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Abstract

The Internet presents numerous sources of useful information—telephone directories, product
catalogs, stock quotes, event listings, etc. Recently, many systems have been built that automatically
gather and manipulate such information on a user’'s behalf. However, these resources are usually
formatted for use by people (e.g., the relevant content is embedded in HTML pages), so extracting
their content is difficult. Most systems use custominedpperprocedures to perform this extraction
task. Unfortunately, writing wrappers is tedious and error-prone. As an alternative, we advocate
wrapper inductiona technique for automatically constructing wrappers. In this article, we describe
six wrapper classes, and use a combination of empirical and analytical techniques to evaluate the
computational tradeoffs among them. We first consielgrressivenessiow well the classes can
handle actual Internet resources, and the extent to which wrappers in one class can mimic those in
another. We then turn tefficiency we measure the number of examples and time required to learn
wrappers in each class, and we compare these results to PAC models of our task and asymptotic
complexity analyses of our algorithms. Summarizing our results, we find that most of our wrapper
classes are reasonably useful (70% of surveyed sites can be handled in total), yet can rapidly learned
(learning usually requires just a handful of examples and a fraction of a CPU second per example).
0 2000 Elsevier Science B.V. All rights reserved.
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1. Introduction

The Internet presents a stunning variety of on-line information resources: telephone
directories, retail product catalogs, weather forecasts, airline schedules, event schedules,
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and many more. Recently, there has been much interest in systems (such as software agents
[30,36,49,66] or information-integration systems [8,18,19,45,55]) that automatically
access such resources, manipulating their content on a user’s behalf.

Numerous technical problems arise when building such a system. These challenges have
lead to work on resource discovery [13], Web query languages [48,57], semi-structured
data models [1,15], query planning [24,36,55], reasoning about local completeness [28,53]
and ontological [31,56] knowledge, and handling heterogeneous identifiers [20,59].

In this article, we address yet another challenge: we would like to build systems that
make use of the Internet’s content, but much of this content is formatted for people rather
than machines. Specifically, the content is often embedded in an HTML page, and an
information-integration system must extract the relevant text, while discarding irrelevant
material such as HTML tags or advertisements. In this article, we describe techniques that
enable information-integration systems to automatically make use of such valuable but
obscured information.

Fig. 1 provides a concrete example of the sort of information resource with which we
are concerned. Consider a fictitious Internet site that provides information about countries
and their telephone country codes. When the form in Fig. 1(a) is submitted, the resource
responds as shown in Fig. 1(b), which was rendered from the HTML shown in Fig. 1(c). Of
course, this raw HTML is of little use to a system seeking information about countries and
their country codes. Such a system must extract the response’s actual content; see Fig. 1(d).

One way to perform this extraction task is to invoke the customized wrapper procedure
ccwrap r, shown in Fig. 1(e)ccwrap g has two nested loops; the outer ‘while’ loop
extracts a country/code pair, and the inner ‘for’ loop extracts these two attributes in
sequenceccwrap g is ‘hard-wired’ to the country/code site, with the inner loop iterating
exactly twice for each iteration of the outer loop.

Theccwrap| g procedure works because the site exhibits a uniform formatting conven-
tion: countries are rendered in bold, while countopdesare in italics.ccwrap, g oper-
ates by scanning the HTML document for particular string8¢’, ‘ </B>’, ‘<I> " and
‘</I> ) that identify the text fragments to be extracted. These strings are identified by
ccwrap g as?1, r1, £2 andrp, respectively. The notatiof). (k € {1, 2}) indicates that the
string delimits thdeft-hand edge of an attribute to be extracted, whilendicates aight
delimiter.

When given a page such &g¢, ccwrap, g Sequentially scans the entire page. The outer
loop checks whether there are additional country/code pairs to extract, by looking for the
delimiter ‘<B>’ in the unscanned portion of the page. As long as the beginning of a country
is found, the inner loop is invoked to extract the appropriate page substrings.

Where does theccwrap g wrapper come from? Few Internet sites publish their
formatting conventions, and thus the designer of an information-gathering system must
manually construct such a wrapper for each resource. While an individual wrapper is
usually structurally quite simple, hand-coding the details is tedious and error-prone.
Moreover, we are interested in the scaling issues that arise as we build systems that
integrate information from hundreds or thousands of Internet sources. Excite’s ‘Jango’
shopping agent, for example, relied on several hundred wrappers, each with a mean time
to failure of about one month [74]. Finally, most sites periodically change their formatting
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B[ Netscape: Country Code Lookup Service WM 1m0

Country Code Lookup Service

Select one or more countries:

Congo 242
Egypt 20

ilspain _iFrance [iTurkey iCongo
iTEgypt [USA [liGreat Britain _iRussia

Belize 501
Spain 34

54
G

(@) (b)

<HTML><TITLE>Some Country Codes</TITLE><BODY>
<B>Congo</B> <I>242</|><BR>

<B>Egypt</B> <I>20</I><BR>

<B>Belize</B> <I|>501</I><BR>

<B>Spain</B> <I>34</I><BR>

</BODY></HTML>

(c)

("Congo’, ‘242’),

(‘Egypt ’, '20),
(‘Belize ', ‘501"),

(‘Spain ', ‘34")

(d)
procedureccwrap| gr(pageP)
while there are more occurrenceshrof ‘<B>’'
for each(€y, ri) € {('<B>",'</B>"), (‘<I>",'</I> ")}
scan inP to next occurrence df; save position as start aéth attribute

scan inP to next occurrence of;; save position as end éth attribute
return extracted. . ., (country, code, ...} pairs

(e)

Fig. 1. A fictitious Internet site providing information about countries and their telephone country codes: (a) the
search form; (b) an example response pagepte) the HTML page for (b); (d) the response’s content; and (e)
theccwrap g procedure, which generates (d) from (c).

conventions, which usually breaks an existing wrapper [51]. For these reasons, wrapper
programming and maintenance is a serious knowledge-engineering.

To facilitate wrapper construction and maintenance, we advogetpper induction
[50,52], a technique for automatically learning wrappers. Wrapper induction involves
generalizing from a set of examples of a resource’s pages, each annotated with the text
fragments to be extracted. For example, given a setpafje conten} pairs such as
(Fig. 1(c) Fig. 1(d), our wrapper induction algorithm generatesrap, g.
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As in many machine-learning applications, the key to effective learning liga®the
learning algorithm [58]. In our work, biases corresponavtapper classesor example,
ccwrap| R is an instance of a wrapper class we call Left-Right (LR), which extracts the text
indicated by specific left- and right-hand delimiters. In this article we describe LR as well
as several wrapper classes that extend it in various ways.

While the particular classes we have identified are interesting in their own right, in
this article we focus on the computational tradeoffs among them. We have compared our
wrapper classes using a combination of empirical and analytical techniques. Our evaluation
can be characterized in terms of the following hierarchical organization:

| — EXPRESSIVENESS The first issue concerns how useful the wrapper classes are for
handling actual Internet resources, and the extent to which sites handled by one class
can be handled by others.

I-1— coVERAGE We conducted a survey of actual Internet sites, to determine which
can be handled by each class. Unlike similar information-extraction and -retrieval
tasks, we are interested only in wrappers that exhibit 100% precision and recall. Thus
rather than measuring the accuracy of a wrapper class, we are interestegiage

the fraction of Internet sites for which there exists a 100%-accurate wrapper in the
class. Our classes can handle 70% of the sites in total; see Fig. 15 in Section 5.1.

[-2 — RELATIVE EXPRESSIVENESS A more formal question is the extent to which
wrappers in one class can mimic those in another. The relationships turn out to be
rather subtle; see Theorem 1 in Section 5.2.

Il— EFFICIENCY. Our expressiveness results demonstrate the usefulness of our wrapper
classes, but can they be learned quickly? We decompose this second aspect of our
analysis into two parts: how many examples are needed, and how much computation
is required?

II-1 — sAMPLE coOST Intuitively, the more examples provided to the learner, the more
likely that the wrapper is correct. We assessed the number of examples required both
empirically and analytically.

[I-1-a — EMPIRICAL RESULTS We measured the number of examples needed to
learn a wrapper that performs perfectly on a suite of test pages. We find that 2—3
examples usually suffice; see Fig. 18 in Section 6.1.1.

[I-1-b — sAMPLE COMPLEXITY. We also developed a PAC [7,73] model of our
learning task, which formalizes the intuition that more examples improves learning.
We have derived bounds on the number of examples needed to ensure (with high
probability) that learned wrappers rarely (with low probability) make mistakes. We
have shown that the number of examples required is polynomial in the relevant
parameters; see Theorem 2 in Section 6.1.2.

II-2 — INDUCTION cOST. While sample cost measures the number of examples
required, we are also concerned with the time to process the examples.
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[I-2-a — EMPIRICAL RESULTS When tested on actual Internet sites, our learning
algorithms usually require less than one CPU second per example; see Fig. 19 in
Section 6.2.1.

[1-2-b — TIME COMPLEXITY: We have also performed a complexity analysis on our
algorithms. As stated in Theorem 3 in Section 6.2.2, most of our wrapper classes can
be learned in polynomial time.

The remainder of this article is organized as follows. We begin in Section 2 with a formal
characterization of wrappers and our wrapper induction task. In Section 3 we describe the
LR class just mentioned, and in Section 4 we describe five variants of LR. We then evaluate
these six classes as described: in Section 5 we discuss expressiveness (issue | above), and
in Section 6 we turn to efficiency (issue Il). Wrapper induction requires that the example
pages be properly labeled prior to learning; in Section 7 we briefly introcluceboration
our work on automating this page-labeling step. We conclude with a discussion of related
(Section 8) and future (Section 9) research.

2. Wrapper induction

The wrapper induction problem is framed in terms of a simple model of information
extraction; see Fig. 2.

Resources, queries, and page#s shown in Fig. 2, arinformation resourceS is a
function from aquery Q to aresponse pag®.

Query Q describes the desired information, in terms of an expression in some query
languageQ. For typical Internet resources, the query is represented by the arguments
to a CGI script; alternativelyQ might be SQL or KQML. (We are concerned mainly
with the response pages, and so will largely ign@eThis focus is motivated by our
assumption that the issues related to learning to extract information from the responses can
be decoupled from the issues related to learning to pose queries. Of course, learning to
pose queries is an important research issue; see [23] for some interesting progress.)

Response page is the resource’s answer to the query. We t&keo be a string over
some alphabef’. Typically, > is the ASCII character set, and the pages are HTML
documents. For example, earlier we saw the query response in Fig. 1(c); for convenience,
we will hereafter refer to this page @gc. Note that our techniques are motivated by, but
do not rely on, the use of HTML. For example, the responses might be natural language
text, or obey a standard such as KIF or XML.

Attributes and tuples. We adopt a standard relational data model. Associated with each
information resource is a set & distinctattributes each representing a column in the
relational model. In the country/code example, therekaee 2 attributes.

query resource page wrapper| label
0™ S [TrPex* | Wew[ Ler

Fig. 2. A simple model of information extraction: resources map queries to pages, and wrappers map pages to
labels.
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A tupleis a vector(As, ..., Ag) of K strings; Ay € X* for eachk. String Ay is the
valueof tuple’skth attribute. Whereas attributes represent columns in the relational model,
tuples represent rows. The example country/code gagecontains four tuples, the first
of which is(*Congo’, ‘242’). Note that attributes values must not overlap.

Content and labels. The contentof a page is the set of tuples it contains. For example,
the content of the example country/code page is shown in Fig. 1(d).

The literal string notation used in Fig. 1(d) is adequate, but since pages have unbounded
length, we use instead a cleaner and more concise representation of a page’s content. Rather
than listing the attributes explicitly, a pagéebelrepresents the content in terms of a set of
indices into the page. Note that representing a pages content with such indices is visually
simpler than, but computationally equivalent to, the literal string notation.

For example, the label for the example country/code pgss

((50,55), (63, 66)),
((78,83), (91,93)),
((105,111), (119 122),
((134, 139, (147,149)

Label L¢c indicates that the example country/code page contains four tuples, where each
tuple consists oK = 2 attributes values. Each value is represented by a pair of integers.
Consider the first pair50, 55). These integers indicate that the first attribute of the first
tuple is the substring between positions 50 and 55 (i.e., the stlioggo’); inspection of
Fig. 1(c) reveals that these integers are correct. Similarly, the last{p4i,149, indicates
that the last attribute’s country code occurs between positions 147 and 149 (i.e., the string
‘34).

More generally, the content of padkis represented as the label

((br1.e11), ..., (brik,erk), ..., (brk,erk))
L= ((bm,la em,1>a cee <bm,k7 em,k>7 cee <bm,Ka em,K>>7
(i1 en1)s <o iz €L i)y ---v BiLLk. €Lk )

Label L encodes the content of pade The page containd.| > 0 tuples, each of which
hasK > 0 attributes. The integers<dk < K are the attributes indices, while the integers
1< m < |L| index tuples within the page. Each pé, «, e k) €ncodes a single attribute
value. The valué,, ; is the index inP of thebeginningof thekth attribute value in the:th
tuple. Similarly,e,,  is endindex of thekth attribute value in the:th tuple. Thus, théth
attribute of themth tuple occurs between positiobg « ande,,  of pageP. For example,
the pair(bs 2, e32) = (147,149 above encodes the second (country code) attribute of the
example page’s fourth tuple.

The symbolC in Fig. 2 refers to the (infinite) set of all labels.
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Wrappers and wrapper classesAs shown in Fig. 2, avrapper W is a function from a
page to a label; the notatid# (P) = L indicates that the result of invoking wrappé&ron
pageP is labelL.

At this level of abstraction, a wrapper is simply an arbitrary procedure, but in this article
we examine several classes of wrappers. Formallyrapper class)V is simply a set
of wrappers. The classes we consider are infinite, comprising all ways to “instantiate” a
“template” for writing wrappers in each class.

The wrapper induction problem.Finally, we are in a position to state our task: we want
to learn a wrapper for information resour§eand we will be interested in wrappers from
some clas3V.

Intuitively, the input to our learning system is a sampl&&f pages and their associated
labels, and the output should be a wrappérc W. Ideally, we wantW to output the
appropriate label for all of’s pages. In general we can not make such a guarantee, so (in
the spirit of inductive learning) we demand tH&tgenerate the correct labels for a given
set of training examples.

More formally, thewrapper induction problenfwith respect to a particular wrapper
class\) is as follows:
input: aset=1{...,(P,, L,),...} of exampleswhere eaclP, is a page, and eaal, is

a label,

output: awrappeWw € W, such thatv (pP,) = L, forevery(P,, L,) €&.

3. The LR wrapper class

Theccwrap, g procedure (Fig. 1(e)) illustrates a “programming idiom”—using left- and
right-hand delimiters to extract the relevant fragments—that is useful for resources other
than just the country/code site. The Left-Right (LR) wrapper class is one way to formalize
this idiom. As shown in Fig. 3, LR is a generalizationcofvrap| g that allows:

(1) the delimiters to be arbitrary strings (instead of the specific vakiBs’; * </B> ",

etc.); and
(2) any number of attributesAs, ..., Ak (rather than exactly two).
Note that although the delimiters in this example are entire HTML tags, our techniques

do not require this. For example, the left/right delimitex&* href=" ' and ">’ could
proceduresxec g (Wrapper(€1,r1, ..., Lg.rg), pagepP)
m <0
while there are more occurrenceshnof £ [i]
m<—m+1
for each(¢y, ri) € {(€1.71), ..., (g.rx)}
scan inP to the next occurrence @f,; save position a8y, [ii]
scan inP to the next occurrence of; save position as,, i [iii ]
return label..., ((by, 1,€m. 1), -, b,k emk))s---}

Fig. 3. Theexec| g procedure specifies how an LR wrapper is executed.
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be used to extract URLs. Indeed, the text might not be HTML at@llahd ‘) ' might be
valid area code delimiters for phone numbers sucl{236)367-2578 '

Theexec|r routine specifies how LR wrappers behave. Earlier we stated thdit ¢i#
is the label that results from invoking wrapp&ron pageP; exec|R is simply a procedure
for computingW (P) from W and P, for the case wheW is an LR wrapper.

The values oft1, ..., £k indicate the left-hand attribute delimiters, whilg, ..., rg
indicate the right-hand delimiters. For examplesxiécr is invoked with the parameters
K=2,01="'<B>, ri="'</B>", £ ="'<I>"andrp = ‘</I> ’, thenexec r behaves like
ccwrap| R.- 2

Notice that the behavior of the country/code wrappewrap, g can be entirely
encapsulated in terms of a vector of four stringeB>", ‘</B> ", ‘<I> ", ‘</I> 7).

More generally, any LR wrapper for a site containikgattributes is equivalent to a
vector of 2K strings(¢1,r1, ..., £k, rk), and any such vector can be interpreted as an LR
wrapper. Given this equivalence, we use the notatianry, ..., £k, rx) as a shorthand
for the LR wrapper obtained by partially evaluatiegc g with the given delimiters.

LR is very simple; indeed one might wonder whether it is so simple as to be
useless. Before describing our algorithm for automatically constructing LR wrappers, it
is worthwhile to look ahead to our main empirical results. We find that LR is reasonably
useful (it can handle 53% of a surveyed collection of Internet sites; Section 5.1), yet LR
wrappers can be learned in just a few seconds (Section 6.2.1), based on just a handful of
examples (Section 6.1.1).

Since an LR wrapper is simply a vect@n, r1, ..., ¢k, rx), the LR wrapper induction
problem thus is one of identifyingR delimiter strings(¢1, r1, ..., £k, rk), on the basis
ofasett ={..., (P,, Ly,), ...} of example pages and their labels. More precisely, we must
solve the following constraint satisfaction problem (CSP):

variables: delimiterstq, r1, ...,0x, rk;
domains: each delimiter is an arbitrary string;

constraints: W(P,) = L, for every(P,, L,) € £, where LR wrappeW = (¢1,r1, ...,
Ly, rK).

In the remainder of this section we descriéarn_ r, an algorithm that solves problems of

this form.

3.1. Delimiter candidates

We begin by noting that the domains of th& Z/ariables are tightly constrained by
the example<. At the very least, the delimiters must be substrings of the examples.
Of course, we can do much better. On the basis of just the single exam®gleLcc),
we know thatry (the right-hand delimiter for the code attribute) must be a prefix of
‘</I><BR> ||</BODY></HTML>'3. To see this, note that if; is not a prefix of this

2 Note thatccwrap g is described somewhat informally; for example, a wrapper is supposed to output a label
consisting oftb,, . e, x) Pairs, butcwrap; g does not explicitly mention these indices. The intent is éhat| R
is both a generalization and a more precise specificatieavafip .

3 The symbol §}’ indicates a new-line character.
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string, then every wrapper with this delimiter will, at the very least, fail to extra4t *
as the code attribute faPcc's fourth tuple. Thus the candidates forare all prefixes of
‘</I><BR> |/</BODY></HTML>'".

A similar analysis applies to allR delimiters. In detail, the candidates for the delimiters
are generated as follows:

Candidates for thé,. Considerts, the left-hand delimiter for the code attribute. Recall
the fragmentsCongo</B> <I> ', ‘Egypt</B> <I> ', etc. that precede the country
codes in Fig. 1(c). Given these fragments, we know thamust be a suffix of </B>

<I> . Thus the candidates fdk are the eight non-empty suffixes of this string.

Delimiter ¢1 is more complicated, because the strings prior to the first attribute oc-
cur between the first attribute and the last attribute of the previous tuple, as well as be-
tween the start of the page and the first tuple. In the example, the strings under consider-
ation are KHTML><TITLE>Some Country Codes</TITLE><BODY> [ <B>" and
‘</I><BR> |J<B>'. Clearly ¢1 must be a suffix of these strings. Thus the candidates for
£1 can be generated by enumerating the suffixes of one such fragment. (For efficiency, the
shortest string yields the fewest candidates.)

To generalize this discussion, we have concluded that the candidates for detymiter
given the example sét—written cands, (k, £)—are generated by enumerating the suffixes
of the shortest string occurring to the left of each instance of attribirieeach example.

(As mentioned in the previous paragraph, the dasel is special: we must enumerate the
suffixes of the shortest string either between adjacent tuples or before the first tuple.) For
example, if€ = {{Pcc, Lce)}, then we have:

‘</I></BR> |<B>', ‘/I></BR> |}<B>’", ‘I></BR> [|<B>,
cands¢(1, &) = { ‘></BR> ||<B>', ‘</BR> ||<B>", ‘/BR>{<B>', ‘BR>|<B>', ¢,

‘R><B>', ‘>|<B>', ‘|<B>', ‘<B>', ‘B>, ‘>’ )
‘</B> <I> 7, ‘B> <[> 7, ‘B> <I>7, ‘> <> <>,
cands;(2, &) =
o> > s

’ bl

Candidates for ther;,. The candidates for the right-hand delimiters are generated
similarly, but there are two differences. First, the strings under consideration occur to
the right of the appropriate attribute (rather than to the left). Secendnust be a
prefix (not a suffix) of these strings. For example, the delimitemust be a prefix
of the string /B> <I> ', while r» must be a prefix of both</I><BR> ||<B>'" and
‘</I><BR> |}</BODY></HTML>'.

More generally, the candidates for delimiter given the example sef—written
cands, (k, £)—are generated by enumerating the prefixes of the shortest string occurring
to the right of each instance of attributén each example. (As discussed abdieis is a
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special case. Similarlyk is a special case: we must enumerate the prefixes of the shortest
string occurring either between adjacent tuples or after the last tuple.) For example:

‘</B> <I> ', ‘</B> <I ', ‘</B> <, ‘</B> ", ‘</B>",

cands, (1, &) = ,
‘<B’, </, ‘<
‘</I></BR> |<B>', ‘</I></BR> |<B', ‘</I></BR> |<’, (2)

cands,;(2,£) = { ‘</I></BR> |', ‘</I></BR> ’, ‘</I></BR ', ‘</I></B

)

<fI></ <fl><

, ’x</|> ,"</| 1’;</|’1<|

3.2. Delimiter independence

Given these candidates for each delimiter, a naive algorithm for learning an LR wrapper
is the following:

procedurdearn, g (examples)—naive version

(1) Generate the candidate setsds, (k, £) andcands, (k, £) for each delimiter.

(2) Enumerate the cross product of these candidate sets; each el@ment
(1,r1,...,Lg, rg) of this cross product is a wrapper. Hal#f is satisfactory,
i.e.,exec.r(W, P,) =L, forevery(P,,L,)€&.

Unfortunately, this algorithm is slow: it runs in time proportional to the product of the
number of candidates for each delimiter, and each delimiter can have many candidates.
We can devise a faster algorithm by observing that tike delimiters aremutually
independentin that whether a candidate is valid for a particular delimiter in no way
depends on any other delimiters. For example, we can evaluate whetter ' is
satisfactory for, without reasoning about any of the other delimiters.
To see that this independence property holds, recalibg gr procedure. At each point
in its executionexec| R is searching its input page for exactly one of the R delimiters.
If any of these searches fails to identify the correct locatioR jnhen the label output by
exec| r Will be incorrect. But whether these searches return the right answer depends only
on the delimiter under consideration and the example pages—not on the other delimiters.
Put another way, once we've committed to a particular candidate for some delimiter,
there is no way the candidate can be made invalid, no matter what candidates are selected
for the other delimiters. The contrapositive of this assertion also makes intuitive sense:
if a candidate is invalid, there is no way to repair it, no matter how carefully we select
candidates for other delimiters. Note that this independence property is guaranteed; it is
not merely a heuristic that facilitates learning.
The significance of this observation is that we can decompose the origiraaBable
CSP problem into B subproblems, and solve each in isolation. In pseudo-code, our
improved LR wrapper induction algorithms is as follows:

procedurdearn; r(examples)—efficient version

(1) Generate the candidate seasds, (k, £) andcands, (k, £) for each delimiter.
(2) For each delimiter, select a valid candidate.
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This algorithm is much faster than the original naive algorithm: it runs in time proportional
to the sum (rather than product) of the number of candidates for each delimiter.

3.3. Candidate validity

Of course the second step of this improved algorithm requires that we precisely
characterize the conditions under which a delimiter candidate is valid.

Consider first ther, delimiters. Theexec g procedure searches fef during the
execution of lineiji] in Fig. 3. The algorithm has identified the beginning of some instance
of the kth attribute in line {i], and is trying to locate the end of the instance. Thus a
candidate: for delimiterr;, must satisfy two constraints:

Constraint C2: u must not be a substring of any instance of attribute any of the
example pages.

Constraint C2: u must be a prefix of the text that occurs immediately following each
instance of attributé in every example page.

If these constraints are violated by a candidafter delimiterr, then every wrapper that
includes the assignment = u will fail for at least one of the examplé&s If constraintC?
is violated, then attributé will be too short; ifC? is violated, it will be too long.

We can summarize this discussion as follows. We are interested in the conditions that
must hold if some candidate is to be valid as a value for delimiteg, with respect to
a given set of example$S. We will refer to these conditions aalid, («, k, £). We have
seen thatalid, (u, k, £) holds if and only if candidate satisfies constraints: andC; for
delimiterr; with respect to example sét Returning to the example, if we apply thalid,
test to the candidates generatecthyds, (Eg. (2)), we have:

valid, (‘</B> <I> ", 1,&) = TRUE valid,(‘</I></BR> |<B>',2,£) = FALSE
valid, (‘</B> <l ’,1,&) = TRUE valid, (‘</I></BR> |<B',2,£) = FALSE
valid, (‘</B> <’,1,£) = TRUE valid, (‘</I></BR> |}<’,2,&) = TRUE

valid,(‘</B> ',1,£) = TRUE valid, (‘</I></BR> |}',2,£) = TRUE
valid, (‘</B>",1,£) = TRUE valid, (‘</I></BR> ',2,£) = TRUE
valid, (‘</B",1,£) = TRUE valid, (‘</I></BR ’,2,£) = TRUE
valid, (‘</",1,£) = TRUE valid, (‘</I></B ’,2,E) = TRUE
valid, (‘<’, 1,£) = TRUE valid, (‘</I></ *,2,E) = TRUE

valid, (‘</I>< *,2,E) = TRUE
valid, (‘</I> ’,2,£) = TRUE
valid, (‘</l ',2,£) = TRUE
valid, (‘</’,2,E) = TRUE
valid, (‘<’, 2, £) = TRUE

What are the constraints on tlig? Theexec r procedure searches for delimitér
under two different circumstances. First, at lifi¢ih Fig. 3 the algorithm has just located
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the end of the previous attribute and is searching for the beginning @thhattribute by
scanning forward fof;. Thus¢; must be a proper suffik of the text occurring between
each instance of attributeand the previous attribute.

The second reference t@ occurs in line [] of exec|r; note that this constraint applies
only to £1. At this pointexecLr is checking to see whether there are additional tuples to
be extracted. So we require thiatnot be a substring of any example’s “tail” (i.e., the text
occurring after the last tuple).

More precisely, we have shown that a candidat®r delimiter £; must satisfy two
constraints:

Constraint C;: u must be a proper suffix of the text that occurs immediately before each
instance of attributé in every example page.

Constraint C;: for £1, u must not be a substring of any example page'’s tail.

If these constraints are violated, then every wrapper that includes the assighment
will disagree with the example§. If constraintC} is violated, then at least one of
the starting indices,, y computed byexec r will be incorrect (either less or greater
than the correct value, or undefined, depending lowiolates constrainC;). If C; is
violated, therexec r will attempt to extract too many examples from the page for which
u violatesCy.

To summarize, we are interested in the conditions that must hold if some candidate
is to be valid as a value for delimitéy, with respect to example sét We will refer to
these conditions aglide(u, k, £). We have seen thatlid, (u, k, £) holds if and only if
candidate: satisfies constraints; andC; for delimiter¢; with respect te€. Returning to
the example, we have:

valide (‘</I></BR> ||<B>",1,&) = FALSE valide(‘</B> <I> ',2,£) = TRUE
valid, (‘/1></BR> |<B>',1,&) = FALSE  validy(‘/B> <I> ’,2,£) = TRUE
validy (‘1></BR> ||<B>', 1, ) = FALSE valid, (‘B> <I>",2,£) = TRUE

validy (‘></BR> |J<B>", 1, £) = FALSE valide(‘> <I>’,2,&) = TRUE
validg(‘</BR> J<B>", 1, £) = FALSE valide(‘<I>’,2,E) = TRUE
valid; (‘/BR>|J<B>', 1, £) = FALSE validg(‘<I>’,2,£) = TRUE
valid; (‘BR>|}<B>", 1, £) = FALSE valide(‘1> ", 2, £) = FALSE
valide(‘R>|<B>",1,£) = FALSE valide(‘>’, 2, &) = FALSE

validg(‘>{<B>",1,£) = TRUE
valide(‘J<B>",1,E) = TRUE
validg(‘<B>", 1, ) = TRUE
validg(‘B>", 1, £) = TRUE
valide(‘>",1, &) = FALSE

4 String s is aproper suffixof strings’ if s is a suffix ofs’ and moreoves occurs ins’ only as a suffix. For
example, tde ' is a proper suffix of leabcde ’, while ‘de’ is not.
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3.4. Theearn r algorithm

With this background in place, we are in a position to precisely destde r, an
algorithm for learning LR wrappers. Fig. 4 lists the algorithm, as well asdhés,, valid,
and related subroutines.

As described earlietearn r operates by considering each delimiter in turn. For each
delimiter, the algorithm enumerates the candidatesis, (k,&) (x € {¢,r}), stopping
when it identifies a candidate satisfyingvalid, (u, k, £). After a candidate for each

procedurdearn| g (examples)
foreach 1<k <K

for eachu ecandsy (k, £): if validy (u, k, £) then¢;, < and terminate this loop i
foreach I<K k< K
for eachu ecands, (k, £): if valid, (u, k, £) thenry «<—u and terminate this loop i

return LR wrappekéy,r1, ..., g, rg)

procedurecands, (indexk, examples)
return the set of all suffixes of the shortest stringéfghbors, (k, £) [iii]

procedurecands, (indexk, examplest)
return the set of all prefixes of the shortest stringeighbors,. (k, £)

procedurevalid, (candidates, indexk, examples®)

for eachs € neighbors, (k, £): if u is not a proper suffix of then returrFALSE ¢
if k =1 then for each € tails(£): if u is a substring of then returrFALSE C?
returnTRUE

procedurevalid, (candidate:, indexk, examples®)
for eachs € attribs (k, £): if u is a substring of then returrFALSE cr
for eachs € neighbors,. (k, £): if u is not a prefix ofs then returrFALSE c?
returnTRUE

procedureattribs (indexk, examplest)
returnUp, 1,)e{Pulbm ks emil | (oo b ks €m k), ---) € Ln}

procedureneighbors, (indexk, examplest)
if k=1 then returrseps(K, £) U heads(€) else returrseps(k—1, &)

procedureneighbors,.(indexk, examplest)
if k= K then returrseps (K, £) Utails(€) else returrseps(k, £)

procedureneads (examplest)
return{P,[1, b1 11 | (Pn,{({b1,1,€1,1),...),...}) € E}
proceduregails (examplest)

return{Pule|r, |, k- [Pnll | (Pa,{-os (.os DL, K- €L, , k1)) €E}
procedureseps(indexk, examplest)
if k=K then
Iretumu(Pn,Ln)eg{Pn[em,Kvbm+l,1] | (oo {bm,k em,k)) € Ln A m <|Lyl}
else

returnUp, 1 ves{Palem i b grad | (oo Dok €mi)s - -) € L}

Fig. 4. Thelearn| R algorithm.
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delimiter has been validatetkarn g simply assembles the delimiters. No additional
verification is necessary, because the constraints enforced balidhesubroutines ensure
that the learned wrapper is satisfactory.

For example, if we invokésarn_ g with the single exampl€ = {(Pcc, Lcc)}, then the
learning algorithm outputs the wrapper:

{1 = '>]<B> rg = ‘</B> <>’

Lo = ‘</B> <I|> " rp = ‘</I><BR> |I<’

(assuming that the candidates are considered as ordered in Egs. (1) ahd (2)).

As shown in Fig. 4Jearn_r invokes several subroutines. We have already discussed the
cands, andvalid, subroutines. To reviewcands, (k, £) generates a set of candidates for
delimiterry; cands, (k, £) generates the candidates fQr valid, (u, k, £) verifies whether
candidate: is acceptable for delimitet,; andvalid (u, k, £) verifies candidates fafy.

Subroutinesands, andvalid, require access to particular fragments of the example
pages. For example, to verify constraifft, valid, must reason about the page fragments
that correspond to the attributes of the examples. This access is provided by four additional
subroutines:

attribs(k, £): returns a set containing all values of thih attribute in each example. If
& = {(Pcc, Lce)}, then:

attribs(1, £) = {'Congo’, ‘Egypt ', ‘Belize
attribs(2, £) ={'242’, *20°, '501°, ‘34’}.

, ‘Spain '},

Note that each exampleP,,, L,,) € £ provides|L,| values of each attribute, and thus
|attribs(k, £)| =", |Lal.

heads(€): returns the fragments of each page before the first tuple. For example:
heads (&)
= {'<HTML><TITLE>Some County Codes</TITLE><BODY> ||<B>'}.
Note that each example provides one heaelads(&)| = |£].

tails(€): returns the fragments of each page following the last tuple. For example:

tails(§) = {*</I><BR> |[|</BODY></HTML>'}.
Note thatjtails(&)| = |£].

5 Although these delimiters are different theeswrap| r’s, it is straightforward to verify that both wrappers are
correct for the exampléPcc, Lcc). Which delimiters are better is a subtle matter. For example, if the learned
wrapper should be as robust as possible, then petbaps r should prefer short candidates. On the other hand,
perhaps robustness is not desired, since the system using the wrapper learns later that the site has changed format;
in this case, perhagsarn| g should prefer long candidates. Though important, these concerns are beyond the
scope of this article.
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seps(k, £): returns the fragments of each page betweernktheand ((k mod K) + 1)th
attributes. For example:

seps(L, &) ={'</B> <I> ', ‘</B> <I> ', ‘</B> <I> ', ‘</B> <I> '},
seps(2, &) = {'</I><BR> ||<B>'", ‘</I><BR> [|<B>', ‘</I><BR> [|<B>'}.

Notice thatseps(K, ) does not includeails(€). Except for this case, each exam-
ple (P,, L,) € £ provides|L,| separatorsiattribs(k,&)| = ), |L,| (k < K), and
lattribs(K, £)| =Y, (IL,| — 1).

Note that the fragments returned by these subroutines are readily generated, since each
example in€ consists of a page together with its label.

Finally, the sets returned lyeps, tails andheads provide relatively low-level access to
the relevant substrings of the examples. mighbors, subroutine provides a useful higher
level of abstraction. Specificallyieighbors, (k, £) returns all strings to the left of thigh
attributes, whether these strings are in the heads or the bodies of the pages. Similarly,
neighbors, (k, £) returns all strings to the right of thigh attribute, whether in the tails or
bodies. For example:

‘</I><BR> |J<B>', ‘</I><BR> |[<B>", ‘</I><BR> |[<B>’,
neighbors, (1, £) = { ‘<HTML><TITLE>Some County Codes</TITLE> )
<BODYx<B>’

neighbors, (2, £) = {'</B> <I> ', ‘</B> <I> ’, ‘</B> <I> ', ‘</B> <I> '},

neighbors, (1, £) = {'</B> <I> ', ‘</B> <I> ', ‘</B> <I> ', ‘</B> <I|> '},

‘</I><BR> |[<B>', ‘</I><BR> [J<B>', ‘</I><BR> | <B>',
neighbors, (2, &) =
‘</I><BR> |}</BODY></HTML>'

4. Beyond LR

We have introduced the LR wrapper class; in this section we describe five variants. Since
we will describe each class in the same way that we described LR, a brief review is in order.

An LR wrapper is specified in terms of a vect@y, r1, ..., g, rx) of 2K delimiters;
the exec g procedure specifies how these delimiters are interpreted. We also described
learn_ R, an algorithm for learning LR wrappers. The keydarn, R is that it identifies each
of the 2K delimiters independently. For each delimitearn g considers candidates from
the set generated by tlands, procedure. Each such candidate is then tested using the
valid, procedures. Thealid, procedures ensure that the candidates satisfy the appropriate
constraintsC; andCy for the¢,, andC; C; for thery.

In the remainder of this section, we describe five classes that extend LR in various ways.
For each such wrapper clagg, we:

e motivate and describe the differences betwkénLR, and the other classes;

o define clas3/V in terms of a vector of delimiter strings and a procedaxe)y;
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e define the setands, of candidates for each delimiter;

e define the constraints that the delimiters must satisfy, and descviié,aprocedure
that verifies whether these constraints are satisfied; and

e define thelearnyy procedure, which selects candidates from ¢aeds, procedures
and tests them using thevalid, procedures.

4.1. The HLRT wrapper class

The LR wrapper class requires that resources format their pages in a very simple manner.
Specifically, there must exist delimiters that reliably indicate the left- and right-hand sides
of the fragments to be extracted. Of course, not all resources obey such restrictions. For
example, Fig. 5 shows a variant of the country/code example. Notice that the page in
Fig. 5(b)—which we will refer to asPgc—contains additional text rendered in bold. It
is straightforward to show that no LR wrapper can handle pgge The difficulty is that
there is no¢1 delimiter that reliably discriminates between bold country text and bold
irrelevant text.

However, theccwrapy gt procedure (Fig. 5(c)) can handRg.. This wrapper operates
by searching for two additional delimiterssP>" and ‘<HR3. The headdelimiter ‘<P>’
indicates the beginning of the page’s body. Taié delimiter ‘<HR> indicates the end of
the page’s bodyccwrapy g iS an instance of the HLRT wrapper class, justesrap, g
exemplifies LR.

More formally, a Head-Left-Right-Tail (HLRT) wrapper is a vector a 2+ 2 strings
(h,t,1,11,...,Lk, k). Like LR, HLRT wrapper use R delimiters to determine the left-
and right-hand sides of the fragments to be extracted. In addition, HLRT wrappersinclude a
head delimitef and a tail delimiter. For examplegcwrapy gy corresponds to the HLRT
wrapper(‘'<P>', ‘<HR>, ‘<B>', ‘</B>", ‘<I> ", ‘</I> 7).

Just agxec| r defines the meaning of an LR wrapper, #iecy rt procedure (Fig. 5(d))
specifies the behavior of an HLRT wrappetecy rt Operates by first skipping over the
head of the page by searching for the first occurrence of the head delimitétRT
wrappers then operate much like LR wrappers, usingtfeendr; delimiters to extract each
attribute in term. However, LR and HLRT wrappers use a different termination criterion:
rather than stopping when there are no more occurrencls BLRT wrappers halt when
t occurs before the next occurrencelgf

Having defined the HLRT wrapper class, we now desciédaeny rt, an algorithm
for learning HLRT wrappers; see Fig. 6. As with LR, the learning task is to find a set
of delimiters that are consistent with a set of examples. All but three of Ker-2
delimiters{h, t,€1,r1, ..., Lk, rg) can be learned using the originedrn_ g algorithm; the
exceptions aré, + and¢1. Thus line [] of learny gt in Fig. 6 simply invokesearn,r. ©

Recall that all Z LR delimiters are mutually independent. In contrdsts and ¢1
interact in the sense that whether a particular candidate is valid for one of these three

670 simplify the presentation, we describe tharny rT algorithm as invokindearn r, and then discarding
and re-learning/1. Of course HLRT'sraison d’'étreis that a consistent LR wrapper consistent might not exist.
Specifically, there may be no valid . ThereforeJearny rT must pass a flag tlearn| g instructing it to ignore
£71. While important, we will not clutter our description of the algorithms with this detail.
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Some Country Codes

Congo 242 |
Egypt 20
Belize 501 |
Spain 34

End

(@)

<HTML><TITLE>Some Country Codes</TITLE><BODY>
<B>Some Country Codes</B><P>
<B>Congo</B> <|>242</I><BR>
<B>Egypt</B> <|>20</I><BR>
<B>Belize</B> <I|>501</I><BR>
<B>Spain</B> <|>34</|><BR>
<HR><B>End</B></BODY></HTML>
(b)

procedurecwrapy grt(pager)
scan to the first occurrence mof ‘<pP>’
while the next occurrence 0€B>'in P occurs before the next occurrence eHR>
for each(¢y, ri) € {('<B>",'</B>"), (‘'<I> ", '</I> ")}
scan inP to next occurrence dfy; save position as start ath attribute
scan inP to next occurrence of;; save position as end ath attribute
return extracted. . ., (country, code, ...} pairs

(©
proceduresxecy rT(Wrapper(h, t,£1,r1, ..., Lk, rg ), pageP)
m <0
scan inP to the first occurrence df [1]
while the next occurrence @f in P occurs before the next occurrencer of [ii]
m<«—m+1
for each(¢y, rr) € {(€1,r1), ..., LK. rK)}
scan inP to the next occurrence @f;; save position as,,, x [iii ]
scan inP to the next occurrence of; save position as,,
return label..., (b, 1.em 1) ---» Om k- em k)5 -}

(d)

Fig. 5. A variant on the country/code resources in Fig. 1: (a) an example response pa&g; b HTML page
for (a); (c) the HLRT wrappetcwrapy rt; and (d) theexecq rT procedure.
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procedurdearny rT(examplest)

(,r1, ..., Lg,Tg) < learn R(E) [i]
for eachuy, e cands, (L, &) [ii]
for eachuy, € candsy, (£) [iii]
for eachu; € cands; (€) [iv]
if validg, ¢ gy, up, uz, £) then M

Ly <ugy, h<up, t <u;, and terminate these three loops vi] [

return HLRT wrappekh, t, 1,71, ..., g, k)
procedurecandsy, (examplesS)

return the set of all substrings of the shortest strinigeisads (£)
procedurecands; (examplest)

return the set of all substrings of the shortest stringiig (£)

procedurevalidy, 5, ; (candidatesy, , uy, u, examplest)
for eachs € heads (&)
if up, is not a substring of then returrFALSE c)

if ug, is not a proper suffix ofcan(s, uj) then returrFALSE CgiZi

if u; occurs beforer,, in scan(s, uy), then returrFALSE Ct%h,t
for eachs < tails (&)

if u; is not a substring af then returrFALSE Cl?Lh,t

if ug, occurs before; in s then returrFALSE Cah,t
for eachs € seps(K, &)

if ug, is not a proper suffix of then returrFALSE C;Lh,t

if u; occurs before,, in s then returrFALSE C;Lh,t
returnTRUE

procedurescan(stringssy, s2)
return the suffix of1 following the first occurrence ob
(e.g.,scan(‘abcdefcdgh ’,‘cd’) =‘cdefcdgh )

Fig. 6. Thelearny rT algorithm.

delimiters depends on the choice for the other two. For exampleBs'‘valid for £17?
The answer depends on the choice foand . If 7 = ‘<HTML3, then ‘<B>’ is not
valid for £1, becausexec r will not skip the irrelevant bold text<B>Some Country
Codes</B> . On the other hand, i = ‘<P>’, then ¢1 = ‘<B>" causes no problems.
Similarly, £1 andr interact:¢1 = ‘<B>' is acceptable it = ‘<HR>, but unacceptable if
t ="'</HTML>".

The ramification of this discussion is that, unlike €2, r2, ..., {x andrg, candidates
for the three delimiters,  and £1 must be considering jointly. As shown in lines-[
vi], learnyLrT USes a triply-nested loop to enumerate all combinations of candidates for
h, t and{1. As with exec R, candidates fof; are generated using tlands, procedure.
Candidates foh are computed with theands;, procedure. Sincé must be a substring of
every example’s headands;, (£) simply returns the substrings of the shortest heafl.in
Similarly, the candidates farare generated byands; (£), which generates the substrings
of the shortest tail irf.
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To complete the description tfarny rT, we must discusgalidg, 5 ,, which determines
whether a particular combination of candidaigs u,, andu, for i, r, and{; (respect-
ively) are satisfactory. By examiningxecq rT, We can see that the constraints are as
follows:

Constraint cgbh,,: uy must be a substring of every page’s head (otheraisen gt line
[i] will fail). 7

Constraint Cin,t e Must be a proper suffix of the portion of each page’s head after the
first occurrence ofy;, (otherwiseexecyrr line [iii] will fail for m =k =1).

Constraint C; , ,© u, must not occur between the first occurrencé of any page and
the subsequent occurrencelgf(otherwiseexecy gt Will terminate at line {i] without
extracting anything).

Constraint C;’ o W must be a substring of every page’s tail (otherwdgecy gt line
[ii] will never termlnate)

Constraint Cin.t e MUSt not occur beforein every page’s tail (otherwisexecyrT
line [iii] will iterate too many times).

Constraint C;Lh,,: ug, Mmust be a proper suffix of the text between tuples in every page
(otherwiseexecyLrT line [iii ] will fail for £ =1).

Constraint Cg .t ur must not occur before,, in the text between tuples in any page
(Othel’WlseexecHLRT line [ii] will terminate early).

Before proceeding, let us illustrakearny gt with the modified country/code example
in Fig. 5. If £ contains just the single exampR& and its label, then we have that:

the 87. 86/2 = 3741 substrings of the 87 character string
candsy (£) = { ‘<HTML><TITLE>Some Country Codes</TITLE><BODY> |}
<B>Some Country Codes</B><P> [}<B>’

the 41. 40/2 = 820 substrings of the 41 character string

cands =
«(6) {‘</I><BR> |J<HR><B>End</B></BODY></HTML>’

(cands (1, &) returns 13 candidates, as listed in Eqg. (1¢arnyrt enumerates the
3741- 820- 13 = 39,879 060 ways to choose one candidate from each set, stopping
when one such combination satisfiedid,, 5 ;. Fortunately, many of the combinations are
valid, solearny_rT SOON terminates, returning a wrapper suclt@sapy gt (Without
specifying the order in which candidates are considered, we cannot say which wrapper is
returned.)

7 This notation is somewhat imposing; the idea is simply to unambiguously refer to the various constraints.

Thus C? hi refers to “part A’ of the constraints that apply to delimitéis 4 andr, just ascg refers to “part A’

of the constramts that apply to thig delimiters.
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4.2. The OCLR wrapper class

The LR wrapper class is quite restrictive, and HLRT is one of many ways to extend the
LR class; the Open-Close-Left-Right (OCLR) class is an alternative.

Instead of using head and tail delimiters to indicate the body of the page, the OCLR
class usespenandclosedelimiters to indicate the beginning and end of each tuple in the
page. For example, Fig. 7 lists an example resource that is well-suited to OCLR, as well as
ccwrapocLr, @an example of the OCLR class.

Wrapperccwrapoc g Operates by using the delimiters delimiterd > - . .<BR> to
find tuples within each page, just asB>. - -.</B> " indicates countries ancl1> - . .</|> ’
indicates codes within a single tupleLl> " is the opendelimiter, and *BR> is the close
delimiter.

<HTML><TITLE>Some Country Codes</TITLE><BODY>
<B>Some Country Codes</B><P><UL>
<LI><B>Congo</B> <I>242</I><BR>

<LI><B>Egypt</B> <I>20</I><BR>

<LI><B>Belize</B> <[>501</I><BR>

<LI><B>Spain</B> <I>34</I><BR>
</UL><HR><B>End</B></BODY></HTML>

(@)

procedurecwrapoc r(Pagep)
while there are more occurrences et.1> 'in P
scan to the next occurrence &fLil> ’in P
for each(¢y, ri) € {('<B>",'</B>"), (* <I>' ‘</I> ")}
scan inP to next occurrence dof; save position as start éth attribute
scan inP to next occurrence of;; save position as end éth attribute
scan to the next occurrence ¢fBR> in P
return extracted. . ., (country, code, ...} pairs

(b)

proceduresxecoc r(Wrapper{o, ¢, £1,r1, ..., Lg . rg ), pageP)
m <0
while there are more occurrencesoah P [1]
m<«—m+1
scan to the next occurrence®fn P [ii]
for each(¢y, ri) € {(€1,r1), ..., Lk, rKk)}
scan inP to the next occurrence @f;; save position as,, x [iii ]
scan inP to the next occurrence of ; save position as,, i
scan to the next occurrence©in P [iv]

return label..., (b 1. €m 1), - (b K €m Kk ))s - -}

(©

Fig. 7. The OCLR wrapper class: (a) a second variant on the Fig. 1's country/code resources; (b) the OCLR
wrapperccwrapoclR; and (C)execocR, a generalization ofcwrappoc R-
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Fig. 7 also listsexecocLr, a generalization ofcwrapgc r- As indicated, an OCLR
wrapper is a vector of B + 2 strings{o, ¢, ¢1,r1,...,¢Lk,rx), Whereo is the open
delimiter andc is the close delimiter. For exampleswrapgc r UsesSo = ‘<LI> " and
¢ ="'<BR>.

Given this specification of the OCLR wrapper class, we are in a position to describe
learnpocLr, an algorithm for learning OCLR; see Fig. 8. As with the classes discussed so
far, learnocLr Operates by generating and evaluating a set of candidates for each of the
2K + 2 delimiters{o, ¢, €1, 71, ..., LK, rK).

Specifically, like LR and HLRT, the B — 1 delimitersry, €2, r2, ..., g andrg are
independent of each other am¢ ¢ and ¢;. Thus line [] of learnocLr Ssimply invokes
learn, g to determine-q, €2, r2, ..., £x andrg.

Recall that for HLRT, delimiterg, r and¢1 interact. Similarly, for OCLR, delimiters,
¢ and/{1 interact. For examplé, = ‘<B>"is valid if o =‘<LI> "and ¢ = ‘<BR>, but not
if o ='<"andc¢="'>". Thus just adearny rT USes triply-nested loops to enumerate the
candidates fon, r and¢1, learnocLr Uses a similar loop structure for ¢, and?¢.

What are the candidates forandc¢? Notice that these two delimiters must both occur
between each tuple in each example. The invocateps (K, £) (see Fig. 4) returns the
set strings between the tuples. The candidates for datidc are denotedands, .(£) in
Fig. 8; cands, (£) enumerates the substrings of the shortest membs=psi( K, &) (i.e.,
the shortest inter-tuple separator).

procedurdearnpcr(examplest)

(,71s ..., L, rg) < learn R (&) [i]
for eachuy, € candsy (1, &) [ii]
for eachu, € cands, (£) [iii ]
for eachu. € cands, (€) [iv]
if validg, o ¢ (g, o, e, £) then M

L1 <y, 0 <y, c <uc, and terminate these three loops Vil [

return OCLR wrappeto, ¢, 1,71, ..., g, TK)

procedurecands,,.(examples)
return the set of all substrings of the shortest stringeiss (K, £)

procedurevalidy, , -(candidates, , uo, uc, examplest)
for eachs € heads (&)

if u, is not a substring of then returrFALSE CQLO B

if ug, is not a proper suffix ofcan (s, u,) then returrFALSE C?LO .
for eachs € tails(£)

if uc is not a substring af then returrFALSE Cl?w B

if u, occurs afte, in s then returrFALSE C?LO .
for eachs € seps(K, &)

if u, is not a substring of then returrFALSE C%LO .

if uc is not a substring of then returrFALSE C;LO B

if ug, is not a proper suffix ofcan(scan(s, uc), uo) then returrFALSE C;?Lo ¢
returnTRUE

Fig. 8. Thelearnpc| R algorithm.
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Finally, thevalid,, , . procedure must evaluate a triplet of candidaigs u, andu.,
for €1, o andc (respectively). As shown in Fig. &alidg, , . implements the following
constraints, which derive from an examinatioregécocr:

Constraint C; ~ : u, must be a substring of every page’s head (otherassepc|r line

l1,0,c"

[i] will fail).

Constraint CZ,O,C3 u¢, must be a proper suffix of the portion of each page’s head after the
first occurrence of (otherwiseexecocyr line [iii] will fail for m =k = 1).

Constraint Cy_, .. u. must be a substring of every page’s tail (othervésecocir line
[iv] will fail).

Constraint CZO .. Uo mustnot occur after. in any page’s tail (otherwisexecocir line

[i] will extract too many tuples).

Constraint C; , .. u, must be a substring of the text between tuples in every page

(otherwiseexecocr line [ii] will fail).

Constraint CZLO .. uc must be a substring of the text between tuples in every page
(otherwiseexecocyr line [iv] will fail).

Constraint C; , .. u¢, must be a proper suffix of the text that occurs aftemn the text

that occurs aftee, in the text between tuples, in every page (otherwisgoc|r line

[iii ] will fail).

As shown in Fig. 8, thealid,, ,, . procedure implements these seven constraints.
4.3. The HOCLRT wrapper class

We have introduced OCLR and HLRT, two variants on the simple LR wrapper
class. As shown in Fig. 9, the Head-Open-Close-Left-Right-Tail (HOCLRT) class
combines the functionality of HLRT and OCLR. An HOCLRT wrapper is a vector
(h,t,0,c,81,11,..., Lk, k) Of 2K + 4 delimiters. For exampleccwrapygcirt in
Fig. 9(a) corresponds to the wrappesP>', ‘<HR3, ‘<LI> ', ‘<BR>, ‘<B>", ‘</B>",
<> <> ).

The execHocLrT procedure (Fig. 9(b)) is a generalizationavrapyoc gr- The head
delimiter # is used to determine the end of the page’s head; the opening and closing
delimiterso andc demarcate individual tuples, and the tail delimiténdicates that the
page contains no more tuples.

Fig. 10 listslearnyocLrT, an algorithm for learning HOCLRT wrappers. Recall that for
LR, all of the delimiters are mutually independent; while for HLRT, 2 and ¢ must
be learned jointly, and for OCLR1, o andc must be learned jointly. As expected, the
five HOCLRT delimitersty, k, t, o andc¢ must be learned jointly. Likéearny rt and
learnocLRr, thelearnyocLrt algorithm first invokesearn g to learnry, €2, r2, ..., £ and
rk . learngocLrT then uses a quintuply-nested loop structure to enumerate all combinations



N. Kushmerick / Artificial Intelligence 118 (2000) 15-68 37

procedurecwrapyocLrT(PageP)
scan to the first occurrence mof ‘<P>’'
while the next occurrence o&LI> " in P occurs before the next occurrence oHR>
scan to the next occurrence &fll> "in P
for each(€y, ri) € {('<B>",'</B>"), (‘<I> ", '</I> ")}
scan inP to next occurrence dfy; save position as start a@th attribute
scan inP to next occurrence of;; save position as end éth attribute
scan to the next occurrence &fBR> in P
return extracted. . ., (country, code, ...} pairs

@)
proceduresxecqocLrT(Wrapper(h, t,o,c,£1,r1, ..., Lk, k), pagepP)
scan to the first occurrence mof i [i]
m <0
while the next occurrence ofin P occurs before the next occurrencer of [ii]
m<—m+1
scan to the next occurrence®in P [iii ]
for each(€y, ri) € {(€1,7r1), ..., Lk, rK)}
scan inP to the next occurrence @f;; save position as,, x [iv]
scan inP to the next occurrence of; save position as,,
scan to the next occurrence o P [V]
return label. .., ((by.1.em 1) -+ Om ks em k)5 ---}
(b)

Fig. 9. The HOCLRT wrapper class: (apwrapyocLrT, @an HOCLRT wrapper for Fig. 7’s variant of the
country/code resources; and (b) twecHocLrT Procedure, a generalization afwrapyocRT-

of candidates for1, i, t, o andc. As before, the candidates f@dq are provided by
candsy (1, &); for h by cands;, (€); for ¢ by cands; (£); and foro andc by cands, (£).

Only thevalide, 1,0, Subroutine in Fig. 10 remains to be explained. An examination of
execHocLRT reveals that the following constraints must be satisfied for candidates,,
uc, up andu, to be consistent with a given set of examples pages:

Constraint C; uy must occur in every page’s head (otherwagecHocLrr line [i]

) . 1,h,t,0,c:
will fail).

Conit;a_ilr;t Clhroc Uomustoccurin every page’s head (othervégecroctrr line ii]
will fail).

Constraint Cy , , , .. u¢; must be a proper suffix of the text occurring aftey, in the
text occurring aftemy,, in every head (otherwisexecnocLrr line [iv] will fail for
m=k=1).

Constraint Cgl,h’,,o,c: u; must not occur before,,, in the text occurring aftet,, in the
text occurring after;,, in every head (otherwisexecHocLrr line [ii] will halt without
extracting any tuples).



38 N. Kushmerick / Artificial Intelligence 118 (2000) 15-68

procedurdearnyocLrT(€Xamples)
(-nr1,.... Lk, rg) < learn R (&)
for eachu, € cands, (1, &)
for eachu, € cands, ¢(£)
for eachu, € cands, ¢(€)
for eachuy, € candsy, (€)
for eachu; € cands; ()
if validg, p.1,0,c(Uey, Ups e, o, ue, £) then
Ly <gy, 0<g, Cc<ilc, h<uy, t <u, and terminate these five loops
return HOCLRT wrappeth,t,0,c, 1,71, ..., Lk, rK)

procedurevalidy, j, ;.. c(Candidatesi, , uy, us, uo, uc, €Xamples)
for eachs € heads (&)

if uy, is not a substring of then returrFALSE C@Lh,t oc
if u, is not a substring of then returrFALSE CELh’t o.c
if uy, is not a proper suffix ofcan(scan(s, uj), u,) then returrFALSE Cgl,h,t,o .
if u; occurs beforer,, in scan(scan(s, uy), uo) then returrFALSE C?Lh,t,o c
for eachs e tails (&)
if u; is not a substring of then returrFALSE chl,h,z oc
if uc is not a substring of then returrnFALSE CELh,t o.c
if u, occurs before; in scan(s, u¢) then returrFALSE j;l’h!t oc
for eachs € seps(K, &)
if u, is not a substring af then returrFALSE E‘Lh’t o.c
if uc is not a substring of then returrFALSE Clzl,h,z oc
if ug, is not a proper suffix ofcan(scan(s, uc), u,) then returrFALSE C;Lh’t o.c
if u; occurs beforer,, in scan(scan(s, uc), uo) then returrFALSE C;Lh!t oc

returnTRUE

Fig. 10. TheearnyocLrT algorithm.

Constraint C;
will fail).

Lhitoc Ui must occur in every page’s tail (otherwiegecqocLrr line [ii]

Con_it;a_ilr;t C;Lh,,,o,c: ue. must occur in every page’s tail (otherwisgecyocLrr line [V]
will fail).

Constraint C; , , , .- u; must occur befores, in the text occurring aften., in every

page’s tail {botherwisexecHOCLRT line [ii] will extract too many tuples).

Constraint Clinroc Uo Must be a substring of the text between each tuple in each page
(otherwiseexecHOCLRT line [ii] will fail).

ConstraintC, , , , .. uc mustbe a substring of the text between each tuple in each page
(otherwiseexecqocLrt line [v] will fail).

Constraint Czbh,t,o,c: ug, Must be a proper suffix of the text occurring afigr in the text
occurring aften,, in the text between each tuple in each page (otheradseiocLrT
line [iv] will fail for k = 1).
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Constraint Cy , , , .0 ur must occur after, in the text occurring after,, in the text
occurring aftem,, in the text between each tuple in each page (otheredsgocLrT
line [iv] will fail for k = 1).

Thevalidg, 5 1,0, procedure in Fig. 10 implements these eleven constraints.
4.4. Nested documents

The wrapper classes introduced so far (LR, OCLR, HLRT and HOCLRT) assume that
documents are structured in a relationafadoular manner. Of course, many documents are
not tabular. The remaining two wrapper classes are concernedigitérchically nested
(or just “nested”) documents, which represent one way to relax the tabularity assumption.
In this section, we describe documents with nested structure; in Sections 4.5 and 4.6 we
introduce wrapper classes for extracting such structure.

While a rectangular table is the prototypical example of a document exhibiting tabular
structure, nested documents have a tree-like structure. Consider the documentin Fig. 11(a)
from a telephone directory in which a person can have any number of addresses, and an
address can have any number of telephones. Unlike the previous examples, this document
does not contain HTML tags, and therefore demonstrates that our wrapper induction
techniques are not limited to HTML text.

In a document with nested structure, values fbrattributes are presented, with the
information organized hierarchically rather than in a table. Attributes residing “below”
attribute k represent additional information or details about the object represented by
attributes 1 tok. For each attribute, there may be any number (possibly zero) of values
for the given attribute. The only constraint is that values can be provided for attkbute
only if values are also provided for attributes lkte- 1.

In the telephone directory example, there de= 3 attributes: people’s names,
addresses, and telephone numbers. The constraint that each attribute can have any number
of values corresponds to the fact that a person can have any number of addresses, and an
address can have any number of telephone numbers. The constraint that aktrdlamte
have a value only if attributes 1 fo— 1 have values corresponds to the fact that there can
be no “floating” telephone number without an associated address, or a “floating” address
without an associated person.

The information-extraction model introduced in Section 2 used a natural definition of
a tabular document’s content; namely, the the substrings of the document corresponding
to the attribute values for each tuple. For nested documents, we extend this idea in a
straightforward manner. The content of a nested document is a tree of depth oKmost
Edges encode the attribute values, while nodes group related attribute values. For example,
the content of the telephone directory documentis shown in Fig. 11(b).

More formally, a nested document’s label is a tree, encoded according to following
recursive definition:

label = {..., node, ...}
node = [(b, e); label] .
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name: John
address: 12 Main St
phone: 123-4567
phone: 444-5555
name: Fred
address: 9 Maple Lane
phone: 666-7777
name: Jane
name: Sally
address: 10 Oak Ave
address: 20 Walnut Rd
phone: 888-9999
phone: 666-2222
phone: 222-1111
(a)

)

(b)

[(42,49) ;

[(60,67) ; H

(7,10); { (22, 31) {

[
[

(75,78 {[(

90,101) ; {|

(127,130); {}],

[(112, 119> {}]}]}]

[(154,163) ; {}]

(138,142) ; [(197,204) ; {}],
(175,186): § [(215,222); {}],
[(233,240); {}] ]

_ (©

Fig. 11. An example of a document with nested structure: (a) the document (note that this document does not
contain HTML tags); (b) a tree representing the document’s content; and (c) the document’s label (see text for
details).

That is, alabel structure is a set of zero or monedes. A node structure consists of an
interval (b, ¢) and aLABEL structure, wheréb, ¢) are the indices of the text that labels the
edge to the node’s parent, aladlel represents its children.
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The label for the telephone directory example is shown in Fig. 11(c), assuming that
nested entries are indented with a single tab character per level, and each line ends with
a single new-line character (recall that this document is plain text and does not contain
HTML tags). For instance, the pafv, 10) in the first row indicates that characters 7-10
of the document are the first name in the directory, iJahh’. Similarly, characters 138—

142 are the last nameSally . Sally has two addresses: the first, from 154-163, has
no telephone; the second, from 175-186, has three telephone numbers (from 197-204,
215-222 and 233-240).

Note that a tabular structure is a special case of a nested structure, in which the root
has one child for each tuple, all other interior nodes have exactly one child, and every
leaf has deptlK. We will overload the term “label” to mean either a tabular or a nested
label; the interpretation will be clear from context. Note that this “reduction” from tabular
to nested wrappeoutputsdoes not imply a reduction between wrapptasses as we
show in Section 5. For example, in Section 4.5 we define the N-LR wrapper class which
extracts nested structures, but there exists documents for which an LR wrapper exists that
extracts the correct tabular structure, but for which there does not exist an N-LR wrapper
that extracts the nested structure to which this tabular structure is equivalent.

4.5. The N-LR wrapper class

N-LR is a simple wrapper class for extracting nested structure. Like the other classes,
associated with each delimiter is a left-hand delimiteand a right-hand delimitet;. In
the tabular wrappers, after extracting the value ofktheattribute for some particular tuple,
then the wrapper extracts tlie + 1)st attribute value (or the first, in the casekof K).
Nested-structure wrappers generalize this procedure: after extractikththtribute, the
next extracted value could belong to attribukes 1,k, k —1,k—2,...,20r 1. The N-LR
wrapper class uses the relative position ofé¢héelimiters to indicate how the page should
be interpreted: the next value to be extracted is indicated by whiakelimiters occurs
next. For example, if an N-LR wrapper has extracted up to position 1350, and there is a
name starting at position 1450 and an address starting at position 1400, then the wrapper
will extract the address next, since 1400450.

More precisely, an N-LR wrapper is a vector ok Xtrings (¢1,r1,...,¢k,rk). The
execn-LR procedure (Fig. 12(a)) uses these delimiters as just described.iLia¢e key
to execn-Lr. The algorithm determines which attribute (among kthe 1 possibilities)
k' occurs next. The termination condition (linig]) is satisfied whenever none of thig
occur—i.e., when the wrapper has reached the end of the page. Note that if lofe [
execn-LR Were replaced byk < (k mod K) + 17, thenexecn-Lr Would be identical to
EXECLR.

For example, the N-LR wrapper

(‘name: ', ‘], ‘address: ', ‘|, ‘phone: ", ‘|")

extracts the content from the telephone directory document. As a second example, the
N-LR wrapper(‘<B>", ‘</B>", ‘<I> ", ‘</I> ') extracts the desired structure from the
country/code pag€cc shown in Fig. 1. Of course this resource is tabular rather than nested
and thus does not expose the full power of N-LR. As mentioned above, tabular structure is
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proceduresxecn-Lr(Wrapper(£q,r1, ..., Lk, rg ), pagepP)

k<0

loop
k < the indext’ € [1, min(1 + k, K)] such that;, occurs first inP [
exit loop if no suchk exists fi]

b < the position oft; in P

e < the position ofr; following ¢; in P

save(b, ¢) as indices of next value @fth attribute
return nested labdl .., [(b,e); {...}], ...}

(@)
procedurgearny-| r(examples)
for eachu,, € cands}(1, E)
for eachu, € cands)(K, &)
for eachuy, candsz(l, &)
for eachuy, € cands}(K, &)
W <« (ugl, Ury, ...,ugK,urK)
if Vip, 1,cc execN-LR(W, Pp) = L, then return [i]
(b)

Fig. 12. The N-LR wrapper class: (a) thescn-Lr procedure defines how an N-LR wrapper is executed; and (b)
thelearnn-L R algorithm learns N-LR wrappers.

a special case of nested structure, and so the invoeaten- r({('<B>', ‘</B>", ‘<I> ',
‘</I> "), Pce) returns a degenerate tree that is equivalent to l1abel

As with the other classes, we are interested in automatically learning N-LR wrappers.
Recall that LR’s delimiters are mutually independent, while some of HLRT’s, OCLR’s
and HOCLRT's delimiters interact. The situation for N-LR is even woede2K N-LR
delimiters interact. To see this, recall that after extracting a value for attrthlites [i] of
execn-LR IS looking fork + 1 delimiters €1, £2, ..., ¢ andf;y1). In short, the choice of
each?, depends on the choice for the othies 1 delimiters. The result of this analysis
is that, unlike LR, HLRT, OCLR and HOCLRT, thek2variable CSP for learning N-
LR is not decomposed intoR subproblems, and dearny-Lr USeS an exponential-time
generate-and-test algorithm; see Fig. 14b).

The candidates for each delimiter are generated byctmes) procedures, trivial
generalizations of theands, procedures that handle nested rather than tabular labels.

8 Actually, the ry delimiters are independent, so the& &ariable CSP can be decomposed io+ 1
subproblems: finding the, individually, and jointly finding the; . We ignore this more sophisticated approach,
though see Section 4.7 for a discussion of related issues.
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proceduresxecn-HLRrT(Wrapper(h, t, €1, 71, .. ., Lk, rg), pagepP)

k<0

scan inP to the first occurrence df

loop
k < the indext” € [1, min(1+ &, K)] such that;, occurs first inP [
exit loop if + occurs beforéy in P [ii]

b < the position of¢y, in P

e < the position ofr; following £; in P

save(b, e) as indices of next value dfth attribute
return nested labdl. ., ((b,e),{...}),...}

@)

procedurgearny-HLRrT (EXamplest)
for eachu,, € cands}(1, )

for eachu, € cands}(K, &)
for eachuy, cands@(l, &)

for eachuy, € candsz(K, &)
for eachu;, € cands,N1 &)
for eachu; € cands} (&)

W« (uhsufsuilvurla ""MZK’MrK)
it Vp, 1,)e€ exeCN-HLRT(W. P;) = L, then return¥/
(b)

Fig. 13. The N-HLRT wrapper class: (axecn-HLRT defines how an N-HLRT wrapper is executed; and (b)
learnN-HLRT IS an algorithm for learning N-HLRT.

4.6. The N-HLRT wrapper class

The HLRT and N-LR class are two straightforward ways to extend the LR class to
handle more complicated pages. The sixth class we describe, N-HLRT, combines the
functionality of N-LR and HLRT. An N-HLRT wrapper is a vector o2+ 2 strings
(h,t,€1,r1,...,Lx, k). The execution of such a wrapper is definedelkgcn-HLRT; See
Fig. 13(a).

As with N-LR, the N-HLRT delimiters interact, and thus learning is a matter of
generating and testing the set of viable wrappers; sedethen-HLrT In Fig. 13(b).
learnn-HLRT Operates just likexecn-LR, except that two additional delimiterskandsr—
must also be considered.

4.7. Pushing tests into generation

As described in Section 3.2, the LR wrapper classes can be learned efficiently be two
2K -variable CSP to which LR wrapper induction corresponds can be decomposedinto 2
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independent one-variable CSPs. We have shown that this independence property does not
hold completely for the other wrapper classes. For example, for HLRT{ithe and ¢
delimiters must jointly satisfy constrairtf@Lh’t—C;Lh,,. With the constraints formalized in
this manner, we described tlearn)y algorithms as straightforward generate-and-test over
the space of delimiter candidates.

However, additional optimization is possible. For exampléganny rT, only constraint
Cg It mentions all three variableg,, u, andu,, while Cg It mentions onlyuy,, Cl i
ment|ons onlyu,, andC; ». mentions onlyuy,. This observatlon suggests an |mproved
learny gt algorithm that verifies one ofp ;v Cong OF Cp oy, first, C7, , last, and
the remaining constraints in between. However the opt|mal orderlng depends on the
particular training exampleS, and we have not developed a provably-optimal algorithm
for adaptively selecting the order in which constraints are verified.

We have also neglected the related issue of search controledimgy algorithms as
stated test candidates in an arbitrary order, but the algorithms could use heuristics to order
the candidates. For example, presumably very long and very short candidates are less likely
likely to be valid, and therefore the algorithm could order the candidates in terms of their
difference from the mean length.

Constraint ordering and search control are two ways that the generate-aled+tgst
algorithms can be made more efficient by pushing the tests into the generation process.
While important, we leave further study of these issues to future work.

4.8. Review

In the next two sections, we evaluate the efficiency and expressiveness of the six wrapper
classes we have defined. Before proceeding, a brief review is in order.

We have defined the LR, HLRT, OCLR, HOCLRT, N-LR and N-HLRT wrapper classes.
Each clas3V is characterized by a vector of delimiters, the “interpretation” or “semantics”
of which is defined by the correspondiagec)y procedure. We illustrated each class by
describingccwrapyy,, a wrapper in the class for the example country/code resource.

We also presented thiearnyy algorithms, which learn a wrapper for claBg. The
variouslearnyy, all use thecands, subroutines (which generate a set of candidates for each
delimiter), and thevalid, subroutines (which verify whether candidates are consistent with
the examples). These subroutines in turn rely orntkeels, tails, attribs, seps, neighbors,
andscan lower-level subroutines, which access various portions of the examples.

Finally, we discussed techniques for improving the efficiency ofdhen,, wrapper.

5. Expressiveness

It is important—from both a practical and theoretical perspective—to evaluate and
compare our wrapper classes. In this and the following section, we perform a detailed
analysis of the classes according to the criteria listed in Section 1. We begin with
expressivenesg he fundamental issues are how well the classes handle actual Internet
sites, and the relationship between the sites wrappable by each class.
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5.1. Empirical results: Coverage survey

We begin with an empirical investigation of treoverageof our wrapper classes.
Roughly, we are interested in the fraction of Internet sites can be handled by each class. In
a nutshell, we surveyed a large collection of resources, and found that the majority (70%
in total) of the resources can be covered by our six wrapper classes.

We examined sites listed at www.search.com, an index of 448 Internef’sitemide
variety of topics are included: from the Abele Owners’ Network (“over 30,000 properties
nationwide; the national resource for homes sold by owner”) to Zipper (“find the name
of your representative or senator, along with the address, phone number, email, and Web
page”). While the Internet obviously contains more than 448 sites, we expect that this index
is representative of the kind of sites that information integration systems might use.

To perform the survey, we first randomly selected 30 (6.7%) of the sites from
www.search.com’sindex. Fig. 14 lists the surveyed sites, as well as the number of attributes
(K) extracted from eachk ranges from two to eighteen.

Next, for each of the thirty sites, we gathered the responses to ten sample queries. The
gueries were chosen by hand to be appropriate to the resource. For example, for site 1
(a computer hardware vendor), the sample queries were ‘pentium pro’, ‘newton’, ‘hard
disk’, ‘cache memory’, ‘macintosh’, ‘server’, ‘mainframe’, ‘zip’, ‘backup’ and ‘monitor’.

Our intent was to solicit “normal” rather than unusual responses (e.g., error responses,
pages containing no data, eté9.To complete the survey, we determined how to fill in a
thirty-by-six matrix, indicating for each resource whether it can be handled by each of the
wrapper classes. To fill in this matrix, we labeled the examples by hand, and then used the
learnyy, algorithms to try to learn a wrapper in clagsthat is consistent with the resource’s

ten examples.

One possible concern with this survey was that we might inadvertently bias the
experimentin favor of sites that are more amenable to simple delimiter-based wrappers. To
maintain objectivity, we randomly selected sites listed as www.search.com, an independent
organization. Also, the difficulty of wrapping the site does not depend on the queries
because a site either is or is not wrappable by a given wrapper class, regardless of the
query. Therefore the fact that we hand-selected the queries did not bias the experiment.

Our results are listed in Fig. 15x° indicates that there does not exist a wrapper in the
class that can handle the site, whilg'‘indicates that the class can handle the site. To
count as handling a site, a wrapper must be 100% accurate on the ten sample pages.

Fig. 16 summarizes Fig. 15. Each line in the table indicates the coverage of one or more
wrapper classes. For example, the first line indicates that 70% of the surveyed sites can
be handled by one or more of the six wrapper classes, while other lines show that the
individual classes cover between 13% and 57% of the sites. We also report the coverage
for several groups of wrapper classes. The groups are organized hierarchically: the first

9 The site www.search.com is constantly updating its index. The survey was conducted in July 1997; some sites
might have disappeared or changed significantly since then.
10\while learning to handle such exceptional situations is important, our work does not address this problem;
see [23] for some interesting progress in this area.
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Time World Wide
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Expedia World Guide

thrive@pathfinder
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NewdJour: Electronic Journals & Newsletters
Zipper

Coolware Classifieds Electronic Job Guide
Ultimate Band List

Shops.Net

Democratic Party Online

Complete Works of William Shakespeare
Bible (Revised Standard Version)

Virtual Garden

Foreign Languages for Travelers Site Search
U.S. Tax Code On-Line

CD Club Web Server

Expedia Currency Converter

Cyberider Cycling WWW Site

Security APL Quote Server

Congressional Quarterly’s On The Job

http://www.ultranet.com/biz/inns/search-form.html
http://www.news.com/
http://www.itn.net/
http://pathfinder.com/time/
http://www.iaf.net/
http://www.expedia.com/pub/genfts.dll
http://pathfinder.com/thrive/index.html
http://www.monster.com/
http://gort.ucsd.edu/newjour/
http://www.voxpop.org/zipper/
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http://ubl.com

http://shops.net/
http://www.democrats.org/
http://the-tech.mit.edu/Shakespeare/works.html
http://etext.virginia.edu/rsv.browse.html
http://pathfinder.com/vg/
http://www.travlang.com/
http://www.fourmilab.ch/ustax/ustax.htmi
http://www.cd-clubs.com/
http://www.expedia.com/pub/curcnvt.dll
http://blueridge.infomkt.ibm.com/bikes/
http://gs.secapl.com/
http://voter96.cgalert.com/cq_job.htm

Fig. 14. The surveyed information resources.
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site LR HLRT OCLR HOCLRT N-LR N-HLRT

1 v v v v x x
2 X X X X X X
3 v v v v x x
4 v v v v v v
5 v v v v x v
6 X X X X X X
7 X X X X X J
8 v v v v x v
9 X X X X X X
10 v v v v x x
11 X X X X X X
12 X J X J X J
13 v v v v x x
14 x J x v x v
15 | J J J x J
16 X X X X X X
17 X X X X X J
18 X X X X X J
19 v v v v v v
20 J v v v v v
21 X X X X X X
22 | J J J x J
23 v v v v x v
24 X X X X X X
25 v v v v x v
26 X X X X X X
27 J J i i x v
28 J x v x v x
29 X X X X X X
30 J J J J X x

coveragel6 (53%) 17 (57%) 16 (53%) 17 (57%) 4 (13%) 15 (50%)tal: 21 (70%)

Fig. 15. Coverage results: the surveyed sites that can be handled by each wrapper class.
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wrapper class(es) coverage (%)
LRUHLRT UOCLRUHOCLRTUN-LRUN-HLRT 70
LR UHLRT UOCLRUHOCLRT 60
LRUOCLR 53
LR 53
OCLR 53
HLRT UHOCLRT 57
HLRT 57
HOCLRT 57
N-LR U N-HLRT 53
N-LR 13
N-HLRT 50
N-LR U N-HLRT but not LRUHLRT U OCLRUHOCLRT 25

Fig. 16. A summary of Fig. 15.

split distinguishes between tabular and nested classes, then between “HT” and “non-HT”
classes, and finally the “OC” and “non-OC” classes.

Notice that the two “OC” classes (OCLR and HOCLRT) handle exactly the same sites
as their “non-OC” counterparts (LR and HLRT, respectively). We are interested in “OC”
wrappers because the original Metacrawler [66] used them [65]. In Section 5.2, we show
that there exist sites that can be handled by OCLR but not LR, and by HOCLRT but not
HLRT. These empirical results suggest that this theoretical result has modest practical
significance.

A second observation is that the N-LR and N-HLRT classes perform worst. Recall that
we introduced the N-LR and N-HLRT wrapper classes in order to handle the resources
whose content exhibited a nested rather than tabular structure. The last line of Fig. 16
shows how successful we were: we find that N-LR and N-HLRT cover 25% of the sites
that the other four classes can not handle. We conclude that, despite their relatively poor
showing overall, N-LR and N-HLRT do indeed provide expressiveness not available with
the other four classes.

The six wrapper classes can handle a total of 70% of the surveyed sites. The
remaining 30% have several characteristics that complicate wrapping. Sites 6, 9, 11,
16 and 24 illustrate the common problem of missing attributes: if countries appear
as <B>Ireland</B> ' but are sometimes absent, then a wrapper cannot simply
search for «B>...</B>". Sites 2, 21 and 29 illustrate the second common problem of
requiring disjunction: a site might display countries as eitk@>Ireland</B> ’ or
‘<I>Greece</I> ', and so a wrapper must search for a disjunctive pattern. Finally, site
26 renders information in fixed-width columns, but our delimiter-based wrappers require
specific constant strings.

5.2. Formal results: Relative expressiveness
While the empirical coverage results are important, we also sought a more theoretical

understanding of the expressiveness tradeoffs between the various classes. Our analysis
is couched in terms ofelative expressivenesthe extent to which the functionality of
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wrappers in one class can be mimicked by those in another. For example, we have already
seen that both LR and HLRT wrappers exist for the country/code resource in Fig. 1, while
LR can not handle the variant in Fig. 5.

To formalize this investigation, lefl = {..., (P, L),...} C X* x L be theresource
space the set of all page/label pait®, L).11 Conceptually/7 includes pages from all
information resources, whether regularly structured or unstructured, tabular or nested, and
so forth. For each such information resourfegontains all of the resource’s pages, and
each page included in/T is paired with its labeL.

Note that a wrapper class can be identified with a subsét.cd class corresponds to
those page/label pairs for which a consistent wrapper exists in the class. For a wrapper
class)V, the notation/7 (VV) indicates the subset @ that)V can handle:

HOV)={(P,L) el | 3weyy W(P) =L}

The I7(VV) formalism provides a natural way to compare the relative expressiveness of
wrapper classes. i1 WWy) C IT(W?2), then, is more expressive thary, in the sense
that any page that can be wrappedy can also be wrapped Byb.

With six wrapper classes, there are potentiafiydBstinct regions in a Venn diagram of
the I1(-) sets. To simplify this analysis, we provide relative expressiveness results for two
groups of wrapper classes: (a) LR, HLRT, OCLR and HOCLRT; and (b) LR, HLRT, N-
LR, and N-HLRT. Our results are captured by Theorem 1 and Fig. 17, which graphically
depicts the overlap between the-) regions.

Theorem 1. The relationships betwedd(LR), IT(HLRT), I7(OCLR) andI7(HOCLRT),
and betweerd (LR), IT(HLRT), IT(N-LR) and IT(N-HLRT), are as depicted in FigL7.

Proof (Sketch. To see that these relationships hold, it suffices to show that:
(1) there exists at least one page/label g&irL) € IT in each the regions in Fig. 17;
(2) OCLR subsumes LRI (LR) c IT(OCLR);
(3) HOCLRT subsumes HLRTI (HLRT) c IT(HOCLRT);
(4) every pair in N-LR and HLRT is also in LRJZT(N-LR) N IT(HLRT)) c I1(LR);
and
(5) every pair in N-HLRT and LR is also in HLRT(T(N-HLRT) N I1(LR)) C
IT(HLRT).
Note that these five conditions jointly imply Theorem 1. To establish (1), we demon-
strate a synthetic document that satisfies the required conditions. For example, there
exists LR, OCLR and HOCLRT wrappers, but not an HLRT wrapper, that extracts
((A11, A12), (A21, A22), (A31, A32)) from the synthetic documenh6[A11](A12)
cox[A21](A22)co[A31](A32)c ". For each region, we create such a synthetic ex-
ample. Then, for each wrapper class, we either demonstrate a wrapper that handles the
example, or exhaustively enumerate the set of wrappers to show that none exists. To estab-
lish (2)—(5) we analyze the relevagtec)y procedures to show how to construct a wrap-
per in one class from a wrapper in another. For example, to establish (2), we show that
for every pair(P, L) € I1, if LR wrapperW = (¢1,r1, ..., Lk, rx) satisfiesW(P) = L,

11Recall from Section 2 thaE is the alphabet from which pages are composed,&imithe set of all labels.
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TI(HOCLRT) TI(OCLR)

1,3,4,5,8, 10,
13, 15, 19, 20, 22,
23,25,27,30

,6,7,9,11,16, 17,
18, 21, 24, 26, 29

2,6,9,11, 16, 21, 24, 26, 29

(b)

Fig. 17. The relative expressiveness of (a) LR, HLRT, OCLR and HOCLRT; and (b) LR, HLRT, N-LR and
N-HLRT. Regions labeled? (V) indicate the subset of the resource spatcéhat can be wrapped by clasy,
and integers indicate the location fih of the surveyed sites listed in Fig. 14.

then OCLR wrappeW’ = ({1, ¢, £1,71, ..., Lk, rg) satisfiesW’(P) = L (whereg is the
empty string), thereby establishing that{LR) c IT(OCLR). To see this, note that if an
OCLR wrapper has = ¢1 andc = ¢, thenexecocLr reduces texec r. (End of Theo-
rem 1 proof sketch; see [50] for details.)D

One possibly counterintuitive implication of Theorem 1 is that the LR class is not
subsumed by the HLRT class. For example, site 28 can be handled by LR but not HLRT.
One might expect that an HLRT wrapper can always be constructed to mimic the behavior
of any given LR wrapper. To do so, the head delimiter can simply be set to the empty string.
However, the tail delimiter must be set some non-empty page fragment, and in general such
a delimiter might not exist. For similar reasons, the OCLR wrapper class is not subsumed
by the HOCLRT class. One could simplify these results by defining wrapper classes that
allow an “artificial” end-of-file value for the tail delimiter.

Note that Theorem 1 is a formal rather than an empirical assertion. In practice, some
of the expressiveness differences are more significant than others. For example, according
to Theorem 1, there exists sites that can only be wrapped by HOCLRT, but our survey
did not reveal any. To shed light on the empirical relevance of Theorem 1, Fig. 17
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indicates the location il of each surveyed site. For example, site 28 is a member of
IT(LR) \ IT(HOCLRYT) in (a), and(IT(LR) N IT(N-LR)) \ IT(HLRT) in (b), because it can

be handled by LR, OCLR and N-LR, but none of the other three classes (see line 28 of
Fig. 15).

As described earlier, one major gap is that the surveyed sites do not illustrate the
expressiveness differences between LR and OCLR, or between HLRT and HOCLRT. We
conclude that, while interesting from a theoretical perspective, the “OC” functionality has
modest practical significance. For the nested classes (N-LR and N-HLRT), the surveyed
sites are distributed in most of the regions in Fig. 17.

6. Efficiency

In the previous section, we discussed the expressiveness of our six wrapper classes. Our
main empirical result is that, while some fare better than others, most of the classes can
handle numerous actual Internet sites. We now discuss efficiency: can wrapper induction
be performed quickly? We divide our evaluation into two parts.

First (Section 6.1), we analyze the number of examples required for effective learning.
If our system were to require thousands of examples before it could identify the correct
wrapper, then it would be useless in practice. To summarize our results, we find that, on
the contrary, a handful of examples usually suffice.

Second (Section 6.2), we analyze the computation required to learn from these examples.
If our system were to require days of CPU time to process the examples, then it would be
impractical, even if relatively few examples are needed for correct generalization. Looking
ahead to our results, we find that in most cases our implementation requires a fraction of a
CPU second per example.

6.1. Sample cost

The input to the learning algorithmsarnyy, is a set€ of examples. Each example
(P,, L) € £ consumes various resources: pagemust be fetched over the network and
stored locally, and labdl,, must be generated, which might require substantial processing
time and consultation with a persdf. Thus network bandwidth, processor time, memory,
and human intervention are all consumed&yfFor simplicity, we ignore these details,
and simply count&|, the number of training examples. Intuitively, & increases, the
wrapper output byearmy (€) should be increasingly likely to be correct. We have used a
combination of empirical and analytical techniques to determine how |&tgeust be for
satisfactory performance.

6.1.1. Empirical results: Number of examples required
We have implemented tHearny, algorithm for all six wrapper classé's. Our goal is
to determine the minimum sample siz& needed for effective generalization. We ran

12\\e have also investigated techniques for automatically labeled pages [50, Chapter 6].
Bwe implemented our system in Common Lisp on a 233 MHz Pentium I, with relatively little attention paid
to optimizations.
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our learning algorithm on the 30 sites in Fig. 14. For each site, we gathered a set of
examples, and then split the examples into training and test sets. 65% of the collected
examples were (potentially) used for training and the remaining 35% were used for testing;
the samples were re-split randomly for each trial. We gave our learning algorithms one
example from the training set, then two examples, then three, and so on, stopping when the
learned wrapper performed perfectly on the test set. This process was repeated 30 times
per site/class pair.

Our results are listed in Fig. 18. As with Fig. 15¢™indicates that the given class can
not wrap the given site. For the remaining site/class combinations, we list the number of
examples needed to learn a wrapper that performed perfectly on the test pages. We find
that 2—3 examples suffice in most cases.

Some cells not markedx” contain only “,/” instead of a page count—two sites for
HOCLRT, and all sites for N-LR and N-HLRT. As with Fig. 15/ indicates that the class
can handle the site. However, our implementatiolearn,y, requires more than 15 minutes
of CPU time, making it infeasible to run the full experiment. We discuss the complexity of
our learning algorithms in Section 6.2.

6.1.2. Formal results: PAC model

Our experimental results demonstrate that in practice relatively few examples are needed
to learn a high-quality wrapper. These experiments can be thought of as an empirical
investigation of our task’sample complexitythe number of examples needed to perform a
particular learning task to some specified criterion. We have also pursued a more theoretical
investigation of our task’s sample complexity. In this section we descripeobably
approximately correctmodel of our wrapper induction problem; see [7] for a survey of
the relevant literature. The PAC model gives a bound on the number of examples required
to ensure (with probability exceeding a user-specified threshold) that the learned wrapper
is wrong only rarely (with probability bounded by a second user-specified threshold).

The PAC model is based on the assumption that the pages—both the training and test
pages—are drawn from a stationary though arbitrary and unknown probability distribution
D. The wrapper induction task for cla3¥ is to identify thetarget wrapperWy € W,
givenaset ={..., (P, L), ...} ofexamples. Conceptuallg,is generated by repeatedly
drawing a pageP, according to distributiorD, and obtaining the labdl,, that W would
generate forP,. As is standard in supervised learning, we assume that the learner can
accesIr only indirectly, via arnoraclefrom which the labels are obtained.

To learn a wrapper in clasgV, we provide& to our learmy procedure, obtaining
wrapperW € W as output, and we wan¥ to approximatéV;. How should we compare
W and Wr? ldeally, W = Wr, though in general we can not guarantee this. The PAC
model compare$V and Wy based onW'’s error. The errorerror(W) of W is defined
as the probability of observing an example pagerawn from distributionD such that
W(P) # Wr(P):

error(W) = Prpep[W(P) # Wr(P)].

Notice that (as expectedjror(Wr) = 0. Also, whileerror(W) is implicitly a function of
D andWr, to simplify the notation we do not indicate this dependence explicitly.
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site LR HLRT OCLR HOCLRT N-LR N-HLRT
1 2.0 2.0 2.0 2.0 X X
2 X X X X X X
3 2.0 2.0 2.0 2.0 X X
4 2.0 2.0 2.0 2.0 J J
5 2.0 2.2 2.0 2.1 X J
6 X X
7 X X X J
8 2.0 4.4 2.0 4.6 X J
9 X X X X X
10 4.4 5.7 3.9 4.1 X X
11 X X X X
12 2.0 2.0 X J
13 2.0 2.0 2.0 2.0 X X
14 X 7.0 X 9.0 X J
15 2.0 2.0 2.0 2.0 X J
16 X X X
17 X X J
18 X X J
19 2.0 2.0 2.0 J J J
20 2.0 2.0 2.0 2.0 J J
21 X X X X X X
22 2.0 2.0 2.0 2.0 X J
23 2.0 2.0 3.1 J X J
24 X X X X X X
25 2.0 2.0 2.0 2.0 X J
26 X X X X X X
27 2.0 2.0 2.0 2.0 X J
28 2.0 2.0 J X
29 X X X X
30 6.6 6.4 53 6.2 X X
mean 2.4 29 2.4 3.1
median 2.0 2.0 2.0 2.0

mean of mean2.7
mean of median2.0

Fig. 18. The number of examples required to learn a wrapper that performs perfectly on the test pages.

The PAC model treat® as a good approximation t&7 to the extent thagrror(W)
approaches zero. Specifically, we assume a user-su@dmdacyparameter O< ¢ < 1,
and we want to ensure thatror(W) < ¢, no matter how close is to zero.

In general we can not guarantee that this relationship will hold, because the ex&@mples
might be misleading. The best we can do is to make the probability that the error is small be
as close to one as requested. A secafidbility parameter G< § < 1 serves this purpose.
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The PAC model demands that, for any values ahdé, the learner will (with probability
at least 1 §) output a wrappeW satisfyingerror(W) < e.

How will the learner satisfy this criterion? The idea is that the learner can request a
sample of a given size—i.e., it has control o\&|. Presumably, the learner would request
more examples asandé approach zero. Naturally, the learner has no acceB&tor D
when deciding how many examples to request.

The PAC model for a particular wrapper clas$&sthus boils down to the following
analysis: determine the numbiéh such that, for any distributiof®, any target wrapper
Wr e W, and any O< ¢, § < 1, if our learnyy algorithm is provided with€| examples and
returns a wrappeWw, then we have tharror(W) < ¢ with probability at least + §—in
short,W is probably approximately correct.

To develop a PAC model of our wrapper induction task, we begin with the well-known
PAC bound for the case in which there are a finite number of possible targets. It is
straightforward to show that ifV has finite cardinality, and wrapp& € V¥V agrees with
the target wrapper off| examples (i.e.W(P,) = L, = Wr(P,) for all (P,,L,) € &),
then the chance thatror(W) > ¢ is at mostjW|(1 — ¢)/¢!. The learning algorithm can
thus satisfy the PAC criterion by ensuring thigt| (1 — £)/¢! < 5, which is easily shown to
be satisfied for

|5|>%(In|W|—In8). (3)

What is W], for each of our six classes? Since a wrapper is just a vector of arbitrary
strings, there are an infinite number of wrappers in each class. However, after observing
just a single example, the number of “feasible” wrappers becomes finite; for example, at
the very least every delimiter must be a substring of this first example.

Consider first the LR class. We can boufldR| as follows. The set of wrappers
considered byearn r (Fig. 4) is the cross product of each delimiter's candidate set. The
candidates fot; are generated by tleands; subroutine, and,’s candidates are generated
by cands,. We can boundcands, (k, £)| and |cands, (k, £)| in terms of R = min, | P,|,
the length of the shortest exampl®R.is an upper bound on botfrtands, (k, £)| and
|cands, (k, £)|, for each value ok. To see this, note that the candidates fprare the
suffixes of the shortest string occurring immediately prior to an instance éflhegtribute
(see lineii] in Fig. 4), and since this shortest string has length at niRgshere can be at
mostR such candidates. A similar argument applies to eaciherefore we have that:

K K K K
ILR| = l_[ |cand3g(k,5)| X l_[ |cands,(k,5)| < l_[ R x l_[ R = R,
k=1 k=1 k=1 k=1
Substituting this bound ofLR| for |[W] in Eq. (3), we arrive at the PAC model for the
LR class. To satisfy the PAC criteriolearn g must examine at leagf| examples, where:
1 1 1
I€] = =(In|LR| —In8) < =(INR* —In8) = = (2K InR — Ins).
& & &
Itis straightforward to extend these ideas to the other six wrapper classes. The number of
wrappers in each class can be calculated by multiplying together the number of candidates
for each of the class’s delimiters. We have seen that the number of candidates féy each
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andry is simply R. There areR (R — 1) /2 substrings of a string of length. Therefore there
areR(R — 1)/2 candidates for each &f ¢, o andc, since can be an arbitrary substring of
the shortest page. Thus we have that

LR}, IN-LR| < R?¥,

R(R—1)\* RK+2
|HLRT|,|OCLR|,|N—HLRT|<R2K< (2 )) =— (R* —2R +1),
R(R -1 4 R2K+4
|H0CLRT|<R2K( (2 )) =~ (R*—4R3+ 6R? — 4R + 1).

To conclude the development of our PAC model for the six classes, we can substitute each
of these bounds opV| into Eq. (3), thereby proving the following theorem.

Theorem 2. Suppose we give the learning algorittearnyy, (for any of our six wrapper
classesW) a setf ={..., (P,, L,), ...} of examples, and it returns a wrapp® € V.
For any distributionD, for any values 00 < ¢, § < 1, and for any targetV; € W, if ||
satisfies the following condition

Wrapper clasges Sample complexity
LR, N-LR 1€l > 12K InR ~1In3)
HLRT, OCLR, N-HLRT €] > 1((2K +2)InR +In(R? - 2R + 1) — In(48))
HOCLRT 1€l > 12K +4)InR +In(R* — 4R® + 6R? — 4R + 1) — In(165))

(whereR = min, | P,|), then the probability thagrror(W) < ¢ is at leastl — §.

For example, if there arE = 4 attributes per tuple, the shortest example page has length
R = 10,000, ands = § = 1/20, then thdearn)y algorithms must examine at least the
following number of examples to satisfy the PAC criterion:

Wrapper class(es) Predicted minimum sample size
LR, N-LR €] > 1534
HLRT, OCLR, N-HLRT |E] > 2243
HOCLRT |E] > 2952

Compared to our empirical results in the previous section, our PAC bounds appear to
be too loose by about two orders of magnitude. We have investigated a variety of ways to
tighten these bounds [50]. For example, we have shown that an HLRT, OCLR or N-HLRT
wrapper is PAC if:

M 3rp_ 1\2 I€]
(4K—2)<1 £ ) LRER-D <1—5> <5,

4K -2 4 2

whereM =), |L,| is the total number of tuples across the example§.itUsing the
above parameters, and assuming an average of 5 tuples per example (Hot|),

the model predicts that 898 examples are required, a 60% savings. This bound is still very
loose, and we leave the problem of tightening it further to future work.
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6.2. Induction cost

Our evaluation of the sample cost of wrapper induction reveals that relatively few
examples are needed in practice for effective learning. But a learning system that processes
examples slowly will still perform poorly, even if few examples are required. Thus are we
also analyze the cost of processing the examples.

In this section, we begin with empirical evidence that our system usually runs quite
quickly, and then provide complexity analyses of our learning algorithms.

6.2.1. Empirical results: Per-example processing time

We used the experimental approach described in Sections 5.1 and 6.1.1 to measure the
per-example processing cost. To review, for each of the thirty Internet sites that can be
handled by each wrapper class, we give our system one example, then two, etc., until it
generates a wrapper that performs perfectly on a suite of test pages.

Fig. 19 lists the number of CPU seconds per example required to learn a wrapper in
this experiment. As in Fig. 18, our system sometimes runs very slowly (more than 15
CPU minutes); these cases are listed a900”. We also listed the means and medians
for each class. Across all sites and wrapper classes, the median time per example is 0.58
CPU seconds, though the mean figure of 40.8 more accurately reflects the fact that the
learning algorithms occasionally run very slowly. Our complexity results in Section 6.2.2
describe the parameters on which the algorithms’ running times depend. (When calculating
the means for HOCLRT, we use the value 900 seconds for sites 19 and 23, so the “true”
mean is actually greater than the reported values. Also, these statistics are not calculated
for N-LR and N-HLRT since they would be meaningless.)

We have reported the CPU tinper exampldecause the number of examples required
depends on the site. The total CPU time can be obtained by simply multiplying the
corresponding cells in Figs. 18 and 19. The results are as follows (times are in CPU
seconds):

e minimum total time: 0.04,

e maximum total time: 2779,

e mean total time: 144.5,

e median total time: 0.74.

6.2.2. Formal results: Complexity analysis

Our empirical results suggest that our wrapper induction algorithms usually run quite
quickly, often consuming just a fraction of a CPU second per example. To get a
deeper understanding of these results—and particularly to understand why the algorithms
occasionally run very slowly—we have also investigated the computational complexity the
learnyy, algorithms.

LetE ={...,(P,, Ly),...} be aset of examples. We are interested in a bound on the
time to executdearnyy, (£). Our analysis is stated in terms of the following parametéis:
(the number of examplesk (the number of attributes per tuplé)y, =", |L,| (the total
number of tuples in the examples), avid= max, | P, | (the length of the longest example).



site LR HLRT OCLR HOCLRT N-LR N-HLRT
1 0.10 0.26 0.11 0.25 X X

2 X X X X X X

3 0.14 3.00 0.19 2.72 X X

4 0.02 3.63 0.04 107 >900 >900
5 0.03 1.94 0.05 2.09 >900
6 X X X X X X

7 X X X X X >900
8 0.10 113 0.32 26.7 X >900
9 X X X X X X
10 0.14 0.98 0.20 1.07 X X
11 X X X X X X
12 X 0.33 X 0.36 X >900
13 0.13 1.23 0.19 1.19 X X
14 X 397 X 277 X >900
15 0.02 0.04 0.03 0.04 X >900
16 X X X X X X
17 X X X X X >900
18 X X X X X >900
19 0.04 0.91 0.06 >900 >900 >900
20 0.05 0.08 0.08 0.09 >900 >900
21 X X X X X X
22 0.10 0.60 0.26 0.66 X >900
23 0.13 0.37 0.18 >900 X >900
24 X X X X X X
25 0.02 0.09 0.3 0.9 X >900
26 X X X X X X
27 0.05 11.8 0.23 11.4 X >900
28 0.26 X 0.28 X >900 X
29 X X X X X X
30 0.01 0.01 0.01 0.01 X X
mean 0.08 315 0.14 131.3

median 0.08 0.91 0.12 1.19
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mean of means10.8
mean of median€).58

Fig. 19. The number of CPU seconds per example required for learning, for each class that can handle each site.

Consider first the LR class. We will derive the complexityledrn g in a bottom-up
fashion, reasoning about the complexity of the algorithm’s subroutines and then composing

these results to obtain thearn r’s overall complexity.

We begin with the lowest-level subroutinestribs, seps, heads, tails andneighbors, .
attribs andseps both run in time @QM), since they involve iterating over every example
tuple.heads andtails both run in time Q|£)), since there is one head and tail per example.
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Theneighbors, subroutines invokeeps, tails andheads in turn, and therefore runs in time
OM + ).

The cands, subroutines enumerate the suffixes (or prefixes) of the shortest of the
O(M + |E|) strings returned byeighbors, . Since each candidate has lengttV®, we
have thatands, runsintime QM + || + V).

Thevalid, subroutines search for delimiter candidates in the strings returnealidy
attribs, andneighbors, . Since the candidates and strings being searched all have length
bounded by, each such search can be performed in ting€ Yusing efficient techniques
[47]. Therefore the overall complexity of thalid, subroutinesis OV (M + |£])).

Finally, we are in a position to evaluate the overall complexitieafn r. This learning
algorithm first learns the left-hand delimiters and then the right-hand delimiters. To
learn each of thek delimiters of each kindlearn_ R tests the candidates generated by
cands, usingvalid,. Since there are @1 + |£| 4+ V) candidates for each delimiter, and
since each call twalid, takes time QV (M + |£|)), we have thatearn g takes time
OK (M + |E| + VIV (M + |E])) = O(K M?|E|2V?).

The results of such an analysis for the other three tabular classes (HLRT, OCLR and
HOCLRT) are similar. Learning these classes is harder, since their learning algorithms use
nested loops to search for a satisfactory combination of candidatés,far 7, o andc.

The nested classes (N-LR and N-HLRT) have the worst complexity, since their learning
algorithms have a deeply nested loop structure.

Theorem 3. The invocatioriearnyy () takes time that grows as follows

Wrapper class  Complexity

LR O(K M2|£)2V2)
HLRT O(K M2|E14V )
OCLR OK M*E12V®)
HOCLRT OK M4 E*V10)
N-LR O(M2K |g|2K+1y2K+2,
N-HLRT O(M2K+2g|2K+3 /2K +4)

whereV =max, |P,|, M =), |L,|, and each tuple containk attributes.

These results are mildly encouraging: the tabular classes can all be learned in polynomial
time. MoreoverKK is usually relatively small. Thus the exponential results for the nested
classes are somewhat attenuated.

Nevertheless, the degrees of the polynomials are fairly ominous: a degree-ten polyno-
mial is unlikely to be useful in practice, even if the parameters are fairly small. Moreover,
the parameters angot normally small; e.g., in our experimentg, ranges from 899 to
57,116 characters. It is therefore not surprising that in some cases (two sites for HOCLRT,
and all sites for N-LR and N-HLRT) our algorithm runs so slowly.

Perhaps a more pressing question is why our systeenruns quickly. The answer
is that there are usually many satisfactory wrappers for a given site: the search space
is large, but densely filled with goal states. For example, for siteatp r explores
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a space containing 63,680,400 potential wrappers, of which 9,192,960 (14%) are valid.
An interesting direction of future work would be to develop search heuristics for this
space.

7. Corroboration

The learning algorithms described in Sections 3 and 4 are steps toward our goal of
automatic wrapper construction, but tkebeling problem[27] remains: our learning
algorithms require not just the example pages (e.g., Fig. 1(c)) but also a description of
the information to be extracted (Fig. 1(d)).

So far, we have assumed that a person labels the examples. This approach reduces the
task of hand-coding a wrapper to the task of hand-labeling a set of examples. This reduction
might make the person’s job much easier, as he can focus on the attributes to be extracted
rather than low-level HTML-specific details. Nevertheless, since our goal is to automate the
wrapper construction task, we have also explored ways to automatically label the examples.

To address this issue, we have developed a technique for automatically labeling
example documents [50, Chapter 6]. Quarroborationalgorithm takes as input as set
of recognizersdomain-specific heuristics for identifying instances of the attributes to be
extracted. In the country/code example, our system would take as input procedures for
recognizing the instances of countrie€¢ngo’, ‘ Egypt ’, etc.) and the codesZ42’,

‘20’, etc.).

The required recognition heuristics might be very primitive—e.g., using the regular
expression [1-9][0-9]+ ' to identify country codes. At the other extreme, recogni-
tion might require natural language processing, or the querying of other information
resources—e.g., asking an already-wrapped resource to determine whether a particular text
fragment is a person’s name.

Once the instances of each attribute have been identified, corroboration involves
combining the results for the entire page. If the recognition heuristics are perfect, then
this integration step is trivial. Note, though, that perfect recognizers do not obviate the
need for wrapper induction, because while the recognizers might be perfect, they might
also be very slow and thus be unable to deliver the fast performance required for an on-line
information-integration system.

An important feature of our corroboration system is that it can handle recognized
mistakes. For example, the country recognizer might find some text fragments that are
not in fact countries (i.e., it might exhibit false positives), or it might ignore some countries
(false negatives). Our corroboration algorithm can make use of recognizers even when they
make such mistakes. Specifically, the algorithm requires at least one correct recognizer, and
also that each recognizer exhibits false positives or false negatives, but not both.

To handle noisy recognizers, our corroboration algorithm computes a set of labels that
are consistent with the recognized instances. The algorithm uses the required perfect
recognizer as an “anchor” to detect false positives. For example, suppose the country
recognizer is correct, but the country-code recognizer makes false positives. If the country
recognizer reports that there are two countries at indices 10-20 and 30-40, while the
country-code recognizer reports three codes at indices 5-8, 25-28 and 45-48, then the
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corroboration algorithm can discard the code at 5-8: it must be a false positive because it
implies a country before 5, but the country recognizer does not make mistakes.

While in this example the correct label can be recovered, in other situations the
recognized instances are inherently ambiguous. For example, if the code recognizer
reported codes at 25-28, 45-48 and 50-55, then the corroboration algorithm concludes
that 25-28, an@ither 45—-48or 50-55, are correct. When faced with such ambiguity, the
corroboration algorithm generates a set of labels, one for each way to select one instance
from each ambiguous set.

While false positives lead to multiple consistent labels, false negatives result in “holes”
in a label. If the code recognizer produced false negatives, then it might report just a single
code 25-28. In this case, the corroboration algorithm determines that code 25-28 must
correspond to country 10—20 (since 2@5 < 28 < 40). However, the algorithm can find
no code corresponding to country 30—40, and so simply leaves the corresponding label
cell empty. Such empty cells result in fewer training examples during learning, but our
experiments demonstrate that the number of additional training documents required scales
well the the rate of false negatives.

Finally, our corroboration algorithm is not given as input the order in which the attributes
occur; the algorithm repeats the above process for all attribute orderings.

The output of the corroboration algorithm is a set of labels, each consistent with the
recognized instances, but only one of which is correct. To learn a wrapper from a set of
examples, the corroboration algorithm is invoked one each example, resulting in a set of
candidate labels for each example. The next step is to select one label for each example. To
do so we exploit an additional heuristic: the correct labels must not only be consistent with
the recognized instances, but also there must exist a wrapper that can correctly extracted
the given labels. For example, if one of the candidate labels involves (incorrectly) marking
both ‘Congo</ "and ‘Ireland '’ as countries, then the learning algorithm will be unable
to find a validr1 delimiter, because; must be a prefix of bothB>...” (the text after
‘Congo</ ")and ‘</B> .-’ (the text after Ireland '), but these strings have no common
prefix. In principle it is possible that a label is incorrect and yet there exists a wrapper that
can extract this invalid content, but in our experiments this rarely happens.

In [50, Chapter 6] we describe our corroboration algorithm in detail, and demonstrate
empirically that our wrapper induction approach scales well, even when all but one of the
recognizers make up to 40% errors. In some domain-specific it can be difficult to develop
recognizer heuristics that make only one-sided errors. Nevertheless, we conclude that our
corroboration algorithm represents interesting progress toward the goal of fully-automatic
wrapper induction.

8. Related work

Our approach to automatic wrapper construction draws on ideas from numerous research
areas. After briefly discussing systems that use wrappers, and work on learning models of
information sources, we discuss research on trainable information extraction systems, of
which our wrapper induction technique is an instance.
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Systems that use wrappersOur concern with wrappers is motivated by the diverse
research on software agents (e.g., [14,29]) and information integration (e.g., [38,44,54,
75]). We were strongly influenced by the University of Washington “Softbot” project
[23,26,30,66,67]; related projects includ®IADNE [46], CARNOT [21], DIScO [32],
GARLIC [18], HERMES[2], the Information Manifold [55],rsIiMMIS [19], FUSION [68],
BargainFinder [49], and the Knowledge Broker [4]. The details vary widely, but these
systems all need a library of wrappers for accessing the information sources they exploit.

There has been substantial research on specialized programming languages and
graphical user interfaces to assist in manually writing such wrappers [3,25,37,39,42,63,
69]. These projects rely on humans rather than learning techniques to generate wrappers.
We see wrapper induction as a complementary effort: current wrapper induction algorithms
generate wrappers expressible in subsets of these languages, and an important direction for
future work is to learn more expressive subsets.

Emerging standards such as XML will simplify the extraction of structured information
from heterogeneous sources. However, few sites currently use such standards, and legacy
data will be with us for years. Moreover, XML forces information consumers to accept the
ontological decisions of the data exporters. For example, integration is difficult if one site
splits people’s names into first and last names, while another combines them. We conclude
that the thorny problem of wrapper construction and maintenance will remain for some
time. On the other hand, XML is an ideal mechanism for standardizing wrapper outputs.
Furthermore, as Knoblock and Minton observed [54], wrapper induction algorithms may
be able to use XML as a source of supervised training data.

Learning models of information sourcesWrapper induction is one aspect of the larger
problem of learning models of information sources; examples incirgtePBOoTandILA .
SHOPBOT [23] uses HTML-specific heuristics to learn how to pose queries to on-line
product catalogssHoOPBOTalso uses heuristics to extract particular pieces of information,
such as product prices. ILA [61] learns an information source’s schema in terms of
its background knowledge. Suppose ILA knows tleatail(Jane) = jane@z.com ,
email(Fred ) = fred@z.com , secretary(Jane) = Fred , office(Fred ) = Rm29 and
phone(Rm29 = 567-9876 . ILA can learn about a site by querying wittane ; if it
observes(Jane , fred@z.com , 567-9876 ), ILA hypothesizes that the site returns
tuples of the formperson email(secretary(person), phone(office(person)).

Trainable information extraction systemslnformation extraction (IE) is the task of
identifying fragments in a document that constitute its core semantic content; see [22,40]
for surveys. The key challenge to IE is scalability, the capacity to rapidly reconfigure an
IE system as new information sources become available, or existing sources change their
format or disappear. Currentwork in scalable |IE systems has focused on the use of machine
learning techniques to automatically acquire and maintain domain-specific extraction
knowledge. A wrapper is thus a special-purpose |IE system designed for documents from
a particular Internet site, and wrapper induction is a machine learning technique for
maintaining wrapper libraries in a scalable fashion.

There has been substantial work on trainable |E systems in recent years. This research
has tended to be split between two communities: the natural language processing
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community has focused on free text [16,43,62,72], while the information integration and
software agent communities have focused on structured Internet documents [9,11,41,52,
60]. This distinction has started to blur, as researchers have started to evaluate their systems
on both structured and natural text [33,70,71]. We now discuss these systems in more detail,
roughly in order from Internet-specific to free-text systems.

Ashish and Knoblock [9] describe a semi-automatic technique for wrapper induction
that uses HTML-specific heuristics to generate plausible segmentations of a document,
and plausible items for extraction within a segment. After a human corrects the choices
if necessary, they are compiled into N-HLRT-like wrappers, where the delimiters can be
regular expressions instead of constants; these regular expressions imported from the hand-
coded heuristics rather than learned.

Hsu and Dung [41] presentd&TMEALY. Their wrapper language is more expressive
than HOCLRT, allowing

(1) disjunction (attribute edges can be delimited by more than one delimiter, whereas

we assume exactly one delimiter per attribute edge);

(2) multiple attribute orders within tuples;

(3) missing attributes; and

(4) extraction to be driven by features of the candidate for extraction (e.g., “extract

starting at the nexB>' if the next word is capitalized”).
Hsu and Dung report thatt3 TMEALY can wrap the 30% of the sites surveyed in Section
5.1 that our six classes can not handle [41].

Muslea et al. [60] describe TALKER, an algorithm for learning a wrapper language
that, like SSFTMEALY, allows disjunction and reordered or missing attributes. The main
contribution of Muslea et al. is that their language permits an arbitrary sequence of
“landmarks” (e.g., “extract at the firskB>’ following the next ‘<HR=> ). This feature
can be thought of as a generalization of the “OC” and “HL” functionality we describe. In
an empirical comparison, Muslea et al. report thedLKER is 4-fold slowenearny g for
one domain, 12-fold faster in a second, and our six classes are not expressive enough to
handle several other domains [60].

The previous systems all take advantage of HTML annotations by, for example, using
HTML tags as delimiters or landmarks. However, our system and several others do not
depend on HTML; they will learn a non-HTML delimiter as long as it reliably identifies
the items to be extracted. In contrast, Bauer and Dengler [11] descril#es] a wrapper
induction system that relies more heavily on HTML. Wrappers in their language operate
directly on a document’'s HTML parse tree. The advantagerdfAE is that it can be less
sensitive to changes in document formatting outside the relevant fragments of the parse
tree; the disadvantage is that the techniques are inapplicable to non-HTML documents.
For example, RIA s can not handle the document in Fig. 11, since it does not contain
HTML tags.

The systems discussed so far create wrappers in specialized wrapper languages. The LR
wrapper class, for example, corresponds to all ways to instantiaex¢hegz “template”.

An alternative is to encode documents in a first-order relational representation, and use
inductive logic programming to learn wrappers corresponding to arbitrary first-order

theories over the representation. These techniques have arisen mainly in the natural
language processing community, because wrappers for free-text documents often must rely
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on complex chains of relationships between tokens. In practice, a completely general ILP
approach is infeasible, so researchers have investigated a variety of special cases.

e Freitag [33,34] describes theRv system.SRV'S representation “simulates” a
document’s token sequence—i.e., rules can be triggered by the token that occurs
before or after a given token, and these conditions can be chained arbitsasily.
also encodes “low-level” features (e.g., whether a token is capitalized or contains
numbers), and a set of domain-specific features for handling HTML t&xt.
searches for rules in a top-down fashion, gradually adding constraints to rules that
are maximally general. Freitag has also shown that performance improveswhen
is combined with other learning algorithms in a “multistrategy learning” approach
[35].

e Soderland [72] describesrYSTAL, which learns information extraction rules trig-
gered by part-of-speech and lexical informatiGRrYSTAL uses a bottom-up search,
gradually relaxing rules that are maximally specific. Soderland later developed
FOOT [70], an extension ta&RYSTAL for structured HTML documentsvEBFOOT
that uses hand-coded heuristics to partition HTML documents into sentence-like seg-
ments.

e Califf and Mooney [16,17] describrAPIER. Like CRYSTAL, RAPIER uses part-of-
speech and lexical information, thoughPIER searches for extraction rules in a bi-
directional fashion.

Soderland [71] describesHIsK, which learns to extract from documents with varying
degrees of structure—grammatical text, telegraphic or ungrammatical text (e.g., weather
reports or apartment listings), and highly structured text with HTML annotations (e.g., the
sort of documents we used to evaluate our syst&r)sk’s learned rules correspond to a
restricted class of regular expressions; such rules are more expressive than the six wrapper
classes we have described, and less expressive than the relational rules leasmred by
CRYSTAL andRAPIER. The main weakness ofHISK is that it operates only on a single
sentence or segment at a time, and so its extraction decisions are based on a limited context.
Soderland demonstratesiisk handling a site that HLRT can wrap, but notes tvati Sk
runs slower thairearny gt On this problem because its search space is much larger [71].

WEBFOOT, SRV and WHISK suggest that a trainable information extraction systems
need not be confined to one sort of document, such as grammatical text or rigidly
structured HTML text. Rather, trainable |IE systems can gain leverage from the regularities
that happen to correctly indicate the fragments to be extracted in a particular domain,
whether these regularities arise from “low-level” features (e.g., constant delimiters or
landmarks, or capitalization information) or “linguistic” features (e.g., part-of-speech or
lexical information).

Finally, our work is related to the literature on grammar induction (e.g., [6]). For
each wrapper clasg), the exec)y procedure uses a finite amount of state for parsing,
augmented with additional book-keeping state for storing the extracted information.
Though unbounded, this book-keeping state is distinct from the state used for parsing,
and thus our wrappers are formally equivalent to regular grammars. However, we can not
use existing grammar induction algorithms, because our wrappers are used for parsing, not
just classification. They can not simply examine a query response and confirm that it came
from a particular site. Rather, a specific sort of examination must occur; namely, one that
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involves scanning the page so as to identify the fragments to be extracted. We therefore

require that the learned grammar have a particular structure. Learning algorithms have

been developed for several classes of regular grammars (e.g., reversible grammars [5]), but
we do not know of algorithms that deliver the particular state topology we require.

9. Discussion and future work

In this article, we have introduced wrapper induction, a technique for automatically con-
structing the information-extraction procedures required by many kinds of information-
manipulation systems. Our work can be summarized in terms of our two main contribu-
tions.

e First, we posed the task of automatic wrapper construction as one of inductive learn-
ing, where instances correspond to pages, labels correspond to the pages’ content,
and hypotheses correspond to wrappers. A learning approach is crucial to maintain-
ing large wrapper libraries for the Internet, since new sources continually appear, and
existing sources disappear or regularly change their formatting conventions. We have
identified several wrapper classes that are reasonably useful, but that can usually be
learned relatively quickly.

e Second, using a combination of empirical and analytic techniques, we explored
the computational tradeoffs between the classes. Our evaluation revealed several
subtleties regarding the expressiveness and efficiency of our classes.

While the six wrapper classes we identified (particularly HLRT) are interesting in their
own right, our main motivation has been not to propose a definitive wrapper language, but
rather to develop a framework within which to investigate the wrapper induction problem.

From our experience with the six wrapper classes, we can make two general conclusions
about families of related wrapper classes. First, one should not underestimate the
effectiveness of very simple classes. LR, for example, can be learned quickly from few
examples, and yet can handle some sites (e.g., site 28 in Fig. 15) that defeat more
sophisticated classes such as HLRT, HOCLRT and N-HOCLRT. A second conclusion is
that even simple extensions can have dramatic computational results. For example, LR can
be learned in timeéndependenof the number of attributeX’, while our N-LR learning
algorithms runs in timexponentialn K.

We are currently investigating several extensions to the techniques described in this
article. Our results for the LR, HLRT, OCLR and HOCLRT classes are fairly satisfying,
but N-LR and N-HLRT fare less well. While they represent an interesting first step, these
classes do not provide the functionality needed to handle some kinds of nested documents,
and they are very hard to learn. We are investigating further variants of the LR class in
order to further explore the tradeoffs between expressiveness and efficiency.

We are also examining ways to speed up the six learning algorithms. While our
empirical results are satisfactory for LR and OCLR, our HLRT and HOCLRT algorithms
occasionally run very slowly. One possibility is to develop heuristics to speed search in
the enormous space of potential wrappers. The constraint satisfaction literature may well
provide useful ideas for eliminating large portions of this space.
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Our PAC models are clearly too loose, and tightening the models would be an interesting
direction for future work. Note that the models makes worst-case assumptions about the
learning task. Specifically, they assume that the distribufloover examples is arbitrary.

A standard technique for tightening a PAC model is to assuméXtlinets certain properties
[10,12]. Shuurmans and Greiner [64] suggest another strategy: by replacing the “batch”
model on inductive learning with a “sequential” model in which the PAC-theoretic analysis

is repeated as each example is observed, many fewer examples are predicted. It would be
interesting to apply these approaches to our task.

Finally, we have focused exclusively on extraction, but “industrial-strength” wrappers
must deal with a host of complications, such as caching, parallel network access, transient
network faults, and incremental extraction as documents arrive over the network. From
a research perspective, one of the most interesting challenges is that existing wrapper
induction systems ignores the fact that the formatting conventions on which wrappers rely
can change unexpectedly. The implicit strategy is to learn a new wrapper from scratch,
rather than repair the broken wrapper. As a preliminary step to addressing this wrapper
maintenance task, we have investigated the problem of verifying whether a wrapper is
correct [51].
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