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Abstract

The AutoFeed system automatically extracts data from semi-
structured web sites. Previously, researchers have developed
two types of supervised learning approaches for extracting
web data: methods that create precise, site-specific extraction
rules and methods that learn less-precise site-independent ex-
traction rules. In either case, significant training is required.
AutoFeed follows a third, more ambitious approach, in which
unsupervised learning is used to analyze sites and discover
their structure. Our method relies on a set of heterogeneous
“experts”, each of which is capable of identifying certain
types of generic structure. Each expert represents its discov-
eries as “hints”. Based on these hints, our system clusters
the pages and identifies semi-structured data that can be ex-
tracted. To identify a good clustering, we use a probabilistic
model of the hint-generation process. This paper summarizes
our formulation of the fully-automatic web-extraction prob-
lem, our clustering approach, and our results on a set of ex-
periments.

Introduction
This paper describes a new approach to data extraction
from the web (previously published in KCAP ’05 (Gazen
& Minton 2005)). Our approach uses unsupervised learn-
ing to analyze the structure of a site and its pages, with the
objective of extracting and structuring the data on the site,
so that the data can be transformed into a webfeed (such as
an RSS feed). For example, from an e-commerce retail site
we would like to be able to automatically create a product
catalog webfeed. Other sites of interest would include news
sites, classified ads, electronic journals, and so forth. This is
an ambitious goal, since the system must discover the site’s
structure on its own. In contrast, the well-studied “wrapper
induction” problem is much easier, since a wrapper induc-
tion system is only shown examples of a single page type,
and moreover, a human marks up each example page.

The “site extraction problem” is a relatively natural prob-
lem, since sites are generally well-structured so that humans
can easily navigate through a site. One possible approach
would be to identify pages that share the same grammar, and
then use the grammar to extract the data. As demonstrated
by RoadRunner (Crescenzi, Mecca, & Merialdo 2001), if
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a human selects a set of similar example pages, grammar
induction techniques may be able to automatically learn a
grammar for those pages. Unfortunately, this is a chicken
and egg problem; without knowing anything in advance
about the data on the pages, it is difficult to automatically
identify pages that have the same grammar.

Our solution takes advantage of the fact many different
types of structure often exist within a site. This includes the
graph structure of the site’s links, the URL naming scheme,
the content on the pages, the HTML structures within page
types, etc. To take advantage of this, we developed a set
of “experts” that analyze the links and pages on a site and
recognize different types of structure. Based on the structure
that is identified, our system clusters the pages and the data
within pages, so that it can create a relational structure over
the data. A human can then identify which columns in the
resulting relational table should be published in a webfeed.

A key algorithmic problem is how to cluster the pages and
data, given that the experts are heterogeneous and identify
very different types of structure. This is a common problem
in AI, and is analogous to the problem of combining syntax,
semantics and pragmatics for natural language understand-
ing. To address this, our experts output their observations
using a common representation. In this scheme, all experts
produce “hints” indicating that two items should be in the
same cluster. The clustering process then uses a probabilis-
tic model of the hint-generation process to rate alternative
clusterings.

Problem Description
Consider the task of creating a web site for current weather
conditions in U.S. cities. We might start by defining a re-
lational database table with the current weather for all the
cities, one row per city. Next, we might write a script to
generate an HTML page for each row of the table. At this
point, we have a set of pages that contain information from a
single relational database table and are similarly formatted.
We will call such a set of pages a page type.

The weather site may involve other page types as well.
For instance, to help users navigate to the city-weather
pages, we might have pages for each state, with each state
page containing links to the city-weather pages. We can do
this by creating a new page type for states. To do so, we
create a new table that holds state information, such as state
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Figure 1: Relational Model of a Web Site

name and abbreviation, one row per state. Figure 1 shows
our hypothetical weather site, its three page-types, and the
underlying relational data, from the homepage down to our
city-weather pages.

Now, suppose we are given the exact opposite task: Given
a web site, recover the underlying relational database tables.
That is the task we are faced with here. Relational learn-
ing approaches would seem to offer a possible methodology.
However, existing relational learning methods start with data
that is already in relational format and attempt to find an un-
derlying model that would generate the data, such as a PRM
(Getoor et al. 2001). In our case, we do not have a set of
relations to start with; instead we need to discover both the
relational data and the model by analyzing the HTML pages.

Approach
Our input is the set of HTML pages on a site (including
links on each page), which we obtain by spidering the site.
The pages are tokenized into individual components (i.e.,
strings, URLs, numbers, etc.) based on the analysis per-
formed by a set of “experts” which examine the pages for
URLs, lists, template structures, etc. As the experts exam-
ine the HTML pages and report various types of structure,
the start/end character positions of the hypothesized struc-
ture are noted. The page is then tokenized so that these
start and end positions are the token boundaries, minimizing
the number of tokens generated. For example, if an expert
generates a hypothesis (or “hint”) that refers to a long URL
such as “http://news.yahoo.com/news?templ=story&...” and
no other expert generates a hint that refers to the substrings
of this URL, then we have no reason to break it apart into
smaller parts.

To discover the relational data on a site, we first focus on
finding the individual columns of the tables. Specifically, we
use a clustering approach, where we attempt to place tokens
on the HTML pages into clusters, so that eventually each

cluster contains the data in a column of one of the underlying
tables. Once we achieve this, it is relatively straightforward
to identify the rows of the table, producing the complete ta-
bles from the clusters.

As we process each HTML page, clustering the tokens,
it is also convenient to cluster the pages themselves, in or-
der to identify page types. Thus, we use the following rep-
resentation. A page-cluster contains a set of pages and is
also the parent of a set of token-clusters. All of the tokens
of the pages in a page-cluster are clustered into the child
token-clusters of that page-cluster. For example, suppose
we are working on the weather site which contains a home
page listing all the states, state pages listing all the cities
in that state, and weather condition pages that display the
current conditions in a particular city. When we find page-
clusters for this site, we hope to find three clusters: one for
weather-condition pages, one for the state pages, and one
containing just the home page. The token-clusters for the
weather-condition page-cluster might include a cluster for
city names, another for low temperatures, and another for
high temperatures.

One approach to discovering page-clusters is to apply a
distance metric based on surface-structure, such as viewing
a page as a bag-of-words and measuring the similarity be-
tween the document vectors. This type of approach is not
very helpful for correctly clustering web-pages from a sin-
gle web-site, because the true similarity of pages typically
can only be discovered after we have some understanding of
the deeper structure of the page. For example, determining
that a web-page with a short (or empty!) list is similar to
one with a long list requires that we discover that the first
one has a similar context surrounding the list, even though
these pages may not appear similar in words, length, etc.

Rather than using a metric based on surface-structure to
directly measure similarity of pages, we rely on multiple ex-
perts to generate “hints” that describe local structural simi-
larities between pairs of pages (or between pairs of tokens).
The hints are then used to cluster the pages and tokens. Our
approach relies on having a heterogeneous set of experts
such that for any given site, the discoveries of at least some
of the experts will make the solution obvious, or at least
nearly so. This is based on our observation that individual
experts are successful in finding relevant structure some of
the time, but not all of the time.

The hints provide a common language for experts to ex-
press their discoveries. A page-level hint is a pair of page
references indicating that the referred pages should be in
the same cluster. For example, if the input contains page1

with URL “weather/current cond/lax.html” and page2 with
URL “weather/current cond/pit.html”, a URL-pattern ex-
pert might generate (page1, page2) as a page-level hint.
Similarly, a token-level hint is a pair of token sequences; the
hint indicates the tokens of the two sequences should be in
the same token-clusters. A list expert might generate (“New
Jersey”, “New Mexico”) as a token-level hint, among many
other similar hints, on examining a page which contains a
list of states.

In our system, we use experts that focus on the following
structures: URLs, lists, templates, and layout.
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Hardcover pages432</b>
Hardcover pages654</b>
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Figure 2: Extracted Data in Relational Form

After the experts analyze the input pages, there are a great
many hints, some of which may be conflicting, which com-
plicates the clustering process. For this reason, we employ
a probabilistic approach that gives us a flexible framework
for combining multiple hints in a principled way. In partic-
ular, we use a probabilistic model that allows us to assign a
probability to hints (both token hints and page hints) given a
clustering. The model is based on the process of hint gener-
ation from clusterings. In the generation process, we assume
a cluster is picked at random with uniform probability and
then within the chosen cluster, a pair of pages (or tokens) is
picked at random, again with uniform probability. The se-
lected pair forms the hint. Combining the probabilities of
picking particular items at each step gives the overall proba-
bility of generating a particular hint from a given clustering.

The probabilistic model, in turn, allows us to search for
clusterings that maximize the probability of observing the
set of hints. For this work, we use the basic leader-follower
algorithm, which greedily clusters pages and tokens, to find
a locally optimum solution.

Once we cluster the pages and tokens, producing the cor-
responding tables (i.e, the relational view of the data as in
Figure 2) is a relatively simple task. For each page cluster
there is a set of tables. Each column in each table is given
by a token cluster.

Experiments
Evaluating our system is challenging because of the size and
scope of the problem we address. Manually evaluating the
system is difficult because of the size of the output. So in-
stead of evaluating the full output, we focus on evaluating
how well our system does in extracting target data by com-
paring it against the output of supervised web-page wrap-
pers. Note that such wrappers normally extract only a few
fields whereas our system would cluster all the tokens on the
pages.

Our evaluation proceeds as follows. For each target field
produced by the wrapper, we find the AutoFeed cluster that
contains the most target values. Then we calculate the re-
trieved and relevant count RR, i.e., the number of target val-
ues in this cluster. We also report the total number of values
in the cluster (Ret), and the total number of target values

Table 1: AutoFeed Results Summary for E-Commerce Sites,
Journals, and Job-Listings

(Rel). We define precision as RR/Ret and recall as RR/Rel.
We report experiments in three domains (Table 1). In the

first experiment, we compared AutoFeed to seven wrappers
that return data from retail sites. These wrappers were orig-
inally built for SRI’s CALO project. For the second experi-
ment, we spidered all the pages from four electronic journals
and for the third, pages for job listings from fifty employers.

The results show that AutoFeed successfully extracts
most of the fields almost perfectly from a number of differ-
ent sites in three different domains. AutoFeed’s performance
is comparable to that of supervised wrappers, even though it
requires no training data.

Related Work
Much of the previous research on web extraction has fo-
cused on supervised methods. One approach is to learn
field-specific rules that work across a variety of page-types,
but good rules require many training examples (Craven et
al. 1998). Another approach, referred to as ”wrapper in-
duction” (Kushmerick 2000; Cohen, Hurst, & Jensen 2002),
focuses on learning field- and site-specific rules.

Recently, grammar induction methods have been pro-
posed for unsupervised extraction from web pages
(Crescenzi, Mecca, & Merialdo 2001; Arasu & Garcia-
Molina 2003). These require the input pages to be of the
same page-type, and rely solely on the syntactic structure of
the pages. Other work on unsupervised learning has focused
on table extraction, where the objective is on detecting the
existence of tables and understanding their contents (Emb-
ley, Tao, & Liddle 2002; Lerman et al. 2004). We believe
that the work on grammar-induction and automatic table-
analysis is quite relevant to AutoFeed, in that these methods
could be incorporated into AutoFeed as experts.

There has also been some closely-related work on clus-
tering web pages (Crescenzi, Merialdo, & Missier 2003;
Reis et al. 2004; Caverlee, Liu, & Buttler 2004). Gener-
ally, these projects have focused on developing a single dis-
tance metric for clustering, whereas here we focus on com-
bining multiple experts probabilistically. In our experience,
we have found that no single method (that we have devel-
oped) has worked sufficiently robustly, and simple methods
for combining experts (e.g., using them in sequence) have
also proved insufficient.

Finally, in other areas of AI, researchers have combined
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multiple learners and multiple experts with success. For
instance, Slipper (Cohen & Singer 1999) uses a boosting
method to generate rulesets from a simple rule-learner. In
contrast to Slipper, which combines multiple instances of the
same rule-learner, Proverb (Shazeer, Littman, & Keim 1999)
uses multiple heterogeneous experts to solve crossword puz-
zles. Proverb’s experts generate answer lists to clues of the
crossword puzzle. These lists are then combined within a
probabilistic constraint satisfaction framework to find the
best answers to fill in the puzzle.

Conclusions
Unsupervised web-site extraction is a new challenge in mak-
ing the web machine-understandable. In this paper, we have
presented our formulation of the problem and our approach
based on multiple heterogeneous experts.

We believe our preliminary experiments demonstrate the
broad potential of our approach. By using multiple experts,
each capable of discovering a basic type of structure, we
are able to piece together clues which in turn lead us to the
relational data underlying the site.
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