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ABSTRACT
With information retrieval systems, bridging the gap between the physical characteristics of data with the user perceptions is challenging. In order to address this challenge,
employing user profiles to improve the retrieval accuracy
becomes essential. However, the system performance may
degrade due to inaccuracy of user profiles. Therefore, for
an approach to be effective, it should offer a learning mechanism to correct user input errors. Focusing on an image
retrieval application, we utilize the users’ relevance feedback to improve the profiles automatically using genetic
algorithms (GA). Our experimental results indicated that
the retrieval accuracy is significantly increased using the
GA-based learning mechanism.
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Introduction

As the amount of available data is growing rapidly, the
task of retrieving accurate information becomes increasingly essential in various domains. Whether we are looking for the latest news on websites, searching for images
in virtual museums, downloading music clips in digital libraries, or purchasing products in e-commerce stores, we
need accurate search engines or recommendation systems
to locate our desired information. To achieve this goal, researchers in numerous research communities such as information retrieval (IR) [25, 2], software agents (SA) [14, 16],
databases [4, 24] and collaborative filtering [18, 1] are aiming at constructing systems for providing accurate information in an efficient manner to users.
However, due to the subjectivity of human perception, it is challenging to bridge the gap between the physical characteristics of data (e.g., textures of images, lexical
fragments of text files) with user perceptions to process requests. In order to address this challenge, researchers in IR
and SA communities have obtained the retrieval results uti This research has been funded in part by NSF grants EEC-9529152
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lizing user profiles. These systems select items based on a
comparison between the item representative and a user profile; both of these are a set of lexical fragments and their
corresponding weights. Hence, these systems can suffer
from inaccurate user profiles.
To address this problem, various learning techniques,
such as Bayesian classifiers, neural networks, and genetic
algorithms (GAs), have been utilized for revising user profiles in several research studies [17, 23, 13, 16] resulting
in various levels of improvement. These studies have two
major weaknesses. One is content limitation, e.g., lexical
fragment methods can only be applied to text contents. The
other is over-specialization, i.e., users can only obtain the
information indicated in their profiles and have no chance
of exploring new information they might desire. Moreover,
because of the complication of user profiles, the learning
processes are always time consuming and are not appropriate if user preferences change rapidly and frequently.
In this paper, we propose a collaborative approach
that addresses the above mentioned drawbacks . Basically, there are several agents/functions/users (hereafter denoted as evaluators) in our system for providing answers to
the user queries. Each user profile only needs to contain
the user’s personal standards and her confidence values to
those evaluators she trusts. At the retrieval time, our system
takes answers from all the trusted evaluators into consideration1 .
The advantage of this design is that different types
of queries based upon different content can be uniformly supported within our system. Typical examples of these queries are “searching images with similar
color/texture/shape”, “finding clothes of a specific style”,
“suggesting articles recommended by famous people ” and
“locating CDs which are close to my purchasing history”.
Moreover, because most of the current IR techniques, such
as [8, 15, 7, 17, 23, 13, 16], are orthogonal to our study,
they can be used by our proposed system as well.
On the other hand, because the system relies heavily
upon user profiles for providing accurate query results, the
system accuracy may decline if user profiles are inaccurate.
1 This is similar in concept to a popular TV game-show in the US where
the players can poll the audience when they do not know the answer to a
posed question. In our case, we only poll those members of the audience
who we think they “know” the answer and we also provide appropriate
weight to each member of audience based on our level of trust.

In practice, obtaining user profiles has been challenging.
For example, some users may be uninterested in providing the data or unintentionally input incorrect information.
Hence, to address this problem, we utilize the users’ relevance feedback to improve the profiles automatically using
Genetic Algorithm (GA) [9].
To the best of our knowledge, only very few studies [22, 16] incorporate GA for improving the user profiles.
In addition to the drawbacks mentioned above, users must
directly get involved in the evolution. That is, these systems need to acquire users’ feedback for every generation.
This leads into users frustration when using the system. On
the contrary, with our design, user involvement is needed
for providing the feedback only at the initial step of the
evolution.
In this paper, we concentrate our application domain
on image retrieval and construct an adaptive soft query
system (ASQ) for supporting image queries. The results
in [20] demonstrate that our proposed soft query model,
assuming accurate user profiles, outperforms the conventional methods in the range of 20% to 160% depending
upon other system settings. In this paper, we have relaxed
our assumptions and focused on correcting user profiles using the GA learning mechanism. Our experimental results
indicate significant increase in the system’s accuracy after
integrating this learning mechanism.
The remainder of this paper is organized as follows.
Section 2 describes the concept of genetic algorithms used
in our adaptive soft query system. In Section 3, we discuss
the soft query system and the learning mechanism. Section 4 depicts the results of our evaluations as well as the
details of the system implementation and our benchmarking method. Section 5 concludes the paper.
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Genetic algorithms

Genetic algorithms (GAs), which were introduced by Holland [9], are iterative search techniques based on the spirit
of natural evolution. By emulating biological selection and
reproduction, GAs can efficiently search through the solution space of complex problems. Basically, a GA operates
on a population of candidate solutions called chromosomes.
A chromosome, which is composed of numerous genes,
represents an encoding of the problem and associates it
with a fitness value evaluated by the fitness function. This
fitness value determines the goodness and the survival ability of the chromosome.
Generally, GA starts by initializing the population and
evaluating its corresponding fitness values. Before it terminates, GA produces newer generations iteratively. At each
generation, a portion of the chromosomes is selected according to the survival ability for reproducing offspring.
The offspring are generated through crossover and mutation processes and are used for replacing some chromosomes in the population with a probability consistent with
their fitness values. In other words, with the help of the fitness function to point out the correct direction, GA could

construct better and better chromosomes from the best partial genes of past samplings. Please reference [6] for mathematical foundations.
In summary, GA is composed of a fitness function,
a population of chromosomes and three operators - selection, crossover and mutation. The parameter settings of the
operators can be chosen depending on the applications or
remain unchanged even when the applications are varied.
However, the fitness function and the coding method are
required to be specially designed for each problem. The
design of fitness function and encoding method for ASQ
will be described in Section 3.2.
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Adaptive Soft Query System

ASQ consists of two main components: an online soft
query system and an offline GA-based learning mechanism. The soft query system, which is described in Section 3.1, provides personalized query results by integrating image information and user profiles with a fuzzy-logic
based aggregation technique. Since the system performance is deeply influenced by the accuracy of user profiles,
ASQ uses a GA based learning mechanism, which is described in Section 3.2, to improve the user profiles through
users’ feedback.
Here, we briefly describe the system behavior when
employing these two components. After a user submits a
query, the soft query system is activated to aggregate image information and the corresponding user profile for retrieving personalized query results. The result is a list of
images ranked by their soft membership values for a given
query. The user can modify the ratings of images2 and return them to the system as his/her relevance feedback. This
input feedback stimulates the learning mechanism for offline improvement of the user’s profile.

3.1

Soft Query System

The soft query system was first introduced by authors
in [20]. In order to incorporate user perceptions into the
query processing, the system needs to keep two different
types of data, which are elucidated in Section 3.1.1, and
employs a special mechanism, which is described in Section 3.1.2, for integrating image and user information into
the query processing.
We are aware of the high complexity of the soft query
system and have addressed it in [19] and [21]. This optimized version is comparable in complexity to the conventional image retrieval techniques. To simplify the discussion, we focus only on the general framework of soft
query.
2 For the real application, the user might simply drag the image and
move it up in the list using a couple of mouse clicks.

3.1.1

Soft Query Data Model

Two different types of data are utilized during the query
processing. The first is image information such as size,
style and color. The other is user information (the user profile). Each image is associated with two categories of attributes. The first category is termed as features (=), whose
attributes are user-independent. The other category as defined in Definition 3.1 is called properties (T ), whose attributes are user-dependent. Every image retains several
features and/or properties.
Definition 3.1: Each property Ti partitions the set of all
images into k classes, C1Ti ; C2Ti    CkTi . The membership
of an image, n, to a class CjTi is determined by an evaluator (denoted as e) via the following probability function:
P(n 2 CjTi j e), whose value could be either a real number
within the range of 0 to 1 or words describing user perceptions (e.g., high or low).
The user profile is composed of two parts: user confidence data and user fuzzy cut value. The formal definition
of user confidence data is the following:
Definition 3.2: E denotes a set of evaluator representatives
in the database. O represents the set of observers who have
assigned reference confidence values to evaluators.  is a
confidence value for an observer o to an evaluator e;  :
o 2 O; e 2 E ! b. Note that the value of b is a form of
human judgment.

Commentary:
In practice, asking people to describe their perceptions with very precise values is almost impossible. Moreover, different people have different interpretations of
words. That is, the information describing personalities,
physical features, preferences and personnel evaluation is
imprecise. In order to handle this uncertainty during the
query processing, fuzzy logic (FL) [26] is adapted into
our system. The concept of FL was first introduced by
Zadeh [26] to problems for which precise formulation is
not possible. The original FL has the weakness that uncertainty cannot be used when it computes with words. Therefore, Karnik and Mendel advocated type 2 FL [11, 12] for
overcoming this disadvantage. However, for the sake of
simplicity, we only consider the original FL in this paper.
With the help of FL, the soft query system can store
and employ human’s fuzzy perceptions. First, users pick up
the words already defined in the system (hereafter denoted
as fuzzy sets) to express their opinions. Then, all fuzzy
words will be converted to real values customized for the
user perceptions according to the user’s fuzzy cut value.
Note that using the same model, we can capture conventional image retrieval operations such as finding all images similar to a query image in color, shape or texture.

Moreover, the model can utilize the presence of multiple
algorithms for the same comparison function. To illustrate,
consider the following example.
Example 3.1: The property, CS , partitions the set of all
images into k classes, C1C S to CkC S . CjC S is a class of all
images similar in color to image j. The memberships of
images to these classes are:

P(image1 2 C1 j QBIC-A0 Algorithm) = 1
P(image1 2 C2 j H Function) = 0:7
P(image1 2 C2 j userA) = Middle
CS

CS

i

CS

This example illustrates the flexibility of the model
where evaluators can be algorithms, functions, or humans.
It also shows that the membership value can be a fuzzy set
or a real value.

3.1.2

Query Processing Method

Each query statement can be decomposed into several
atomic clauses. Some clauses access and process featurevalues, and the others utilize property classes. Therefore,
our soft query model consists of two different query processing methods: feature query and property query. These
two query methods compute the image membership separately and combine their results using the standard rules of
fuzzy logic. The final query results are ordered according
to their membership values.
The feature query method is straightforward and simply involves the Boolean evaluation of the predicates. As
opposed to the user-independent results of feature queries,
the results of property queries depend upon the user submitting the queries. The probability of an image belonging
to the result set is presented by a real number between 0
and 1. The aggregation functions to compute the membership d;c of image d to a property class c given by user u
should satisfy the properties - Conservation, Monotonicity,
Commuatativity and Associativity [5]. With these properties, the query optimizer can replace the original query with
a logically equivalent one and still obtain exactly the same
result. The optimized aggregation functions we proposed
are stated below. Refer to [21] for more details.
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3.2

GA-based Learning Mechanism

This learning mechanism is an automatic and off-line process. It employs GA for improving the user profile by decoding the best chromosome to replace existing user profiles in the database after its evolution. User involvement
is only needed for providing the relevance feedback as the
goal of GA prior to the beginning of evolution. Note: the
learning mechanism is only triggered by the user feedback
and not needed during querying processing.
Subsequently, we explicate the coding design for GA
in our learning mechanism. The chromosomes represent
possible user profiles of a specific user and each gene corresponds to a record in the user profiles. Two types of records
are involved in the genes. One is user confidence information with k records, where k is the number of user representatives in the system. The value of the ith gene is an integer
in [0; L ; 1], where L is the number of fuzzy terms used in
the system, and denotes the user’s confidence level to user
i. The other is a user fuzzy cut value which is associated
with the (k+1)th gene. The value of fuzzy cut is (t+1)=L,
where t 2 [0; L ; 1] is the value of this gene.
For example, suppose that there are 50 user representatives and 8 different fuzzy terms in the system, there will
be 51 genes per chromosome where the first 50 genes represent the corresponding confidence values to the user representatives, and the last gene represents the value of the user
fuzzy cut. Additionally, after decoding, the value of 0 in
gene i indicates that the confidence level to user i is “none”
and the value of 6 in gene 51 indicates that the value of
fuzzy cut is (6 + 1)=8 = 0:875. Likewise, after encoding,
“full’ ’confidence level to user i is represented by a number
7 in gene i and the 0:75 fuzzy cut is denoted by a number 5
in gene 51.
This coding method can guarantee a one-to-one mapping of profiles to chromosomes. That is, a chromosome
will be decoded to one and only one legal user profile, and
a user profile will be encoded to one and only one chromosome. Consequently, the solution space will be equal
to the searching space in GA. This implies that our coding
method is effective.
Finally, our GA fitness function in the learning mechanism is described. The fitness function heavily utilizes the
users’ relevance feedback B . It first decodes the chromosome into a user profile. Secondly, it obtains the query result Q according to this user’s profile using Equation (1). In
other words, this process needs to interact with the database
for obtaining the image information. Finally, it generates
the fitness value by measuring the degree of similarity between the query result and the users’ relevance feedback
using the following equation:
Similarity Distance(Q; B) =

P
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(3)
Once a user offers his/her user feedback to trigger
the learning process, the learning mechanism first encodes

the corresponding user profile to a chromosome and randomly generates other chromosomes as the initial population. Subsequently, GA iteratively discover better user
profiles until it achieves the terminal condition such as the
fitness value of one chromosome being 1 or the generation
number being 200. In the end, the learning mechanism decodes the best chromosome to a user profile for replacing
the current user profile in the database.

4

Performance Evaluation

In this section, we first describe our experimental setup
and benchmarking method in Section 4.1. Subsequently,
the details of our experimental results are discussed in Section 4.2.

4.1

Experimental Setup and Benchmarking
Method

We developed GA for ASQ using SUGAL [10] for its wide
range of operators and datatypes. ASQ is implemented in
C and on top of Microsoft Access 2000, which is running
on a Pentium II 233MHZ processor with Microsoft NT4.0.
In order to populate data for evaluation purposes, we
propose a parametric algorithm. By changing the parameters of the algorithm, we can simulate various database
contents. The benchmarking method incorporates two
data structures to generate the perfect knowledge, a 3dimensional matrix Å0 , about the classification behaviors
of all users for providing ideal user feedback. One is the
classification information of evaluators and the other is user
profiles.
Before populating cube Å0 , the algorithm first randomly generates the classification information of k evaluators. The classification information of each evaluator is a
matrix E with X rows and Z columns, where X represents
the number of images and Z is the number of classes. The
element E(i; j) represents the membership for image i to
class j defined by this evaluator. Subsequently, the system
randomly generates a list of confidence values and a fuzzy
cut value for each profile 
 . Each confidence value is represented by a fuzzy term, which is an integer in the range
of [0; 7], where 0 represents “no confidence at all” and 7
represents “full confidence”.
After constructing these two data structures, the system then populates the user classifications to Å0 according
to the query results by aggregating 
 and E using Equation
(1). To simulate imperfect or wrong user feedback during
GA, the system tunes the classification data retrieved from
Å0 as relevance feedback by a noisy process according to
the noise level. Noise level 0 represents perfect feedback
and noise level 10 represents complete chaos. Finally, in
order to reproduce inaccurate user profiles, the system regenerates all user profiles by utilizing random values as the
confidence values and fuzzy cut values.

4.2

Experimental Results
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We conducted several sets of experiments to verify our
system performances and to compare the results of different GA parameter settings. In these experiments, we observed a significant margin of improvement after incorporating GA in matching the user expectations in various settings. It is also shown that the performance improvement
of our learning mechanism is independent of the number
of users and classes. Moreover, the improvement is linearly increased with the number of images. However, due
to the space limitation, we only report on the improvements
achieved by applying our learning mechanism.
The results shown for each set of experiments are averaged over twenty runs, where each run is executed with
different seeds for the random generator functions. The
parameter settings of GA operators [10, 6] are: population size=30, two-point crossover, tournament selection,
keep the elitism, mutation rate = 0.1, natural simulated annealing replacement method [3] and annealing decay=0.95.
The benchmark settings of the following figures, i.e., the
number of images, the number of users, the number of
classes, and the number of user representatives, are fixed
at X = 500, Y = 300, Z = 20, and k = 50, respectively.
Figure 1 demonstrates the improvements achieved by
our learning mechanism. The X-axis is the generation number and the Y-axis depicts the similarity distance computed
by Equation (3). The error bar around each similarity distance value indicates the standard deviation over 20 runs.
We introduce no noise condition where users provide perfect feedback to ASQ. In this experiment, Figure 1.a indicates that the performance of our system improves drastically after incorporating the learning mechanism under
the same query request and user feedback. As observed,
the system performance increases nearly 50% within five
generations of the evolution, and the user expectations are
matched almost perfectly after 50 generations of learning.
Moreover, in the majority of our experiments, GA can acquire ideal user profiles within 100 generations, i.e., the
retrieval accuracy is increased up to 100%. These results
suggest that our learning mechanism is efficient and can
greatly improve user profiles.
In order to compare the system performance when the
user relevance feedback are imperfect, we introduce five
different noise levels in the experiments of Figure 2, where
noise level 0 represents perfect feedback and noise level
10 represents complete chaos. The X-axis is the number
of generations and the Y-axis depicts the similarity distance (between query results and perfect user feedback)
computed by Equation (3). Additionally, the system decodes the best chromosome for replacing the user profile
in the database and acquires different user query and corresponding feedback in every 200 generations. As revealed
by Figure 2, the system accuracy remains the same even
though the queries and user feedback are altered. It shows
that our GA-based learning mechanism can obtain globaloptimal profiles for users. Furthermore, although the noise

Similarity Distance
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Figure 1. The system improvement

levels affect the system performance, our learning mechanism still improves the quality of user profiles in the range
of 40% to 80%. This figure also indicates that our learning mechanism has the ability to tolerate noises during the
learning process.

5

Conclusion

We propose a collaborative approach to bridge the gap between the physical characteristics of data with the user perceptions in information retrieval problems. However, this
system heavily relies on user profiles for providing accurate query results. The system accuracy may decline if user
profiles are inaccurate. Therefore, we introduced a learning
mechanism which utilizes the users’ relevance feedback to
improve the user profiles automatically using genetic algorithms. The experimental results indicated that the retrieval
accuracy is significantly increased up to 100% by our GAbased learning mechanism. It has also demonstrated that
our learning mechanism has the ability of tolerating noise
during the learning process and improvement is in the range
of 40% to 80%.

Figure 2. Impacts of noise levels

We intend to extend this study in two ways. First,
we intend to apply the same concepts to a different application, E-commerce recommendation systems, in order to
alleviate their information overload problems. Second, our
aggregation function is defined in the original fuzzy logic
domain. However, recently Karnik and Mendel [11, 12]
introduced fuzzy type 2 to incorporate uncertainty in computation. Implementing our aggregation function in fuzzy
type 2 domain will enhance accuracy of the computations
and further improve the results.
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