured
that information learnt in the previous learning is not lost while at the same time
allowing for adaptation of new associations.

Remarks

5.1 The relevance feedback learning in this section can be implemented either on-line

for every user (not typical) or in batch mode after collecting all the users’ votes on
various queries and forming a log file. In the former case, the score for a click-through
selection can be specified internally using a particular scoring scheme [35] and without
any user involvement. In the latter case, frequency of votes, expertise level of the user,
date in which voting takes place, date in which the document is last modified or any
other meaningful criterion can be used in conjunction with some specific heuristic
rules to arrive at the desired score vector I; for every query in the log file. This is
used in Section 5.5, though the same updating rules can also be applied for on-line

iterative-based learning.

5.2 Although during the initial model-reference learning (phase 1) the weights of
the first layer of Figure 3.1 are computed for all the single-term queries, due to the
linearity of the network one can perform weight adaptation during relevance feedback
for multi-term queries as well. For instance if a two-term query containing terms ¢;
and t; is applied, the weights associated with these terms i.e. w; and w; will undergo
adaptation. Since the global corpus weights of these terms are known, the contribu-
tion of each term toward the desired response will be determined based upon these
weights. However, this fine-tuning may slightly change the response for other queries
that contain the same terms. To remedy this problem, a new learning algorithm is
developed in Section 5.4, which starts from the indexing results, i.e. projection ma-
trix Pp for the initial training of the regulator, and then applies relevance feedback
learning based upon a set of single and multi-term queries and their associated votes

in the log file. Section 5.5 gives the results of this method and their benchmarking

61

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



with the original single-term relevance feedback learning method.

5.8 An alternative relevance feedback mechanism [74] that provides flexibility in the
position of the documents (typical in general-purpose TRS) can be devised using our
network structure. In this scheme, the terms in the voted documents can be modified
to elevate the relevant documents while demoting the non-relevant ones. This can be
accomplished in our system by updating the corresponding document terms in the
retrieval layer. The learning is based upon Gram-Schmidt orthogonalization [75] in

conjunction with a node creation strategy to incorporate the user feedback.

5.3 Relevance Feedback Learning as a Classifica-
tion Problem

If the user identifies the most relevant document(s) via click-through selection, he/she
may not be interested in assigning scores, rather contend in specifying whether or not
a document is relevant to a particular query. Then, the new score vector can still
be found using (5.4) for this classification-based learning (two class) with the minor
difference that Ar, = +2, where + is used when the &** document status should be
changed from non-relevant to relevant and vice versa. Additionally, it is easy to show
that the new diagonal matrix 7\1 should be changed to

Ki =A, + Z gkngrk (5.6)
ke S

in order to satisfy the requirement Kiﬁi = 1. With these minor modifications, the

weight updating increment Aw, becomes

Aw; = A; Z b, A + Z eyby A, (5.7)
ke § ke S

where b, = Ay~ 'e,, is the k** column of the matrix Ag™' = (DTD)~! and S represents
the set of voted documents (See Section 3.3 in Chapter 3).
To implement relevance feedback learning in a classification framework we only

need a small set of relevant (positive feedback) and non-relevant (negative feedback);
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without soliciting the scores of the documents as in the regression framework. This
characteristic make the classification learning scheme very appealing for environments

where is difficult to gather this information.

5.4 Relevance Feedback Learning for Multi-Term
Queries

As mentioned in the introduction, the majority of the queries that arrive at most
retrieval engines contains two or more terms. Therefore, it is important to consider
this fact into the learning mechanism. The purpose of this section is to extend
relevance feedback learning to account for the multi-term as well as the single-term
query learning. Relevance feedback information for a particular set {q;}¥; of queries
is used to update specific columns of mapping matrix Z; the learning is somewhat
similar to that for initial training with the difference that here our goal is to update
the mapping matrix instead of setting it up.

Suppose that the number of different terms among the training queries {q;}%, is

T'. The problem of finding the updates Az,

s Az, ... Az for T columns z

Zjyy Zjyy - -
z;,. of mapping matrix Z (where j, corresponds to term t;, for h € [1,T7), given a set
of T-term queries g, = Z;‘rzl Giji&j,, @ € [L, k] with k > T', with their respective outputs
f,’s, where g; is the vector containing 1 at the j#* position and zero elsewhere, can

be cast in an optimization framework. The goal here is to find Az, ,..., Az, specific

columns of AZ = Z — Z(© and Aw,’s that minimize the Lagrangian function,

k k
LS e OV o) Tin _ PTA
’](AZjlw")A_Z_jTaAy_l)"'7Ayk) = 5;(91'“‘94 ) (G —q )‘*’;Aﬂi (& - D &)
(5.8)
where g§°) = Z0q, and §; = Zq; are the mapped queries at the output of the

regulator of our MRTRS system when the old Z(O) and the new Z mapping matrices
are applied to the submitted query g;. Since we require linear optimal mapping of

the form §, = Zq; = ZZT=1 0ij,z;; 1 € [1, k], we set the derivative of J wrt Az, to 0.
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This yields

k

k
3@~ a™)ain — > @ DAy =0; L€ 1T (5.9)

i=1 i=1

()

Given that the difference between the optimal query ¢, and g; ' can be expressed

as §; — g§°) = Zzﬂ 9ij,Az;, we can transform (5.9) into

T k k
> (Z qz'jﬂijz) Az; =D Z 45, Av; = DAW,(k); 1 €[L,T] (5.10)

p=1 \i=1 i=1

which must hold for the query terms ¢;,...,t;,. Here, Aw;(k) = Zle ¢, Av;; L €
[1, T}, and the term in the bracket in (5.10) represents a correlation measure between
the terms in the set of queries.

Now, since the constrains in (5.8) are given by &, = DT§,;7 = 1.2...%, and
QEO) = DTQEO) this implies that (5.9), after premultiplying by DT, can be rewritten
as S8 (6t; — DTDAv;) gij, = 0; ji € [1,T], where 0f; = f; — r” From here,
the Lagrange multipliers Av, = (DTD)~16%,, i € [1,k] are found and then used to
form the columns of A/W(k) = [A%, (k) AW,y (k)... Ak(k)]T to obtain AW(k) =
(DTD)™ Zf=1 otyqf = Zf:l Avqy .

To find a solution for z;'s let us define the matrix H(k) = [hu(k)], p,l =
1,2,...,T with elements hy(k) = zk: Qij,Qij,- Then, (5.10) can be rewritten in matrix
form AZ(k)H(k) = DAW(/C), wl;:“e matrix AZ(k) = [Az; Az,, ... Az, ] contains
columns ji, ja, - - ., jr of Z — Z©, where Z© = DO(0) and ©(0) = W(0)H1(0). If

we solve for AZ(k), we get

AZ(k) = DAW(k)H (k) (5.11)

= DAO(k), (5.12)

where AO(k) = ©(k) — ©(0) = AW (k)H-'(k). As can be seen in (5.11), solving

for AG(k) requires computing AW(k) and H~1(k), where H~1(k) exists and is easy
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to compute using the matrix inversion lemma as in Section 3.2 in Chapter 3. The

recursive equations for AW(k) = Zle Av,qF and H-1(k) are

AW (k) = AW(k—1)+ Ayl (5.13)
H'(k—Daar H (k- 1)
1+qp H 1 (k — 1)gy

HYk) = HYk-1)— (5.14)

Now, the recursive equations for A©(k) = AW (k)H (k) can be found using the

recursive equation for AW\(k) in (5.13) as follows:

AB(k) = (AW (k—1)+ Avdl)H ™' (k)
= (AO(k—1)H(k — 1) + Aval) H™ (k)
= (AO(k — 1)[H(k) — azar] + Avyar )H ' (k)

= Ak~ 1)+ [Ay, — AB(k — D)ailaz H' (k) (5.15)

It is convenient to express this updating equation in terms of the feedback it receives
from both the user and the retrieval system. In one hand, it receives the query and
the desired scores from the user, and on the other hand, it receives the output of the
retrieval system for the submitted query. The goal of the updating mechanism of our
MRTRS is to provide an error signal used to adjust the parameters of the regulator.

Thus, (5.15) can be expressed as

AO(k) = AO(k—1)+[Ay, — AB(k — 1)a,lar H' (k)

= AB(k - 1) + (DTD) '8t — (D" D)AB(k — 1)arlax H' (k) (5.16)

From the definition of A®(k — 1) = ©(k — 1) — ©(0), the term (DTD)AO(k — 1)g,

can be simplified to

(DTD)AO(k —1)g, = (D"D)O(k - 1)g; — (D" D)©(0)g;
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Thus, the term in the brackets on the right hand side of (5.16) becomes %), — (1 —
;,(CO)) = I, —I;, where 1;, is the output of the retrieval system for query g, when mapping
matrix ©(k — 1) is used and #, is the desired score output for query q,. Now, let Af,
be the difference between the desired score vector I, and ry, i.e. Af, =1, — 1. If we

plug this value in (5.16) then the updating equation for AG(k) can be expressed as

AO(k) = AO(k — 1)+ (DTD)*At,af H™ (k) = AO(k — 1) + (DTD) 1At KT (k)
(5.18)
where K(k) = H~1(k)q, is the gain. If we replace AG(k) by [©(k) — ©(0)] and
AO(k—1) by [O(k—1)—©6(0)] in (5.18) then the updating equation for ©(k) becomes

O(k) = O(k — 1) + (DTD) ' AL, K™ (k) (5.19)

Now, if we define P(k) = H~!(k) and plug it into (5.14) we arrive at the following

recursion [76]:
Pk = Daual Pk — 1)
1+ afP(k — 1)g;

The updating equation (5.19) for finding the mapping matrix ©(k) together with

P(k) = P(k—1) -

(5.20)

the expression for the gain K (k), and the recursion formula in (5.20) constitute the

multi-variable recursive (multi-output case) least-squares (RLS) [57,77] algorithm:

O(k) = Ok 1)+ (DTD) AL KT (k)
P(k —1)q,

1+aiP(k—1)a

P(k — 1)aaf P(k — 1)
1+ gf P(k —1)q,

K() = P(k)g, = (5.21)

Pk)y = Pk-1)-
with initial conditions ©(0) = (DTD)~1DT and P(0) = I.
5.4.1 Special Case: Single-Term Queries

Although the recursive equations for finding mapping matrix ©(k) are simple in

structure, the number of computations involved can be an impediment for an online
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implementation. Potentially, P(k) could be a full M x M matrix, where M is the
number of distinct terms found in the documents, hence the number of operations to
update P in (5.20) is of order O(M?). Though improbable, this case might happen in
the long run after the system has processed a lot of queries. As mentioned throughout
this work queries with few terms, especially those with only one term, are abundant.
Therefore, algorithms that exploit these types of queries and use less operations in
the algorithm (5.21) for finding mapping matrix ©(k) are desired.

Let us consider the case where we rely only on single-term queries to update both
the recursion in (5.21) and the mapping matrix ©. Thus, matrix P(k) becomes a

diagonal matrix with element
1

Py(k) (5.22)

where n; < k is the number of single-term queries q; = e; submitted prior to query

M
Qr+1- In addition, it can be shown that ) n; = k. The proof that P(k) is a diagonal

i=1

matrix with elements given by (5.22) can be done by the method of induction. That
is, we know that P(0) = I is diagonal now assure that P(k) is also diagonal for the
submitted single-term query g, = e;. We must prove that P(k + 1) is also a diagonal

matrix whose it* diagonal is given by Py(k + 1) = and the other elements

N S
1+(ni+1)
remain unchanged. From (5.21), the recursion for P(k + 1) and query g,,, = ¢; is
expressed as

P(k)e;e] P(k)

Pl =P = 1 T

(5.23)

Now, since P(k) is a diagonal matrix the vector P(k)e; contains only one non-zero
element, i.e. its it" element that is P;(k). Then, from (5.23), it follows that
Fii (k)
1+ Pu(k)
Pplk+1) = Py(k) for l#iorp+#1 (5.25)

Pilk+1) (5.24)

Plugging Py;(k) from (5.22) into the right-hand side of (5.24) yields Py(k + 1) =
1/(1+ (n; + 1)), which is the desired result.
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Furthermore for this special case, the gain K (k) = P(k)q,, for the submitted query
d; = €; is a column vector whose " element is P;(k) = 1/(1+n;) while the others are
zero. Now, using the value for the gain into (5.21) and assuming that the submitted
query at time k is single term, i.e. g, = ¢;, the RLS version for the single-term query

case becomes:
0i(k) = Oi(k—1)+v(k)(DTD) AL, (5.26)
and
0;(k) =0;(k—1); j#i

where 7;(k) = 1/(1 + n;) and ©;(k) is the i*" column of ©(k). The initial condition
©(0) = (DTD)~'DT. Equation (5.26) resembles the Robbins-Monro algorithm [78].

It is known [77] that if ;(k) is a sequence of positive numbers satisfying

> (k) =00, lim y,(k) =0 (5.27)

k—o00
k=1

then the recursion in (5.26) converges. Note that not all query samples g, modify ©;,
but only those queries that are single-term queries e;, as can be seen in (5.26). Let
x = kikoks . .. be the sequence of values of k that participate during the modification

of ©;. Using this sequence, updating equation (5.26) yields
0;(ks) = O;(kt—1) + vi(ke) (DT D) AL, (5.28)

Then, for the convergence of learning algorithm (5.26) we must prove that

e}
Z’)’i(k’t) = 00, klim Yi(k) =0 (5.29)
t—>00
t=1
where v;(k:) = ﬁ%l—k— Since the variable ng, accounts for the number of times that
t
query ¢; is submitted until time k; then ng, = ¢. In consequence ~;(k;) = 13 satisfies

(5.29) and column ©; converges with probability 1 to the solution [78].
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5.5 Experimental Results

The goal of the relevance feedback is to promote/demote one or more documents
to the required positions based upon the users’ votes and their characteristics such
as expertise level of the users, frequency of votes and document publish dates. The
relevance feedback can be performed either in an iterative on-line mode for every
expert user, or in a batch mode based upon votes collected over certain period of time.
In the former case, it is important to guarantee that the system retains the previous
learning while incorporating the user feedback. Although, the iterative relevance
feedback training in Section 5.2 ensures this stability versus flexibility requirement,
the effectiveness of the proposed algorithms is demonstrated for the batch mode
relevance feedback based upon the votes collected in the log file for single-term as
well as multi-term queries. It will also be shown that voting for single-term queries

improves the accuracy of the retrieval system for multi-term queries.
5.5.1 Training Based Upon Single-Term Queries

In this study, the votes collected in the log file for 1-term queries are used for relevance
feedback training in Section 5.2 and the updated system is then evaluated on the
multi-term (testing) queries. The system was initially trained based on the document
indexer with the projection matrix Pp as explained in the results for the initial
training in Section 3.6 of Chapter 3. Relevance feedback learning is performed in
both the regression and classification modes by incrementally adjusting the weights
of the first layer based on (5.5) and (5.7). After the relevant feedback learning for

every l-term query in the log file, the Kendall’'s 7, is computed for the training

and testing queries. Figures 5.1(a) and (b) show the plots of 7, for the entire 2386
iterations of relevance feedback for these two learning modes.

In the regression mode, the initial values of Kendall’s 7, were 0.611, 0.026, and —0.124;
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Figure 5.1: Relevance feedback learning: (a) weight update in regression mode (b)
weight update in classification mode.

while the final values after relevance feedback learning became 1, 0.805 and 0.89 for 1-
term, 2-term and 3"-term queries, respectively. Similarly, in the classification mode,
initial values of 7, were 0.692, 0.210, and 0.109; whereas the final values became 1,
0.902, 0.906 for 1-term, 2-term and 3*-term queries, respectively. This shows that
although relevance feedback learning is exclusively applied for 1-term queries and
the value of 7, = 1 for these queries indeed indicates perfect match, the substantial
increase in the values of 7, for the multi-term queries is indicative of the generalization
capability of the system. This is especially true when there are terms in the multi-
term queries that did not receive any relevance feedback training. Note that this
relevance feedback adaptability is achieved without jeopardizing the stability of the
previous trained system.

Figures 5.2 (a) and (b) show the plots of recall measure for various choices of
top documents after the relevance feedback using the regression and classification
learning modes, respectively. These plots are generated for the most commonly used
1-term, 2-term and 3*-term queries in the log file by taking the average of the recall

values. As mentioned before the system was initially trained using the indexer results.
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Figure 5.2: Recall plot after relevance feedback learning in (a) regression mode and
(b) classification mode.

As can be seen from Figures 3.2 and 5.2 the maximum achieved recall increased
considerably after the relevance feedback learning. In the case of regression-based
relevance feedback learning, the maximum achieved recall increased from 0.673, 0.720
and 0.657 (refer Figure 3.2 (a)) to 0.961, 0.980 and 0.869 (refer Figure 5.2 (a)) for
the 1-term, 2-term and 3'-term queries, respectively. Similarly for the classification
mode, the maximum recall achieved increased from 0.551, 0.453 and 0.385 (refer
Figure 3.2 (b)) to 0.808, 0.797 and 0.698 (refer Figure 5.2 (b)) for the 1-term, 2-term
and 3*-term queries, respectively. The above results indicate the effectiveness of our
system in achieving the relevance feedback learning without jeopardizing the stability

of the previously trained system.
5.5.2 Training Based Upon Multi-Term Queries

In this study, the multi-term query learning method developed in Section 5.4 is tested
and analyzed. Three different experiments were conducted. In the first experiment,
we split the queries in the log file into a training set consisting of 2386 1-term queries,
1664 2-term queries, and 1661 3*-term queries randomly drawn from the set of 1846

3*-term queries, and a testing set consisting of the remaining 185 3*-term queries.
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Note that the purpose of this experiment is to evaluate the system performance when
new 3T-term queries are encountered. In the second experiment, we split the queries
in the log file into a training set consisting of 2386 1-term queries and 1664 2-term
queries, and a testing set consisting of 3T-term queries that have common terms
with the 1-term, or 2-term queries or both. That is, only those 3T-term queries that
contained terms that participated in the training are used for testing and performance
evaluation. The third experiment aims at showing the convergency of the multi-
variable RLS algorithm (5.21). The queries for this experiment were obtained as
follows. From the 1664 2-term queries, we chose those queries whose terms alone
formed single-term queries found in the set of 2386 1-term queries. We found 724
two-term queries and 230 single-term queries satisfying this criterion. The 230 single-

term queries form the training set and the 724 two-term queries form the testing set.
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Figure 5.3: Kendall’s 7, for two experiments

Figures 5.3(a) and (b) show the plots of Kendall’s 73, versus the number of epochs
for the training (solid line) and testing sets (dashed line) for the first and second

experiments, respectively. For any submitted query, only the top 20 documents were
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considered to generate Kendall’s 7, measure. The training process consisted of a
series of epochs in which all the samples in the training set were submitted to the
system and pertinent adjustments to © using (5.21) were made. Furthermore, at each
epoch, the Kendall’s 7, performance measures for all the samples in the training and
testing sets were generated and plotted. As can be seen, in both figures, 7, starts from
very low values, indicating that the document lists from the initially trained system
using the projection matrix Pp and those of the benchmark are not highly correlated.
However, as relevance feedback training progresses, the 7, values for the training
set ends up at high values of approximately 0.85 and 0.90 for the first and second
experiment, respectively. This indicates that the retrieval system closely captures
the information content in the benchmark. Moreover, in the second experiment T,
values for the testing set follow more closely those of the training set. This behavior
is expected since the testing queries in the second experiment have common terms
with the training queries. The performance of the system on the testing set, as shown
in Figure 5.3(b) for the second experiment illustrates the generalization ability of the
learning algorithm on multi-term queries. It is important to point out that Kendall’s
Ty plots resemble most learning curves in the sense that the learning rate is high
during the early stages of learning and decreases gradually as learning progresses.

Figure 5.4 shows the learning curve of the multi-variable recursive learning algo-
rithm (5.21) using the training set of 230 single-term queries for the third experiment.
The mean squared error F (§;‘:§ ,) for the training + testing sets is plotted versus the
rounds of relevance feedback. During each round, all training queries are processed,
the mapping matrix © is updated according to (5.21). At the end of each round, the
mean squared error E(§Z§ .) is computed and plotted.

As can be seen in Figure 5.4, the learning rate is very fast during the early rounds
of feedback and decreases gradually at later stages of learning. After 30 rounds of

feedback there is an improvement of six orders of magnitude in the mean square error
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Figure 5.4: Learning curve: E(£],£) mean squared error versus round of relevance
feedback.

as the initial mean squared error at round ‘0’ is around 107, while, it reaches almost

10! after 30 rounds.

5.6 Conclusions

In this chapter we proposed two novel methods to solve the problem of capturing
users’ expertise and knowledge via relevance feedback. One method uses the scored
documents and hence is cast in a regression mode while the other is based on a click-
trough selection and hence is cast in a classification framework. The learning can be
implemented for either single-term or multi-term queries by adapting the parameters
in the first layer of our connectionist network or in the regulator of the MRTRS. The
user feedback is employed to administer the expert user voting based upon frequency
of votes, users’ expertise and other criteria. The second and third layers perform
document-to-term mapping and search/retrieval tasks. The effectiveness of the pro-
posed algorithms is demonstrated on a relatively large domain-specific text database
containing various HP products.

It was found that our MRTRS captures new information without impairing its

performance for the already stored information. We used the Kendal’s 7 correlation
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and the recall measures for comparing the list of documents provided by our sys-
tem against the benchmark list of documents provided by experts users for a small
but representative set of queries. According to the results both the regression and
classification modes show similar performance because for both the correlation mea-
sure approaches ‘1’ (maximum value) in very few rounds of feedback. Surprisingly,
the performance of our MRTRS system for three-term queries was better than for
two-term queries, though the performance of both systems for the two-term queries
was better that for the three-term queries at early stages of learning. This, implies
that the system learned better the concepts and possible associations among them
for queries with more than two terms.

The experimental results using the recall measure for comparing the retrieved list
of our MRTRS against the experts users’ list for the same set of queries show that
indeed both the regression and classification learning modes can capture the relevance
information from the users. The recall plots for these learning modes show that the
measure increases as more documents are considered. For instance, in the regression
mode, the recall increases from 0.673, 0.720, and 0.657 to 0.961, 0.980, and 0.869 for
the 1-term, 2-term, and 3*-term queries, respectively, while in the classification mode,
increments from 0.551, 0.453, and 0.385 to 0.808, 0.797, and 0.698 were observed for
the same queries. The recall plots indicate the effectiveness of our system in achieving
the relevance feedback learning without jeopardizing the stability of the previously
trained system.

Evaluation of our MRTRS based upon several collection of the HP database in-

dicates that the proposed model MRTRS is indeed very effective in finding relevant

information from a small set of training queries, typical scenario of most retrieval
systems. These results suggest that our system can also be used in other similar
special-purpose databases where the need for accurate retrieval solutions is of great

importance.
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CHAPTER 6

QUERY CLUSTERING IN TEXT RETRIEVAL
SYSTEMS

6.1 Introduction

The great difficulty in querying is that the user has to specify the right query in order
to retrieve the desired results. Researchers [79-82] have often focused on automatic
query expansion to help users better define the queries. Although, automatic query
expansion improves the retrieval efficiency, there is no guarantee that the retrieved
documents meet the user’s requirements. As a result, it is convenient that the retrieval
system suggests some relevant terms from which the user can pick one or more terms
and augment or modify the original query. The purpose of this chapter is to develop a
query clustering algorithm based upon our MRTRS system, that will help in providing
these additional terms.

We regard query clustering as the process of partitioning the most frequent asked
questions into different and disjoint clusters with the aim of providing additional
information to the user. This information is usually found in the terms of the already
submitted queries collected in a log file. To suggest these terms, the submitted query
is evaluated against the different clusters and the terms from the cluster that are
more related (in concept) to the query retrieved and suggested to the user for query

refinement.
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Our method for extracting information from a set of users’ queries basically in-
volves three steps: (1) mapping the original query into a space where the correlations
between different terms in the same query are more ‘meaningful’, (2) clustering the
already mapped queries using an appropriate algorithm that takes into account the
possible high dimensionality of the new space, and (3) using a navigation algorithm
to extract information for new queries by using the set of clusters already created.
Although there have been many studies related to clustering documents [83-87], the
methodology for query clustering has not been well-addressed.

Three different query domains and clustering algorithms have been tested in this
chapter. The first and second domains correspond to the original and weight query
domains while the third one is given in the space of documents retrieved by the search
engine. In addition, we use different unsupervised methods for clustering, mainly the
2-D self-organized map (SOM) [33] and an agglomerative clustering [88] method.

The organization of this chapter is as follows. Section 6.2 presents an overview of
some clustering methods presented here to exploit different query domains. Section
6.3 presents our agglomerative-based clustering method and compare it against the
2D-SOM. Test results on the the HP database are presented in this section. Section

6.4 gives the conclusions for the methods and results presented in this chapter.

6.2 Overview of Clustering Methods

An agglomerate algorithm [89-91], which is a variant of a hierarchical clustering
algorithm [49], is employed here for query clustering. However, the main differences
are the selection of a suitable query domain and an appropriate ’goodness’ measure
for a cluster and for the set of cluster formed at each iteration. The two major steps
of this algorithm involves finding the ’best’ pair of clusters that would maximize the
'goodness’ measure and merging this pair into a single cluster. All the steps in this

algorithm are described next.
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(1) Preprocess each query
- Remove stop words.

- Find the stem version of each term in the query.

(2) Selection of an ’appropriate’ query domain
- Possible domains:
(a) original query domain: 7™ query is expressed as a vector in the form
a; = [qu, 92, - -, )T, where gy, is '1” when the m® term is present and is
')’ otherwise.
(b) query weight domain: the mapped query d} for the i** submitted query is
q; = Wq, (see Figure 3.1) is formed and used for clustering, where W is the
mapping matrix discussed in Chapter 5.
(¢) document-score domain: the original query g; is submitted to the retrieval
system and from the scores of the documents delivered a new vector r, =
[ri1, Tigy - - -, Tin]? is formed, where r;; is the score of the 4t document for the

i* query submitted. We can regard r; as the effect of the query g; in the

document-score domain.

3) Define a similarity measure s(qg;,q.) between queries ¢ and j. In our case, the
1) =g J
measure s(q;,q;) is close to one when g; ~ g; and is zero when the queries are

not ’related’.
(4) Define 'goodness’ measures for each cluster and for the overall set of clusters.

(5) Find the ’best’ pair of clusters.
(6) Merge the "best’ pair of clusters into a single cluster.

(7) Repeat Steps 5 and 6 until a stop criterion is met. In our case the stop criterion

was the final number of clusters.
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In what follows, different query domains and our new agglomerative clustering
algorithm will be explained in more detail. An evaluation of the clusters generated
by the algorithm as well as comparisons with the clusters generated by the 2D-SOM

expert users on the HP database will be presented.
6.2.1 Clustering Based on Original Query Domain

The original query domain representation does not take into account either the seman-
tics of the original request or the relative position of the terms in the request (which
could be expressed in natural language). Thus, the discrimination of queries based
on the context is very difficult. Although this is an apparent weakness many TRS
use this representation for retrieval purposes (not for clustering) due to its simplicity,

ease of implementation, and the good results it has shown until today.

Any cluster algorithm needs some type of distance measure between two queries.
Let g; and g; be the queries ¢ and j in the log file of queries, then a similarity measure
s(g;,9;) is used for comparing the closeness of two queries. The frequently used
similarity measure is the cosine of the angle between the two vectors i.e. s(q;,q;) =
cos(aij) = ai a;/(llailllla;|1)-

The cohesion ¢(g;,q;) between queries g; and g; is defined as the number of ele-
ments they have in common. The cohesion of the set of queries is then the expected
value Elc(q;,q;)] or average cohesion over this set. Clearly, when all the queries in
aset @ = {qy,9ds,.--,9,} are represented in the original query domain, the cohesion

between query i and query j is given by
(9 Qj) = QiT_Clj

For a set @ of queries, let y(z) be the number of different pairs of queries that have

z elements in common. That is
y(z) = |{(u,v)| c(u,v) = z; u#vandu,v € Q} (6.1)
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where ||.|| stands for the cardinality operation.

Before clustering a set of queries it is recommended to determine their cohesion.
If all the queries show high cohesion because they share the same terms then they
do not convey anything new. In contrast, if in the set there are not two queries that
share at least one term then each query should form a cluster and nothing new is
learnt from the clustering. Even though there is no need for clustering in the latter

case, some correlation between terms of the same query can be obtained.

2 x 104

| “mean=0.0128 terms _: 1
|
| n = 200queries :

y(z)

Figure 6.1: y(z): number of different query-query pairs that have z elements in
common.

Figure 6.1 shows the number y(z) of different query pairs that contain z terms in
common for the set of queries that corresponds to the most often submitted queries
200 queries provided by HP. For this set, the maximum number query-query combi-
nations is 20,000, therefore y(z) < 20000, for any . As can be seen in the plot in
Figure 6.1, most queries share 0 terms. The mean value for the cohesion in the set of
queries is 0.0128 terms. This value indicates that if we randomly choose two queries

then they share on average 0.0128 terms. The value is rather low, so two original

queries share very little information.

By clustering the queries in the original domain, the correlations between terms
will somehow reflect the preference of the external users for choosing them. The clus-

tering in this domain does not incorporate the high level expertise from either expert
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users or our retrieval system that might be fine-tuned via relevance feedback learning
(see Chapter 5). This shortcoming as well as the difficulty of finding some cross-
related information between original queries led us to pursue other representation

domains that are discussed next.
6.2.2 Clustering Based on Query Weight Domain

In this section, we show how the weights learned by the query mapping mechanism
can be used for document term associations. For testing, the suggested document
terms are the ones that were previously queried. These queries are stored in a query
log in a database. To test the document term association, we have used 200 most
frequently submitted queries taken from this query log. Now, when a new query is
submitted, the query terms are evaluated against these 200 most frequently submitted
queries and those queries that are more related (in concept) to the submitted query
are retrieved and suggested to the user for query refinement. The selection of the
related terms is based upon determining the amount of match between the weight
vectors of the query terms, extracted from the first layer of the connectionist network,
and those associated with the queries in the log file. If the match is above some
pre-specified threshold then they are selected and suggested to the user for query
refinement. The weight vectors captured by the network for single-term queries have
to be mean corrected and normalized prior to the matching process. Consequently,
term-matching via dot product operation corresponds to finding the cosine of the

angle between the two weight vectors.

In our testing, ten different queries are submitted and for each query, its match in
the query weight domain with those 200 pre-selected queries are evaluated. Queries
with matching above 0.4 are selected and suggested to the user. The suggested query
terms are then evaluated by the expert users for their relevance to the submitted query

terms. Our experimental results revealed that on average 84.4% of the suggested
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terms are indeed relevant to the query term. This shows the usefulness of first layer
mapping weights of the network in Figure 3.1 for term association based upon their
captured concept. It should be noted that this approach of query refinement using
term association, which is one of by-products of our proposed system MRTRS, is very
fast and amenable for real-time implementation. The results of query refinement are
shown for two user submitted queries in the Tables 6.1 and 6.2. Columns 1-2 in these
tables show the suggested terms and their corresponding match index, respectively.
The terms on the first row of these tables, which have a match value of 1, are the
actual user-submitted query terms while the rest are the suggested ones. Clearly, one
can attest to the similarity in their concept and relevance to the original submitted
queries. These results point to this interesting observation that the mapping matrix
captured during the initial model reference training of the MRTRS and embedded in
the connectionist network indeed contain useful information for query association and
clustering applications. However, there are some clusters that contain terms with no
similar information. Tables 6.3 and 6.4 show the results of such cases where most of
the suggested terms are not related to the query term. In Table 6.3, only 2 out of the
9 suggested terms are relevant to the query term 'LINUX’ and in Table 6.4, none of
the suggested terms are related to the query term "TROI’. Hence, in the next section,

we developed a different clustering method based on the document domain idea.
6.2.3 Clustering Based on Document Score Domain

This domain lies in the space of the scores of the retrieved documents. Here, r; =
(731, Tigy - - - ,7in]T is the normalized vector of document retrieved scores when query
i is submitted. To find the cohesion between vectors in this domain and to compute
the average cohesion for a set of queries we follow two steps: (1) for each vector r;
form its binary version p; = [pi1, iz, - - - , Pine) T, Where py, = 1 if 7y, > 0 and is zero

if rym < 0, and (2) the cohesion between binary vectors p; and p; is ¢(p;,p;) which
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Table 6.1: Term association for the Table 6.2: Term association for the

query 'PCLXL ERROR’ query 'USB CHIPSET"’
Associated relevant queries | Matching | | Associated relevant queries Matching

value value

PCLXL ERROR 1 USB CHIPSET 1
ERROR 0.8325 USB CHIPSET ISSU 0.9165
79 ERROR 0.6520 LJ1000 USB CHIPSET ISSU | 0.9043
ERROR CODE 0.6288 LJ1200 USB CHIPSET ISSU | 0.9041
NUMER ERROR 0.5949 USB 0.7965
SEVER ERROR 0.4833 CHIPSET 0.6242
PCL XL ERROR 0.4444 USB TROUBLESHOOT 0.4331
SPOOL 32 ERROR 0.4331 IPD 0.4124

Table 6.3: Term association for the

Table 6.4: Term association for the

query 'LINUX’ query "TROTI’
Associated relevant queries | Matching | | Associated relevant queries | Matching
value value

LINUX 1 TROI 1

IPD 0.5474 IPD 0.6540
BPL07282 0.5378 BPL07282 0.6410
SPOOLSVEX 0.5226 SPOOLSVEX 0.6155
CITRIX 0.5079 BPL90092 0.6078
BPL90092 0.5028 CITRIX 0.5865
BPL10582 0.4728 BPL10582 0.5739
CPLOCK 0.4681 CPLOCK 0.5678
QUICKBOOK 0.4613 8993 0.5609
DOA 0.4522 QUICKBOOK 0.5429

gives the number of documents in common for any pair (¢, j) of submitted queries.

Figure 6.2 shows the number y(x) of number of vector-vector pairs that contain
z documents (elements) in common for the set of 200 most commonly used queries.
These queries were submitted to the retrieval system and mapped to a binary output
(document score) vector as described earlier. As can be seen, the queries in this
domain indeed share many documents. The mean value for the cohesion in this case

is 200 elements. This value indicates that if we randomly choose two queries from
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mean=220 documents |
| n = 200queries |

y(z)

00U

Figure 6.2: Number of different query-query pairs in the document score domain
versus the number of elements in common.

the set then they share 200 elements on average. This value is better now than that

found before using the original query domain in Figure 6.1.

6.3 Agglomerative Clustering Algorithm

Starting with one query per cluster, our agglomerative clustering algorithm merges,
at each iteration, the ’best’ two clusters according to the 'overall cohesion’ computed
on the resulting set of clusters until a predetermined number of clusters is reached.
Let us define the cohesion c of cluster P = {p,,p,,-.-,Dx} as the average ’similarity’

of the normalized vectors in this set by

D pze:P _>_QZTDJ~

11425 1J >

(py={ — wmm — IPI>1 (6.2)
0 Pl <1

where N(P) stands for the cardinality of set P, p{p; gives our similarity measure
between the 5% and the j* associated binary vectors, and N(P) is the number of

combinations or number of inter-relations when selecting two different vectors from

P.

Now, using the average cohesion for each cluster as well as its number of inter-

relations, let us define the overall cohesion OC of a set of H clusters Py, P, ..., Py
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H
_Zl c(F)N(R)
Ele(P)]=0C = =———— (6.3)
>iii N(P)
When two prospect clusters k£ and [, are merged the overall cohesion OCj,

- C(Pn)N(Pn) —+ C(Pkl)N(Pkl)

OCk,l _ n=1,n#kn#l (64)

H
N(P,) + N(Pu)
n=1,n#kn#l

will change as a result of this process. Here, Py is the resulting cluster after the
union of clusters P and P, i.e. Py = Py|J P. The goal of our clustering algorithm
is to merge the two clusters that would yield the maximum value of the new overall

cohesion. This is expressed as
i,j =arg max OCk, (6.5)
The steps of this algorithm are listed below.

Agglomerative Algorithm

Let {p;, Dy, ..., 0y} be the initial set of L normalized output vectors and F' be the

desired number of clusters. Then, we follow the following steps.

1. Initialize L clusters and set P; = {p;} for ¢ = 1,2,...,L, ie., each cluster

contains only one normalized vector.
2. Set n « L.
3. Using the cohesion measure in (6.4) find the best two clusters according to (6.5).
4. Merge clusters ¢ and j into one cluster.
5. Set n «—n —1.

6. Repeat steps 3 through 5 until n = F, ie., the number of clusters n reaches the

pre-specified value F.

85

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



6.3.1 Experimental Results of Agglomerative Algorithm and Comparison
with Expert Users Clustering

The agglomerate algorithm is used to generate thirty (F=30) clusters from a set of
the 200 most commonly used queries. Each query is first submitted to the retrieval
system and from the list of the scored documents, the normalized output vector in the
document domain was formed using the procedure explained in the previous section.
However, for each vector only those scores that were above a certain threshold (a
factor of the score of the top document) were considered, the score of the rest were
set to zero. The overall cohesion for the set of clusters was used to measure the
performance of our algorithm and to compare it against the 2D-SOM algorithm [33]

as well as the set of clusters generated by expert users at HP.

Figure 6.3 (a) shows the plot of cohesion for each of the 30 clusters produced with
the agglomerative algorithm. In this figure, P; represents the set of normalized score
vectors for cluster ¢ and c¢(P;) is the cohesion measure for that set. Also shown is the
overall cohesion for the set of clusters. As can be seen, the overall cohesion is 0.33,
which is very good comparing to the cohesion measure found for the sets of clusters
provided by the expert users (OC=0.23) or by the 2D-SOM algorithm (Figures 6.4
(b) and (c)). This implies that the vectors in a cluster formed using our agglomerative
algorithm share more information (they are more similar) that those vectors in the

clusters formed by expert users or the 2D-SOM algorithm.

Another possible indicator that the algorithm produces a 'good’ set of clusters
could be computed by using the distribution of the vectors within the clusters; a
'good’ algorithm should balance, in some way, the number of vectors per cluster, i.e.,
producing a set of clusters with small variance according to number of vectors per
cluster. This implies that there could be a relationship between our criterion for
merging two clusters based on our cohesion measure and another criterion based on

the number of vectors per cluster. Figures 6.4 (a), (b), and (c) show the number
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" (30 clusters) (24 non-null clusters) I
Overall Cohesion=0.33 Overall Cohesion=0.23
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i: Cluster number

(a) (b)

c(Ri)

(26 non—nul‘l clustersl)
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%0 30 0 50 0
1 : Cluster number

(c)

Figure 6.3: Cohesion measure per cluster using normalized outputs for the clus-
ters generated by (a) agglomerative algorithm, (b) expert users, and (c) 2D-SOM
algorithm.

of vectors for each of the clusters generated by the agglomerative algorithm using
the document-score domain, the expert users, and the 2D-SOM algorithm. As can be
seen, the variance of the number of vectors per cluster for the agglomerative algorithm
(var = 16) is smaller than those generated by using the clusters provided by the expert
users (var= 242) or the 2D-SOM algorithm (var=200). These results clearly indicates

a good performance of the proposed algorithm for query clustering.
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Figure 6.4: Number of queries per cluster using normalized output vectors (a) ag-
glomerative algorithm, (b) expert users, and (c) 2D-SOM algorithm

6.4 Conclusions

In this chapter we developed an algorithm for query clustering based upon both a
cohesion measure between two transformed vectors and a overall cohesion measure
for a set of queries. Original queries are transformed to using the first layer of our
connectionist network system to the optimal mapped query with weights that can
be used for clustering. Alternatively, the last layer results that correspond to the

document-score domain could be used. These transformed vectors are then clustered
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using our agglomerative clustering algorithm and the created clusters are then ana-
lyzed to provide further information to the users. Thus, when a user submit a query
the our MRTRS system suggests additional words that can be used for the user to
modify the query.

The optimal query representation proposed in this work captures the documents’
content not only from the reference model TRS system but also from expert users
via relevance feedback. This in turn help the clustering process because the weight
or the document-score queries domain captures more information that the original-
query domain. Different query vector domains were also proposed, mainly the query
weight vector in the mapping layer of the connectionist network and the normalized
output (document score) vector. It was shown that the proposed agglomerative al-
gorithm provides clusters with much better cohesion measure than those generated
by the expert users or the 2D-SOM algorithm when either the weight or the docu-
ment score domain was used. The effectiveness of the proposed algorithms has been
successfully demonstrated on a text database that contains HP LaserJet and other
product families.

A study to measure the number of terms between a pair of queries showed that
two submitted queries share on average 0.0128 terms. The study was based on a set of
the most frequently submitted 200 queries related to HP-LaserJet-product family and
submitted by expert users at HP-Corporation in a six-month period. Given that the
number of terms shared by two submitted queries is small and the dimension of the
query vectors is very large a standard clustering algorithm based upon these queries
could lead to relatively poor results. Thus, the transformed queries could provide
more information for clustering purposes as they have more terms in common.

The cohesion measure to evaluate the closeness of a set of queries in a cluster
is introduced. A value of ‘1’ indicates that all queries share the same terms and a

value of ‘0’ indicates that no query in the set share any term with another query.
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The cohesion measure were 0.33, 0.23, and 0.12 for the clusters generated with the
agglomerative clustering algorithm, the expert users, and the 2D-SOM algorithm,
respectively. This implies that the clusters generated by the proposed agglomerative
clustering algorithm are more compact than those generated by the expert users or
the 2D-SOM algorithm. This leads to the discover of some similarity between queries

that produce approximately the same output in some specific domain.
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PART II: IMAGE RETRIEVAL
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CHAPTER 7

A MODEL REFERENCE IMAGE RETRIEVAL
FRAMEWORK

7.1 Introduction

The focus of most content-based image retrieval (CBIR) [41,92, 93] systems is to
apply robust search, content matching and retrieval to deal effectively and consistently
with a large volume of information. These systems usually provide mechanisms that
allow the user to navigate through the listed images. A search process typically
culminates at a list of images from which the user identifies the most relevant ones
after navigating or browsing in the order of the images’ “retrieval status values” or
relative scores. In these systems, the ambiguity of the initial query image makes it
difficult to guarantee a retrieval with successful outcome. A methodology that allows
for an efficient navigation through the images and automatic incorporation of user’s

expertise to influence the suggested solutions is essential.

In this chapter, we present two new image retrieval systems based upon the theory

of model-reference adaptive control. They are referred to as multiple-regulator and

single-regulator model reference image retrieval systems. The systems can incorporate
users’ expertise in an online fashion or model-reference information in batch mode.
The backbone of the systems is the regulator, which implements query modification

by mapping the original query into an ‘optimal’ one using linear transformations in
y
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a high dimensional space. The multiple-regulator system is structurally adaptable
under user’s feedback and captures the information in only a few parameters, making
it suitable for on-line implementation. In the single-regulator, relevance feedback
learning is incorporated into a single mapping matrix, in contrast to the multiple
regulator case, which contains several mapping matrices. This leads to a simpler
structure and algorithms but it requires more parameters to be identified. For both
systems, relevance feedback learning is cast in a constraint optimization framework.
Subsequent sections present overviews of the proposed image retrieval systems; leaving

the details to the next two chapters.
7.1.1 Definitions

Some important definitions used throughout this and the next two chapters will be

presented next.

e Database: A set of images (generally features vectors) that can be searched and
retrieval from our image retrieval systems. Database typically does not contain
class information of the images. A database containing N images is represented
by matrix X = [x,x, - - Xy], where x; is the 4" feature vector. Such a database

is used for the start up process of our system.

o Model-Reference Database: The model-reference database is formed with the

database together with class label information for every constituent image.

e Log-file: Contains information of query images and their corresponding scores
generated by the expert users when applying relevance feedback learning. Both

the query image and the listed images belong to the database.
e Training query: A query image that is in the database.

e Testing query: A novel query image that is not in the database.
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The organization of the chapter is as follows. Section 7.2 presents a general
overview of the architecture of multiple-regulator model-reference image retrieval sys-
tem. Section 7.3 describes the constituent parts of our single-regulator image retrieval
system as well as the mechanisms to incorporate users’ feedback. Section 7.4 presents

the conclusions and observations on the proposed systems.

7.2 Multiple Regulator Image Retrieval System

The idea behind learning in model-reference adaptive control systems (MRAS) [57,94]
is adopted here to develop a new model-reference image retrieval system (MRIRS)
referred to as Multiple Regulator Image Retrieval System (MRIRS). The system
architecture is shown in Figure 7.1. The retrieval system contains four components:
a ‘plant’, representing a non-adaptable image retrieval system; a series of regulators,
each represented by a mapping matrix; a model reference image retrieval system,
represented by a model-reference database; an adjustment mechanism in charge of
setting or updating the parameters of the regulator in order to follow the model
reference or the users’ requirements.

The proposed MRIRS as shown in Figure 7.1 basically operates in three modes
(i) search and retrieval, (ii) model reference learning, and (iii) relevance feedback
learning. These modes along with the initial start up will be briefly described in the

subsequent subsections.
7.2.1 Search and Retrieval Mode

The search and retrieval mode is the most basic of the three. Nonetheless, it deserves

special attention because search and retrieval operations should be performed in al-

most real-time. After an image query g, is submitted it is mapped nonlinearly into

vector q), = ®(q;) using a particular kernel producing nonlinear function ®(-). The
N

formed vector is then mapped into N different ‘optimal’ queries, {ij} j=1, using the

mapping matrices of the regulators, hence §;, = A;q;, j € [1, N]. The next step is to
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Figure 7.1: Multiple Regulator Image Retrieval System (MRIRS)

obtain inner products between each ‘optimal’ query and its associated mapped image

in the database. These products will be used as retrieval scores, i.e.
() = (I)T(Xj)ﬂjk = ‘I)T(Xj)qu)(Qk) (7.1)

is the score for the j** image for the original query q,. The search and retrieval
process ends when the most relevant images are listed in order of their scores. The
solid lines in Figure 7.1 show the paths of the search and retrieval process from the

moment the user submits the query until the creation of the score vector.

7.2.2 Initial Start Up

Any adaptable image retrieval system should be able to adequately initialize its inter-
nal parameters. For the multiple regulator system, the goal of the initial start up is
to adoquately select each one of the mapping matrices and to compute the underlying
operations with minimum computational resources. Consider the multiple regulator
retrieval system shown in Figure 7.1 and a database with N images, the goal of the
initial start up in this system is to find matrices A;, A, ..., Ay for the N regulators

(i.e. one regulator for every image in the database) and an appropriate mapping
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function ®(-) so that the initial scoring function between an image in the database
and a query is given by the simple directional cosine in the high dimensional space.

Therefore, we require that

@T(Xj)AJ’(I)(Qk) = (I)T(.Xj)q)(&) (7.2)

7

holds for any query g.

Clearly, one choice for A; that complies with (7.2) is A; = I, and another is the
projection matrix, ie. A; = ®(x,;)®”(x;)/k(x;,%;), where k(-,-) is an appropriated
kernel function. Choosing the projection matrix as the mapping matrix has the benefit
that its trace (which is 1) is less than that of the identity matrix (This is discussed
in more details in Chapter 9). Furthermore, using the projection matrix, most of
our learning algorithms for image retrieval, including the initial start up process, find

their counterparts in the text retrieval area, already presented in previous chapters.
7.2.3 Model-Reference Learning Mode

Model-reference learning exploits the information from an external image retrieval sys-
tem or in its absence from the class label information for the images in the database.
The first step when applying model-reference learning is to form a model-reference
training database which contains query-score list relationships using the images of the
database and their known class labels. To form this set every image in the database
is submitted as a query and the ‘desired’ scores of the relevant retrieved images are
computed. If the score of a relevant image is below certain threshold then its score is
set to the threshold and this query-score relationship is stored in the model-reference
training database. Having found the modcl-reference set the information needed for
each regulator is separated from the rest and used to set up its parameters. In
absence of class information, the parameters may be updated using relevance feed-
back learning, which will be discussed in the next section. The main benefit of the

model-reference learning mode in the multiple regulator IRS is that the number of
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parameters to be updated are only a fraction of those in the single regulator IRS.
The dashed lines in the feedforward path of retrieval system in Figure 7.1 show the
flow of information and the subsystems involved in the model-reference learning. The

details of this learning mode are presented in Chapter 9.
7.2.4 Relevance Feedback Learning

Relevance feedback learning is activated when the user selects one or more relevant
images from the retrieved list and assigns new positions and possibly scores to them. If
the user only assigns positions then the system computes the desired scores internally
for the relevant images. The desired score vector and the output score vector are used
by the adjustment mechanism to form an error vector used to update the parameters
of the regulators in such a way that if the same query image is encountered again on
the system will respond to it more accurately. During relevance feedback learning the
mapping matrices of the regulators are continuously accumulating users’ knowledge
into their elements. However, not all matrices are incorporating information at the
same time but only those associated to the most relevant images selected for a given
query. Because the relevancy information is only influencing certain mapping matrices
in the overall retrieval system, the incorporation of information is highly localized,
contrary to the single regulator system.

The process goes like this. At time ¢, the j** regulator is assume to have already
captured the information of ‘L’ queries and its adjustable parameter vector at that
moment is y§o). At time ty a new query image arrives and the user selects, via
relevance feedback, the image associated with this regulator as the most relevant one.
In order to incorporate the new information the regulator modifies its parameters by

updating ﬂ(-o) using y(-l)

; ;= w§0) +Aw,, where Aw, is obtained by solving a constrained

optimization problem that relies on the users’ relevance feedback. The details of the

learning rule derivations are provided in Chapter 9. We shall see that what drives the
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updating equation for w; is the difference between the desired scores and the actual
output of the retrieval system for the old stored queries and the newly submitted one.

Clearly, the apparent drawback for the proposed multiple regulator image retrieval
system is its structural complexity, especially for large image databases. However, in
spite of its complexity the updating process requires only the updating of parameters

of those regulators that participate in the learning via the relevance feedback.

7.3 Single Regulator Image Retrieval System

The single regulator image retrieval system referred to as (SRIRS) is inspired from
the model reference text retrieval system described in previous chapters. The pro-
posed SRIRS also contains four components and its structure is shown in Figure 7.2.
The structure is represented in a possible high dimensional space where both images
and queries are mapped into this space using some kernel producing function. The
components are: (i) a plant represented by a matrix with columns that are mapped
feature vectors (in the high dimensional space) of the images in the database, (ii) a
single regulator represented by a single mapping matrix A with adaptable parameters,
(iii) a model reference image retrieval system, and (iv) an adjustment mechanism in
charge of imposing the learning rules. The proposed SRIRS can perform ordinary
search and retrieval operations and address the problem of learning from users via a
log-file if they are off-line or directly from them if they are online. These are briefly

introduced in the following subsections.
7.3.1 Search and Retrieval Mode

The scarch and retrieval process goes like this. When a query g, is submitted, it is
transformed into query q' = ®(q) using a particular kernel producing function ®(-).
The formed vector ¢’ is then mapped into a single ‘optimal’ query, g, using mapping
matrix A of the regulator,i.e. § = Aq’. Then, this optimal query, which might be a

feature vector in a high dimensional space, is used to effect each one of the images in
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Figure 7.2: Single Regulator Image Retrieval System (SRIRS)

the plant matrix, yielding a score vector. The score vector s is simply computed by
a dot product, i.e. s = ¥T(X)q, where matrix X contains as its rows the images in
the database. The solid lines in the feedforward path in Figure 7.2 show the paths of

the search and retrieval process.
7.3.2 Imitial Start Up

In the proposed SRIRS system the score vector s(g;) for query g, is given by
s(ax) = UT(X)AD(qy)- (7.3)

If we impose the constraint that s(q,) = ¥7(X)®(q,) for any given query g, then we
might want to choose one of these two choices: A =1 or A = ¥(X)[¥T(X)¥(X)]™?
UT(X). The latter choice is better as the trace of the matrix is N, rather than a
possibly large value for the former case because of large dimension of A corresponding
to high dimensional feature space. Furthermore, if we consider a linear mapping, i.e.
U(X) = X the projection matrix becomes Py = X[XTX] 'X7T, which resembles

the projection matrix used for text retrieval but here the feature vectors are images
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instead of documents. Further details for the initial start up are given in Chapter 10.
7.3.3 Model-Reference Learning Mode

Over time a set of input-output (query-desired score list) relationships can be captured
in the log-file. This information can be used to set up the parameters of the regulator
and thus making it respond better to new concepts that share some similarity with
already stored concepts. The problem of model-reference learning can also be cast in
a constrained optimization framework when for a set of (g;,8(q;)), ¢ € [1 L], training

pairs. The details are given in Section 10.3 in Chapter 10.
7.3.4 Relevance feedback Learning Mode

Preliminary theoretical and experimental results indicate that the single regulator
retrieval system is not adequate to conduct relevance feedback learning in an online
real-time fashion, which is primordial requirement for any practical and interactive
image retrieval system. Further research is required to improve the performance of

this system.

7.4 Conclusions

In this chapter, two different MRIRS retrieval systems have been proposed, namely
the multiple regulator and the single-regulator retrieval systems. In the former case
each regulator is assigned to a particular image of the database. Therefore, the ac-
quisition of concepts via relevance feedback is focused towards a particular regulator,
which can be seen as a memory repository. In contrast, in the single regulator the
concepts are captured in a single-matrix, making the information visible to all images

as they share the same regulator.

Although the multiple regulator system is structurally more complicated, its com-

putational requirements for storing relevant information are less than those of the
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single regulator; due in part to the less number of free parameters that require updat-
ing. The initial start up of the two systems corresponds to initializing the regulator
mapping matrices to the projection matrices. This projection matrices are generally
expressed in a high dimensional space. However, in our kernel-based retrieval systems
like in most kernel-based mechanisms the operations are not carried out explicitly in
the high dimensional space but rather in a low dimensional space where many op-
erations include dot products that can easily be computed using the kernel-based

functions.

The model-reference and relevance feedback learning rules used for the adjustment
mechanism for fhe two systems are derived (see Chapters 9 and 10) from various
constrained optimization problems. Although the form of the cost function for both
systems is somewhat similar, the solution of the multiple regulator case leads to a
much simpler algorithm when compared with that of the single regulator. In the
multiple regulator system, relevance feedback learning can easily be implemented, as
the relevancy information only affects only a few regulators and their parameters,
while in the single regulator case the information affects all the free parameters in
the regulator which are of order of O(/N?), hence making the single-regulator system
impractical for realistic applications. Thus, new research in this area is needed to

develop efficient learning algorithms for this structurally simple system.
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CHAPTER 8

DATA DESCRIPTION AND FEATURE

EXTRACTION

8.1 Introduction

The major challenge in any target classification system is in extracting pertinent sets
of shape, texture, and color dependent features with high discriminatory ability from
the segmented images. This process not only leads to a set of salient features but
also reduces the dimension of the data to a manageable size. A set of robust shape-
dependent features that are invariant to rotation, translation and scaling is needed
to classify the objects based upon their 2-D or 3-D shape characteristics. In this
work, we studied different shape-dependent feature extraction schemes for rotation,
translation and scaling invariant pattern identification.

Some results on the STIL imagery and on the handwritten digits are presented
in this chapter to discuss the properties and shortcomings of these feature extraction

algorithms.

8.2 Texture and Shape-Dependent Features

Zernike moments [95, 96] were found to provide certain benefits for our particular
target identification problem such as immunity to additive noise and to some modest

amount of distortion in the segmented images. However, In order to identify an
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object with high degree of confidence it is almost imperative to use multiple sets of

independent features.

Target identification can be greatly enhanced, especially for STIL imagery data
for which range as well as contrast maps are available, by using the texture infor-
mation of the segmented objects. This information will allow better discrimination
based upon target’s surface and reflectivity characteristics. Textural features, among
the other features, are often exploited by humans to describe different characteristics
such as smoothness, fineness and coarseness associated with an object in the image.
They reflect the local spatial distribution property in a small region on the object.
The spectral and textural features are widely used in target recognition problems
particularly in multi-spectral and hyper-spectral imagery data. To improve the iden-
tification of the targets in the STIL imagery, we used the Gray Level Co-occurrence
Matrices (GLCM) method [97] that computes several statistical/textural features

namely contrast, correlation, entropy, and homogeneity.
8.2.1 Shape-Dependent Feature Extraction using Zernike Moments

Various feature extraction schemes are available that can be used to extract shape-
dependent features for a wide variety of pattern recognition problems. However,
moment-based schemes [96], [98-101] are among the most widely used methods as
they provide translation, rotation and scaling invariant features ideal for 2-D as well
as 3-D pattern recognition applications. In [99], a comparison was made among
several types of moments including regular moments, Legendre moments, Zernike

moments, and complex moments. These methods were compared in terms of their

image representation ability, noise sensitivity, and information redundancy on several
character recognition examples. Owing to the fact that the regular moments do not

provide an orthogonal representation, the extracted features using this scheme lack
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optimality in representation. This is in contrast to the orthogonal moments, e.g. Leg-
nedre and Zernike moments. The experiments conducted in this reference indicated
that the classification results of the Zernike moments are substantially less sensitive
to additive noise effects in the images when compared to the other types. In [100], a
similar study was carried out where the regular moments and Zernike moments were
used for feature extraction and a back-propagation neural network (BPNN) was em-
ployed as a classifier. The system was tested for classifying 26 uppercase characters
(A to Z) in the English alphabets. The silhouettes were allowed to have varying scale,
translation and orientation forming 24 sets of images. In addition, random noise with
varying SNR from 5 to 50 dB was added to the patterns. The simulation results once
again showed the noise immunity of the Zernike moments particularly when used in
conjunction with a BPNN classifier. In another study [96] Zernike moments were used
for recognition and pose estimation of 3-D objects from the 2-D perspective views.
The scheme utilizes multiple BPNN’s with different parameters and structures. The
decisions of these networks were fused together using a majority voting scheme. It
was observed that combining the decisions of these parallel networks can minimize
the occurrence of erroneous decisions. Due to the use of Zernike moments the perfor-
mance was invariant to viewing angle, location and orientation of the objects in the
image. The effectiveness of the system was demonstrated on several clean and noisy
patterns of military ground targets. Finally, the two pose parameters, namely eleva-
tion and aspect angles, were estimated using a two-stage neural network structure.
In [101], a pattern classification scheme for classifying buried landmines of wood and
nylon compositions from microwave imagery data. Two-dimensional (2-D) Karhonen
Loeve (KL) transform and Zernike moments were used to extract energy and shape-
dependent features of the segmented landmine regions. A neural network was then
trained to discriminate the targets from the non-target anomalies. The comparison

of the results indicated that the Zernike moments gave much better discrimination
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of wooden type mines that are generally very difficult to identify due to their weak
response. This is due to the property that the dielectric constant of wood is closer
to that of soil than the nylon. Additionally, it was observed that the uncorrelated
property of these feature extraction schemes substantially improved the training of
the neural network classifier. Due to all the useful properties of the Zernike moments

we have adopted this method for shape-dependent feature extraction.

Zernike moments are obtained using a complete set of complex polynomials defined
in the interior of the unit circle. For an image f(z,y), the Zernike moments of order
n with repetition m where |m| < n and n — |m| constrained to an even number, are

given by

n+1 .

Apm = - Z Zf(x,y)vnm(p, 0) (81)
z oy

where z2 + y? < 1 i.e. confined to the interior of the unit circle, p is the length of a

vector from the origin of the unit circle to (z,y) point, § is the corresponding phase

angle, and V,,,,(p, ) form a complete set of orthogonal complex polynomials over the

unit circle. These are defined by

Vam(p,0) = Rum(p)e’™ (8:2)

where the radial polynomial R, (p) is given by

n—|m}/2

an(p) — Z '((_1)8[(n _ S)!]pn—2s (83)

= Sl =) = )

Note that we have R, _,,(p) = R.m(p) and also A}, = A, _,.The magnitude of
the Zernike moments can be viewed as rotation invariant features. To make the

moments translation invariant, the image is transformed to a new coordinate system
by moving the origin to the centroid prior to the moment calculation. Then, the
first-order moments of the new image becomes zero. To achieve scale invariance, the
image is resized by changing its zeroth-order moment to a predetermined value. A

general mapping of type f(z,y) = g(Z + £,7 + ¥) where (Z,%) are coordinates of
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the centroid of the original image g(z,y) and a is a scaling parameter, is applied
prior to computing the Zernike moments. The scale and translation normalization
processes affect two of the Zernike features namely |Ago| and |A;;|. However, |Ag|
will be the same for all the images and |A;;| will be zero. As a result, these moments
will not be included in the extracted feature set and the selected features start from
the second-order moments. The great benefits of these moments are the orthogonal
property which is considerably useful when these are used for object classification. In
addition, it has been shown that the Zernike moments [96, 100] are more immune to

noise and distortion than the regular moments.

8.2.2 Texture Feature Extraction using Co-Occurrence Matrices

Several textural feature extraction schemes have been studied for a wide variety of
classification problems [97], [102-104]. Among the most widely used approaches are:
the Gray Level Co-occurrence Matrices (GLCM)-based approach [97], Singular Value
Decomposition (SVD) [102], Gabor filters [105] and wavelet transform [103,104]. Ga-
bor filtering [105] uses a bank of filters that nearly uniformly covers the spatial fre-
quency range. A non-linear transformation is then applied to some of the selected
filter outputs to compute energy-dependent features. These are then integrated using
a clustering algorithm. One difficulty with the texture feature extraction is the effect
of scaling on the features. This problem can be circumvented by using the multi-
resolution characteristics of the wavelet transform. Wavelet packets [104] provide an
image-dependent sub-band decomposition using a filter bank with a rich menu of
orthonormal basis functions. Each sub-band extracts certain spatial-spectral infor-
mation depending on the frequency range and content of the image. Generally, a
criterion such as energy or entropy is selected and used to construct the best tree

structure for the decomposition of a particular class of textures.

One of the defining qualities of texture is the spatial distribution of gray levels.
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The use of statistical features is therefore is one of the earliest methods proposed
in this context. Haralick [97] suggested the use of gray level co-occurrence matrices
(GLCM) which have become one of the most well-known and widely used texture
feature extraction methods. The GLCM method assumes that the texture informa-
tion in an image is contained in the overall or average spatial relationships that gray
levels have with each other. Spatial gray level co-occurrence estimates image prop-
erties related to the second order statistics that define the likelihood of observing a
pair of gray values when they are connected by a certain displacement vector. When
the entry values of these matrices are normalized they account for probability esti-
mates (frequencies). Experiments performed in the areas of psychology and biology
suggested that these spatial gray-level matrices may play an important role in hu-
man texture identification. Several comparative studies have indicated that these
co-occurrence measures are superior to other basic textural measures in their classi-
fication performance. Next, a brief description of the GLCM method is presented.

The reader is referred to [106] for more detailed description.

Let I(x,y) denote an N; x N, image with L gray levels. The size of gray-level
co-occurrence matrix denoted by Py for a displacement d = (d,,d,) is L x L. The
entry (4,7) of matrix Py is the number of occurrences of the pair of gray levels ¢ and

j which have a displacement d. This is given by

Fa(i,5) = [{(r, ), (t,0) : I(r,s) = 3, 1(t,v) = j}

where (1, 8), (t,v) € Ny x Ny, (t,v) = (r+d,,s+d,), and |.| stands for the cardinality
of the set.

As an example, consider the following 4 X 4 image containing three different gray

levels (L=3), i.e., 0,1 and 2:
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The 3 x 3 gray level co-occurrence matrix for this image for a displacement vector

d = (1,0) is given by

40 2
Fa=12 20

0 0 2
For example, the entry (0,0) of Py is 4 because there are four pixel pairs of (0, 0)

which are offset by (1,0) amount. Examples of P4 for other displacements are

Ford = (0,1) = Pa= |0 2

N O O

and

Ford=(1,1) = Pi=1110

1 01
The co-occurrence matrix reveals certain properties about the spatial distributions
of the gray levels in the image. For example, if most entries in the co-occurrence
matrix are concentred along the diagonal, then the texture is coarse with respect to
the choice of displacement vector d. Haralick [97] proposed a number of useful textural
features that can be computed from the co-occurrence matrix. A small subset of these

features namely contrast, homogeneity, energy or angular second moment, correlation,
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and entropy are typically employed in most texture discrimination problems, but
before extracting these set of features is recommendable to normalized each element
of Py by dividing it by the summation }_, . Pa(i,j) of all the elements of matrix
P3. Hereafter, we assume that Py is a normalized matrix. Table 8.1 lists some of
the formulae for calculating these features. Here p; and pp are the means and o4
and o, are the standard deviations based upon P4(7) and P4(j) as density functions,
respectively , where Py(i) and Py4(j) are vectors of dimensions equal to the number of
rows and columns of Py and consist of the sum of the elements of columns and rows

of Py. Thus, we can write
j i

Table 8.1: Definition of some textural features of the co-occurrence matrix

Texture Feature Formula

Contrast i — 7)2Pa(i, )
Correlation 2.2 (i_’::l)g —#2)Fa(i.g)
Entropy =2 Py(i, 3)logPa(i, j)
Homogeneity 22 %

Energy > Ej Pg(i,j)

In what follows, we describe these typical GLCM texture features used in most of

the texture discrimination problems.

GLCM Textural Features

1. Contrast is a measure of local variation between pixels separated by displace-
ment d. It represents the degree of spread of the gray levels at a fixed displace-

ment d. A small value of contrast indicates high concentration of occurrences
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on the main diagonal, which in turn represents a coarse texture. A large value
of contrast describes the occurrences spread out of the main diagonal, hence

representing a fine texture at the observed displacement d.

2. Correlation is a measure of gray level linear dependencies in the scene at pixel

pairs separated by d.

3. Homogeneity is the inverse difference moment of the co-occurrence matrix
and represents a measure of the amount of similarity in the scene. Homogeneity
works opposite to that of contrast. That is, a coarse texture has a large value
of local homogeneity than does a fine texture. Regions of low contrast are those
of high local homogeneity and conversely regions of high contrast correspond to

those of low local homogeneity.

4. Energy or angular second moment is a direct measure of textural homogeneity.
This measure reaches its maximum value of 1 when the image is homogeneous
either because the same gray level appears throughout the image (contrast equal
to 0) or because it occurs at a displacement d whose ||d|| # 1, i.e., contrast
value different than 0. The minimum value is reached when all the elements of

P3(i,7) are equal. In this case, the energy is close to 0.

5. Entropy is a measure if disorder in the scene. The entropy of the image is
a descriptor of texture giving an indication of the randomness of the pixels,
achieving high values when the pixels are highly different, i.e. the image is not
uniform. Its minimum value is 0, which is reached when all the gray levels are
the same (i.e. no disorder). For this value the energy reaches its maximum
of 1. The maximum entropy value is found when P4(i,j) = c for all possible
values of ¢ and j. In this case, the energy measure reaches its minimum. Thus,

energy and entropy are inversely related. However, energy measure is preferred
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because it has a limited range between 0 and 1, while the range of values for

entropy is not limited; it could go from 0 to a relatively high value.

The GLCM method suffers from a number of deficiencies. Perhaps the main one
is the large memory and computational requirement. Additionally, there is not a
well-established method of selecting the displacement vector d, though tests based
on independence of two random variables can be useful to select a particular GLCM.
Two of these are the x2-test and the Kolmogorov-Smirnov goodness of fit test [107].
The former was used for textural analysis by Zucker and Terzopoulos [108]. The
hypothesis test proposed by Zucker is based on checking the independence of rows and
columns of the co-occurrence matrix Py4(, 7). The purpose is to find the displacement
d for which the likelihood of finding independence between rows and columns is as

low as possible, i.e., rejecting the null hypotheses

Hyo : Pa(i,j) = Pa(i)Pa(j)

and accepting the true hypotheses Hy : Pq4(i,7) # Pa(i)Pa(j). Rejecting the null
hypotheses assures some degree of ‘uncertainty’ among features. In contrast, if the
null hypotheses were accepted, then the correlation will be zero automatically and
the knowledge of some other features could affect the knowledge of some others, e.g.,
if we knew 1, 12,01 and o, then the contrast would be o2 + 02 + (u; — p2)?. Now,

the x2-test can be checked by forming

_ P3(i,3)
= BRG) (8.5)

which can be used to accept or to reject the hypotheses. If the test reaches a value
greater than a certain threshold, then it is rejected (null hypotheses). Since the value
for the threshold is unknown, a better scheme is to find the displacement d which

yields the maximum value of the right hand side in (8.5). In this way, there is a higher
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possibility of failing the test for this displacement than for others, i.e., assuring some
dependency between rows and columns of Py(%, j).
This test is sensitive to the gray level resolution. The optimal choice of the

displacement d can be found using

dopt = arg maz 14
d

Let us define the operator F4[.] over a function f(3,j) by

Ealf(i,5)] = Y f(i,4)Pa(i, ) (8.6)
Y]
which is similar to expectation operation if P4(%, j) is normalized. Then, the following
relations hold u; = Eqli] , 0f = Ea[(i — m1)?], p2 = Ealj] , 03 = Eal(j — p2)?].

The value obtained in (8.5) can be viewed as Eq[r(i, ])] for the relative error

, i.e.

Ps(2,5)—Pa(i)Pa(y)
(1, 7) = = mram

Py(i, §) — Pa(i)Pa(j)
Pa(@)Pa(j)

This can easily be shown from (8.5) using

Td:Ed[

P3(i, %)
a4 = ZP _7) -1
_ HO¥)) i
- Z( R n)
_ ZPd(ZJ [Pd( Jj) = Pd(')Pd(j)]

Py(i)Pa(J)
B Pa(i, ) — Pa(i)Pa(4)
= 5 [ Pa(3) Pa(j) ] 5D

Thus, the optimal displacement, d,, corresponds to the value of d for which

Eq4[r(i,7)] in (8.7) is maximum. By choosing maximum values of other textural
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features, besides the relative error, one could provide other options for selecting dpt,

which are given in Table 8.2.

Table 8.2: Selection of the displacement

Feature selected dopt =

Energy arg mazx Eq4q[P4(i, 7))
Contrast arg mccllw Eq[(i — 7)?]
Entropy arg milzx Ea[—logPa(i, 7))
Homogeneity arg m(jn Ed[ﬁ]

In this particular study, an alternative approach was adopted for selecting the
direction of displacement vector d whose magnitude was set to an arbitrary value.
The angle was found by treating the object as a set of scattered points. Then,
the ellipse that encompasses this object is determined using the eigenvectors and
eigenvalues of the data correlation matrix associated with the scattered points. The
angle chosen for the displacement vector corresponds to the angle of the eigenvector
associated with the largest eigenvalue. Our experimental results reveal the fact that

this method provides very good results for this particular application.

8.3 Underwater Imagery: STIL Data Description

STIL sensor produces high-resolution 3-D images of underwater objects. The STIL
sensor scanned, line by line, a rectangular area of a target field layout stretched
approximately 320 feet long. The data analyzed here was collected in shallow water,
approximately 60 feet deep, of the Gulf of Mexico in Panama City, FL on August
14 and 15, 2001. Ten runs were conducted in the first day and three runs on the
second day. The results of the present study are based upon only six runs (three

runs for each of these days). The collected raw STIL data was then rendered to
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produce pairs of contrast (gray-level) and range (distance) maps. Conversion of raw
data to rendered and enhanced contrast and range maps is accomplished using an
automated routine [109] developed by Coastal Systems Station (CSS) in Panama
City, FL. Twelve distinct types of mine-like objects and 32 different types of non-
mine-like objects formed the collection. The whole list of objects is presented in
Table 8.3. Due to limited size of the database, new images were generated using the
geometric transformation on available images. This procedure is explained in Section

8.3.2.

8.3.1 Test Objects & Experimental Setup

Targets used in the data collection exercise were a selection of mine-like objects and
some typical non-mine-like objects that could be found on the sea floor with charac-
teristics that resemble mines. Additionally, there are several “technical panels” that
are primarily designed and used to quantify certain physical phenomena in STIL im-
agery and validate the models [110], [111]. Some of these panels are flat made of thick
aluminum and painted with specifically designed patterns using paint with specified
optical properties. In addition to these panels, a number of raised panels with differ-
ent patterns were also deployed to quantify range accuracy for the STIL and aid in
the development of performance metrics for identification. Contrast images of some
technical panels used during testing are shown in Fig. 8.3. Note that for identification
purposes, all the objects in the database are tagged (See Table 8.3). The tags of the
rectangular shape panels as well as those that correspond to the circular shape panels

are also shown in this table.

The mine-like objects included several (twelve) types of bullet shape, cylindrical
shape, truncated cone shape, and trapezoidal shape targets. More specifically, there
were two truncated cone shape (tags 28 and 29), four trapezoidal shape (tags 30-33),

two bullet shape (tags 34 and 35) and four cylindrical shape (tags 36-39) targets.
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Some examples of contrast maps of these targets are shown in Fig.8.4.

The non-mike-like objects (man-made clutter) included items that could typically
be found in coastal areas, such as a tire (tag 40), a crab/fish trap (tag 42), a concrete
pipe (tag 44), a Christmas tree (tag 44) and a 55-gallon drum (tag 41). Some of
these non-targets might be confused as targets to a classification system, especially in
difficult operating conditions. There was also a 12-foot stepladder that was installed
upright on the bottom. This object was only present for a portion of data collection
and was intended to help measure the depth of field. Five examples of contrast images
for non-mine-like objects are shown in Fig. 8.5.

The complete list of 40 objects, which included mine-like, non-mine-like, and tech-
nical panels is presented in Table 8.3. This list includes twelve mine-like targets (four
types), five non-mine-like (man-made clutter) objects, and twenty three technical
panels. The list of the objects for each of six runs are also presented in [112]. The
list was provided by CSS and it includes the frame where each object appears as well

as its coordinates within the frame.

The field was made up of all the above-mentioned objects placed along a 500-foot
length transect of 1/4-inch wire rope, stretched between two 1600-pound concrete
clumps in 60 feet of water. For navigational guidance, four marker buoys were placed
150 feet perpendicular to the centerline at each clump and a reference buoy was placed
120 feet off the center. The result was a 500 x 300 box with the mines and clutter
placed along its centerline. The technical panels were deployed by attaching them
to the 1/4-inch wire rope with brass clips at predetermined points along the wire
rope. This placed the centerline of the panels 2 feet to one side of the wire rope.
The panels were spaced 2 feet apart enough distance to avoid interference effects
between panels during imaging, but close enough to minimize the target field length.
The mine-like and non-mine-like objects (tag 28-43) were placed consecutively after

the panels with their centerline aligned with the centerline of the panels. The result
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was a line of targets 320 feet long. Two environmental sensor packages were placed
along the centerline, one at either end of the technical panels. A detailed layout of

the target field is give in [111].

During the course of the field test, a broad range of environmental conditions was
experienced [111]. Water clarity ranged from very good to poor, with a suspension
layer hovering as much as 10 feet above the bottom. Both environmental and sensor
data were collected primarily during daylight hours with some collected at night to
serve as a control on the measure of ambient light impact. The TB and sensor packages
were operated for a total of seven days and nights of testing. These runs consisted
of 76 runs over the primary target field and 23 runs over “targets of opportunity”.
Altitudes of the data runs were varied over a prescribed range so that the quality
of the data varied from poor to very good. Every attempt was made to obtain
imagery on both ends of the performance envelope as well as points in between (i.e.,
from approximately 2.5 beam attenuation lengths to greater than 5 beam attenuation

lengths).
8.3.2 Generation of Additional Synthetic Data

Owing to the relatively small number of mine-like and non-mine-like images in our
database, any training and testing performed on this limited data set will not be
statistically reliable. Additionally, the data for certain objects are scarce while others
appear abundantly. The smallest number of occurrence for a mine-like object corre-
sponds to Target 37 as it appears in only four images out of six possible instances

while the other mine-like objects appear at least in five images from the six runs tak-

ing during two days (see the tables in the report [112]). Another problem is that some
objects (either mine-like or non-mine-like) are almost completely out of range or are
highly corrupted by noise/distortion, and hence are discarded from further analysis.

These issues motivated us to generate additional images in order to guarantee the
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validity and statistical significance of the test results. Several geometric transforma-
tions can be applied to the original images to generate additional ones that represent
viewing the objects at different range and grazing angle. Figure 8.1 illustrates the

basic idea behind transforming images on different coordinate systems.

Figure 8.1: Geometric transformation for generating synthetic images.

The initial coordinate system denoted by O has each one of its axes oriented as
follows: z-axis is perpendicular to the plane of the picture shown in (Fig. 8.1) and is
entering to it; y-axis is horizontal; and the z-axis is vertical with downward direction
as shown. Coordinate system O’ is a rotated version of O w.r.t z-axis as a pivot. The
angle is positive when the rotation is performed as indicated in the figure, otherwise
it is negative. This angle is not arbitrary as it follows the movement of an object
located at system O”. Coordinate system O” is the translated version of system O,
ie., (z",y",2")-axis are parallel to (z,y, z)-axis. The translation takes place along
the z and y axes with the origin at O” located at coordinates (0,7, d) with respect
to system O. The plane of the perspective system OP is perpendicular to axis 2’ and
is located at a focal distance f from the origin of O’. Figure 8.1 shows these four

coordinate systems denoted by O, O', O” and OP.

Rendering an object involves basically three steps: first, a translation along the

117

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



horizontal, y axis, maps the origin of the object from the point (z,y,2) = (0,0,d)
to point (z,y, z) = (0,T,d); second, this translated object is projected onto a plane
that is perpendicular to the z’-axis and is located at a distance f from its origin; and
finally, for visualization purposes, the projected image on this plane is mapped to
within a window. This last transformation involves basically scaling and translating

operations.

Given that coordinate system O’ is a rotated version of O around the z-axis and

is positive in the direction shown in the figure we can write

¥ =z (8.8)
Y = ycosf+ zsinf (8.9)
2 = —ysinf+ zcosb (8.10)

where the angle of rotation # can be found easily noting that the axis 2’ points to the

. : 1 (T
origin O”, i.e. we have § = tan™! (#)

The coordinate systems O and O” are parallel and related using

r = 1’ (8.11)
y = y'+7T, (8.12)
z = 2'+d (8.13)

where the origin O” lies along the 2’ axis. Since a planar image is used for which
the depth coordinate is zero, we set 2” = 0. The coordinate systems O’ and OP are
parallel with the origin of OP lying along the 2’ axis at a focal distance of f from
the origin of O. A perspective transformation is involved to convert one point from
system O’ to OP. Since the transformation projects point (z’,%/,2’) into the plane

located at (0,0, f), the relation between the two systems can be expressed by
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P = i:c' (8.14)

¥y o= Sy (8.15)

Now, given that every point in our image is represented in coordinates system O”
and its projection into the system OP needs to be determined, a sequence of mappings
0" — 0, 0 — O’ and O' — OP must be applied in order. The resultant image is
then properly scaled and translated to fit within a window for visualization purposes.
Figures 8.2(b)-(e) show the results of coordinate transformation applied to the original
image in Figure 8.2(a). These new synthetic images that mimic data collection at
different range T, and viewing angle are obtained for different translation values
T, =100, 200, 300, and 400, respectively. For all the images the depth d value was

set to 400 and the focal distance f was chosen to be 100.

The coordinate transformation method is applied to synthetically generate a rel-
atively large STIL image database (containing 585 pairs of images) that is not only
representative of the type of imagery that can be obtained during field test but also
can be used to produce statistically significant classification and identification rates.
This large data set is available to all researcher for the purpose of validation of the
underwater electro-optical sensor models as well as the development of Automatic
Target Recognition (ATR) algorithms. Moreover, this data can be used to provide
additional insights into the performance envelope of the STIL sensor that could be
of great important to the fleet exercises. In this research project, this large data
set is used to develop: (a) dedicated filtering and segmentation methods, (b) robust
feature extraction schemes that capture shape and texture-dependent characteristics
of the objects and (c) efficient and accurate identification algorithms to classify dif-
ferent types of mine-like and non-mine-like objects. These will be discussed in the

subsequent sections of this report.
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(d) (e)

Figure 8.2: Coordinate mappings applied to an image. (a) Original image, (b)-(e)
four synthetically generated images for 7, = 100, 200, 300, and 400, respectively
and d = 400 and f = 100.
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(b) Tag 2 (c) Tag 3

(f} Tag 6 (i) Tag 9 (j) Tag 10

(k) Tag 11 (n) Tag 14 (o) Tag 15

(p) Tag 16 (q) Tag 18 (s) Tag 20 (t) Tag 21

(u) Tag 22 (v) Tag 23 (w) Tag 24

Figure 8.3: Examples of technical panels.
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(a) Tag 28 (c) Tag 30 (d) Tag 31 (e) Tag 32

(f) Tag 33 (j) Tag 37

(k) Tag 38 (1) Tag 39

Figure 8.4: Examples of mine-like objects. (a) and (b) Truncated cone shape. (c)-(f)
Trapezoidal shape. (g) and (h) Bullet shape. (i)-(1) Cylindrical shape

(a) Tag 27 (b) Tag 40 (c) Tag 41 (d) Tag 42 (e) Tag 44

Figure 8.5: Examples of non-mine-like objects (man-made clutter) (a) A Christmas
tree. (b) A tire. (c) A 55-gallon drum. (d) A crab trap. (e) A concrete pipe

122

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 8.3: A complete list of objects: mine-like and non-mine-like

Tag # Name Comments
1 Solid white rectangle Technical panel
2 Solid gray rectangle Technical panel
3 Solid black rectangle Technical panel
4 Black bar on white rect. Technical panel
5 Black bar on grey rect. Technical panel
6 White bar on black rect. Technical panel
7 Gray bar on black rect. Technical panel
8 Black/white bar (Horiz.) Technical panel
9 Black/white bar (Vert.) Technical panel
10 Black circle, small hole Technical panel
11 Black circle, large hole Technical panel
12 White circle Technical panel
13 Black resolution (left) Technical panel
14 White resolution (right) Technical panel
15 Black resolution (center) Technical panel
16 Black resolution (right) Technical panel
18 White letter panel Technical panel
19 Black letter panel Technical panel
20 3-D boxes # 2 (black) Technical panel
21 3-D boxes # 1 (white) Technical panel
22 3-D step Technical panel

23 3-D raised panel #2 (large) Technical panel
24 3-D raised panel #1 (small) Technical panel

27 Christmas tree (pipe) Clutter
28 Target (mine) Truncated cone shape
29 Target (mine) Truncated cone shape
30 Target (mlne) Trapezoidal shape
31 Target (mine) Trapezoidal shape
32 Target (mine) Trapezoidal shape
33 Target (mine) Trapezoidal shape
34 Target (mine) Bullet shape
35 Target (mine) Bullet shape
36 Target (mine) Cylindrical shape
37 Target (mine) Cylindrical shape
38 Target (mine) Cylindrical shape
39 Target (mine) Cylindrical shape
40 Tire man-clutter
41 55-gallon drum man-clutter
42 Crab trap man-clutter
44 Concrete pipe man-clutter
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8.3.3 Experimental Results on Zernike Moments

It is known that Zernike moments are rotation, translation and scaling invariant.
However, this is only true if they are applied to continuous image functions. That is,

the summations in (8.1) represent approximation to the double integral

n+1
T

A = / / F (@, 9)Vion(p, 6)da: dy (8.16)
z2+y2<1

for continuous function f(z,y). This implies that due to this approximation, there
will be some error that could adversely affect the invariant characteristic of the Zernike
moments. The amount of error depends on the sampling resolution and should be
measured on real data in order to determine the impact on the features.

To assess the rotation invariance of several Zernike moments, the magnitudes of
four Zernike moments for two mine-like objects were plotted against the rotation angle
for values from 0 to 180 degrees in increments of 5 degrees. The Zernike moments
chosen were two 2" order moments namely Agy and Ass, and two 4** order moments
namely Ay and Ay. Figure 8.6 illustrates the changes as a function of rotation angle
for each moment and each object. As can be seen, variations are very minimal. To
measure the deviation from the mean (horizontal line) the standard deviation o was
computed. This value is then divided by the mean value p to provide a new measure
I = %, which can then be used to compare the variations of all the moments. Looking
at all the plots in Figure 8.6, one can see that this index is rather low, indicating that
each Zernike moment indeed remains invariant under rotation, regardless of the angle.

The discrimination capability of the Zernike moments to differentiate these two
mine-like objects is remarkable since using a simple horizontal line separator one can
classify each object based upon any of the selected moments. Clearly, the discrimi-
nation capability of the Zernike moments does not change by rotation of the objects.

However, we shall demonstrate that these moments are not invariant to some affine
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mine-like objects, a bullet-shape target and a trapezoidal mine.

transformation, i.e., they indeed vary rather significantly depending on the grazing
(look) angle of a perspective transformation. Experimental results conducted on two
mine-like objects (see Figures 8.7 and 8.8) and the four chosen moments clearly reveal
the dependency of the Zernike moments on the grazing angle. Although the rest of
the moments were not analyzed, we anticipate that a similar characteristic will still
be valid. Figure 8.7 shows plots of |Asz| (solid lines) for the two targets at different
grazing angles. As can be seen, this moment is indeed dependent on the grazing an-

gle. Furthermore, this dependency can be modelled somewhat accurately by a second
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order polynomial (dotted line 8.7)). Thus, although the moments are not invariant,
they follow cetain trend, which can be useful if a model is needed for this correction.
If A(f) represents one of the Zernike moments and 6 is the grazing angle, then we

can write

AB) =ab®> +b0+c+n (8.17)

25(

20C

| A2zl

150

10¢

5(

1 L L L L L L L L 50

0:Grazing angle (Degrees)

Figure 8.7: Magnitude of the second order momentum |Ass| versus the grazing angle
for two mine-like targets, a bullet shape target (upper plot) and a trapezoidal target
(lower plot).

where a, b and ¢ are some parameters that need to be identified using least squares
method, and 7 represents noise or inaccuracy in the modelling. The properties of the
noise for each moment are different. While the noise variance for |Ag| is relatively
high, this variance for |A4s| is rather low.

Similar tests have to be carried out on the other moments to verify whether similar
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Figure 8.8: Zernike moments for a bullet-shape and a trapezoidal target (tag 30) vs.

the grazing angle.

observations hold. Nevertheless, we can conclude that the Zernike moment features

are not invariant to affine transformations, particularly to changes in the grazing

angle.

8.3.4 Experimental Results on Textural Features

Our experimental results demonstrated that although Zernike moments are invariant

to some affine transformations, e.g. rotation, translation and scaling, they indeed

change with respect to grazing angles changes. Thus, it is important to complement

these features with another set of features that remain invariant to the grazing angle
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Figure 8.9: Several texture features versus the grazing angle for two mine-like objects,
a bullet-shape target and a trapezoidal mine.

To show that GLCM textural features are invariant to changes in the grazing angle,
we repeated the experiment in Section 8.3.3 for four GLCM features, namely uq, o1,

energy and homogeneity. Figure 8.9 (a)-(d) show the plots of these features for the
same two targets versus grazing angle. As evident from these results, grazing angle

variations has little or no effect on these features.
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8.4 Conclusions

Zernike moments provide a good set of features useful to represent shape-dependent
features of mine-like and non-mine-like objects. Although these moments are invariant
to some transformations such as rotation, translation and scaling, we showed that they
are not invariant to the grazing angle changes. However, the trend that each moment
follows could be modelled by a polynomial expansion. From the analysis of some of
the low order moments, it appears that a 2"¢ order polynomials could successfully
represent this trend. This assumption should be verified on other Zernike moments.
Such simple models can be used to undo the effects of transformation using an inverse
modelling approach in order to yield invariance with respect to the grazing angle. This
topic could be pursued in future research.

Owing to the variance of the Zernike moments to grazing angle changes, it is
expected that the shape-dependent features alone cannot provide good discrimina-
tion ability to separate different classes of mine-like and non-mine-like objects from
each other. This deficiency of the Zernike moments will be demonstrated in Section
5 of this report. Nevertheless, we will show that augmenting the shape-dependent
features (Zernike moments) with textural features obtained using GLCM method
can substantially improve the classification results as we showed that the latter fea-
tures are somewhat independent on the grazing angle. The independence of the
GLCM features, namely u1, ta, 01,02, to grazing angle changes points to the impor-
tant conclusion that these features play an important role for successful underwater

target/non-target identification.
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CHAPTER 9

A MULTIPLE REGULATOR IMAGE
RETRIEVAL SYSTEM

9.1 Introduction

This chapter presents an adaptable image retrieval system developed using adaptive
control theory and kernel-based machines. The image retrieval system referred to as a
multiple regulator image retrieval system (MRIRS) consists of a retrieval subsystem
(plant) that carries certain image-dependant information, multiple query mapping
subsystems that drive the error between the outputs of the retrieval and the reference
model to zero, a relevance feedback mechanism that incorporates user expertise, and
a reference model retrieval system based upon the image database together with the
class labels. The proposed system can incorporate expertise via relevance feedback
from multiple expert users in online fashion and with minimum user involvement.
The main characteristic of the proposed system is that it can easily integrate new
concepts with old ones already stored in the regulators. In absence of the model

reference the internal parameters of the regulator are set up appropriately using a

rank one projection matrix.

The fundamental parts of our multiple regulator image retrieval system are its
regulators, represented by a set of matrices as shown in Figure 7.1. The purpose

of these regulators is not only to provide a good list of images but also to gather
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users’s feedback, acting like knowledge repositories. We have devised three different
learning phases for updating their parameters, namely initial start up, model-reference
learning, and relevance feedback learning as in the proposed text retrieval system. The
initial start up refers to setting up the parameters by knowing solely the images in
the database without relying on information from users. The start up is essential
given that the system can operate even without receiving feedback from the users,
which is a typical case in most image retrieval systems where most users do not
provide this information. Model-reference learning is used to incorporate other prior
information from an external model reference (when it is available) or from the image
database augmented with their corresponding class labels. This is performed off-line.
' Revlevance feedback learning, on the other hand, aims at capturing user’s expertise in
an online fashion. In the next sections, these three phases of learning for the multiple

regulator system in Figure 7.1 will be described in detail.

9.2 Initial Start Up

Any realistic image retrieval system should provide provisions for the initial start up
or the initialization of the parameters of the system. Moreover, for the system to
be of practical use it is important to implement the underlying operations in real-
time, if possible, and with minimum usage of computational resources. Consider
the multiple regulator retrieval system shown in Figure 7.1. For a database with N
images, x,, j € [1, N], the initial start up in this system involves finding matrices
Ay, As, ..., Ay for the N regulators and an appropriate mapping function ®(.) that
yields an adequate scoring function. Then, the retrieval status function for the j%*

image upon submitting new query image q is
Tj(g) = (I)T(Kj)gj = q)T(Xj)Aj(I)(Q)- (9-1)

That is, the purpose of the mapped query g; supplied by regulator j is to provide a

specific r;(q) for image x;. Let us assume that the mapping function is linear, i.e.
J 7
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®(q) = g and 2(x;) = x

;- Under this assumption, the scoring function becomes

r;i(q) = ngjg. The mapping matrix A; can initially be chosen as the identity matrix
Inixy or the projection matrix Py, = x; (x7%;)7'%] . In either case, we arrive at the
directional cosine scoring function' i.e. r;(q) = gf_q, commonly used in most retrieval
systems. However, the projection matrix is a preferred choice as the energy £ defined
as & = tr(Pg; P) = tr(ng ), where tr(.) is the trace operator, is concentrated in one
eigenvector x;, while the energy of the identity matrix Ipsxp is scattered among M
eigenvectors as will be shown later. Furthermore, for the projection matrix £ = 1,
while for the identity matrix £ = M, i.e. M times the energy of the projection
T

matrix. Although the two matrices produce the same scoring function r;(q) = X;4q

the projection matrix is preferred because of this smaller energy.

Remark 9.1 In the multiple regulator retrieval system, the projection matrix Py
associated with image x; has a single eigenvalue of ‘1’ and the single eigenvector x;.
Furthermore, this projection matrix is positive definite (PD) as yTPKj v > 0 holds for

all ve RM,

Using the projection matrix for the non-linear case, matrix A; associated with
the j™ regulator can be expressed as A; = ®(x,)[®7(x;) ®(x;)] "7 (x;) = P(x;)
Q)T(_)gj) /k(x;,%;), where k(x;,x;) = @T(gj)@(zj) is a scalar kernel function and matrix

®(x,) T (x;) is a rank-one estimate of the correlation matrix for the transformed image

®(x;). Note that the requirement for choosing ®(-) will be discussed in Section 9.3.

9.3 Model Reference Learning

The goal of the model-reference learning phase is to capture the input-output mapping
of a reference model for an ensemble set of query images, their corresponding listed
images and scores. The initial model-reference learning developed in this section as

well as the relevance feedback learning presented in Section 9.4 do not rely on the

1Tt is assumed that the feature vectors are normalized.
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class membership information of the retrieved images as this information might not

be available.

This section also addresses the steps for the creation of N practical kernel-based
network retrieval systems associated with the multiple regulator system shown in
Figure 7.1. The three-layer “conceptual” network that forms the j** scoring function
assigns a score to the j** image x; in the database (see Chapter 7 for definitions)
for a submitted query image, q, as shown in Figure 9.1. The term “conceptual” is
referred to a system that does not exist in practice and it is only for the purpose of
illustrating some mathematical concepts involved in the development of a “practical”
retrieval system as shown in Figure 9.2. The first layer (static) maps the original
submitted query g into a possibly high-dimensional mapped feature vector ¢’ using

the transformation ®(.) : R™ — RMs of the form

d =2(q) = [¢1(a) ¢2(a) ... on (@], (9.2)

where ¢;(.) : RM - R, j =1,2,..., Ny, are related to the kernel producing function
®(.). These possible large number of functions are not explicitly computed; instead
they are used to find the scoring functions r;(q)’s, ¢ € [1,N] in (9.1), that assign
appropriate score values to the listed images for input query q. The requirement of
having a large number of functions ¢;(.)’s is needed to guarantee that the information
gathered from the users or from the model reference is assimilated without jeopardiz-
ing the performance of the retrieval system for previously learnt queries. The second
layer is adaptable and can incorporate, in an online fashion, the expert users’ rele-
vance feedback or in batch mode the information that is preestablished in a set of
input-output relations imposed by the reference model (see Figure 7.1). The output
layer contains N neurons, each representing an image in the database.

In the model-reference learning the process of generating the scoring function

r;(.), for the 5% neuron, j € [1, N], involves finding new mapping matrix flj and the

133

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 9.1: Retrieval function for the j** Output Neuron.

mapping function ®(.) given a set of L model-reference training pairs {gi,fj(.i)}j_l
created from the augmented database with class label (referred to as model-reference
database) information used by the model reference, where g, is the i query and f](i)
is its desired score. The problem can be stated as follows. Find flj and ®(.) such
that:

~

®(x,)TA;0(q;) =7, ie[1,L). (9.3)

2
Clearly, the problem is ill-posed because many choices for the mapping matrices Aj
and functions ®(.) can potentially satisfy (9.3) requirement. Furthermore, due to the
high dimensionality of ®(.), the problem will remain ill-posed even though a particular
class of functions is chosen. Let us decouple the problem of finding matrix flj and the
function ®(.) that ’'best’ satisfy (9.3) into two problems: (a) finding a set of Ny < oo
basis functions {qbl(.)}fV:fl with “good” properties that can be used to approximate
an underlying scoring function, and (b) finding the matrix /Alj using the chosen basis

functions.
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Let us confine the basis eigenfunctions ¢;(.)’s to those generated by some positive

and symmetric (i.e. k(s,t) = k(t,s)) kernel k(s, t) [113], and

fi(s) = M / ks, ) du(t)ds, (9.4)

where ), is the [** eigenvalue of k(s,t). According to Mercer’s theorem [113,114], to
guarantee that a continuous symmetric function k(s,t) from Ls(C) (C is a compact

subset of R™) can be expanded as

k(s,t) =D Mdi(8)du(t), (9.5)

it is necessary and sufficient that [f k(s,t)f(s)f(t)dsdt > 0 holds for all f € Ly(C).
Given that all eigenvalues of a positive and symmetric kernel are positive, we can
define ¢;(.) — v Ai#(.) and plug this value in (9.5). Thus, the kernel k(s,t) can be

expressed as
Ny
k(s,8) = ¢ils)ilt) = T (s)2(b), (9.6)

where ®(.) is defined in (9.2). When the kernel is expanded using a finite number of

eigenfunctions, it is said that the kernel is degenerate [113].

Having chosen a kernel that generates a specific set of basis functions, we can
concentrate on solving the ill-posed problem in (9.3). It is ill-posed because if matrix
A; is a solution to (9.3) so is matrix A; + B}, where each column of B; is orthogonal
to ®(x;). Therefore, a solution Aj with minimum Frobenius norm requires that each

column is a multiple of ®(x;) leading to a matrix in the form
Aj = d(x;)w], (9.7)

with some weight vector w;. Moreover, the information will be concentrated in a few

elements as flj will be rank 1. Now, let us transform the ill-posed problem into a
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well-posed one by introducing the cost function 7 [115,116]

L
1 A 1
T(w;,) = 5 Y (7 — 7 (x,)B(x;)w] D())? + A w1
i=1

1. 1
= Sl — w07 ()20 + 5l P (9
1,. 1
= §||Kj - Cj\IjT_Wsz + 5)‘Hﬂj||2, (9.9)
where t; = [fj(.l) fj(?) f'](-L)]T is the vector of desired scores for queries g;, ¢ €

1L}, ¢ = hlx;,x;) = B7(5,)@(x;) and ¥ = [B(qy) () .. (ay)] s the matrix
containing all the mapped queries.

The first term in (9.8) is the error term induced when trying to reproduce the scores
f](.i), i € [1, L], while the second term reflects the a priori information that the solution
for w; should be close to the origin. Using this function, the problem of finding optimal

w; can be cast in an optimization framework where we would like to find W such
that

w; = arg nvlva(Ej’ A). (9.10)

-

Now, let us assume that w; can be expressed as a sum of the optimal vector w;
and a perturbation vector 7, i.e. w; = w; + an, where o is a scalar. Then, (9.9) can

be expressed as a function of o and 7:
1. . [ .
T(a,n) = §||§j — ¢ UT(wl + o] + 5/\(Ej + &Q)T(ﬂj + an). (9.11)

Now, take the partial derivative of 7 w.r.t « and set it to zero. At o = 0, that

corresponds to the optimal solution (w, = w¥), we have

—J —J
8T(a7ﬂ) o T . xT T *T
T = _[Ej - Cj\If Ej] Cj\Ij + )\_W_j = 0. (912)

a=0
As can be seen, the optimal weight vector w; depends on the penalizing parameter
A. In order to reduce the error term in (9.8) to its minimum value, thus ensuring the
maximum score reproduction, we want the optimal vector wj for A approaching zero.

That is
w; = lim[A + GU7] e Ut (9.13)
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Thus, the optimal vector for this case is

* 1 T —14
W= (w7, (9.14)

As can be seen from (9.14), the solution for the optimal vector is dependent on
the existence of the inverse of the L x L Gram matrix G = [¥7 U] with elements
Gi.m = k(q;, q,)- To guarantee its invertibility we confine the set of kernel functions
to those that are symmetric, PD and non-degenerate [113]. An example of a non-

—a||S-Lif?

degenerate kernel is the Gaussian kernel defined as k(s,t) = e , where a is a

constant and positive real number.

Once the model reference learning is completed for all the image queries in the
model-reference training database the corresponding w}’s (or Aj’s) are identified to
produce the desired scores for the chosen images. Now, one can compute the scoring
function r;(q) in ( 9.1) for a query g by plugging the optimal vector w7 in (9.14) into
(9.7). This yields

ri(@ = @7 (q)U[eTY)" (9.15)

= [k(a,q) - k(a,a)[¥7P] 8, (9.16)

Alternatively, we can write

ri(@) = [k(a,a1) k(g,9,) --- k(a,q.)] by
L
= ) biik(a,q;) = bIK, (9.17)
i=1
where b; := [¥TU]7'f; and K := [k(q,q;) ... k(a,q;)]". We use the latter formu-
lation to create the “practical” two-layer retrieval system illustrated in Figure 9.2,
and then adjust the weight vectors that connect the pools to the output layer us-

ing the information in the model-reference training database for this model-reference

learning.

Figure 9.2 shows the practical retrieval network used to score the new query image,
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Image scores

rn(q)

q (feature vector)

Figure 9.2: Practical Retrieval Network associated with the Multiple Regulator Re-
trieval System.

q. Each neuron in the output layer represents one of the query images in the model-
reference database and provides a multivariate scoring function, r;(q), that computes
a score to a submitted query, g, by using a linear combination in (9.17) of the outputs
of the neurons within pool j in the first layer, which contains a set of neuron pools.
Each pool of neurons is assigned to one of the images in the database and contains
the set of neurons representing queries that have been learnt for this image. Each
neuron in a pool is connected to the output neuron associated with the same image.
Note that here we assume that several queries g;’s, @ € [1, L], are captured by pool j

leading to L neurons.

Thus, during the initial training we set up the network by forming the pools and
choosing an appropriate kernel function. A pool is initially formed of one neuron
and the feature vector x; corresponding to the 4t image in the original database
is incorporated into the pool by setting gq; = x;. This is repeated for all the pools
associated with each one of the images in the database. The weight connection of the
neuron of a pool to the corresponding neuron in the output layer is set to 1. Thus, the

initial scoring function computed by the j%* output neuron becomes r;(q) = k(q, X;)

if A; = ®(x;)®"(x;)/k(q,%,) is the rank one correlation matrix for the initial start
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up.
Remark 9.2 An appropriate kernel can be chosen as a monotonically decreasing
function of the distance between image and query, i.e. if ||[g — x;|| < ||g — x4|| then
the kernel should satisfy k(g,x;) > k(q,%;). This guarantees that the scoring function
does not alter the order of the relevant and non-relevant displayed images. Both the

Gaussian kernel and the inverse-multi-quadrics kernel k(s,t) = 1/(||s — t||? + a)'/2

satisfy this requirement; while the multi-quadrics kernel? k(s,t) = (||s — t||* + a)*/?

does not. For these kernels, a is a positive scalar quantity.

In absence of an external image retrieval system, model reference learning aims
at capturing some a priori information, such as class membership of the objects,
shared by the images in the database. Although for general-purpose databases this
information may not be readily available, for some specific-purpose databases, like the
one used in this study, the information is available. To describe the model reference
learning process, let us assume that the object classes of the images in the database
are known. Clearly, in this case, the goal of the learning process is to make sure
that for a submitted query, i.e. an image in the database, all the images of the same
object type as that of the query appear at the top. To do this, a model-reference
training database is generated using the information of the images in the database
and their class labels. Every image in the database {x;}}., is submitted as a query
image, i.e g = x; for j € [1, N], displayed images are automatically evaluated, and
if a relevant image score falls bellow certain threshold then its ‘desired’ score is set

to the threshold and stored in the model-reference training database along with the

submitted query. Once all the query images have been submitted, the information
in the model-reference training database is used to train, in batch mode, each one of

the pools of the network.

2The multi-quadrics kernel is non-positive [59]

139

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



9.4 Relevance Feedback via Structural Adaptation

Relevance feedback learning is a methodology to incorporate users’ feedback into the
retrieval system as soon as it becomes available, and hence it calls for an online
implementation. For each query image the list of retrieved relevant and non-relevant
images is evaluated and the user can either promote one or more images by raising
their relative scores (positive relevance feedback) or demote other images by lowering
their (negative relevance feedback). These scores of the affected images are then used
to generate an error signal to stimulate the appropriate regulator(s). As can be seen,
the learning process depends exclusively on the visual evaluation of the retrieved
images, which may not consider the knowledge of the classes. In general, requiring
the user to assign classes could be a tedious or a very difficult task, especially when
the categorization of the images is not-well defined, e.g. an image may belong to two

or more classes.

The relevance feedback learning process goes like this. When a user submits a
query image, the retrieval system assigns a score to each one of the N pools in Figure
9.2 and displays the images along with their respective scores. The score of each image
is computed using the linear combination of the outputs of the neurons within a pool
as given by (9.17). Depending on the retrieved results, the expert user may decide to
(a) change the score of a displayed image that he/she considers to be more relevant
than other highly scored images or (b) do not alter the retrieval list. The former case
occurs when the new query image is close enough to the previously stored images and

the user is satisfied with the listed retrieved images but not necessarily with their

scores. In case that the user has assigned new relevance information (new scores), the
system computes an error signal based upon the new score and the previously stored
one. The regulator of the voted image takes the error signal and according to an
appropriate learning rule adjusts its parameters. In our system, relevance feedback

from expert users is captured through feature adaptation, which relies on structural
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adaptation and more specifically node expansion in the corresponding neuron pool
in the first layer. The goal there is to capture an underlying function that assigns a
score to a retrieved image. This process ensures that the previous learning is retained
along with the newly learnt information provided by the expert users. This procedure

is described in details below.

Assume that at time ¢y, L queries have already been learnt and stored in neuron
pool j, as shown in Figure 9.2, and now at time ¢; a new query q = q;,,; arrives. For
this query, suppose the expert user reviews the retrieved list of scored images and
selects image j in the log-file and wants to assign a new score, say f](LH) to it. Then
the procedure is as follows. Let w;_o) and 25-0) be the weight and score vectors for the
previously learnt queries respectively, and let w§1) and ﬁy) = [i;O)Trg.LH)]T be the new
weight vector and the new desired score vector at time . It is desirable to generate
the new weight vector by slightly modifying vector wgp) with the aim of producing the
new score and at the same time maintaining the previous scores of the stored images

ey

d;,Qg; - - >4y That is, we require w;” = E;O) + Aw; and the problem can be cast by

the function in (9.9) as

1,. T 1
T(Aw,,\) = §||;§1> — ¥V (wl? + Aw))|2 + S 1A 1. (9.18)

—77

Solving for optimal Awj, and similar to the result for w} we get

1
Aw! = =¥ [\I,(l)T\I,(n]q[i;l) _ Cj\I,(l)Tﬂ;())]_ (9.19)

Cj
Now, using (9.15) with w; = ﬂ§_0) + Awj}, the new scoring function for the 4t image

and for query g becomes
(@ =17 (@) + KO PO IO 5D - v W) (9.20)

where KO = [k(q,q,) ... k(a,a7,1)]" = KO k(q,q7,,)]7 and T‘J(~0) (q) is the old scor-

ing defined as: r](.o) (@) = Cj@(g)Tﬂ§0). Equation (9.20) can be simplified significantly
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to yield a scalar scoring function that depends on the previously computed values. Let

~(1 0T (L+1
1) ) r](- )]T

us start by reducing the vector [i;l) — cj\Il(l)Tyy))] using £, = [ﬁ§ , Where

© _

f§L+l) is the desired score for image j given the input query q;.,; cj\I/(l)Tyj

[cj(\IJ(O)Tﬂg-O))T c; 9T (qp, +1)m§0)]T and i§0) = cj\II(O)Tyﬁo). This produces

A T 0 ~(L41 0
£ — ¢ o wP) = 07 (75 - ;07 (g4 w)]” (9.21)
The inverse of the Gram matrix G; = [\P(I)T\I/(l)] at time ¢, can also be computed in

terms of inverse of the Gram matrix Gy = [‘II(O)T\II(O)] at time 7y and the new image

d;.; introduced at time ¢; as follows

~1 -1
- ©T g ©T
[\I,u)T\I,(l)] t_ v v elarn) _ | Cox (9.22)
‘I)T(QLH)‘I’(O) q)T(QLH)(D(QLH) v B
where vector v is defined as
T
v =0 (ap41) = (ka1 p+1) k(2 9r41) - - k(gL,gL—H)]Tv (9.23)

and scalar 8 = ®7(q;1)®(d,41) = k(dz41,9741)- Now, the inverse of the symmetric

matrix expressed in the right hand side in (9.22) can be put in the form

-1

Go v 1 Go' (B = vIGe')I + wWTIGs") -Gyl

o) PV e 1

(9.24)

Plugging (9.24) and (9.21) into (9.20) and making the necessary simplifications,

the new scoring function i

5 (q) becomes

rP@) = (@) - "G5l 8)7S; (k(g,gLH)—Zk(g»gi)%) (9.25)

L

0 k(ga g.L+1) - ; k(gn gz)zz
= r(q) +9; = (9.26)

k(QL+1a QL+1) - 2—21 k(g.a g.z')zi
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where §; = 7;;L+1) - r](-o) (dz41), with rj(-o) (Aps1) = chDT(gL+1)\_N_§0), represents the pre-

diction error between the new score f§L+1) assigned by the user and the predicted

value r](.o) (dp41) by the retrieval system and z; is the i element of z = G v, which
represents the it" coefficient when k(q, q; +1) Is approximated as a finite sum using ker-
nel functions {k(q,q,) k(q,9,) - - - k(q,q;)}- To see this let us approximate k(q,q;,1)

as
L

k(Q,4r41) & Z k(g,9;)zi (9.27)

i=1
and solve for z;’s. It can easily be shown that the solution for z is G ly. Hence,

the change in scoring function given by r](-l) (@) — r](.o) (a), see (9.25), is controlled by

the product of the prediction error §; and the function-expansion error (k(q,q;,,) —

L
> k(q,q;)2;) for the newly introduced kernel function k(q,q;,;). Again, as can be

=1
seen, all the operations in this updating are carried out in the kernel domain.

Substituting rj(-l)(g) by _bg-l)lC(l) and 7“](-0) (a) by b;O)IC(O) in (9.25) and solving for b;

from the resultant equation we arrive at the updating equation

o _ [ BTG - 676Gy 028
~("Gy'v - A5,

©_ __ 1 s
h§~1) _ b; ﬁ—XTGgly(SJZ (9.29)

1 .
B—YTGEIK(SJ

which expresses the new updated connection weight vector bg-l) for the j** scoring
function (see Figure 9.2) in terms of the old vector b;o), which contains the old
information, and the new sample q;_,, which carries the new information.

Note that for the initial network set up, where there is a single neuron in each pool
j, the connection weight b;o) =1 and Gy = k(q;,q;) (see Fig. 9.2), i.e. scalars. As
learning progresses, the inverse of the new Gram matrix can be computed using (9.24)

without actually performing any matrix inversion process. This implies that (9.25)

can be carried out without using computationally demanding matrix operations.
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The next two remarks give some insight into the formulations on relevance feed-
back learning introduced throughout this section. The first remark studies the behav-
ior of the scoring function for large values of the Gaussian kernel parameter a. Care
must be taken if we try to apply this remark to other types of kernel functions as
they may not be localized. The second remark is introduced to analyze the stability
properties of our multiple regulator image retrieval system. This is an important is-
sue, especially if our image retrieval system receives abundant feedback and we have
to guarantee the good performance of our system for the previously learnt queries.

Remark 9.3 Using a Gaussian kernel k(s, t) = exp(—%) and making parameter

o(standard deviation) approach zero, the kernel function reduces to the Kronecker

delta, i.e. k(s,t) — (s — t) and thus the scoring function (9.25) reduces to

L+1
ri(a) ~ ) 7750~ q)) (9.30)
i=1
The reasoning being when ¢ — 0, Go — I, v — 0, §; — f;LH), the predicted value

rj(.o) (4741) — 0, 8 — 1, and z — 0. Although simple, scoring function (9.30) seems to
be attractive. However, its low prediction capability makes it of limited usage unless
certain properties are satisfied. Consider the case when we have a large number of
one dimensional and equally spaced queries, i.e. g, = ¢I and q = ¢, where T" is a

sampling period. Then, the output score rj(-l)(g) in (9.30) reduces to

oo

r(t) ~ Y HUT)S(E —iT);  5(T) =7 (9.31)
The score rj(-l)(t) in (9.31) is the well known sampled version [117] of the desired signal
75().

Remark 9.4 To show stability property of our image retrieval system for maintain-
ing previous knowledge while accumulating new information via relevance feedback
learning, let us assume that the last learnt image query was q; ;. Then, according to

(9.26) the new score for this query is r](-l) (Qr41) = 7'](-0) (@)+9d;- 1. However, given that
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(1) )

S ° A(L+1
0; = J( ) _ r§. )(gL+1) therefore 75 (qz11) = J(

. That is, the new information
is incorporated into the scoring function. Now, to complete the proof we have to
show that the previous information is retained for all previous queries q;, k¥ < L. For
simplicity let us modify the superscripts of (9.26) to yield

k(a,9z41) — E k(g,9;)zi

rF(q) = riP (@) + 9; — (9.32)

k(gL+1)gL+1) - Z k(g, g.i)zi

i=1

where T§L+l)(~) is the j™ scoring function at time L + 1. If we substitute g by q,

k < L, (i.e. any previously applied queries) in (9.32) the numerator of the second
L
term on the right-hand side becomes zero because k(qy, q;,1) is equal to D k(qx, 9;)%

=1
for queries q = g, when k& < L (this can be seen by comparing the k element of v with
the corresponding element of Goz). Therefore, r§L+1)(gk) = rj(.L) (qx)- If we proceed

in this fashion then we arrive at the sequence r§~L) (gg) = rgL—l)(gk) = r§-L_2) (Qg)s <+

k)

= rj(.k) (q;)- Now, given that at time k the desired score ™ is solicited to the user

and our relevance feedback formulation enforces the reproduction of the score, then

at time k we have rj(.k) () = fj(.k). Now, as shown above this also holds at time L, i.e.

rJ(-L) () = fj(-k) (the output score of the retrieval system at time L is that assigned by
the user at time k).

In the case that kernel parameter a becomes large then the stability property can

be proved directly by using (9.30) of Remark 9.3.

9.5 Selective Sampling using Fisher’s Information
Matrix

The idea behind selective sampling is to control the expansion of the pools by in-
crementally choosing those query samples that will bring the greatest information to
the already established units in the pools. The introduced query will form a new

unit with a kernel function centered at the query. This new unit brings old and new
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information to the set of neurons in the pool. The ‘old information’ refers to part of
the information in the new neuron that can be deduced from the other old neurons
while the ‘new information’ cannot be extracted from them.

It is known [118] that the best linear estimator § for the linear model

y(z) = 87 f(z) + e(x) (9.33)
with basis functions f(z) = [fi(), fo(z), -+, fr(z)]T given the observations y(z;) =
vi, and errors €(x;), ¢ € [1, L], with variances 02,02, - ,0%, can be expressed as [118]

=My (9.34)

where M is the Fisher information matrix defined as

L
M=) f(x)f (z;)/0? (9.35)
i=1
L
and y = > yif(z;)/0o2. If we assume equal standard deviations, ie. ¢ = 07 = 09 =
- = o, then the best estimator does not depend on ¢;’s and the information matrix
L
M can be written as M = 3 f(z;)f" (x;)/0>.
i=1
Comparing the deterministic part of the linear model (9.33) to the scoring function

(9.17) we see that the associated Fisher matrix M for the L neurons in pool j is given

as
1
1
= gag (9.37)

where Gy = ¥OTTO) s the symmetric Gram matrix defined as in Section 9.4.
It is also known [118] that the covariance matrix associated with the best linear
estimator is the inverse of the Fisher information matrix. In the design of experiments

it is convenient to minimize the determinant or the norm of the covariance matrix
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[119]. This is equivalent to maximizing the logarithm of the determinant of the Fisher

information matrix. Let p;, be the logarithm of the determinant of M,. That is
pr = logMy = 2L log |o| + 2log det(Gy) (9.38)

where | - | denotes the absolute value and L is the number of neurons in pool j.
Suppose that at time ¢; a new sample q;_, is introduced to the pool. Then pr,,

which is the logarithm of the new information matrix M, is
pr+1 = log My = 2(L + 1) log |o| + 2 log det(G) (9.39)

The difference between py,; and py, is given by pr4+1 — pr = 2log|o| + 2(log det(G) —
log det(Go)). We can see that what controls the gain in information is the difference
(log det(G) — log det(Gy)) because o is assumed to be a constant. If we define gz,

as this difference, i.e.

gr+1 = log det(Gy) — log det(Gy) (9.40)

we can find some relationship between this gain and the expression for the updating
equation (9.25) for the scoring function using relevance feedback. Let us first reduce

(9.40) using the expression for G; and some of its properties.

Gy v G(1)/2 0 G(l)/2 G51/2K
T - ~172 1T Tr—1_71/2 T Ty=1.1/2
v B [Go K] [B—v"Gyy] 0 B — v Gy'y]
= [8 - ¥ G;'V][Go] (9.41)

where [-] stands for the determinant. Then, the information gain gr4+; when intro-

ducing sample q; ., can be simplified to

gr+1 = log|8— v Gyly|

L

= log|k(ar11,9241) — Z k(ars1,9)i (9.42)

i=1

As can be seen in the scoring function (9.25) the factor 3—v? Gy 'v is the denominator
of the adjustment term added to the previous scoring function. Having a large value

for this term ensures a small increment for the scoring function.
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L

A geometrical interpretation of the gain k(q;.q,4a7.1) — Y k(dz41,9;)2 can be
i=1

obtained by using the mapping functions ®(-)’s. For illustrative purposes, let us

assume that the number of neurons in a pool is I = 2 and that the new query to be

introduced into the pool is gs.

Figure 9.3: Old and new information of a new query sample.

Figure 9.3 shows a geometrical interpretation for the information that a new
query carries. The information of the new query g; consists of old information

2
(3" k(as,q;)2), which can be deduced from the other queries, and the new informa-
i=1

tion (k(gs,q3) — i k(gs,q;)#). Now, careful investigation of the updating equation
(9.29) for the weizg_}its connections reveals that the inverse of the new information has
a penalizing effect for the pool. That is, when the new information is little, the pool
receives more penalty, which is reflected by a large value of the new weight connec-
tion and large increments for the already established connections. Though at first it
may seem illogical, this could be understandable. Clearly, if the sample carries little

new information i.e. most of the information of the sample can be deduced from the
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other neurons then the penalty for having received relevance feedback (not having
predicted the desired score) and expanding the pool should be greater. Also, from
(9.28) we can see that the penalty is distributed amongst the preexisting units in the
pool. That is, the units that are more responsible for predicting the old information
of the new query are penalized more. We can see that what controls the increment for
the existing connections of the neurons in the pool is the ratio of the old information

to the new information.

The methodology of selective sampling is simple: (i) select from the training set the
unmarked query sample that carries the most new information and apply this (most
informative) query as a submitted query; (ii) apply relevance feedback, if needed, to
the displayed images; (iil) mark the query sample; and (iv) finish the process if there

”

is no more unmarked query image, otherwise repeat the process from step “i

9.6 Experimental Results

To assess the performance of the proposed multiple regulator retrieval system sev-
eral experiments are conducted on a domain-specific image database, namely the
underwater target described in Chapter 8, where high retrieval accuracy is of utmost
importance. The database consists of a relatively large electro-optical imagery col-
lected from 12 different underwater mine-like and 28 non-mine-like objects [111], i.e.
the different number of potential categories in this database is 40. The training and
testing sets consist of 351 and 234 feature vectors in a 18-dimension space containing
textural and shape related information. The experiments to collect the images and
the description of the types of underwater objects are described in details in [111].
A detail description of the image database and the feature extraction methods used
to form the feature vectors can be found in Chapter 8. For all our experiments a

Gaussian kernel function with parameter a = 1 is used.
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9.6.1 User Interface

We first briefly describe the user interface (UI) that is specifically designed for the
multiple regulator image retrieval system as shown in Figure 9.4. In designing the user
interface it is of great importance to offer the user with versatile and user friendly in-
terface under which he/she can provide relevance feedback if needed. In our designed
UI, the users can browse, select some query image, and apply, at will, relevance feed-
back on the displayed images. The browsing process in our Ul is easily implemented
by moving the scrolling bar that appears at the small window located in the upper
left part of the interface as shown in 9.4. The selected query image of a bullet-shape
mine-like object from the database described in Chapter 8 is seen in the upper left
side of the UL Figure 9.4(a) shows the top nine retrieved images and their associated
scores for this submitted query using the initially trained system with one neuron
in each pool. As can be seen, the top three images correspond to the same object
type as that of the submitted image. However, there are also images corresponding
to different object types, namely two images of another bullet-shape object shown on
the first and third columns in the second row and two images of a non-mine like ob-
ject shown on the bottom row. Clearly, it is desirable to have all the relevant images
(same object type) at the top of the list, followed by the less relevant images. To this
aim the relevance feedback methodology developed in this chapter will be used, as

we will shown later.
9.6.2 Relevance Feedback Learning

In this section the relevance feedback learning methodology developed in Section

9.4 will be tested in conjunction with the selective sampling method described in
Section 9.5. Selective sampling is first applied to select from the training queries
the “best” image query that will bring the maximum new information to one of the

pools. Relevance feedback learning is then applied to adjust the connections of the old
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-} User Interface
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Figure 9.4: User Interface for the Multiple Regulator Image Retrieval System and
Retrieval Results

neurons and set up the new connections of the recently introduced neuron. Several

experiments are conducted that are described next.

Experiment 1: The purpose of this experiment is to asses the performance of
relevance feedback learning and the complexity of the model reference image retrieval
system in terms of the size of the pools when the ‘desired’ scores of the misplaced
relevant images are computed from the scores of other images. A two-layer neural
network is initially constructed using the initial start up procedure mentioned in
Section 9.2. For every image query in the 351-sample training database, an output
neuron provides a score. The training phase uses the information embedded in the
training queries with the purpose of avoiding a second or possibly more rounds of

relevance feedback learning where all training queries should be presented again.

The training phase basically involves these four major steps: (i) choose from the

training set, an unsubmitted query image that will bring the maximum information to
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one of the pools using the methodology derived from the Fisher information matrix
(see Section 9.5). (ii) Submit this query image is submitted to the MRIRS and
relevance feedback is subsequently applied to the misplaced relevant images. To
estimate the ‘desired’ scores, from the displayed images find the relevant image that
has lowest score among all the relevant images that are not misplaced, i.e. there is no
non-relevant images above the image. Let r be the score of this relevant image and
o be the score of the non-relevant image that is immediately below it. The specified
desired scores of the misplaced images are chosen to be between r and 7. (iii) Once
the ‘desired’ scores are found each one of the pools corresponding to the misplaced
images are updated using the error between the desired score and the actual value.
This will lead to the expansion of the pool and the updating of the old connections as
explained in Section 9.4. (iv) mark the submitted query and if there is a non-marked

query then repeats the steps from (i) otherwise the training process is completed.

To evaluate the performance of the relevance feedback learning methodology the
recall plots (see Figure 9.5) of the training and testing sets are generated during the
relevance feedback learning using every image query (351 queries). A recall value of
‘1’ indicates that all the relevant images appear at the top of the retrieved list while

a value of ‘0’ is representative of the fact only non-relevant images are on the top.

As can be seen from Figure 9.5, after starting from a rather low value around
0.45 corresponding to initial start up using the projection matrix as in Section 9.2,
the recall measure for both the training set or testing sets steadily increases reaching
almost ‘1’ and 0.9, for the training and testing sets, respectively. This demonstrates
two aspects of the proposed relevance feedback methodology for the MRIRS. These
are: (i) the good performance of the MRIRS system for the training set which is
attested by the fact that in one pass the recall plot almost reaches ‘1’ (0.99); and (ii)
the generalization capability of the system to respond adequately to unseen queries,

which is illustrated by the high value (0.90) of the recall measure on the testing set
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Figure 9.5: Recall measure versus the training query sample for Experiment 1.

after learning is completed.

Next, we study the complexity of our MRIRS system in terms of the size of the
pools and also examine the possibility of implementing our retrieval system on larger
image databases. Figure 9.6 shows the histogram of the number of pools (vertical
axis) versus the pool size (horizontal axis). As can be seen from this histogram plot,
the minimum pool size is 1 corresponding to the the start up of the system while the
maximum size is 11. There are 9 pools of size 1 that never received relevance feedback,
implying that their predicted scores for the set of training queries were closer to the
desired values and hence the i)ools were not expanded. On the other hand, the pools
of size 11 (3 of them) were the least reliable and the most stimulated ones during the
relevance feedback learning as they did not predicted the desired score almost every
time that an image query of the same category was submitted. As a result, it was
necessary to apply relevance feedback to these pools. In Figure 9.6, the average size
of a pool is found to be 5, i.e. on overage a pool receives relevance feedback 4 times

during the training process.
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Figure 9.7: Minimum and maximum pool sizes for the different object categories.

Our image database consists of 40 different categories of mine-like and non-mine

like objects (see Chapter 8 for the description of these categories). There are images
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in some categories that look very similar to images in other categories, while there are
also images in some categories that look very different to other images of any other
category. Consequently, one would expect that those pools associated with the images
that are visually similar but belong to different category will receive more relevance
feedback than those of the images that do not possess similar visual appearance.
Figure 9.7 shows the minimum and maximum pool sizes versus the category number.
For instance, for Category 21 (a three dimensional panel) the minimum pool size is 3
and the maximum pool size is 6. Categories that do not contain a vertical bar are not
considered in our study, leaving the total number of non-empty categories 40. The
mine-like objects comprise categories 28-39 while the rest are non mine-like objects.
As can be seen, the pools corresponding to Categories 19 and 29 are very reliable
as they do not receive relevance feedback. It can also be argued that the textural
and shape dependent features used here are more suitable to distinguish these types
of images from the rest. This suggests that if we choose a good set of features then
relevance feedback learning could impact the formed pools less. Figures 9.8(a) and
(d) show a non-mine like (panel) object corresponding to Category 19 and a mine-like
object corresponding to Category 29, respectively. While it is somehow clear why the
well-formed panel object with white letters and defined solid circles shown in Figure
9.8(a) is a distinguishable object, it is somewhat baffling why the fuzzy mine-like
object shown in Figure 9.8(b) is distinguishable!. However, the reason may be the
fuzzy nature of this object that is ultimately embedded in the textural features given
that there is no other object in the database with such fuzziness. Now, we shall
present two categories not very reliable for retrieval purposes. Figures 9.9(a) and
(b) show two images corresponding to Categories 36 and 37, respectively. These two
categories correspond to cylindrical shape objects having slight differences at their
tips. They are so difficult to distinguish, even for an expert working with this image

database for some time. Thus, it is not a surprise that the maximum pool sizes (as
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shown in Figure 9.7) for the Categories 36 and 37 are 9 and 7, respectively.

(a) Category 19 (b) Category 29

Figure 9.8: Two categories more reliable for retrieval purposes.

(a) Category 36 (b) Category 37

Figure 9.9: Two categories not very reliable for retrieval purposes.

As mentioned before, the average size of a pool is 5 which implies that the average
number of applications of relevance feedback is 4. To close this experiment we will
present an object category that needs precisely 4 rounds of relevance feedback in
order to incorporate the users’ expertise. Figure 9.10 shows the user interface after
4 rounds of relevance feedback have been applied to the initially trained system in

Figure 9.4. During each round of feedback the user selects a misplaced relevant
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image and chooses a desired score, then the relevance feedback learning methodology
is applied to adjust the old connections and set up the new connection. As can be seen
from Figure 9.10, all other relevant and non-relevant images remain at their places
while relevance feedback is being applied, demonstrating experimentally the stability
of our multiple regulator image retrieval system in incorporating new information
while keeping the old one.

[ -+ user Interface
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Figure 9.10: Retrieval results of Figure 9.5 after 4 Rounds of Relevance Feedback.

Experiment 2: The purpose of this experiment is to bring the recall measure
to the maximum even though the complexity of the model reference image retrieval
system might be increased. This experiment might be suitable for special-purpose
image database where some kind of information to categorize the images can be intu-
itively used by the expert users, contrary to Experiment 1 suitable for general-purpose
databases where this information might not be available. Relevance feedback learning
is applied based upon the criterion that the relevant images should have scores above

a pre-specified threshold (0.9 in our experiment). As in the previous experiment the
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neural network is initially constructed using the initial start up procedure in Section
9.2 and similarly relevance feedback learning is carried out using all training queries
in one pass fashion where the most informative query (according to the methodology
presented at the end of Section 9.5) is submitted first, followed by the second most
informative, and so on. If the score of a relevant image falls below the threshold
then an error signal that is the difference between the threshold and the actual score
of the relevant image is generated to stimulate the appropriate pool, update the old

connections, and assign a weight to the new connection.

Figures 9.11 and 9.12 show the recall measure reported during the relevance feed-
back learning process and the histogram of the number of pools versus their size
reported at the end of the training, respectively. Immediately, one can identify three
major differences between the recall plot for this experiment and that of Experiment
1. First, the recall plot of the testing test reaches a higher value (= 0.98) when the
learning is completed. Second, the recall plot on the testing set continues increasing
even after the recall on the training set has reached its maximum value of ‘1’ around
query sample number 250. The reason is obvious, since for this experiment relevance
feedback is applied based upon the score of the relevant images rather than the rel-
ative positions with respect to the non-relevant images. Moreover, the recall plot
at the initial stages of learning shows a higher slope than that for Experiment ‘1,
implying intuitively that the prediction capabilities of the pools of neurons are better
for this experiment than for the previous one. The high recall values reported in this
experiment suggests a methodology that could be exploited when class information is
available for the image database and high performance is of great requirement, even

though this implies sacrificing the overall complexity as we shall see next.

Figure 9.12 shows the histogram of the number of pools for Experiment 2, where
this more “aggressive policy” of relevance feedback takes place. As can be seen the

average size of the pools is substantially increased (compared to that in Experiment
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Figure 9.11: Recall measure versus the training query sample for Experiment 2.

1) to almost 9 neurons per pool, which is the maximum capacity of the pools. This is
expected in light of the fact that the relevance feedback policy assigns scores greater
that 0.9 to those relevant images that are below 0.9, regardless of their visual ap-
pearance to other images as in Experiment 1. Clearly, there are still pools with few
neurons, e.g. 6 pools of size 1, 5 pools of size 2, and 11 pools of size 3, that are very

reliable and could easily represent the respective category.

Experiment 3: Effect of the parameter a of the kernel function k(x,y) =
e~ll==xI” on the stability and the generalization capability of our MRIRS system
is studied in this experiment. The purpose is to highlight the importance of a good
selection of parameter a in the design of the kernel function. In essence this experi-

ment is a recreation of Experiment 2 but with the minor difference that the recall plots
for both the training and testing sets are presented for various choices of parameter

a of the kernel function.

The recall plots for the training and testing sets for four values of parameter a

are shown in Figures 9.13(a)-(d). Two important properties are readily noticeable
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Figure 9.12: Histogram of size of the pools for Experiment 2.

in these plots. First, the recall plot for the training set is almost a straight line
that always reaches the perfect recall value of ‘1’ at the end of the training process.
This, experimentally validates the derivations in Remark 9.3 and proves the stability
of our image retrieval system even for large values of parameter a, e.g. 1000 and
5000. Second, the recall capacity of the image retrieval system for the initial start
up (at the start of the plot) for either the training or testing set is deteriorated as
parameter a increases. For a = 5000, the initial recall for the testing set approaches to
a value around 0.034 and the recall measure almost remains at that value throughout
the entire training process, confirming somewhat the statement made in Remark 9.3
about the low prediction capability (which is related to generalization capability) of

the system for large values of parameter a.

9.6.3 Model Reference Learning

In this section we will focus our attention in one experiment to assess the model refer-

ence learning methodology described in Section 9.3. In certain form, this experiment,
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Figure 9.13: Recall measure for large values of kernel’s parameter a.

learning. The training and testing sets are those of the previous experiments, the

kernel parameter is again ¢ = 1, and the performance measure is the recall. The

differences between this experiment and Experiment 2 are basically two things: (i)

model reference learning is implemented in batch mode after all the input-output rela-

tionships of the training queries have been captured while relevance feedback learning

is implemented online by processing each training query as soon as it arrives; (ii) the

most informative query sample derived from the Fisher information matrix is not

used in this learning mode given the batch nature of the learning.
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Experiment: Here we study the model reference learning introduced in Section
9.3 for the case when the class labels of the training samples are known and used to
estimate the desired score. The purpose of model reference learning is to train each
one of the pools independently by first collecting all the input-output relationships
for a set of training queries. To this aim, all the training queries should be submitted
to the retrieval system operating in a search and retrieval mode. At the time of
submitting a query image if the score of some relevant image is less than the threshold
0.9 then its new score is set to 0.9 otherwise its score is kept unchanged. This input-
output relationship is stored in model-reference database until all the training image
queries have been processed. Then, the input-output information for each pool is

obtained and used to set up the connections of that particular pool.

The recall plot for the model reference learning mode is shown in Figure 9.14. As
can be observed, the recall measure for the training set reaches a perfect one while
the recall plot for the testing set reaches a high value of 0.95. Though this final value
is excellent it is somewhat inferior to that of Experiment 2 using relevance feedback
learning. This might be attributed to the Fisher information matrix used in the
latter case, which presents the most informative query samples during the relevance
feedback learning mode in Experiment 2. Also note that rate of learning is fixed

throughout the training as evident by almost a straight line curve.

The histogram of size of the pools after the model reference learning process is
completed is shown in Figure 9.15. As can be seen the average size is substantially
higher than that reported for the Experiment 2 on relevance feedback learning. In
addition there are only a few smaller pools, in contrast to Experiment 2 where there
were a lot of pools with few neurons. However, even with this increase in complexity
the retrieval system for this experiment does not beat the performance of the retrieval
system of Experiment 2 in terms of generalization capability, as evident from the recall

plots for the testing set of the two experiments.
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163

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



9.7 Conclusions

In this chapter, we introduced a multiple regulator image retrieval system (MRIRS)
that contains four components, namely a plant, multiple regulators, an adjustment
mechanism, and a reference model (if available). A practical kernel machine (neural
network) for simple implementation of this system is also proposed. In this two layer
network, the first layer, which is structurally dynamic, contains a set of neuron pools
while the second layer (structurally static) contains a set of output neurons, each

associated with a particular image in the database.

Using constrained optimization framework we developed two learning mechanisms
to incorporate information from either the expert users or a model reference. The
model reference could be an external image retrieval system or an artificially created
one using some a prior information about the class membership of the images in the
database. Both model reference and relevance feedback learning mechanisms lead to
an expansion of the pools of the first layer. The expansion of the pool is achieved by
adding a neuron and creating a connection between this neuron and the corresponding
neuron in the second (retrieval) layer. The incorporation of users’ expertise in the
relevance feedback learning is carried out in an online fashion while the incorporation
of the model reference information is performed in batch mode. As in our text retrieval

system the projection matrix can be used to set up the initial system.

To facilitate the incorporation of user’s information during relevance feedback
learning a new scheme based upon the Fisher information matrix was developed.
Using this scheme the most informative image query is suggested to the user, and
finally introduced into one or more pools. To assess the assimilation of users expertise
into the retrieval system, three experiments on relevance feedback were conducted. In
the first experiment a “relaxed policy” is used for estimating the ‘desired scores’ of the

relevant images based upon their relative positions assigned by the user. The recall
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plot of the training set attests to the performance of the system as it reaches a perfect
1 at the end of the relevance feedback learning. The recall plot on the testing set
also indicates a high generalization capability of the system as this measure reaches
0.95 at the end of the training. The second experiment uses a more “strict policy”
for estimating the “desired scores” based upon assigning a high score to all relevant
images. This experiment leads to the best relevance feedback learning results in terms
of generalization capability given that at the end of the learning process the recall plot
for the proposed image retrieval system reached a value of 0.98. The third experiment
was created to study the generalization capability and the performance of the image
retrieval system as a function of different values of the Gaussian kernel parameter.
It was found that the generalization capability is deteriorated for large values of the
parameter. As far as final complexity of the system is concerned the best retrieval
system was that of Experiment 1, which had a more relaxed policy to assigned the
“desired scores”, given that the average size of the pools at the end of the learning

was 5, while for Experiment 2 the average size was around 9 neurons per pool.

An experiment on model reference learning was also conducted to evaluate the
complexity, generalization capability, and response of the multiple regulator image
retrieval system to already learnt query images. This experiment revealed that the im-
age retrieval system exhibited a good generalization at the end of the model-reference
learning as the recall measure on the testing set approached 0.95. However, the ex-
periment also showed that most of the pools were almost at their maximum capacity
(at 9 neurons/pool), hence increasing the overall complexity for practical implemen-
tation. Nonetheless, having an average of 9 neurons per pool does not represent a

burden neither in terms of computational time nor in terms of memory requirements.
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CHAPTER 10

A SINGLE-REGULATOR IMAGE RETRIEVAL

SYSTEM

10.1 Introduction

As in the multiple-regulator system in the previous chapter, the fundamental parts
of our proposed single-regulator model-reference image retrieval system as shown in
Figure 7.2 are essentially the same. It generates an optimal query that will enhance
the retrieval process. The optimal query is viewed with the same perspective by
all elements in the plant (by all images), in contrast to the multiple-regulator system
where a mapped query is only viewed by a particular image. The single-regulator sys-
tem has three phases of learning. These are: (1) initial start up, (2) model-reference,
and (3) relevance feedback learning. All these phases aim at finding or adjusting
the parameters of the regulator. The initial start up deals with the methodology
for setting up the parameters under the assumption that we only know the set of
images. An interesting result that will be shown latter in this chapter is that the

matrix associated to the regulator is the projection matrix of the set of images.

Model reference learning adjusts the parameters of the regulator using the knowl-
edge from an external model reference retrieval system or via a model-reference train-

ing database as defined in Chapter 7. On the other hand, relevance feedback learning
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is the methodology to incorporate user’s expertise either online or in batch mode. Pro-
visions should be taken if relevance feedback learning is to be applied online, because
a large computational complexity could be an impediment for its implementation.
The organization of this chapter is as follows. Section 10.2 presents the initial start
up process for the proposed single regulator IRS. Section 10.3 develops the concepts
for learning from either an external model reference or an artificially generated one via
a model-reference training set. Section 10.4 presents the relevance feedback learning
methodology that captures user’s expertise based upon a set of desired scores for the
relevant images. Section 10.5 shows the experimental results on relevance feedback

learning. Finally, Section 10.6 presents the conclusions and remarks.

10.2 Initial Start Up

For the single-regulator retrieval system shown in Figure 7.2, the retrieval status

vector

s(q) = UT(X)A®(q). (10.1)

Assuming that mapping functions are linear, the scoring function (10.1) is simplified
to s(q) = XTAq. Again, as discussed before, for setting an initial value for A we
have two options: (1) make A = Ipswpr, where M is the dimension of the space on
which the input query g and the feature vectors in the database lie, or (2) make
A = Px = X(XTX)7'XT. The best option depends on the dimension M and the
number N of feature vectors in the database. In a typical case, in which M <« N,

only the first option is practical because the inverse of X7 X may not exist.

However, for the nonlinearly mapped feature space generated through some PD
kernel induced function [113], setting A to the identity matrix will produce a high
dimensional matrix. In contrast, A = Px = ¥(X)[¥T(X)¥(X)]1¥T(X), will pro-
duce a matrix with rank N <« M’, where M’ is the dimension of the mapped feature

space. Clearly, in this case the first choice is not a viable one.
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Remark 10.1 In this single-regulator image retrieval system, the projection matrix

Px = 9(X) [97(X) ¥(X) ]10T(X) associated with the set of images has eigenvalues
of ‘1’ with multiplicity N and N eigenvectors v,,vs,...,V,, €ach one is equal to a
mapped image, i.e. v, = ®(x;), j € [1, N]. We assume that the kernel is PD and the
mapped images are linearly independent. Therefore, the ranks of ¥7(X)¥(X) and the
projection matrix Px are both equal to N. If we express the i* mapped image vector
in terms of the mapping matrix ¥(X) and the basis vector ¢; = [00...010...0]",
where its j© element is ‘1’ and the rest are ‘0, i.e. ®(x,;) = ¥(X)e,, it is easy to
verify that the vector v; = W(X)e; is an eigenvector of Py and its corresponding
eigenvalue A; is ‘1’. This can be shown by substituting v; and A; into Pxv, = A;v;

and verifying that the equation holds.

10.3 Model Reference Learning

The model-reference learning mechanism involves finding the parameters in the reg-
ulator in Figure 7.2 given a set of samples captured in a model-reference training
database. In each iteration, all the samples are submitted as queries and an error
signal is generated by comparing the actual output of the retrieval system against
that of the reference model. This error signal is used to create our model-reference
learning framework for the single-regulator system. This will be described next.

The problem of finding parameter matrix A in Figure 7.2 given a set of (q;,§;),
i € [1 L], training pairs can be cast as an optimization framework where we would
like to find A* such that

A" =arg mjn T(A),

where 7 (A) is the Tikhonov function [116] defined as follows.

T) = 52 Dl - V(04| + (10.2)
+A2 > [0, (10.3
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The first term in (10.2) is the error term induced when we try to reproduce the scores
§,’s for the training vectors g;’s. The set of training vectors could be the feature
vectors in the image database, or in general, any set of vectors for which we want a
specific output. The second term is a penalizing term that favors solutions for which
the mapped query G, = A®(g;) is of minimum norm.

Due to the high dimensionality of A, the problem expressed in (10.2) will be ill-
posed, unless some kind of a constraint or property is imposed on A. From (10.2), we
can deduce that rows of A must be lie in the space spanned by the mapped training

queries. That is, A can be expressed as
A=WIT(X). (10.4)
Now, using (10.4) and the kernel trick, we can express 4, = A®(q;) as

4 =We'(X)®(q;) = WK(X,q) (10.5)

= Wlk(xy,q,) - --k(XNaQi)]T’ (10.6)

with an appropriate kernel function k(-,-). Thus, we can rewrite (10.2) as

1 <&
TW) = 57 > I8 = YTXOWK(X, g + (10.7)
i=1
1 L
+A2L;IIW’C(X,92)II : (10.8)

Matrix W that minimizes (10.7) can be found by solving the Euler-Lagrange equa-
tions that results from this minimization problem [33]. Furthermore, if A approaches

zero, it can be shown that

W =[w,®,...Wy|H", (10.9)
where
L
=Y k(x;,q)¥(X) (PTX)U(X)) 8, JELN], (10.10)
i=1
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with H = [b; hy... hy], and

i=1
Note that all the elements of matrix H are represented in terms of the kernel functions

values. Now, it is easy to show that the multivariate scoring function s(q) can be

written as

s(q) = ¥T(X)WIT(X)®(q) = ¥ (X)WK(X, q) (10.12)

To show that all the operations in (10.12) can be performed in the original low

dimensional space instead of the high dimensional feature space, we expand

VX)W = UH(X)[@ F,.. Ty]H

= [DiD; ... py]JH ' =PH™ =B, (10.13)
where p; = SE k(x;,9,)8, J € [1, N]. Now, plugging (10.13) into (10.12) yields
s(a) = BK(X,q) (10.14)

As can be seen, all the terms in (10.13) and (10.14) can be computed in the original
space without using the eigenfunctions themselves. Since the knowledge of matrices
P and H is sufficient to compute score vector s(q) and the elements of these matrices
are expressed in the kernel domain, instead of matrix A, matrices P and H are stored

in the regulator.

The mapping matrix A of the regulator can be computed by finding W explicitly

from (10.9), plugging it into (10.4) and substituting PH~! by B. Thus, we get
A=T(X)(UT(X)¥(X))BUT(X) (10.15)

Note that the expression for A in (10.15) is in harmony with the assumption that the
projection matrix was the best option for the initial start up. The reason being when

B(0) = I we arrive at A = Px.
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Figure 10.1: Practical Network for the Single-regulator Retrieval System: (a) Initial
Set up, (b) At the end of model reference learning.

Figure 10.1 shows the practical network for the single-regulator retrieval system.
Note that the network is similar to that of the multiple regulator retrieval system
presented in Chapter 9 with the difference that learning is carried out not through
the structural adaptation. Matrix B = PH™! implements the mapping from the
output of the first layer to the output or retrieval layer. Each unit in the first layer
has an activation function given by the kernel and a particular stored pattern. The
initial value for mapping matrix B is the identity matrix. Does that mean that P

and H should also be set to identity matrices as well?

To get initial values for matrices P and H as indicated in (10.13) and (10.11) we
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submit each one of the images in the database as queries, i.e. q; = x;, ¢ € [1,N].
Since the retrieval system is initially set up using matrix B(0) = I, query g = x;
yields s, = K(X,x;) and using this value as an artificially ‘desired’ score vector in

p; = SE k(x;,4;)8; produces the initial value for P as

N
P(0) =[p; b, - By - -BNl; b; = Zk(Xj,Xi)K(Xa x;); J € [L,N] (10.16)

Thus, we can see that P(0) = G?, where G is the Gram matrix defined as G =
[k(x;,%;)]Y~1, assuming that the kernel is symmetric. The initial value for H, H(0),

is then easily obtained by solving for H(0) in I = P(0)H~(0), hence H(0) = G*.

Remark 10.2 Setting up the initial values H(0) = G? and P(0) = G2, is equiv-

alent to setting up the initial mapping matrix A to the projection matrix Px =
U(X)(PT(X)¥(X))"1WT(X), which has certain benefits as mentioned in Remark
10.1. From previous results, we know that submitting g, = x;, ¢ € [1,N], as
queries yields to s; = K(X,x;) and H™1(0) = G™2. Now, if we plug these values
in (10.10), (10.9), and (10.4) in that order then the desired relationship between A
and Px = U(X)(PT(X)¥(X))"10T(X) is reveal.

10.4 Relevance Feedback Learning

Recursive equations for P(L) and H™!(L) can be derived to incorporate users rele-
vance information into the image retrieval system. Assume that at time step L — 1
we already have matrices P(L — 1) and H™!(L — 1) and at time L a new training
pair (q;,8; ) arrives, then to incorporate the information of this new query we need to
compute the new updated matrices P(L) and H(L) as functions of the old matrices
P(L—1) and H(L — 1), and finally adjust the scoring function. The initial choices of
the matrices P(0) and H(0) were described before. After, the initial set up, a series of
iterations are performed until the desired system’s performance accuracy is achieved.

The recursive equation for P(L) can be derived as follows:
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P(L)=P(L-1)+8; K"(X,q;)- (10.17)

Similarly, a recursive equation for H(L) can be found using (10.11) as follows:

H(L) = H(L ~ 1)+ K(X,q,)K"(X,q,) (10.18)

Since we need H~!(L) to compute matrix B a recursive equation for finding H~*(L)
is also needed. To this aim, the matrix inversion lemma [49] is applied to (10.18) to

obtain a recursive equation

H™YL) = (H(L-1)+K(X,q,)K7(X,q,))"

H_l(L - l)IC(X, g.L)K:T(Xv g.L)H_l(L _ 1)

= H'Y(L-1)- 14+ KT(X,q,)H-Y(L — 1)K(X,q;)

(10.19)

which requires only matrix multiplications and additions.
To emphasize the importance of current training sample over the previous ones,
it is convenient to include a forgetting factor A < 1 into the recursive equations for

P(L) and H™'(L) as follows:

P(L) = AP(L-1)+3§, K"(X,q;) (10.20)
1 HY(L-1DK(X,q )K" (X, q,)H (L - 1)

) = | H ) - S e e R o

Looking at (10.20), it is evident that some elements of matrices H~!(L) might be
very large as learning progresses. To circumvent this problem we can impose bounds
on the norm or the trace of this matrix. The reader is referred to Chapter 11 in [120]

for the details of some procedures that address this problem.

10.5 Experimental Results

An experiment on relevance feedback learning using the recursive equations for P(L)

and H~1(L) was conducted on the same image database used in the multiple regulator
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system (see Chapter 9 for the details on the training and testing sets). The initial
configuration or initial set up of the single regulator is shown in Figure 10.1(a). For
this initial set up, matrices P(0) and H~'(0) were set to G* and G2, respectively
(see Remark 10.2). Now, relevance feedback learning is apply to adjust the internal
parameters of the regulator by using the training set.

Basically, relevance feedback learning is carried out in three steps: (i) randomly
choose an unmarked query image from the training set and submit it to the single
regulator retrieval system; (ii) set the ‘desired’ scores to 0.9 for all the relevant images
whose scores are less than 0.9 while keeping actual scores for the rest of the images;
(iii) update the matrices P and H~! using (10.17) and (10.19), and mark the query
image; and (iv) repeat the previous steps if there is an unmarked query image left in
the training set, otherwise stop.

To briefly analyze the performance and generalization properties of the single
regulator image retrieval system, the recall plots for the training and testing samples
are shown in Figure 10.2 there are two important observations. First: the linear trend
of the recall plot for the training set is clearly evident due to the nature of this mode
of learning. Second: the behavior of the recall plot for the testing set is somewhat
strange, because as can be seen, at some points the recall measure is better for the
testing set than that for the training set. Nonetheless, at later stages of learning the
recall measure starts dropping as expected until it reaches a final value of 0.95 at
the end of relevance feedback learning. Comparison with the results in Experiment 2
indicates the superiority of the multiple regulator image retrieval system. Moreover,
relevance feedback learning for this experiment lasted more than 6 hours on a Pentium

IV computer running at 2.4 GHz.
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Figure 10.2: Recall plot for training and testing sets using the single-regulator image
retrieval system.

10.6 Conclusions

This chapter presents the proposed single regulator image retrieval system. The re-
trieval system contains four major components. A regulator transforms the submitted
query image into a single ‘optimal’ query image. This operation is carried out in a
high dimensional space induced by a kernel producing function. That is, the optimal
query does not have some perceivable significate. Further research could be focused
on finding the pre-image of this ‘optimal’ query in order to explore some of its pos-
sible properties in a low-dimensional space. A plant stores some information of the
image database in a matrix, where each column is a transformed feature vector of an
image in the database into a high dimensional space. A model reference provides a
series of input-output relationships using an augmented database that contains the
original image databasc together with class label information. An adjustable mecha-
nism is utilized to provide the learning rules for the model reference and the relevance
feedback learning modes. The learning rules for the two modes are derived from a

constrained optimization problem using mapped image and query features vectors in
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a high dimensional space. An experiment was conducted for the relevance feedback
learning to demonstrate the generalization capability of the single regulator image
retrieval system for learning from expert users. Although the recall plots show good
generalization capability of this system, they are clearly inferior to those reported for
Experiment 2 on relevance feedback for the multiple regulator described in Chapter

9.
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CHAPTER 11

CONCLUSIONS AND FUTURE WORK

11.1 Conclusions and Observations

The development of adaptable text and image retrieval systems that can incorporate
the solutions proposed by expert users via relevance feedback is the main goal of the
present work. The proposed systems use the well-known model-reference adaptive
control framework with some major differences and characteristics.

The proposed adaptable text retrieval system is capable of incorporating knowl-
edge from both an external retrieval system (model-reference) and from multiple
expert users. The first characteristic allows the system to mimic the input/output
behavior of an external retrieval system (when exists) while the second character-
istic provides the means to incorporate expert users solutions, hence improving the
responses of the external system. Two learning mechanisms, one that captures the
input/output behavior of the model-reference and the other that captures the users’
knowledge, are employed. In each case, two different versions of the algorithms are
proposed. In the first version, a regression framework is used to incorporate feedback
based upon the scores of some relevant and non-relevant documents. The second
algorithm uses a classification framework to incorporate feedback as in a two-class
problem. Independent of the choice of the framework (regression or classification),
the aim of the two learning mechanisms is to map the original query into an ‘opti-

mal’ query that would provide the expected solutions. This transformation somehow
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resembles the addition and/or deletion of terms that a user needs to perform on the
original query in order to get the desired list of documents. However, in our scheme
this is done without involving the user directly with the query modification process.
Clearly, the regression framework is preferred if the scores are available. It was found
that the optimal query lies in the space spanned by the documents of the database,
regardless of the chosen framework. This could be seen as a generalization of the
popular Rocchio’s formula [11] but with the difference that here the weights for the
documents are found by solving an optimization problem.

To set up (or initialize) our proposed text retrieval system a learning mode referred
to as initial model-reference learning is used to reproduce the behavior of an external
model text retrieval system. The initial model-reference learning uses a limited set of
single-term queries to set up the internal parameters of the regulator. To make the
trained system robust to environmental (database) changes resulting from document
addition or deletion operations a learning mode referred to as model-reference fol-
lowing learning mode is created. This learning mode makes our text retrieval system
adapts itself by changing its structure to accommodate the new information or erase
the old one. Finally, to incorporate users’ expertise via relevance feedback without
erasing the previously captured learning from other users a learning mode referred to
as relevance feedback learning is developed.

The proposed model reference text retrieval system (MRTRS) contains: a static
retrieval system or a ‘plant’ that stores the information of the documents in the
database; a mapping mechanism or a ‘regulator’ that transforms the original query
into an optimal one; an adjustment mechanism that provides the adequate adjust-
ments to the parameters in the regulator; an external text retrieval system (TRS)
or reference model that provides a limited set of training samples used for the initial
model-reference and model following learning modes; and a user relevance feedback

repository that provides a limited set of training samples to fine-tune the response
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of our text retrieval system for future solutions. In our proposed system, relevance
feedback captures the information from the expert users via an adaptation mechanism
that adjusts the regulator parameters.

The search and retrieval subsystem of MRTRS can be represented by a struc-
turally adaptable three-layer connectionist network with two static and one dynamic
layers. There are two benefits immediately exploited for this connectionist repre-
sentation; (i) the operations involved are basic sums and multiplications which are
easier to carry out than the non-linear activation functions of general neural network
representations, (ii) the sparseness of the weight connections in the static layers rep-
resenting the documents is fully exploited by keeping, in the computer memory, only
those connections that are not zero, allowing the search and retrieval processes to
be performed almost in real-time. In the connectionist network, the first and third
layer are associated to the documents and the input layer and the second layer are
associated to the terms (concepts). If a new document is introduced along with its
new and old concepts (terms) the structure of our connectionist system is adjusted
modifying all layers to incorporate this new information. One neuron is created in
both the first and the output layers and several neurons are created in the input
and third layers to account for the new terms. If a document is deleted the inverse
process of document addition takes place. The incorporation of users’ expertise is
accomplished via a relevance feedback mechanism where the users are able to modify
the response of the system if the listed solutions are not adequate. Two main benefits
of the relevance feedback mechanism worth to highlight are:(i) the incorporation of
new information is carried out without scarifying the stability of the retrieval system
for previous solutions for the same or other users, and (ii) relevance feedback learning
affects only a few adjustable parameters of the connectionist system, mainly those
associated with the terms in the submitted query, making it suitable for online imple-

mentation. These adjustable parameters correspond to the connections of the input
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to the first layer of our retrieval system, all other connections in the other layers are
unchanged. This feature allows a fast implementation of our proposed relevance feed-
back learning mechanism because the adjustable connections represent only a fraction
of the total number of connections in the network.

The experiments conducted on the HP-text database revealed the proposed MRTRS
can indeed capture the relevance information from the users using either a regression
or a classification learning frameworks mentioned before. This is attested by the large
values of the non-parametric Kendal’s 7, correlation measure generated during the
last stages of learning. The measure almost reached one (perfect match) for some
queries in the training and testing sets, especially for the single and two-term queries.
The recall measure also indicated that the response of our MRTRS system approaches
that of the users after only a few rounds of relevance feedback learning. The recall
plots also attest to the fact that the proposed MRTRS can incorporate users’ expertise
into the retrieval process by using either the regression or the classification modes. In
the regression mode, the recall plots increases from 0.673, 0.720, and 0.657 to 0.961,
0.980, and 0.869 for the 1-term, 2-term, and 3T-term queries, respectively, while in
the classification mode, it increases from 0.551, 0.453, and 0.385 to 0.808, 0.797, and
0.698 for the same queries. The recall plots indicate the effectiveness of our system
in incorporating relevance feedback learning without jeopardizing the performance of
the system to the previously learnt information.

The optimal query mapping mechanism proposed in this work captures the docu-
ments’ content from both TRS system and expert users via relevance feedback. The

weights of the optimal query domain can be used to cluster the queries with similar

concepts. This is clearly beneficial for providing clues to the expert users. A different
clustering method was tried, namely the two dimensional self-organizing feature map
(2D-SOM). It was shown that the proposed agglomerative algorithm provides clusters

with much better cohesion (measure used for closeness of queries in a cluster) that
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those generated by the expert users or the 2D-SOM.

The proposed MRTRS was then extended to image databases. Two different image
retrieval systems (IRS) were proposed. One referred to as the multiple regulator IRS
and the other referred to as the single regulator IRS. The multiple regulator retrieval
system contains N regulators, each associated to a particular image in the database;
while the single regulator system contains only one regulator associated to all images
in the database. Though it may seem complicated, this apparent drawback of the
multiple regulator IRS leads to a more efficient retrieval system that only needs
to update a small number of parameters to incorporate user’s relevance feedback.
Although the structure of the single regulator IRS is simpler than that of the multiple
regulator IRS, the computational complexity of the single regulator is by far greater.
This leads to greater time to run the same rounds of feedback in the single regulator
system compared to the multiple regulator case.

The two systems contains four components namely: a plant that store the infor-
mation of the images in the database; a regulator (single-regulator system) or several
regulators in charge of transforming the submitted query image into the ‘optimal’
one(s) that will generate the required solutions; an adjustment mechanism that pro-
vides the necessary adjustments to the regulator(s); and a model-reference model
that gives a series of pairs as query image-score vector relationships to train the im-
age retrieval system. The plant and the regulator are in a high dimensional space
where basic linear matrix operations are computed. However, for creating a practical
retrieval system some of the formulations are taken to the original low dimensional
space. For incorporating users’ expertise, a rigorous relevance feedback learning was
developed; while for assimilating the information of an external image retrieval sys-
tem (when it is available) a specific model-reference learning was introduced. It was
found that relevance feedback learning was not appropriate for the single regulator

system (in its present form) due to the long time it takes to process a query image,
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which precludes any real-time relevance feedback learning.

Either the multiple regulator or the single regulator retrieval systems can be rep-
resented by two simple layers of neurons. In the multiple regulator case, the first layer
is conceptually divided in a set of pools, each assigned to an image in the database.
Also, each pool contains one or more neurons that are connected to the output or
scoring layer. Each neuron represents a kernel function centered in a particular query
image. A weighed summation of the kernel functions in a particular pool provides a
similarity measure between the associated image to the pool and the submitted query
image. In the single regulator case there is no conceptual division of the first layer
because the learning operations are not localized.

For the multiple regulator image retrieval system (MRIRS) it was found that the
relevance feedback mechanism causes the expansion of the first layer, which maintains
a set of pools associated with an image in the database. The expansion is stopped
when the pool responds adequately to the users requirements. Every time that a
pool does not respond adequately to a submitted query and it receives relevance
feedback the pool expands itself by including another kernel function centered in
the submitted query image, assimilating in this form the users’ expertise into the
retrieval process. As can be seen, the pool expansion process is highly localized in
the multiple regulator case. For the single regulator image retrieval system (SRIRS), it
was found that the model-reference and relevance feedback learning modes affected all
the parameters of the regulator. This undesirable characteristic made us to abandon
the idea of a practical implementation of the single regulator retrieval system, even

for a small image repository like the underwater image database used in the present
research. Future research should investigate how the single regulator system can

easily be parameterized for different learning phases.
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11.2 Future work

There are many avenues in which the proposed text retrieval systems can further be
researched. The following is just a brief list of a few that we believe are possible

extensions.

e Creation of taxonomies of knowledge: Presently, the amount of unstructured
information is presenting a challenge in management and utilization of relevant
knowledge to the consumers of such information. While the lack of information
is no longer an issue, the actual identification of relevancy and categorization of
knowledge within a specific domain remains to be a crucial issue in research and
practical application. It is desirable to create soft categories of knowledge that
can be updated dynamically and adopt to new users queries and interest in time
without the expensive and exhaustive need to read and/or tag the documents
explicitly. This will additionally help the less familiar users of the knowledge
domain to navigate through taxonomies of knowledge that was created based

on prior queries and knowledge of the more experts users.

e Other optimization methods: Modify the formulations and learning methods by
using other optimization methods such as in the Lasso [121]. This might lead
to more meaningful optimal queries that could better capture users’ require-
ments by maintaining a minimum number of terms in the optimal query. At
present these optimization methods work under the concept of linear program-
ming which does not lead to an explicit expression similar to the one we found
in our formulation. Nevertheless, this methodology could be studied in more

detail to ponder its benefits.

e Kernel-Based TRS: Extend the TRS algorithms to the kernel domain where

high-order correlations between the terms in the query could be better exploited.
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This is a real challenge given the large number of terms and documents even

for special-purpose databases.

The development of image retrieval systems that respond adequately to relevance
feedback from expert users is a real challenge. In contrast to the text retrieval area
where the concepts (terms) are well-defined and easy to extract, the concepts in an
image retrieval system are not easy to extract. We believe some issues for the image

retrieval area that deserve further studies are:

o Efficient Multiple Regulator IRS: Devise new structures and algorithms for the
multiple-regulator image retrieval system to minimize the number of regulators
especially for large image databases. This idea could be linked to the that
of the discovery of a taxonomy discussed for the text retrieval system. If the
pools were associated to a particular category of knowledge rather than to a
particular image we could reduce the number of regulators and if the categories
were structurally grouped hierarchically then even a further reduction could be

achieved.

e Combine Text and Image Retrieval Systems: Developing under a unified ap-
proach, information retrieval systems for Multimedia databases where text and
images sources are blended together without explicit text annotations is a
promising area of study. Most of the search process in these databases could be
performed via a text query, contradicting in some way the old saying that says
“an image worths a thousand words” or alternatively via image querying for
the most part. The problem of a query formulation for these databases involves
adequate combining of the text part and the image parts of the query. We
believe the development of a retrieval system that is capable of combining or
simultaneously treating text and images would be of great interest for a variety

of multimedia and educational applications.
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o IRS with semantics: Include the semantic information into the feature vectors
and query images. At present, image retrieval systems that include the seman-
tics of an image into the search process are at their infancy. Semantic relation-
ships such as nearby, inside, and outside together with Gestalt factors [122] such
as similarity and symmetry could help to conceptually form an object from its
disjoint parts. Several psychological studies on visual perception have focused
on Gestalt factors to understand visual recognition on humans. Since our rel-
evance feedback learning is based upon users expertise, it could be of interest
to reformulate our relevance feedback algorithms to include these factors when

training the flexible image retrieval system.
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APPENDIX A

TIKHONOV FUNCTIONAL

The analytic approach to regularization problems relies in minimizing the Tikhonov

functional T [115]
N

T = 23l S+ () (A1)

i=1
to find an optimal function f close enough to data points in the training set and

smooth enough to reduce the second term in (A.1). Here, the functional ¢(f) or
stabilizer defines the smoothness of the function f. A usual stabilizer is of the form
¥(f) = ||Df||?, where the reproductive kernel function Df is in the Hilbert space.
Before we define each of the parameters and terms involved in this functional let
us state the regularization problem as follows: Given a set of training examples in
the form {X,,v;}, where X; € R" and y; € R, we want a function f : R® — R that
reduces the error between for the training points as indicated by the first term in (A.1)
and, at the same time, yields the highest smoothness (values close to zero indicates
high smoothness) as indicated by the second term in (A.1). Here, ) is a positive real
number. The parameter A provides a trade-off between pure interpolation (A = 0)
and pure smoothness (A — 00). Note, that if A were set to zero in (A.1), then the
problem is an ill-posed one because there are many functions that make the first term

in (A.1) zero. However, if we solve the regularization problem for A > 0 and then

make A — 0, then the solution can be unique (ill-posed regularized) or not (ill-posed
non-regularized), depending on the dimension of the input space and on the number
of data samples. We are going to see this problem in the example in this section.

Different stabilizer functionals yield a variety of function approximations families.
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For instance the stabilizer

B(f) = / 1P| Fw) | dw,

R

where a is a parameter and f(w) is the Fourier transform of f(x) satisfying Dirick-

let conditions, produces Gaussian radial basis function approximations [123]. Other

stabilizers that yield a spectrum of radial basis functions are also presented in [123].
Example: Let us consider the Tikhonov Functional

2

N N
& d¢ (A.2)

(=33 - S+ 3 [

i=1

d¢?

1
for the univariate function f and suppose that f* is the function that minimizes the
functional. Then, 7(f*) < 7(f) holds for any f : R — R. This is also true for
f(z) = f*(z) + an(z), where « is a scalar. Let us assume that n(x) and 7/(z) vanish
at extreme points z; and zy, i.e. 7(z1) = n(zx) = 0 and 7'(z1) = n'(xny) = 0. Thus,

we can write

N s 2, |2
T(f +an@) = 5 Dol - (@) +ane)P+ 3 [ |G +aTd| &0 (a3)

i=1 1

Now, given that T(f*) < T(f* + an(z)) holds Vo € R and limy—o7 (f* + an(z)) =

T(f*), it follows
T (f* + an(z))
Oa

=0 (A4)

a—0

Moreover, it is easy to show that if we apply (A.4) to 7 we arrive at

N A
Sl = £ @ty = [ G Thds (A5

The left part in (A.5) is converted to the integral form

iENN

[ >l 1@t — a)is )
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by using the delta function é(z) which satisfies the properties
(A.7)

while, by using the identity [udv = uv — [ vdu and the vanishing properties of 7(z)
on points z; and x3, the right part in (A.5) is converted to
TN
d4 f*
A / S (e (A8)

z1
Thus, (A.5) can be rewritten as,

ZNN

/ Z n(2)8(z — 2:)dz = A / ‘; x’:*n(x)dx (A.9)

1

Now, because (A.9) must hold for any function n(z) the Euler-Lagrange differential

equation
d4f*
Z[yz (@)o(z — ;) = A== (A.10)

also holds.

It is clear from (A.10) that f* must be a polynomial of degree three or less and
that it must be defined by intervals (otherwise, it would not comply with the left part
n (A.10)). This polynomial is a cubic spline. Another variational approach which
arrives at a cubic spline can be found in [124].

Previous example shows us that the smoothest function for scattered data inter-
polation other than a hyperplane is a cubic spline. Hence, if we want an univariate

function that passes through all points, this function should be a cubic spline.
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