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ABSTRACT

Since the Internet and the amount of information published on it have grown at an exponential rate, finding relevant informa-

tion has become a laborious and time-consuming process. While search engines were created to assist individuals in managing

this overwhelming amount of information, they do have some drawbacks. Here we detail our current efforts towards developing

Retriever, a self-sufficient agent that can process user requests and provide them with accurate responses. In order to begin its

independent investigation of the Web, Retriever makes use of preexisting search engines to get beginning points. Afterwards,

it undergoes a self-training procedute to gain knowledge of the query domain and enhance its performance. Upon learning the

query domain, the agent refines its search approach, broadens its initial inquiry, and sets out to find the user-requested content.
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INTRODUCTION

here has been an exponential increase in the quantity of

content published on the Internet in recent years, directly
proportional to the exponential expansion of the Internet itself.
Without knowing where the information came from, it is almost
difficult to search for relevant results. For this reason, search en-
gines have emerged to aid users in locating specific data. There are
three big problems with search engines. Not only do they provide
an overwhelming amount of data, but they also overwhelm the
user with unnecessary material and force them to stay at the desk-
top while “the next ten documents evaluate.” Intelligent agents
for Web searching and filtering have been created to make up for
these deficiencies. The makers of these information-seeking help-
ers claim they may aid users in the “battle” against data overload.
A personal newspaper may be created using the agent WebMate
(Chen and Sycara 1998) by monitoring a collection of URLs or by
querying search engines for interesting items. The agent has the
capability to identify a maximum of a predetermined number of
specific domains. A co-evolution model of information discovery
and information filtering agents, Amalthea (Moukas, 1997) checks
preexisting search engines and certain websites for relevant articles.
The ecosystem learns the uset’s preferences via relevant feedback
and adjusts its actions accordingly. As the user navigates the web,
agents like Letizia (Lieberman, 1995) and WebWatcher (Armstrong
et al., 1995) scan the links ahead of them in a broad-first search
to deliver individualized suggestions. Autonomously searching the

Web for interesting content to provide to its user, LIRA (Balabano-
vic and Shoham 1995) is an agent. In order for the system to adjust
to the user’s preferences, relevance feedback is used. An agent that
can be taught new skills, WebACE (Han et al., 1998) uses clustering
methods to group similar training papers together. After then, it
uses search engines to find papers that are part of these groups.
ARACHNID is a multi-agent system that searches the web auton-
omously for engaging papers. There may be zero need for human
interaction as the system strives to self-adapt to its data surround-
ings. This study discusses a novel strategy called Retriever that uses
the beginning points collected by prominent search engines to au-
tonomously explore the Web. What follows is an outline of the rest
of the document: Section 2 presents the system’s architecture. The
search phase is covered in Section 4, whereas Section 3 is devoted
to the training phase. Section 5 concludes by summarizing the find-
ings and reporting on the next work.

2. ARCHITECTURE

In order to design Retriever, we posed three specifications: fast in-
formation retrieval, precision, and effectiveness. When a user needs
some information, usually there is no time and no material to train
an agent. Furthermore, the overwhelming majority of these search-
es do not express a persistent interest. When sufficient information
is collected, the search process is terminated and no further search
is performed unless a new need arises. All of the architectures de-
scribed above consider a user with persistent interest in one or more
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domains. From this perspective, Retriever is novel agent architecture
since it radically differs from all of the previous paradigms. Retriever
is an agent that tries to maximize its efficiency in one single search. It
does not depend on the user to assess the relevance of the returned
documents in order to make better future searches. Document as-
sessment is usually a time-consuming and frustrating task and pre-
supposes an extended period of search. User input is restricted to
the query itself and the agent operates in two phases, as shown in
Figure 1.

The first phase is a self-training phase that will help Retriever to
learn the query domain. By query domain, we mean the documents
that are relevant to the query in terms of some document similarity
measure. Research in the field of information retrieval has shown
that learning queries in the query domain leads to increased efficien-
cy in document assessment (Buckley, Mitra and Singhal 1997). In
this phase, Retriever collects documents that are similar to the user
query. When a sufficient number of relevant documents is retrieved,
this process is terminated and the retrieved documents ate analyzed.
Document analysis is performed to allow the agent learn the query
domain and increase its efficiency in the seatch phase. The search
phase is the phase where the actual search is conducted. Documents
retrieved as relevant in this phase are presented to the user. In the
following sections, we will examine in further detail the two opera-
tion phases: the training phase and the search phase. We will see how
a search is conducted (search heuristics) and what criteria are used
for measuting document relevance (selection heuristics).

3. THE TRAINING PHASE

The training phase is the phase where Retriever learns the query do-
main. As described above, in this phase the agent collects documents
relevant to the original user query and when a sufficient number of
relevant documents are collected a document analysis is performed.
This number is currently user defined, but it is within the scope of
our research to have the agent determine it. Next, we analyze the
search and selection heuristics for this phase as well as the document
analysis that is performed at the end of the phase.

3.1 Search Heuristic

The term search heuristic is used to describe how the agent chooses,
at any time, the next link to follow. At the beginning, after a new
query is submitted, the agent needs some starting points for its au-
tonomous exploration. These starting points are obtained as a result
of a query to popular search engines. In the current implementa-
tion, Retriever is programmed to query only AltaVista. The query
results are evaluated for relevance to the query and, after a sufficient
number of relevant links is collected, the agent starts its autono-
mous exploration. In any case, if a link is found to be promising, it
is added to the global link repository. The global link repository is a
warchouse that contains all the relevant links that have not already
been visited. When Retriever has to choose which link to follow,
it always chooses the most promising one within this link reposi-
tory. The link is then removed from the repository. After the new
document is retrieved, it is processed, the links within are evaluated,

relevant ones are added to the repository and so on. It could be ob-
served that in this way the search is not continuous, in the sense that
two subsequently inspected documents are usually not interlinked.
However, the system always makes the best possible choice for con-
tinuing its journey and fulfilling its goal. It is also very difficult to be
trapped at dead-end links since there are always alternatives. We call
this search heuristic “global best-first,” in conjunction with the pure
best-first (http:/ /www.cee.hw.ac.uk/~alison/ai3notes/
subsection2_6_2_3_2.htlm) where all of the encountered links are
stored in the link-repository. Also, the agent cannot avoid following

heuristic

dead and/or outdated links, since there is no way of determining
their status. However, since a link is followed only once, such links
will not be revisited.

3.2 Selection Heuristic

By the term selection heuristic, we mean how documents and links
are represented and how similarity among them is measured. In
Retriever, both documents and links are represented as keyword
vectors. When the agent decides to follow a link, the communica-
tion module undertakes the task of fetching the HTML page. The
retrieved document is then subjected to a series of steps that will
construct its keyword vector. These steps are:

1. HTML tags and words that belong to a stop-word list
are removed. The stop-word list contains frequent words that have
proved to contribute very little in information retrieval (Salton and
McGill 1983).

2. The remaining words are stemmed. We utilize Porter’s
(1980) stemming algorithm as implemented in Frakes and Baeza-
Yates (1992) with a slight modification since AltaVista cannot accept
stems shorter than three letters in length. Thus the stemming algo-
rithm stops whenever a suffix replacement results a stem shorter
than three letters. This way, the word “agents” is not reduced to “ag,”
but instead to “agent.”

33 Document Analysis

When a sufficient number of such relevant documents is retrieved,
the search stops and the agent enters a document analysis phase that
will help it learn the query domain. Document analysis is performed
by constructing two distinct dictionaries, by expanding the origi-
nal user query and by constructing a new separate query vector for
matching documents within the query domain. The first dictionary is
a standard IR dictionary that contains the document frequencies of
the encountered words and it will be used to calculate the keyword
weight in the search weighting formula. This formula will weight
documents in the main search phase and it will be described later.
In our first experiments, the IR dictionary contained about 3,500
terms. The most frequent terms of this dictionary along with the
original query terms will form the query domain dictionary. This
dictionary will replace the original “query-terms” dictionary that has
been used to weight documents and links in the training phase. The
original user query is now expanded with terms from the query do-
main dictionary and the new query vectot, the query domain vector
QQD, is formed

4. THE SEARCH PHASE

When the training phase is over and the document analysis is done,
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Retriever begins searching for interesting documents. In the follow-
ing paragraphs, we will present how search and selection is conduct-
ed in this phase.

4.1 Selection Heuristic

Selection in the search phase is almost the same as in the training
phase. Inspected documents are again removed from HTML tags
and frequent words stemmed and weighted. Weighting is based on
the training weighting formula and the expanded query domain dic-
tionary. The resulting weighted-keyword vectors are matched against
the QQD query vector and if relevance for a document is estimated
above a user-defined threshold, the document belongs to the query
domain. Documents in the query domain are re-reduced to keyword
vectors. The weighting scheme is given by the formula:
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The search weighting formula is a sophisticated TEIDF scheme
that normalizes for unit length (Salton and Buckley 1987; Salton and
McGill 1983). In this formula tfi is the text frequency of the term
i, dfi its document frequency based on the IR dictionary, and tfmax
the maximum term frequency within the inspected document. The
resulting vector is matched against the QR query vector and if again
similarity is found above a given threshold, the document is present-
ed to the user. Links are not processed in such degree. If a link is
found to belong in the query domain, it is also considered relevant
and added to the link repository.

4.2 Search Heuristic

No starting-points gathering step is required at this time since the
link repository is full with intriguing links. But before you even think
about doing a search, you should review the documents that make up
the query domain. In the preceding paragraph, we saw the process
of doing this. As the user expands their query, relevant documents
within the query domain are shown to them. Retriever resumes its
independent exploration after all of the papers have been processed.
Just as during training, the search heuristic remains unchanged.
Once again, the global best-first heuristic is used to ascertain the
subsequent link to be followed, with the same link repository serving
as the link selection source. Whenever the link repository is depleted,
AltaVista is requeried using the enlarged query.

5. CONCLUSIONS AND FUTURE WORK

Here we introduce Retriever, a self-training autonomous agent that
learns the query domain and improves its efficiency by using current
search engines. During training, we evaluated the system’s function-
ality. Even during training, Retriever has shown to be quite effec-
tive. In addition, the query domain, which includes a wide range of
user inquiries, has very high-quality content. As part of our ongo-
ing effort, we have tested the system throughout the search phase
to continue with the review. After the assessment is complete, the
intelligent information-gathering agent will provide its consumers
high-quality search results, according to some eatly findings de-
scribed in Fragoudis and Likothanassis (1999). We want to evaluate
Retriever’s performance in compatison to other search engines in

upcoming work.
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