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Abstract.

We present a system for rapidly and easily building instructable and self-adaptive
software agents that retrieve and extract information. Our Wisconsin Adaptive Web
Assistant (Wawa) constructs intelligent agents by accepting user preferences in
the form of instructions. These user-provided instructions are compiled into neural
networks that are responsible for the adaptive capabilities of an intelligent agent.
The agent’s neural networks are modi�ed via user-provided and system-constructed
training examples. Users can create training examples by rating Web pages (or doc-
uments), but more importantly Wawa’s agents uses techniques from reinforcement
learning to internally create their own examples. Users can also provide additional
instruction throughout the life of an agent. Our experimental evaluations on a
\home-page �nder" agent and a \seminar-announcement extractor" agent illustrate
the value of using instructable and adaptive agents for retrieving and extracting
information.

Keywords: instructable and adaptive software agents, Web mining, machine learn-
ing, neural networks, information retrieval, information extraction

1. Introduction

The popularity of the World Wide Web has created a surge of interest
in tools that are able to retrieve and extract information from on-
line documents. In a perfect world, you would be able to get on the
Internet and instantaneously retrieve precisely the information you
want (whether it is a whole document or fragments of it). What is
the next best option? Consider having an assistant, which rapidly and
easily builds instructable and self-adaptive software agents for both the
information retrieval (IR) and the information extraction (IE) tasks.
These intelligent software agents would process your interests (with
respect to the information you would like to receive) and automatically

y This work was performed while the �rst author was at the Computer Sciences
Department of the University of Wisconsin-Madison.



re�ne its model of your preferences over time. Their mission would be
to spend 24 hours a day looking for documents of interest to you and
answering speci�c questions that you might have. Our goal is to build
such an assistant.

We call our assistant Wawa (short for Wisconsin Adaptive Web
Assistant). Wawa interacts with the user and an on-line (textual)
environment (e.g., the Web) to build an intelligent agent for retriev-
ing and/or extracting information. Figure 1 illustrates an overview
of Wawa. Wawa has two sub-systems: (i) an information retrieval
sub-system, called Wawa-IR; and, (ii) an information extraction sub-
system, called Wawa-IE . Wawa-IR is a general search engine agent,
which can be trained to produce specialized and/or personalized IR
agents. Wawa-IE is a general extractor system, which creates special-
ized agents that extract pieces of information from documents in the
domain of interest.
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Figure 1. An Overview of Wawa

Wawa builds its agents based on ideas from the theory-re�nement
community within machine learning (Pazzani and Kibler, 1992; Ourston
and Mooney, 1994; Towell and Shavlik, 1994). Users specify their prior
knowledge about the desired task. This knowledge is then \compiled"
into \knowledge based" neural networks (Towell and Shavlik, 1994),
thereby allowing subsequent re�nement whenever training examples
are available. The advantages of using a theory-re�nement approach to
build intelligent agents are as follows:

� Wawa’s agents are able to perform reasonably well initially be-
cause they are able to utilize users’ prior knowledge.

� Users’ prior knowledge does not have to be correct since it is re�ned
through learning.
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� The use of prior knowledge, plus the continual dialog between the
user and an agent, decreases the need for a large number of training
examples because human-machine communication is not limited to
a binary representation of positive and negative examples.

� Wawa provides an appealing middle ground between non-adaptive
agent programming languages and systems that solely learn user
preferences from training examples.

Wawa’s agents are intelligent because they can adapt their behavior
according to the users’ instructions and the feedback they get from their
environments. In other words, they are learning agents that use neural
networks to store and modify their knowledge. Figure 2 illustrates the
interaction between the user, an intelligent (Wawa) agent, and the
agent’s environment. The user1 observes the agent’s behavior (e.g.,
the quality of the pages retrieved) and provides helpful instructions
to the agent. Following Maclin and Shavlik (1996), we refer to users’
instructions as advice, since this name emphasizes that the agent does
not blindly follow the user-provided instructions, but instead re�nes
the advice based on its experiences. The user inputs his/her advice
into a user-friendly advice interface. The given advice is then processed
and mapped into the agent’s knowledge base (i.e., its two neural net-
works), where it gets re�ned based on the agent’s experiences. Hence,
the agent is able to represent the user model in its neural networks,
which have representations for which e�ective learning algorithms are
known (Mitchell, 1997).

This article is organized as follows. We present Wawa’s fundamen-
tal operations in Section 2. Wawa’s information-retrieval (IR) sys-
tem is discussed in Section 3. Section 4 describes a case study on
Wawa’s information-retrieval system, namely the rapid creation of an
e�ective \home-page �nder" agent. In Section 5, we discuss Wawa’s
information-extraction (IE) system. Section 6 presents a case study
on Wawa’s information-extraction system, namely, the \seminar an-
nouncements extractor" agent. Related work and future directions are
discussed in Sections 7 and 8, respectively. Section 9 summarizes the
material in this paper.

1 We envision that there are two types of potential users of our system: (1) appli-
cation developers, who build an intelligent agent on top of Wawa and (2) application
users, who use the resulting agent. (When we use the phrase user in this article, we
mean the former.) Both types of users can provide advice to the underlying neural
networks, but we envision that usually the application users will indirectly do this
through some specialized interface that the application developers create. A scenario
like this is discussed in Section 4.
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Figure 2. The Interaction between a User, an Intelligent Agent, and the Agent’s
Environment

2. Wawa’s Core

This section presents Wawa’s fundamental operations, which are used
in both the IR and the IE subsystems of Wawa (see Sections 3 and 5
for further details). These operations include handling of Wawa’s ad-
vice language, representing Web pages2 internally for an agent’s use,
and scoring arbitrary long pages with neural networks. Figure 3 il-
lustrates how an agent uses these operations to score a page. The
page processor gets a page from the environment (e.g., the Web) and
produces an internal representation of the page. This new represen-
tation of the page is then given to the agent’s knowledge-base (i.e.,
the agent’s neural network), which produces a score for the page by
doing forward-propagation (Rumelhart et al., 1986). Finally, the agent’s
neural network incorporates the user’s advice and the environment’s
feedback, both of which e�ect the score of a page.

The knowledge base of a Wawa agent is centered around two basic
functions: ScoreLink and ScorePage (see Fig. 4). If given highly ac-
curate such functions, standard heuristic search would lead to e�ective
retrieval of text documents: the best-scoring links would be traversed
and the highest-scoring pages would be collected.

Users are able to tailor an agent’s behavior by providing advice
about the above functions. This advice is \compiled" into two \knowl-
edge based" neural networks (Towell and Shavlik, 1994) implementing
the functions ScoreLink and ScorePage (see Figure 5). These func-
tions, respectively, guide the agent’s wandering within the Web and
judge the value of the pages encountered. Subsequent reinforcements
from the Web (e.g., encountering dead links) and any ratings of re-

2 In this article, we use the terms \page" and \document" interchangeably.
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Figure 3. Scoring a Page with a WAWA Agent
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Figure 5. Wawa's Central Functions ScoreWeb Pagesand Hyp erlinks Respectively

A Wawa agent's ScoreP age network is a supervisedlearner (Mitc hell,
1997). That is, it learns through user-provided training examplesand
advice.A Wawa agent's ScoreLink network is a reinforcement learner
(Sutton and Barto, 1998). This network automatically createsits own
training examples, though it can also use any user-provided training
examplesand advice.Hence,our designof the ScoreLink network has
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