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The Web has grown from a simple hypertext system for research labs to
an ubiquitous information system including virtually all human knowledge, e.g.,
movies, images, music, documents, etc. The traditional browsing activity seems
to be often inadequate to locate information satisfying the user needs. Even
search engines, based on the Information Retrieval approach, with their huge
indexes show many drawbacks, which force users to sift through long lists of
results or reformulate queries several times.
Recently, an important research activity eﬀort has been focusing on this
vast amount of machine-accessible knowledge and on how it can be exploited
in order to match the user needs. The personalization and adaptation of the
human-computer interaction in information seeking by means of machine learning techniques and in AI-based representations of the information help users to
address the overload problem. This chapter illustrates the most important approaches proposed to personalize the access to information, in terms of gathering
resources related to given topics of interest and ranking them as a function of
the current user needs and activities, as well as examples of prototypes and Web
systems.

1

Introduction

The decentralized and unregulated work of millions of authors spread around
the world have allowed the Web to grow constantly since its creation. At the
beginning of 2005, the part of the Web considered as potentially indexable by
major engines was estimated to consist of at least 11.5 billion pages [23]. As the
number of Internet users and the number of accessible Web pages grow, it is
becoming increasingly diﬃcult for users to ﬁnd documents that are relevant to
their current information needs. Therefore, it is understandable that the research
ﬁeld devoted to applying AI techniques to the problem of discovering and analyzing Web resources has been drawing much attention over the last few years
[29].
The browsing interaction paradigm, where users analyze Web pages one at
a time is a useful approach for reading and comprehending the content of a
hypertext, but it is not suitable for locating a speciﬁc piece of information. A
few years ago, a second interaction paradigm was introduced: querying a search
engine. Directly retrieving documents from an index of millions of documents

in a fraction of a second is the paramount advantage of this approach, which
is based on the classic Information Retrieval (IR) model. Nevertheless, despite
having diﬀerent goals and needs, two users who submit the same query obtain
the same result list. Moreover, by analyzing search behavior, it is possible to see
that many users are not able to accurately express their needs in exact query
terms.
Search engines are the ﬁrst search approach of users [49]. Personalized search
aims at building systems which try to serve up individualized pages to the user;
such systems are based on some form of model of the needs and context of
the user’s activities. For instance, some search engines employ the collaborative
or community-based approach in order to suggest pages that other users, who
submitted the same query, selected frequently [50].
Because of the vastness of the personalized search domain, in this chapter
we focus on some of the most recent algorithms, techniques and approaches
strongly related to the AI ﬁeld. For instance, in order to model the user needs
and to assign internal representations to Web documents, approaches based on
knowledge representation and machine learning, such as semantic networks and
frames [3, 33, 36], neural networks [2, 8, 22] and decision trees [27], have been
successfully developed obtaining interesting results. Ontology-based search and
autonomous crawling based on AI algorithms are two further interesting research
activities addressing personalized search.
The rest of this chapter is organized as follows: Section 2 presents some
AI-based approaches recently developed in order to model user needs and Web
documents for the personalization task. Section 3 discusses some further emerging trends in personalized search. Finally, Section 4 closes this chapter.

2

User and Document Modeling for Personalized Search

The available information on the Web is usually represented through HTML
documents, or more complex formats, such as images, audio, video, Flash animation, etc.. These layout-based representations organize and adapt the content
to the reading user by means of the Web browser. For this reason, personalized Web information systems need to pre-process those formats in order to
extract the real document content, ignoring the layout-related information, e.g.,
HTML table tags or fonts. Once the original document content is extracted,
ad-hoc representations are usually employed to organize the information so that
the personalization process is able to retrieve and ﬁlter it according to the user
needs.
User knowledge and preference acquisition is another important problem to
be addressed in order to provide eﬀective personalized assistance. Some approaches exploit user data, that is, information about personal characteristics of
the user (such as age, sex, education, country where he lives) in order to learn
the knowledge needed to provide eﬀective assistance. Other approaches analyze
the usage data related to the user’s behavior while interacting with the system.

User data are usually collected following explicit approaches, where the user
constructs the model by describing the information in which he is interested. Nevertheless, because users typically do not understand how the matching process
works, the information they provide is likely to miss the best query keywords,
i.e., the words that identify documents meeting their information needs. Instead
of requiring user needs to be explicitly speciﬁed by queries and manually updated by user feedback, an alternative approach to personalize search results is
to develop algorithms that infer those needs implicitly.
Basically, implicit feedback techniques unobtrusively draw usage data by
tracking and monitoring user behavior without an explicit involvement, e.g.,
by means of server access logs or query and browsing histories [25].
Several user modeling approaches are based on simple sets of keywords extracted from interesting documents or suggested by users. A weight can be assigned to each keyword representing its importance in the user proﬁle. Basically,
these approaches are inspired by Information Retrieval approaches (IR), an area
of research that enjoys a long tradition in the modeling and treatment of nonstructured textual documents [4]. Because of the popularity in the Web domain,
Sect. 2.1 brieﬂy discusses this topic.
Further techniques are based on models and methods from AI Knowledge
Representation, such as Semantic Networks, Frames, Latent Semantic Indexing
and Bayesian classiﬁers. These latter kinds of user models will be discussed in
the following sections.
2.1

IR-based Modeling

In the Information Retrieval (IR) ﬁeld, a collection’s documents are often represented by a set of keywords, which can be directly extracted from the document
text or be explicitly indicated in an initial summary drawn up by a specialist.
Independently of the extraction method, these very keywords provide a logic
view of the document [4].
When collections are particularly bulky, though, even modern processors have
to reduce the set of representative words. This can be done through stemming,
reducing several words to their common grammatical root, or through the identiﬁcation of word groups (which removes adjectives, adverbs and verbs).
One of the problems of IR systems is that of predicting which documents
are relevant and which are not; this decision usually depends on the ranking
algorithm used, which tries to put the retrieved documents in order, by measuring similarity. The documents on top of this list are the ones considered more
relevant.
The classic models consider all documents described by a set of representative
keywords, also known as index terms. The Vector Model assigns w weights to
the index terms; these weights are used to calculate the similarity level between
every document stored in the system and the submitted query.
The Vector Model appraises the level of similarity between document dj
and query q, as a correlation between vectors d and q. This correlation can be

quantiﬁed, for example, as the cosine of the angle between the two vectors:
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Term weights can be calculated in many diﬀerent ways [28, 47, 4]. The basic
idea of the most eﬃcient techniques is linked to the cluster concept, suggested
by Salton in [9]. In literature it is possible to recognize many prototypes for Web
search based on weighted or Boolean feature vector, e.g., [30, 5, 24, 40, 31].
2.2

Latent Semantic Indexing

The complexity of Information Retrieval is to be clearly seen in two main unpleasant problems:
- synonymity all the documents containing term B synonym of term A
present in the query are lost, therefore relevant information is not retrieved.
- polysemy occurs when a term has several diﬀerent meanings; it causes
irrelevant documents to appear in the result lists.
In order to solve such problems, documents are represented through underlying concepts. The concealed structure is not simply a many-to-many mapping
between terms and concepts, but it depends from the body. Latent Semantic
Indexing (LSI) is a technique that tries to get hold of this hidden semantic
structure through the spectral analysis of the terms-documents matrix [15]. It
has been applied in diﬀerent scopes, for example the simulation of human cognitive phenomena, such as modeling human word sorting and category judgments,
estimating the quality and quantity of knowledge contained in an essay, or how
easily it can be learned by individual students.
The vectors representing the documents are projected into a new subspace
obtained by the Singular Value Decomposition (SVD) of the terms-document
matrix A. This sub-dimension space is generated by the eigenvectors of matrix
AT A corresponding to the highest eigenvalues, thus to the most obvious correlations between terms. A necessary step in implementing LSI in a collection of
n documents is the formation of the terms-documents matrix Am×n , where m
is the number of distinguished terms present in n documents. Each document
is thus represented by an m-dimensional column vector. After having calculated
the frequency of each word in each document, it is possible to implement intercluster and intra-cluster weighting functions.
Matrix A is therefore broken down through SVD, which somehow allows to
obtain the semantic structure of the document collection by means of orthogonal
matrices Ur and Vr (containing the single left and right vectors of A, respectively)
and the diagonal matrix Σ of the singular values of A. Once matrices Ur ,Vr and
Σ are obtained, by extracting the ﬁrst k < r triple singulars, it is possible to
approximate the original terms-document A matrix with matrix Ak of rank k:
Ak = Σk−1 · UkT · A

By using this formula it is possible to map any two documents with diﬀerent
origins in the m-dimensional space of all diﬀerent terms in the same vector of the
reduced space; the set of basic vectors of k−dimensional space accounts for the
set of concepts or for the diﬀerent meanings the several documents may have,
therefore a generic document in k−dimensional space can be represented as a
linear combination of concepts or equivalently of the basic vectors of the same
space. We thus passed from a representation in a space with m dimensions (the
dimension is equivalent to the number of terms found in the analysis of all documents) to a compressed form of the same vectors in k < m dimensional space.
It should be pointed out that through Ak one can deliberately reconstruct, even
though not perfectly, matrix A, since it contains a certain noise level introduced
by the randomness with which terms are chosen to tackle certain discourses or
topics; this noise is “ﬁltered” by annulling the singular, less signiﬁcant values.
Besides recommender systems [48, 44], a generalization of the LSI approach
has been also applied to the click-through data analysis in order to model the
users’ information needs by exploiting usage data, such as the submitted query
and the visited results [52]. The evaluation shows that thanks to high order
associations identiﬁed by the algorithm, it achieves better accuracy compared
with other approaches although the whole computation is remarkably timeconsuming.
2.3

Bayesian Approach

The idea of resorting to Bayesian probabilistic models to represent a document
is undoubtedly very interesting. Indeed, the probability theory provides the required tools to better cope with uncertainty, while Bayesian formalism enables to
represent the probabilistic relations within a very vast set of relevant variables,
which very eﬃciently encodes the joint distribution of probability, exploiting
the conditional independence relations existing between the variables [42]. The
Bayesian approach to probability can be extended to the problem of comprehension: this union leads to an extremely powerful theory, which provides a general
solution to noise problems, overtraining and good predictions.
In order to implement the Bayesian document-modeling technique, it is necessary to decide what features are mostly useful to represent a document, and
thereafter decide how to assess the probability tables associated with the Bayesian
network. The problem of document representation has a considerable impact on
a learning system’s generalization capacity [13, 34]. Usually, a document is a
string of characters: it must be converted into a representation that is suitable for learning algorithms and classiﬁcation. Words have been acknowledged
to work well as representation units, whereas their positioning seems to be less
relevant [19]. It is now a matter of deciding the features to describe a document.
The multinomial model is usually employed to assign a representation to a
document based on a set of words, associated with their frequency. The word order is lost, but their frequency is recorded. A simpliﬁed model (Bernoulli model)
represents a document as a set of binary features which indicate the presence or
absence of a certain set of words forming the vocabulary.

In the multinomial model, in order to calculate a document probability, the
probabilities of the words appearing in it are multiplied [18]. We illustrate the
procedure that leads to the ﬁnal representation of a document, highlighting the
hypotheses required to simplify a domain’s description.
As a ﬁrst approach, we must deﬁne a feature for each position of a word in
the document, and its value is the word in that very position. In order to reduce
the number of parameters, the probability tables associated with the Bayesian
network are considered the same for all features. The independence entailed in
this context asserts that the probability of a word in a certain position does not
depend on the words present in other positions.
In order to further reduce the number of parameters, we can suppose that the
probability of ﬁnding a word is independent of its position: this means assuming
that features are independent, and identically distributed. As far the document
model is concerned, the reference is to the multinomial model that represents a
document as a set of words with their frequency number associated to them. In
this representation, the word order is lost, but their frequency is recorded.
Going back to Naı̈ve Bayes, we can say that this twofold document representation is a bag of words: a document is seen as a set of words. That’s how
a feature-value representation of the text is done: each word diﬀering from the
others corresponds to a feature whose value is the number of times that word
appears in the document. In order to avoid having sets of words with an excess cardinality, it is possible to follow a feature selection procedure that aims
at reducing the number of words appearing in the vocabulary. The choice of a
document representation is aﬀected by the domain being analyzed.
Among the various search agents based on the Bayesian approach it is worth
mentioning Syskill & Webert [41]. It can make suggestions about interesting
pages during a browsing session and use the internal user model to query a search
engine in order to retrieve additional resources. The default version of Syskill &
Webert uses a simple Bayesian classiﬁer to determine the document relevance.
Sets of positive/negative examples are used to learn the user proﬁle and keep it
up-to-date. A feature selection phase based on the mutual information analysis
is employed to determine the words to use as features.
Besides the explicit feedback technique that forces users to explicitly construct the model by describing the information in which he is interested, Syskill
& Webert is able to suggest interesting Web pages. Nevertheless, this decision
is made by analyzing the content of pages, and therefore it requires pages to be
downloaded ﬁrst.
2.4

Semantic Networks and Frames

Semantic networks consist of concepts linked to other concepts by means of various kinds of relations. It can be represented as a directed graph consisting of
vertices which represent concepts and edges, themselves representing the semantic relations between the concepts. They were initially studied as a reasonable
view of how semantic information is organized within a human memory [45].

The SiteIF project [33] uses semantic networks built from the frequencies of
co-occurring keywords. In this approach, keywords are extracted from the pages
in the user’s browsing history. These keywords are mapped into synsets (grouping
English words into sets of synonyms) contained in the WordNet database [37],
a semantic lexicon for the English language, identifying meanings that are used
as nodes in the semantic network-based proﬁle.
The SiteIF model of the proﬁle is kept up to date by “looking over the user’s
shoulder”, trying to anticipate which documents in the Web repository the user
might ﬁnd interesting. It builds a representation of the user’s interest by taking
into account some properties of words in documents browsed by the user, such
as their co-occurrence and frequency. This proﬁle is used to provide personalized
browsing, the complementary information seeking activity to search.
A further approach based on a semantic network structure is ifWeb [3], an
intelligent agent capable of supporting the user in the Web surﬁng, retrieval,
and ﬁltering of documents taking into account speciﬁc information needs expressed by the user with keywords, free-text descriptions, and Web document
examples. The ifWeb system makes use of semantic networks in order to create proﬁles of users. More speciﬁcally, the proﬁle is represented as a weighted
semantic network whose nodes correspond to terms found in documents, and
textual descriptions given by the user as positive or negative examples, that is,
through relevance feedback. The arcs of the network link together terms that cooccurred in some documents. The use of semantic networks and co-occurrence
relationships allows ifWeb to overcome the limitations of simple keyword matching, particularly polysemy, because each node represents a concept and not just
ambiguous keywords.
The relevance feedback technique helps users to explicitly reﬁne their proﬁle, selecting which of the suggested documents satisfy their needs: ifWeb autonomously extracts the information necessary to update the user proﬁle from
the documents on which the user expressed some positive feedback. If some of
the concepts in the user proﬁle have not been reinforced by the relevance feedback mechanism over a long period of time, a temporal decay process called rent
lowers the weights associated with these concepts. This mechanism allows the
proﬁle to be maintained so that it always represents the current interests of the
user.
A diﬀerent AI representation, which organizes knowledge into chunks is called
frames [38]. Within each frame are many kinds of information, e.g., how to use
the frame, expectations, etc.. The frame’s slots are attributes for which ﬁllers
(scalar values, references to other frames or procedures) have to be speciﬁed
and/or computed. Collections of frames are to be organized in frame systems,
in which the frames are interconnected. Unlike slots, the frame’s properties are
inherited from superframes to subframes in the frame network according to some
inheritance strategy. The processes working on such frame structures are supposed to match a frame to a speciﬁc situation, to use default values to ﬁll unspeciﬁed aspects, and so on.

The Wifs system’s goal is to ﬁlter Web documents retrieved by a search
engine in response to a query input by the user [36]. This system re-rank urls
returned by the search engine, taking into account the proﬁle of the user who
typed in the query. The user can provide feedback on the viewed documents,
and the system accordingly uses that feedback to update the user model.
The user model consists of frame slots that contain terms (topics), each
associated with other terms (co-keywords). This information forms a semantic
network. Slot terms, that is, the topics, must be selected from those contained in
a Terms Data Base (TDB), previously created by experts who select the terms
deemed mostly relevant for the pertinent domain.
Document modeling is not based on traditional IR techniques, such as the
Vector Space Model. The abstract representation of the document may be seen
as a set of active terms, or planets, T1 , T2 , ..., Tn are the ones contained both in
the document and TDB, whereas the satellite terms t1 , t2 , ..., tm are the terms
included in the document, but not in the TDB, but which co-occur with Ti ’s. It
is evident that the structure is similar to the user model one, but there are no
aﬃnity values between the planets and the satellites. For each of these terms,
however, document occurrence is calculated. The occurrence value of a term t
appearing in a retrieved document is directly proportional to the frequency with
which term t appears in the body, and the frequency with which term t appears
in the document title.
−→

In order to evaluate each document, the system builds a vector Rel, where the
element Reli represents a relevant value of term ti compared to user information
needs.
Relevance is calculated taking into account the user model, the query, and the
TDB. The relevance value Relnew (t) of term t, which simultaneously belongs to
the document and user model, as a slot topic, is calculated by intensifying the old
relevance value, Relold (t). Basically, the new relevance value of term t is obtained
from the old value, in this case initially equal to 0, as a proportional contribution
to the sum of all semantic network weights of the user model containing term t
as topic.
If the term that belongs to the user model and document, also belongs to the
q query input by the user, then the term relevance value is further strengthened
by means of wslot , the weight associated with topic t. In this way, query q, which
represents the user’s immediate needs, is used to eﬀectively ﬁlter the result set
to locate documents of interest.
If term t belongs both to the query q, the document d, and the TDB, but is
not included in the user model, then the only contribution to relevance is given
by the old relevance plus a given constant. Finally, if term t is a topic for the
slotj , all contributions given by co-keywords are considered. This is where the
true semantic network contributes: all the co-keywords K connected to topic t
give a contribution, even if previously unknown to the system, i.e., not currently
belonging to the user model, nor to the TDB, but only to the document.
The system calculates the ﬁnal relevance score assigned to the document as
follows:

−→

−→

Score(Doc) =Occ · Rel
−→

where Occ is the vector consisting of elements Occi , that is, the occurrence
−→

value of a term ti , and Rel is the vector consisting of elements Reli .
Relevance feedback dynamically updates the user model upon receipt of the
viewed documents provided by the user. The renting mechanism is used to decrease the weights of the terms appearing in the model that do not receive
positive feedback after a certain period of time.
It should be pointed out how the semantic network knowledge representation, and its possibility to store text allowing semantic processing, is an intriguing feature in user modeling research, but it is not completely clear how much
of the original model’s formulation has been kept in the developed prototypes.
For example, the ifWeb’s semantic network diﬀers from that of the knowledge
representation domain, since it represents terms and not concepts, and the arcs
are not explicit semantic relationships, rather just co-occurrences in some documents. Nevertheless, the evaluation performance obtained by the user modeling
systems based on this technique in the Web domain is extremely interesting, in
spite of the computational resources for processing the complex structures.

3

Other Approaches for Personalized Search

In the previous section, we discussed some AI-based techniques in order to model
the user needs and represent the Web documents in information systems. Further personalization approaches can be devised in order to improve the current
human-computer interaction with Web search tools. In this section, we discuss
two of these approaches: ontology-based search and adaptive focused crawling.
3.1

Ontology-based Search

Ontologies and the Semantic Web1 are two important research ﬁelds that are
beginning to receive attention in the Web Intelligent Search context. Formal ontologies based on logic languages, such as OWL, are able to publish information
in a machine readable format, supporting advanced Web search, software agents
and knowledge management. Dolog et al. [16] are studying mechanisms based on
logical mapping rules and description logics, which allow metadata and ontology
concepts to be mapped to concepts stored in user proﬁles. This logical characterization enables the formalization of personalization techniques in a common
language, such as FOL, and reasoning over the Semantic Web.
Nevertheless, assigning a unique semantic (meaning) to each piece of information on the Web and stating all the possible relationships among the available
1

ttp://www.w3.org/2001/sw/

data is a diﬃcult task to automate and impossible to perform for a human being. For this reason, some prototypes are based on hierarchical taxonomies, such
as Yahoo or Open Directory Project (ODP)2 directories. In these kinds
of ontologies, the objects are simply categories that contain references to Web
documents, and their interrelationships allow making inferences and retrieving
more relevant information than the IR keyword-based search.
The goal is to create ontology-based user proﬁles and use these proﬁles to
personalize the human-computer interaction with the Web, during a browsing
session or when the user analyzes the search engine results.
The misearch system [51] improves search accuracy re-ranking the results
obtained by an traditional search service by giving more importance to the documents related to topics contained in the query histories and/or examined search
results. The user proﬁles are represented as weighted concept hierarchies. The
Open Directory Project is used as the reference concept hierarchy for the
proﬁles.
The system collects for each user two diﬀerent types of data collected by
means of a wrapper of the search engine: the submitted queries, and the snippets
of the results selected by the user. The approach is based on a classiﬁer trained on
the Open Directory Project’s hierarchy, which chooses the concepts most
related to the collected information, assigning higher weights to them.

Fig. 1. The misearch’s user proﬁle based on the ODP directory, where the categories
are weighted according to what the user has seen in the past.

A matching function calculates the degree of similarity between each of the
concepts associated with result snippet j and the user proﬁle i:

2

http://www.dmoz.org

sim(useri , docj ) =

N


wpi,k · wdj,k

(1)

k=1

where wpi,k is the weight of the concept k in the user proﬁle i, wdj,k is the
weight of the concept k in the document j, and N is the number of concepts.
Finally, each document is assigned a weight, used for result re-ranking. The
results that match the user’s interests are placed higher in the list. These new
ranks are drawn combining the previous degree of similarity with Google’s
original rank.
As for the performance measured in terms of the rank of the user-selected
result, it improves by 33%. A user proﬁle built from snippets of 30 user-selected
results showed an improvement by 34%. Therefore, even though the text a user
provides to the search engine is quite short, it is enough to provide more accurate,
personalized results, and the implicit feedback reduces the time users need to
spend to learn and keep their proﬁles up-to-date.
A similar approach is taken by Liu and Yu [32], where user proﬁles are built
by analyzing the search history, both queries and selected result documents,
comparing them to the ﬁrst 3 levels of the ODP category hierarchy.
Because queries are usually very short, they are often ambiguous. For each
query and the current context, the system assigns the most appropriate ODP
categories. Afterwards, the system performs query expansion based on the topmatching category reducing the ambiguity of the results.
The categories in the user proﬁle are represented by a weighted term vector,
where a highly-weighted keyword indicates a high degree of association between
that keyword and the category. The system updates the user proﬁle after a query,
when the user clicks on a document.
3.2

Adaptive Focused Crawling

Adaptive Focused crawling concerns the development of particular crawlers, that
is, a software system that traverses the Web collecting HTML pages or other
kinds of resources [43, 53], able to ﬁnd out and collect only Web pages that satisfy
some speciﬁc topics [12]. This kind of crawler is able to build specialized/focused
collections of documents reducing the computational resources needed to store
them. Specialized search engines use those collections to retrieve valuable, most
reliable and up-to-date documents related to the given topics. Vertical portals,
personalized electronic newspapers [6], personal shopping agents [17] or conference monitoring services [26] are examples of implementations of those kinds of
search engines in realistic scenarios.
New techniques to represent Web pages, such as the ones discussed in Sect. 2,
and match these representations against the user’s queries, such as algorithms
based on Natural Language Processing (NLP), usually avoided due to the computational resources needed to run them, can be implemented owing to the
reduced dimension of the document sets under consideration.

In this section, we discuss two recent approaches proposed in order to build
focused crawlers based on sets of autonomous agents that wander the Web environment looking for interesting resources. The ﬁrst approach is InfoSpiders [35]
based on genetic algorithms where an evolving population of intelligent agents
browses the Web driven by user queries. Each agent is able to draw the relevance
of a resource with a given query and reason autonomously about future actions
regarding the next pages to download and analyze. The goal is to mimic the
intelligent browsing behavior of human users with little or no interaction among
agents.
The agent’s genotype consists of set of chromosomes, which determines its
searching behavior. This very genotype is involved in the oﬀspring generation
process. The two principal components of the genotype are a set of keywords
initialized with the query terms and a vector of real-valued weights, initialized
randomly with uniform distribution, corresponding with the information stored
in a feed-forward neural network. This network is used to judge what keywords
in the ﬁrst set best discriminate the documents relevant to the user. For each
link to visit, the related text that is also included in the genotype set is extracted
by the agent. The text is given as input to the neural network. The output of the
net is used to draw a probability to choose and visit the given link. The outcome
of the agent’s behavior, as well as the user feedback, are used to train the neural
network’s weights. If any error occurs due to the agent’s action selection, that
is, visiting of irrelevant pages, the network’s weights are updated through the
backpropagation of error.
Mutations and crossovers among agents provide the second kind of adaptivity
to the environment. Oﬀspring are recombined by means of the crossover operation and, along with the mutation operator, they provide the needed variation
to create agents that are able to behave better in the environment, retrieving an
increased number of relevant resources.
A value corresponding to the agent’s energy is assigned at the beginning of
the search, and it is updated according to the relevance of the pages visited by
that agent. The neural networks and the genetic operators aim at selecting the
words that well describe the document that led to the energy increase, modifying
the agents’ behavior according to prior experience, learning to predict the best
links to follow. The energy determines which agents are selected for reproduction
and the ones to be killed amidst the population.
Ant foraging behavior research inspired a diﬀerent approach for building
focused crawlers. In [20, 21] an adaptive and scalable Web search system is described, based on a multi-agent reactive architecture, derived from a model of
social insect collective behavior [7].
Biologists and ethologists created this model to understand how blind animals, such as ants, are able to ﬁnd out the shortest ways from their nest to the
feeding sources and back. This phenomenon can be easily explained, since ants
can release pheromone, a hormonal substance to mark the ground. In this way,
they can leave a trail along the followed path. This pheromone allows other ants

to follow the trails on the covered paths, reinforcing the released substance with
their own.
The ﬁrst ants returning to their nest from the feeding sources are those which
chose the shortest paths. The back-and-forth trip (from the nest to the source
and back) allows them to release pheromone on the path twice. The following
ants leaving the nest are attracted by this chemical substance, therefore are more
likely choose the one which has been frequently covered by the previous ants.
For this reason, they will direct themselves towards the shortest paths.
In the proposed focused crawling algorithm each agent corresponds to a virtual ant that has the chance to move from the hypertextual resource where it is
currently located to another, if there is a link between them. A sequence of links,
i.e., pairs of urls, represents a possible agent’s route where, at the end of each
exploration, the pheromone trail could be released on. The available information
for an agent when it is located in a certain resource is: the matching result of
the resource with the user needs, e.g., query, and the amount of the pheromone
on the paths corresponding to the outgoing links.
The ants employ the pheromone trail to communicate the exploration results
one another: the more interesting are the resources an ant is able to ﬁnd out, the
more pheromone trail it leaves on the followed path. As long as a path carries
relevant resources, the corresponding trail will be reinforced, thus increasing the
number of attracted ants.

Fig. 2. Starting from a initial URL set, the agents look for interesting pages on the
Web. If an ant ﬁnds a good page, a trail is left on the path. In this way, during the
next cycles other ants will be attracted by the paths that head to good pages.

The crawling process is organized in cycles; in each one of them, the ants
make a sequence of moves among the hypertextual resources. The maximum
number of allowable moves varies proportionally according to the value of the

current cycle. At the end of a cycle, the ants update the pheromone intensity
values of the followed path.
The resources from which the exploration starts can be collected from the
ﬁrst results of a search engine, or the user’s bookmarks, and correspond to the
seed URLs. To select a particular link to follow, a generic ant located on the
resource urli at the cycle t, draws the transition probability value Pij (t) for
every link contained in urli that connects urli to urlj . The Pij (t) is considered
by the formula:
Pij (t) = 

τij (t)
l:(i,l)∈E τil (t)

(2)

where τij (t) corresponds to the pheromone trail between urli and urlj , and
(i, l) ∈ E indicates the presence of a link from urli to urll .
At the end of a cycle, when the limit of moves per cycle is reached, the trail
updating process is performed. The updating rule for the pheromone variation of
the k-ant corresponds to the mean of the visited resource scores:
|p(k) |
∆τ

(k)

=

j=1

score(p(k) [j])
|p(k) |

(3)

where p(k) is the ordered set of pages visited by the k-ant, p(k) [i] is the i-th
element of p(k) , and score(p) is the function that, for each page p, returns the
similarity measure with the current information needs: a [0, 1] value, where 1 is
the highest similarity.
Afterworlds, the τ values are updated. The τij trail of the generic path from
urli to urlj at the cycle t+1 is aﬀected by the ant’s pheromone updating process,
through the computed ∆τ (k) values:
τij (t + 1) = ρ · τij (t) +

M


∆τ (k)

(4)

k=1

ρ is the trail evaporation coeﬃcient that avoids unlimited accumulation of substance caused by the repeated positive feedback. The summation widens to a
subset of the N ants living in the environment.
Two empirical observations are included in the developed architecture: Web
pages on a given topic are more likely to link to those on the same topic [14],
and Web pages’ contents are often not self-contained [39].
The Ant crawler has two forms of adaptivity: the ﬁrst concerns the query
reﬁnement during the execution when the results are not so satisfactory or, in
general, the user does not know how to look for a query able to express what he
wants. The second form regards the environment instability due to the updates
of Web pages. These two types of adaptivity are possible because the value of the
pheromone intensities τij (t) is updated at every cycle, according to the visited
resource scores.

Besides Genetic algorithms and the Ant paradigm, further focused crawlers
are based on AI techniques and approaches, such as reinforcement learning [46,
11] or Bayesian statistical models [1].

4

Conclusions

Through the use of intelligent search, in particular techniques to represent user
needs and Web documents, tailoring search engines’ results, it is possible to
enhance the human-computer interaction that provides useful information to
the user.
AI-based knowledge representations prove their eﬀectiveness in this context,
outperforming the traditional and widespread IR approach. Moreover, ontologies
can be employed to better understand and represent user needs, and intelligent
search methods have been included in autonomous crawlers in order to retrieve
up-to-date resources regarding particular topics.
Further techniques not mentioned in this chapter; nevertheless, Plan recognition (see for example [10]) and NLP are related to this context. The former attempts to recognize patterns in user behavior, analyzing aspects of their
past behavior, in order to predict goals and their forthcoming actions. Language
processing aims at understanding the meaning of Web content. How it relates to
a user query can fuel the ﬁre of further important research in the personalization
domain.

References
1. Charu C. Aggarwal, Fatima Al-Garawi, and Philip S. Yu. Intelligent crawling on
the world wide web with arbitrary predicates. In Proceedings of the 10th World
Wide Web Conference (WWW10), pages 96–105, Hong Kong, 2001.
2. Leonardo Ambrosini, Vincenzo Cirillo, and Alessandro Micarelli. A hybrid architecture for user-adapted information ﬁltering on the world wide web. In A. Jameson,
C. Paris, and C. Tasso, editors, Proceedings of the 6th International Conference on
User Modeling (UM97), pages 59–61. Springer, Berlin, 2–5 1997.
3. Fabio A. Asnicar and Carlo Tasso. ifWeb: a prototype of user model-based intelligent agent for document ﬁltering and navigation in the world wide web. In
Proceedings of Workshop Adaptive Systems and User Modeling on the World Wide
Web (UM97), pages 3–12, Sardinia, Italy, 1997.
4. Ricardo Baeza-Yates and Berthier Ribeiro-Neto. Modern Information Retrieval.
Addison-Wesley, 1999.
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