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Abstract

Information extraction is a form of shallow text processthgt locates a specified set of relevant
items in a natural-language document. Systems for thisreglire significant domain-specific
knowledge and are time-consuming and difficult to build bgdhanaking them a good application
for machine learning. We present an algorithmyFRER, that uses pairs of sample documents
and filled templates to induce pattern-match rules thatctiyreextract fillers for the slots in the
template. RPIER is a bottom-up learning algorithm that incorporates teghas from several
inductive logic programming systems. We have implemeniedatgorithm in a system that allows
patterns to have constraints on the words, part-of-spesggd) ind semantic classes present in the
filler and the surrounding text. We present encouraging expental results on two domains.

Keywords. Natural Language Processing, Information ExtractionaRehal Learning

1. Introduction

In the wake of the recent explosive growth in on-line text lomweb and in other places, has come
a need for systems to help people cope with the informatigotosion. A number of researchers
in language processing have begun to devéhdprmation extractionsystems: systems that pull
specific data items out of text documents.

Information extraction systems seem to be a promising wajetd with certain types of text
documents. However, a difficulty with information extraxctisystems is that they are difficult and
time-consuming to build, and they generally contain higiymain-specific components, making
porting to new domains also time-consuming. Thus, moreieffianeans for developing informa-
tion extraction systems are desirable.

This situation has made information extraction systemstaaciive application for machine
learning. Several researchers have begun to use learnitigpdssto aid in the construction of infor-
mation extraction systems (Soderland et al., 1995, Ril®93, Kim and Moldovan, 1995, Huffman,
1996). However, in these systems, learning is used for gartlarger information extraction sys-
tem. Our system RPIER (Robust Automated Production of Information Extractionld) learns
rules for the complete information extraction task, rulesdoicing the desired information pieces
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directly from the documents without prior parsing or any tpaocessing. We do this by using a
structured (relational) symbolic representation, ratten learning classifiers or rules developed
from general rule templates.

Using only a corpus of documents paired with filled templaisPIER learns Eliza-like pat-
terns (Weizenbaum, 1966). In the current implementatios patterns make use of limited syntactic
and semantic information, using freely available, robusiMdedge sources such as a part-of-speech
tagger or a lexicon. The rules built from these patterns @asicler an unbounded context, giving
them an advantage over more limited representations wiiakider only a fixed number of words.
This relatively rich representation requires a learningpathm capable of dealing with its com-
plexities. Therefore, RPIER employs a relational learning algorithm which uses techegfrom
several Inductive Logic Programming (ILP) systems (Lavaad DZeroski, 1994). These techniques
are appropriate because they were developed to work on aeietional representation (first-order
logic clauses). Our algorithm incorporates ideas from s\lEP systems, and consists primarily of
a specific to general (bottom-up) search. We show that legucan be used to build useful informa-
tion extraction rules, and that relational learning is meffective than learning using only simple
features and a fixed context. Simultaneous witPRR's development other learning systems have
recently been developed for this task which also use re@latitearning (Freitag, 2000, Soderland,
1999). Other recent approaches to this problem includegusaden Markov models (HMMs) (Fre-
itag and McCallum, 2000) and combining boosting with theresy of simpler “wrappers” (Freitag
and Kushmerick, 2000).

Experiments using RPIER were performed in two different domains. One of the domaias w
a set of computer-related job postings from Usenet newggtolihe utility of this domain is evi-
dent in the success of FlipDog, a job posting website (wwpdflig.com) developed by WhizBang!
(www.whizbanglabs.com) using information extractionheiques. It should be noted that our tem-
plate is both much more detailed than the one used for Flipihmbthat it is specific to computer-
related jobs. The second domain was a set of seminar annoenteompiled at Carnegie Mellon
University. The results were compared to the two other i@tal learners and to a Naive Bayes-
based system. The results are encouraging.

The remainder of the article is organized as follows. SecZpresents background material on
information extraction and relational learning. Sectiate3cribes RPIER'S rule representation and
learning algorithm. Section 4 presents and discusses iexpeatal results, including comparisons to
a simple Bayesian learner and two other relational learr@estion 5 suggests some directions for
future work. Section 6 describes some related work in apglyearning to information extraction,
and Section 7 presents our conclusions.

2. Background

This section provides background on the task of informagicinaction and on the relational learning
algorithms that are the most immediate predecessors okaunihg algorithm.

2.1 Information Extraction

Information extraction is a shallow form of natural langaaghderstanding useful for certain types
of document processing, which has been the focus of ARPAssige Understanding Conferences
(MUC) (Lehnert and Sundheim, 1991, DARPA, 1992, 1993). ligeful in situations where a set

of text documents exist containing information which cobkl more easily used by a human or
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Posting from Newsgroup

Subj ect: US- TN- SOFTWARE PROGRAMVER

Date: 17 Nov 1996 17:37:29 GMI

Organi zation: Reference. Com Posting Service
Message- | D: <56ni gp$nr s@i | bo. ref erence. conp

SOFTWARE PROGRAMMVER

Position available for Software Programmer experienced

in generating software for PC Based Voice Mail systens.
Experienced in C Programming. Mist be fanmiliar with
comuni cating with and controlling voice cards; preferable
Di al ogi ¢, however, experience with others such as Rhetorix
and Natural Mcrosystens is okay. Prefer 5 years or nore
experience with PC Based Voice Mail, but will consider as
little as 2 years. Need to find a Senior |evel person who
can cone on board and pick up code with very little training.
Present Operating Systemis DOS. My go to 052 or UNIX
in future.

Pl ease reply to:

Ki m Ander son

AdNET

(901) 458-2888 fax

ki mander @enphi sonl i ne. com

Figure 1: A sample job posting from a newsgroup.

computer if the information were available in a uniform detse format. Thus, an information
extraction system is given the set of documents and a teenpfatiots to be filled with information

from the document. Information extraction systems locaig ia some way identify the specific
pieces of data needed from each document.

Two different types of data may be extracted from a documermdre commonly, the system
is to identify a string taken directly from the document, busome cases the system selects one
from a set of values which are possible fillers for a slot. Tdtéel type of slot-filler may be items
like dates, which are most useful in a consistent formathey tmay simply be a set of terms to
provide consistent values for information which is presarthe document, but not necessarily in a
consistently useful way. In this work, we limit ourselvesdialing with strings taken directly from
the document in question.

Information extraction can be useful in a variety of domaifise various MUC'’s have focused
on tasks such as the Latin American terrorism domain meaticetbove, joint ventures, micro-
electronics, and company management changes. Others begldnformation extraction to track
medical patient records (Soderland et al., 1995), to trackpany mergers (Huffman, 1996), and
to extract biological information (Craven and Kumlien, 89®Ray and Craven, 2001). More re-
cently, researchers have applied information extractioless formal text genres such as rental ads
(Soderland, 1999) and web pages (Freitag, 1998a, Hsu angl, 2888, Muslea et al., 1998).
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Filled Template

conmput er _sci ence_j ob

id: 56ni gp$nr s@i | bo. ref erence. com
title: SOFTWARE PROGRAMVER

sal ary:

conpany:

recruiter:

state: TN

city:

country: US

| anguage: C

platform PC\ DOS\ 052\ UNX
application:

area: Voice Mail
reg_years_experience: 2
desired_years_experience: 5
req_degree:

desired_degree:

post _date: 17 Nov 1996

Figure 2: The filled template corresponding to the messagesim Figure 1. All of the slot-fillers
are strings taken directly from the document. Not all of thiessare filled, and some have
more than one filler.

Another domain which seems appropriate, particularly anlight of dealing with the wealth of
online information, is to extract information from text douents in order to create easily search-
able databases from the information, thus making the wedlttext online more easily acces-
sible. For instance, information extracted from job pagsinn USENET newsgroups such as
m sc. jobs. of fered can be used to create an easily searchable database of jogbgxafnple
of the information extraction task for such a system limitedcomputer-related jobs appears in
Figures 1 and 2.

2.2 Relational Learning

Since much empirical work in natural language processing draployed statistical techniques
(Manning and Schitze, 1999, Charniak, 1993, Miller et 896, Smadja et al., 1996, Wermter
et al., 1996), this section discusses the potential adgastaf symbolic relational learning. In order
to accurately estimate probabilities from limited data,sinstatistical techniques base their deci-
sions on a very limited context, such as bigrams or trigra2nar @ word contexts). However, NLP
decisions must frequently be based on much larger contieatdrtclude a variety of syntactic, se-
mantic, and pragmatic cues. Consequently, researcheestiemun to employ learning techniques
that can handle larger contexts, suctdasision treegMagerman, 1995, Miller et al., 1996, Aone
and Bennett, 1995gxemplarncase-basedmethods (Cardie, 1993, Ng and Lee, 1996), and a max-
imum entropy modeling method (Ratnaparkhi, 1997). Howelmrse techniques still require the
system developer to specify a manageable, finite set ofresafor use in making decisions. De-
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veloping this set of features can require significant regmegtion engineering and may still exclude
important contextual information.

In contrast,relational learning methods (Birnbaum and Collins, 1991) allow induction over
structuredexamples that can include first-order logical predicatesfanctions and unbounded data
structures such as lists and trees. We consider a learrgogtaim to be relational if it uses a repre-
sentation for examples that goes beyond finite feature k&atwd can handle an unbounded number
of entities in its representation of an example and uses sartien of relations between entities in
an example even if that is just a single "precedes” relatievieen token entities that allows repre-
senting unbounded sequences or strings. In particuidnctive logic programmingILP) (Lavrac
and Dzeroski, 1994, Muggleton, 1992) studies the indactibrules in first-order logic (Prolog
programs). ILP systems have induced a variety of basic Brolograms (e.gappend, rever se,
sort) as well as potentially useful rule bases for importantdmatal problems (Muggleton et al.,
1992, Srinivasan et al., 1996). Detailed experimental amapns of ILP and feature-based induc-
tion have demonstrated the advantages of relational repi@sons in two language related tasks,
text categorization (Cohen, 1995a) and generating thetpase of an English verb (Mooney and
Califf, 1995). Recent research has also demonstrated #falness of relational learning in classi-
fying web pages (Slattery and Craven, 1998).

Although a few information extraction learning algorithmsor to RAPIER’'S development used
structured representations of some kind, such as Auto$tigff, 1993) and Crystal (Soderland
et al., 1995), they artificially limited the possible ruledie learned, Autoslog by learning only rules
that fit particular provided templates, Crystal less deadly by limiting examples to the sentence
in which extracted phrase(s) occurred. In contragtpRR's patterns are not limited in these ways.

While RAPIER is not an ILP algorithm, it is a relational learning algorithearning a structured
rule representation, and its algorithm was inspired by sdigam ILP systems. The ILP-based
ideas are appropriate because they were designed to ldgamrich, unbounded representations.
Therefore, the following sections discuss some generagjdéssues in developing ILP and other
rule learning systems and then briefly describe relevargéasf the three ILP systems that most
directly influenced RPIER's learning algorithm: ®LEM, CHILLIN, and RROGOL

2.2.1 (ENERAL ALGORITHM DESIGN ISSUES

One of the design issues in rule learning systems is the lbgénacture of the algorithm. There are
two primary forms for this outer loop: compression and covgr Systems that use compression
begin by creating an initial set of highly specific rules, itgily one for each example. At each
iteration a more general rule is constructed, which redbe rules it subsumes, thus compressing
the rule set. At each iteration, all positive examples amdeurconsideration to some extent, and the
metric for evaluating new rules is biased toward greaterf@ssion of the rule set. Rule learning
ends when no new rules to compress the rule set are founderByshat use compression include
DucE, a propositional rule learning system using inverse résmu(Muggleton, 1987), @GoL,

an ILP system using inverse resolution (Muggleton and Bentl988), and GiLLIN (Zelle and
Mooney, 1994).

Systems that use covering begin with a set of positive exasnfdlhen, as each rule is learned,
all positive examples the new rule covers are removed fronsiceration for the creation of future
rules. Rule learning ends when all positive examples haea bevered. This is probably the more
common way to structure a rule learning system. ExampldadecroIL (Quinlan, 1990), @LEM
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(Muggleton and Feng, 1992)rRBGoL (Muggleton, 1995), CAUDIEN (De Raedt and Bruynooghe,
1993), and various systems based antFsuch as BcL (Pazzani et al., 1992y FoiL (Lavra¢ and
Dzeroski, 1994), and&bL(Mooney and Califf, 1995).

There are trade-offs between these two designs. The priditieyence is the trade-off between
a more efficient search or a more thorough search. The caysgiatems tend to be somewhat
more efficient, since they do not seek to learn rules for exemhat have already been covered.
However, their search is less thorough than that of commesystems, since they may not prefer
rules which both cover remaining examples and subsumeraxisties. Thus, the covering systems
may end up with a set of fairly specific rules in cases where eerttoorough search might have
discovered a more general rule covering the same set of dgamp

A second major design decision is the direction of searcll sgeconstruct individual rules.
Systems typically work in one of two directions: bottom-gpécific to general) systems create
very specific rules and then generalize those to cover additipositive examples, and top-down
(general to specific) systems start with very general rutgpieally rules which cover all of the
examples, positive and negative, and then specialize titsg attempting to uncover the negative
examples while continuing to cover many of the positive eglasi Of the systems above UDE,
CicoL, and GLEM and pure bottom-up systems, whilef and the systems based on it are pure
top-down systems. LLIN and RROGOL both combine bottom-up and top-down methods.

Clearly, the choice of search direction also creates tiffgletop-down systems are often better
at finding general rules covering large numbers of exampgieee they start with a most general
rule and specialize it only enough to avoid the negative gasn Bottom-up systems may create
overly-specialized rules that don't perform well on unseata because they may fail to generalize
the initial rules sufficiently. Given a fairly small seargbese of background relations and constants,
top-down search may also be more efficient. However, whemttaeching factor for a top-down
search is very high (as it is when there are many ways to dpgcerule), bottom-up search will
usually be more efficient, since it constrains the consttinb® considered in the construction of a
rule to those in the example(s) that the rule is based on. ¥$terms that combine bottom-up and
top-down technigues seek to take advantage of the effigsmdieach.

2.2.2 ILP ALGORITHMS

As mentioned above, @ EM (Muggleton and Feng, 1992) uses a greedy covering algoriifime
construction of individual clauses is bottom-up, basedhenconstruction ofeast-general general-
izations(LGGs) of more specific clauses (Plotkin, 1970). In orderakketbackground knowledge
into account @LEM actually createfRelativeLGGs (RLGGS) of positive examples with respect to
the background knowledge. diEM randomly selects pairs of examples, computes RLGGs of the
pairs, and selects the best resulting clause. Additioreingtes are randomly selected to generalize
that clause further until no improvement is made in the @d&usoverage.

The second ILP algorithm that helped to inspireFRER is CHILLIN (Zelle and Mooney, 1994),
an example of an ILP algorithm that uses compression foruterdoop. GHILLIN combines ele-
ments of both top-down and bottom-up induction techniquekiding a mechanism for demand-
driven predicate invention. KLLIN starts with a most specific definition (the set of positive ex-
amples) and introduces generalizations which make theitiefirmore compact (as measured by a
CicoL-like size metric (Muggleton and Buntine, 1988)). The shdor more general definitions is
carried out in a hill-climbing fashion. At each step, a numbkpossible generalizations are con-
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sidered; the one producing the greatest compaction of #maryhs implemented, and the process
repeats. To determine which clauses in the current theogwaatause should replace HG LIN
uses a notion oémpirical subsumptianif a clauseA covers all of the examples covered by clause
B along with one or more additional examples, theampirically subsumeB.

The individual clause creation algorithm attempts to camsta clause that empirically sub-
sumes some clauses of the current definition without cogeaimy of the negative examples. The
first step is to construct the LGG of the input clauses. If &3 .does not cover any negative ex-
amples, no further refinement is necessary. If the clausmigéneral, an attempt is made to refine
it using a FoiL-like mechanism which adds literals derivable either framehkground or previously
invented predicates. If the resulting clause is still tonegal, it is passed to a routine which invents
a new predicate to discriminate the positive examples floemigatives that are still covered.

ProGoL (Muggleton, 1995) also combines bottom-up and top-dowmckealike FoiL and
GOLEM, PROGOL uses a covering algorithm for its outer loop. As in the pratmsal rule learner
AQ (Michalski, 1983), individual clause construction begiby selecting a random seed exam-
ple. Using mode declarations provided for both the backggopredicates and the predicate being
learned, ROGOL constructs a most specific clause for that random seed erangiled théoottom
clause. The mode declarations specify for each argumenaaif predicate both the argument’s
type and whether it should be a constant, a variable bourumtdéie predicate is called, or a vari-
able bound by the predicate. Given the bottom clausedL employs an A*-like search through
the set of clauses containing up kditerals from the bottom clause in order to find the simplest
consistent generalization to add to the definition.

3. The RAPIER System

In the following discussion, it is important to distinguibletween the RrPIER algorithm and the
RAPIER system. The basic concept of the rule representation argktieral algorithm are applica-
ble to a variety of specific choices in terms of backgroundWiedge or features. We also describe
our specific implementation choices. As will be seen belovéattion 4, some of these choices
were more effective than others.

A note on terminology: for convenience and brevity, we usetdrmslot-filler to refer to the
string to be extracted. We then use the tgmme-filler patternto refer to a pattern that matches the
left context of a string to be extracted and the tgrost-filler patternto refer to the right context of
a string to be extracted.

3.1 Rule Representation

RAPIER'S rule representation uses Eliza-like patterns (Weizanhal966) that can make use of
limited syntactic and semantic information. Each ext@actiule is made up of three patterns: 1) a
pre-filler pattern that must match the text immediately pddeg the slot-filler, 2) a slot-filler pattern
that must match the actual slot-filler, and 3) a post-filldtgra that must match the text immediately
following the filler. The extraction rules also contain infuation about what template and slot they
apply to.

The purpose of the patterns is, of course, to limit the strie@ch rule matches to only strings that
are correct extractions for a given slot of a particular teatg Therefore, each element of a pattern
has a set of constraints on the text the element can matchir@iementation of RPIER allows
for three kinds of constraints on pattern elements: comtgr@an the words the element can match,

183



CALIFF AND MOONEY

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) syntactic: {nn,nnp} 1) word: undisclosed 1) semantic: price
2) list: length 2 syntactic: jj

Figure 3: A rule for extracting the transaction amount frormeavswire concerning a corporate
acquisition. “nn” and “nnp” are the part of speech tags fanmand proper noun, respec-
tively; “jj” is the part of speech tag for an adjective.

on the part-of-speech tags assigned to the words the elerapmhatch, and on the semantic class
of the words the element can match. The constraints arendibje lists of one or more words, tags,
or semantic classes and document items must match one &f Wass, tags, or classes to fulfill
the constraint.

A note on part-of-speech tags and semantic classes: inyfhbese could be from any source.
RAPIER's operation does not depend on any particular tagset oirtgggethod. In practice, we
used Eric Brill's tagger as trained on the Wall Street Joucogous (Brill, 1994). Although the rule
representation does not require a particular type of seémelatss, we used WordNet synsets as the
semantic classes (Miller et al., 1993), andrAReR’'s handling of semantic classes is heavily tied to
that representation.

Each pattern is a sequence (possibly of length zero in thee afagre- and post-filler patterns)
of pattern elements. & IER makes use of two types of pattern elemepisttern itemsandpattern
lists. A pattern item matches exactly one word or symbol from theudoent that meets the item’s
constraints. A pattern list specifies a maximum length N aattires O to N words or symbols from
the document (a limited form of Kleene closure), each of Wmwst match the list’'s constraints.

Figure 3 shows an example of a rule that shows the various tgppattern elements and con-
straints. This is arule constructed bynRER for extracting the transaction amount from a newswire
concerning a corporate acquisition. Rules are represéntihdee columns: each column represent-
ing one of the three patterns that make up the rule. Withirh eadumn, the individual pattern
elements are numbered. Note that pattern elements withpteuttonstraints will take up multiple
lines. The rule in Figure 3 extracts the value “undisclosidin phrases such as “sold to the bank
for an undisclosed amount” or “paid Honeywell an undisatbpece”. The pre-filler pattern con-
sists of two pattern elements. The first is an item with a pigpeech constraining the matching
word to be tagged as a noun or a proper noun. The second isd fishximum length two with
no constraints. The filler pattern is a single item consedito be the word “undisclosed” with a
POS tag labeling it an adjective. The post-filler patterriss a single pattern item with a semantic

constraint of “price”.

In using these patterns to extract information, we applyoalthe rules for a given slot to a
document and take all of the extracted strings to be sl@$ijleliminating duplicates. Rules may
also apply more than once. In many cases, multiple slotdibee possible, and the system seldom
proposes multiple fillers for slots where only one filler stibaccur.
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3.2 ThelLearning Algorithm

The following describes RPIER’s learning algorithm, along with some specific implemeiotat
issues and decisions.

3.2.1 ALGORITHM DESIGN CHOICES

RAPIER, as noted above, is inspired by ILP methods, particularlyGky EM, CHILLIN, and RRo-
GOL. It is compression-based and primarily consists of a sgetifigeneral (bottom-up) search.
The choice of a bottom-up approach was made for two reasadne.fifst reason is the very large
branching factor of the search space, particularly in figdirord and semantic constraints. Learn-
ing systems that operate on natural language typically g some mechanism for handling the
search imposed by the large vocabulary of any significantusanof text (or speech). Many sys-
tems handle this problem by imposing limits on the vocalyutamsidered—using only the most
frequent words, or considering only words that appear atletimes in the training corpus (Yang
and Pederson, 1997). While this type of limitation may bedite, using a bottom-up approach re-
duces the consideration of constants in the creation of @leyto those appearing in the example(s)
from which the rule is being generalized, thus limiting tleach without imposing artificial hard
limits on the constants to be considered.

The second reason for selecting a bottom-up approach is/thdécided to prefer overly specific
rules to overly general ones. In information extractionwadl as other natural language processing
task, there is typically a trade-off between high precidiavoiding false positives) and high recall
(identifying most of the true positives). For the task oflBurg a database of jobs which partially
motivated this work, we wished to emphasize precision. itie the information in such a database
could be found by performing a keyword search on the origifteduments, giving maximal recall
(given that we extract only strings taken directly from treedment), but relatively low precision.
A bottom-up approach will tend to produce specific rules,clifdlso tend to be precise rules.

Given the choice of a bottom-up approach, the compressitar @op is a good fit. A bottom-
up approach has a strong tendency toward producing spegiicise rules. Using compression
for the outer loop may partially counteract this tendencthitis tendency toward a more thorough
search for general rules. So, likeH@LIN (Zelle and Mooney, 1994), &1ER begins with a most
specific definition and then attempts to compact that dedimibly replacing rules with more general
rules. Since in RPIER's rule representation rules for the different slots areepehdent of one
another, the system actually creates the most specific tiefiriind then compacts it separately for
each slot in the template.

3.2.2 ALGORITHM OVERVIEW

The basic outer loop of the algorithm appears in Figure 4 # fairly standard compression-based
algorithm. Note that the learning is done separately fohesot. The algorithms for construct-
ing the initial most-specific rules and for rule generali@atare discussed in some detail in the
following sections. CompressLinis a parameter to the algorithm that determines the maximum
number of times the algorithm can fail to compress the ridebaie allow for multiple attempts

to find an acceptable rule because of the randomness budttiretrule generalization algorithm.
Once the maximum number of compression failures is excedtledalgorithm ends. By default,
CompressLinis 3.
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For each slot, Sin the tenplate being |earned
SlotRules= nost specific rules for S from exanple docunents
Failures = 0
whi | e Failures < CompressLim
BestNewRule= Fi ndNewRul e( SlotRules Examples
i f BestNewRule s acceptabl e
add BestNewRuld o SlotRules
remove enpirically subsuned rules from SlotRules
el se
Add 1 to Failures

Figure 4. RPIER Algorithm

The definition of an acceptable rule is considered below éndiscussion evaluating rules. In
short, an acceptable rule is one that covers positive exesrgrid may cover a relatively small num-
ber of negative examples. Once an acceptable rule is fourndiER uses the notion of empirical
subsumption to determine which rules should be considesedred by the new rule and therefore
removed from the rulebase.

3.2.3 INITIAL RULEBASE CONSTRUCTION

The first step of a compression-based learning algorithra @hstruct an initial rulebase. In ILP

algorithms, this is done simply by taking the set of exampleshe set of facts that make up the
initial definition of the predicate to be learned. FosRRER, we must construct most-specific rules
from the example documents and filled templateaPRR begins this process by locating every
instance of a string to be extracted in the correspondingi@ent. It then constructs a rule for

each instance, using the string to be extracted for the fillgtern, everything in the document
preceding the extracted string for the pre-filler pattemmd averything in the document following

the extracted string for the post-filler pattern. Since thies are to be maximally specific, the
constructed patterns contain one pattern item for eacmtokthe document. Pattern lists will arise
only from generalization.

The constraints on each item are the most specific condrdiat correspond to the token that
the item is created from. For the word and part-of-speectctagtraints used by our implementa-
tion, this is quite straightforward: the word constrainsimply the token from the document, and
the POS tag constraint is simply the POS tag for the token.

Using semantic class information creates some issues otistruction of the initial rulebase.
The semantic class is left unconstrained because a singteoften has multiple possible semantic
classes because of the homonymy and polysemy of languagemHntic constraints were imme-
diately created, RPIER would have to either use a disjunction of all of the possilidsges at the
lowest level of generality (in the case of WordNet— the sysm#eat the word for which the item is
created belongs to) or choose a semantic class. The firsteclosomewhat problematic because
the resulting constraint is quite likely to be too generabéoof much use. The second choice is the
best, if and only if the correct semantic class for the wordantext is known, a difficult problem
in and of itself. Selecting the most frequent choice from W&t might work for some cases, but
certainly not in all cases, and there is the issue of domaniBpity. The most frequent meaning of
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initialize RuleListto be an enpty priority queue of length k
randomy select m pairs of rules from SlotRules
find the set L of generalizations of the fillers of each rule pair
for each pattern Pin L
create a rule NewRulewith filler P and enpty pre- and
post-fillers
eval uate NewRuleand add NewRuleto RuleList
let n=20
| oop
increment n
for each rule, CurRule in RuleList
NewRuleList= Speci al i zePreFiller (CurRule,n
evaluate each rule in NewRuleListand add it to RuleList
for each rule, CurRule in RuleList
NewRuleList= Speci al i zePost Fil | er (CurRule, n
eval uate each rule in NewRuleListand add it to RuleList
until best rule in RuleListproduces only valid fillers or
the value of the best rule in RuleListhas failed to
i nprove over the last LimNolmprovements$terations

Figure 5: RPIER Algorithm for Inducing Information Extraction Rules

a word in all contexts may not be the most frequent meaningaifword in the particular domain

in question. And, of course, even within a single domain wondl have multiple meanings so
even determining the most frequent meaning of a word in aipeéomain may often be a wrong
choice. Our implementation of &21ER avoids the issue altogether by waiting to create semantic
constraints until generalization. Thus, it implicitly @¥s the disjunction of classes, selecting a spe-
cific class only when the item is generalized against oneaiaing a different word. By postponing
the choice of a semantic class until there are multiple itesqsired to fit the semantic constraint,
we narrow the number of possible choices for the semantgsdiaclasses that cover two or more
words. Details concerning the creation of semantic coimgtrare discussed below.

3.2.4 RULE GENERALIZATION

RAPIER's method for learning new rules was inspired by aspectsidhete ILP algorithms dis-
cussed above. The basic idea is to take random pairs of mtegeneralize each pair, then select
the best generalization as the new rule. Due to issues of atatipnal complexity, RPIER actually
employs a combination top-down and bottom-up approachddyme the generalizations of each
pair of rules. Figure 5 outlines the algorithm for learningeaw rule.

The parameters to this algorithm are the length of the pgyioueue k, which defaults to 6; the
number of pairs of rules to be generalized,which defaults to 5; and the number of specialization
iterations allowed with no improvements to the value of testlyule,LimNo Improvementsvhich
defaults to 3.

This algorithm is a bit more complex than the straightfomvarethod of generalizing two rules,
which would be to simply find the least general generalira(ioGG) of corresponding patterns
in the two rules. Thus, we would find the LGG of the two pre-filatterns and use that as the
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pre-filler pattern of the new rule, make the filler patterntod hew rule be the LGG of the two filler
patterns, and then do the same for the post-filler pattermveder, there are two problems with the
straightforward approach that led us to the hybrid searahRarPIER employs.

The first problem is the expense of computing the LGGs of teefiier and post-filler patterns.
These patterns may be very long, and the pre-filler or pdet-filatterns of two rules may be of
different lengths. Generalizing patterns of differentdtrs is computationally expensive because
each individual pattern element in the shorter pattern neagdmeralized against one or more ele-
ments of the longer pattern, and it is not known ahead of tiowe élements should be combined
to produce the LGG. Thus, the computation of the LGG of thefillex and post-filler patterns in
their entirety may be prohibitively computationally exgem. The issues involved in generalizing
patterns of different lengths are discussed in furtheride¢dow. Besides the expense of computing
generalizations of some length, we have to deal with thetfadtour generalization algorithm will
return multiple generalizations of patterns of differeznidths.

The second problem has to do with the issue of having multigleeralizations for a given
pair of pattern elements. In our implementation, we allowstmints on words and tags to have
unlimited disjunctions of words and tags, so the LGG of twadvor tag constraints is always
their union. However, while this disjunct may be the ded&ajeneralization, the generalization
that simply removes the constraint is the more desirablemgdization for some cases. Thus, it is
useful to consider multiple generalizations of pattermmadats with these constraints, and this is
the approach that our implementation oARER uses. This choice clearly aggravates the problems
with generalizing lengthy patterns, causing the procegsdduce many possible generalizations.

RAPIER's rule generalization method operates on the principlé tha relevant information
for extracting a slot-filler is likely to be close to that fillan the document. Therefore, ARIER
begins by generalizing the two filler patterns and creatésrwith the resulting generalized filler
patterns and empty pre-filler and post-filler patterns. dtitkpecializes those rules by adding pattern
elements to the pre-filler and post-filler patterns, workiugward from the filler. The elements to
be added to the patterns are created by generalizing the@jmde portions of the pre-fillers or
post-fillers of the pair of rules from which the new rule is gealized. Working in this way takes
advantage of the locality of language, but does not predluel@ossibility of using pattern elements
that are fairly distant from the filler.

RuleListis a priority queue of length which maintains the list of rules still under consideration
wherek is a parameter of the algorithm. The priority of the rule gsutilue according to RPIER’'S
heuristic metric for determining the quality of a rule (sescton 3.2.5). RPIER's search is basi-
cally a beam-search: a breadth-first search keeping onlgdhtk items at each pass. However, the
search does differ somewhat from a standard beam-searbhtithe nodes (or rules) are not fully
expanded at each pass (since at each iteration the spatitalialgorithms only consider pattern
elements out to a distance mfrom the filler), and because of this the old rules are onlgwhr out
when they fall off the end of the priority queue.

The following sections discuss some of the specifics of theganeralization algorithm: look-
ing at how rules are evaluated, some of the issues involveggmeralizing the constraints, and the
issues involved in generalizing patterns.

188



LEARNING FORINFORMATION EXTRACTION

3.2.5 RJLE EVALUATION

One difficulty in designing the RPIER algorithm was in determining an appropriate heuristic met-
ric for evaluating the rules being learned. The first issutésmeasurement of negative examples.
Clearly, in a task like information extraction there are ayvkrge number of possible negative
examples — strings which should not be extracted — a numbge Enough to make explicit enu-
meration of the negative examples difficult, at best. Anoibsue is the question of precisely which
substrings constitute appropriate negative examplesilgtadl of the strings of any length be con-
sidered negative examples, or only those strings with lengimilar to the positive examples for a
given slot. To avoid these problemsapRER does not enumerate the negative examples, but uses a
notion of implicit negatives instead (Zelle et al., 1995sE RAPIER makes the assumption that all
of the strings which should be extracted for each slot areifipd, so that any strings which a rule
extracts that are not specified in the template are assunsigpurious extractions and, therefore,
negative examples. Whenever a rule is evaluated, it is eghpph each document in the training
set. Any fillers that match the fillers for the slot in the tiaimp templates are considered positive
examples; all other extracted fillers are considered negattamples covered by the rule.

Given a method for determining the negative as well as th@ipeexamples covered by the
rule, a rule evaluation metric can be devised. BecauselER does not use a simple search tech-
nigue such as hill-climbing, it cannot use a metric like mfi@ation gain (Quinlan, 1990) which
measures how much each proposed new rule improves upon tieictule in order to pick the
new rule with the greatest improvement. Rather, each rudglsi@n inherent value which can be
compared with all other rules. One such value is the infongtof each rule (the metric upon
which information gain is based (Quinlan, 1986)).

I(T) = —log, (T4 /IT)). (1)

However, while informativity measures the degree to whicinla separates positive and negative
examples (in this case, identifies valid fillers but not spusifillers), it makes no distinction between
simple and complex rules. The problem with this is that, git@o rules which cover the same
number of positives and no negatives but different levetafplexity (one with two constraints and
one with twenty constraints), we would expect the simplé ta generalize better to new examples,
so we would want that rule to be preferred. Many machine lagralgorithms encode such a
preference; all top-down hill-climbing algorithms whictop when a rule covering no negatives is
found have this preference for simple rather than compléesruSince RPIER'S search does not
encode such a preference, but can, because of its congidecdtmultiple ways of generalizing
constraints, produce many rules of widely varying comiplegi at any step of generalization or
specialization, the evaluation metric for the rules ne@dsricode a bias against complex rules.
Finally, we want the evaluation metric to be biased in faviorutes which cover larger number of
positive examples.

The metric RPIER uses takes the informativity of the rule and weights thatHgydize of the
rule divided by the number of positive examples covered byrtile. The informativity is computed
using the Laplace estimate of the probabilities. The sizeefule is computed by a simple heuristic
as follows: each pattern item counts 2; each pattern listtsoB; each disjunct in a word constraint
counts 2; and each disjunct in a POS tag constraint or secr@oistraint counts 1. This size is then
divided by 100 to bring the heuristic size estimate into ayeawhich allows the informativity and
the rule size to influence each other, with neither valuedewerwhelmed by the other. Then the
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evaluation metric is computed as:

p+1 ruleSize

)+

ruleVal= —lo
gz(p+n+2 p

wherep is the number of correct fillers extracted by the rule and the number of spurious fillers
the rule extracts.

RAPIER does allow coverage of some spurious fillers. The primargordor this is that human
annotators make errors, especially errors of omission. APIRR rejects a rule covering a large
number of positives because it extracts a few negative ebesmnip can be prevented from learning
useful patterns by the failure of a human annotator to na&ien a single filler that fits that pattern
which should, in fact, be extracted. IfARIER's specialization ends due to failure to improve on the
best rule for too many iterations and the best rule stillasts spurious examples, the best rule is
used if it meets the criteria:

Lmil > noiseParam

p+n
where p is the number of valid fillers extracted by the rule ami the number of spurious fillers
extracted. This equation is taken fromARER (Cohen, 1995b), which uses it for pruning rules
measuringp andn using a hold-out set. Becaus@RER is usually learning from a relatively small
number of examples, it does not use a hold-out set or intenoak-validation in its evaluation of
rules which cover spurious fillers, but uses a much highesudefalue ofnoiseParam(Cohen uses
a default of 0.5; RPIER's default value is 0.9).

Note that RPIER'S noise handling does not involve pruning, as noise hagdiifien does.
Pruning is appropriate for top-down approaches, becauswise handling the goal is to avoid
creating rules that are too specialized and over-fit the dath in pure top-down systems, the only
way to generalize a too-specific rule is some sort of prunBigce RAPIER is a primarily bottom-
up compression-based system, it can depend on subsearatibits of the compression algorithm
to further generalize any rules that may be too specific. Tdigenhandling mechanism need only
allow the acceptance of noisy rules when the “best” rulepeting to the rule evaluation metric,
covers negative examples.

3.2.6 GONSTRAINT GENERALIZATION

The starting point of generalization of a pair of pattermaats is necessarily the generalization
of the corresponding constraints on the pattern. The basicapt of this generalization, and its
application to simple binary constraints, is straightfard: If the constraints are the same, the cor-
responding constraint on the generalized pattern elemifiritanthe same. Otherwise, the constraint
on the generalized pattern element should be the LGG of tbetmstraints. In the case of binary
constraints, this would be simply the removal of the comstraHowever, our implementation of
RAPIER uses constraints that are more complicated to generaltzediBcussion below emphasizes
the issues of using the particular types of constraints bgedur implementation. The algorithm
could be applied using a variety of constraint types, butdiseussion below should indicate what
issues may arise in constraint generalization.

As mentioned above, the issue introduced by the word andtasti@ints is simply that we allow
unlimited disjunction in those constraints, leading usriefgr to produce two different generaliza-
tions in those cases where constraints differ: the disjanaif the words or tags in the constraint
and the removal of the constraint.
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Dealing with semantic constraints based on a hierarchy aadWordNet introduces complica-
tions into the generalization of constraints.

The first issue is that of ambiguous words. As indicated aptwe most specific rules that
RAPIER constructs do not create a semantic class constraint, fecdithe difficulties of selecting
a particular semantic class for the word. Therefore, therélgnm for creating the generalization of
two words must take this into account when generalizing émeastic constraint.

The second issue that arises is that of dealing with the siartdararchy. As stated above, for
our semantic constraints, we are using the word sensesefsyriis WordNet.

Because of the structure of the hierarchy, there are tylgicgveral possible generalizations
for two word senses, and we are interested in finding the lgastral of these. Since we cannot
easily and efficiently guarantee finding the correct geimatibn for our purposes, especially given
the issue that we may have multiple possible senses per w@djse a breadth-first search to
try to minimize the total path length between the two wordsesnthrough the generalization. If
we are generalizing from a semantic class (determined frggmegious generalization step), we
simply search upward from the WordNet synset that represiat class. When generalizing from
words, we simultaneously search upwards through the hypehierarchy from all of the synsets
containing the word. The first synset reached that is an &mcetsome possible synset from each
of the two pattern elements being generalized is assumed thebleast general generalization of
the two elements. Figure 6 shows possible results of thigrgdimation process. Three different
generalizations for the word “man” are shown in bold. Geldray “man” and “world” results in
the synset in bold that is a meaning for each of those wordsiefatizing “man” and “woman”
results in a synset for “person”. Generalizing “man” andckbresults “physical object”. For
purposes of simplicity, the figures show only a few of the pgmesmeanings for each word, but it
does indicate that there are other directions in which ggizetion might go for each individual
word. In the generalization process, if no common ancestists the generalized pattern element
is semantically unconstrained.

It should be noted that this implementation of semantic taimds and their generalization
is very closely tied to WordNet (Miller et al., 1993) sinceaths the semantic hierarchy used in
this research. However, the code has been carefully modetaim order to make the process of
substituting an alternative source for semantic infororatr modifying the generalization method
to allow for disjunctions of classes relatively easy.

3.2.7 (ENERALIZING PATTERN ELEMENTS

Given the rules for generalizing constraints, the geneatiin of a pair of pattern elements is fairly
simple. First, the generalizations of the word, tag and sgim&onstraints of the two pattern el-
ements are computed as described above. From that set ahligst#ons, RPIER computes all
combinations of a word constraint, a tag constraint, andgémeantic constraint and creates a pattern
element with each combination. See Figure 7 for an exampthi®fcombination. If both of the
original pattern elements are pattern items, the new eltsrae pattern items as well. Otherwise,
the new elements are pattern lists. The length of these neerpéists is the maximum length of the
original pattern lists (or the length of the pattern list iietcase where a pattern item and a pattern
list are being generalized).
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entity, physical thing

object, physical object

communication
living thing (

worker
organism, being style

music genre

laborer person

| N

natural object

. group .
clearner female person male personskilled worker popular music
charwoman adult female adult male  serviceman human being world, humanity rock, stone rock music
Two senses of "woman" Selected senses of "man" Two senses of "rock’

Figure 6: Portion of the WordNet hypernym hierarchy showihgee different generalizations of
the word “man”

3.2.8 (ENERALIZING PATTERNS

Generalizing a pair of patterns of equal length is also gsfiteightforward. RPIER pairs up the
pattern elements from first to last in the patterns and coagptite generalizations of each pair. It
then creates all of the patterns made by combining the gézaians of the pairs of elements in
order. Figure 8 shows an example.

Generalizing pairs of patterns that differ in length is mooenplex, and the problem of combi-
natorial explosion is greater. Suppose we have two pattems five elements long and the other
three elements long. We need to determine how to group tineeslis to be generalized. If we as-
sume that each element of the shorter pattern must matchsitdee element of the longer pattern,
and that each element of the longer pattern will match exaxie element of the shorter pattern,
we have a total of three ways to match each element of theeshgattern to elements of the longer
pattern, and a total of six ways to match up the elements dftbeatterns. As the patterns grow
longer and the difference is length grows larger, the prmobbecomes more severe.

In order to limit this problem somewhat, before creating alithe possible generalizations,
RAPIER searches for any exact matches of two elements of the patteing generalized, making
the assumption that if an element from one of the patternstigxaatches an element of the other
pattern then those two elements should be paired and thieprdivoken into matching the segments
of the patterns to either side of these matching elementaieier, the search for matching elements
is confined by the first assumption of matching above: thdt eBsment of the shorter pattern should
be generalized with at least one element of the longer pattEnus, if the shorter pattern, A, has
three elements and the longer, B, has five, the first elemefti@compared to elements 1 to 3 of
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Elementsto be generalized
El ement A

word: man

syntactic: nnp
semanti c:

Resulting Generalizations
wor d:

syntactic: {nn, nnp}
semantic: person

wor d:
syntactic:

LEARNING FORINFORMATION EXTRACTION

El enent B
word: woman
syntactic: nn
semantic:

word: {man, woman}
syntactic: {nn, nnp}
semantic: person

word:  {man, woman}
syntactic:

semantic: person semantic: person

Figure 7: An example of the generalization of two patternnmats. The words “man” and
“woman” form two possible generalizations: their disjunot and dropping the word
constraint. The tags “nn” (noun) and “nnp” (proper hounpdiave two possible gener-
alizations. Thus, there are a total of four generalizatioinge two elements.

B, element 2 of A to elements 2-4 of B, and element 3 of A to el@8-5 of B. If any matches are
found, they can greatly limit the number of generalizatitmet need to be computed.

Any exact matches that are found break up the patterns igtmeets which still must be gen-
eralized. Each pair of segments can be treated as a pairtefmthat need to be generalized, so if
any corresponding pattern segments are of equal lengthatieehandled just like a pair of patterns
of the same length as described above. Otherwise, we hategrnzaof uneven length that must be
generalized.

There are three special cases of different length pattétinst, the shorter pattern may have 0
elements. In this case, the pattern elements in the longgerpare generalized into a set of pattern
lists, one pattern list for each alternative generalizatib the constraints of the pattern elements.
Each of the resulting pattern lists must be able to match as/macument tokens as the elements
in the longer pattern, so the length of the pattern listseésstim of the lengths of the elements of the
longer pattern, with pattern items naturally having a langftone. Figure 9 demonstrates this case.

The second special case is when the shorter pattern hasla slament. This is similar to the
previous case, with each generalization again being asspagtern list, with constraints generalized
from the pattern elements of both patterns. In this caseetigth of the pattern lists is the greater of
the length of the pattern element from the shorter patteth@sum of the lengths of the elements
of the longer pattern. The length of the shorter pattern rbestonsidered in case it is a list of length
greater than the length of the longer pattern. A exampleisfadase appears in Figure 10.

The third special case is when the two patterns are long grdifferent in length. In this case,
the number of generalizations becomes very large, sBIERR simply creates a single pattern list
with no constraints and a length equal to the longer of thepatterns (measuring sums of lengths
of elements). This case happens primarily with slot filldrsery disparate length, where there is
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Patternsto be Generalized

Pattern A

1) word: ate
syntactic: vb

2) word: the
syntactic: dt

3) word: pasta
syntactic: nn

Resulting Generalizations

1) word: {ate, hit}
syntactic: vb

2) word: the
syntactic: dt

3) word: {pasta, ball}
syntactic: nn

1) word: {ate, hit}
syntactic: vb

2) word: the
syntactic: dt
3) word:

syntactic: nn

Figure 8: Generalization of a pair of patterns of equal langtor simplicity, the semantic con-
straints are not shown, since they never have more than aoreagjzation.

Pattern to be Generalized

1) word: bank
syntactic: nn

2) word: vault
syntactic: nn

Resulting Generalizations

1) list: length 2
word:  {bank, vault}
syntactic: nn

Figure 9: Generalization of two pattern items matched withpattern elements from the other

pattern.

unlikely to be a useful generalization, and any useful rsilikiely to make use of the context rather

CALIFF AND MOONEY

Pattern B

1) word: hit
syntactic: vb

2) word: the
syntactic: dt

3) word: bal
syntactic: nn

1) word:
syntactic: vb
2) word: the

syntactic: dt
3) word: {pasta, ball}
syntactic: nn

1) word:
syntactic: vb
2) word: the
syntactic: dt
3) word:

syntactic: nn

1) list: length 2
wor d:
syntactic: nn

than the structure of the actual slot filler.
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Patternsto be Generalized

Pattern A Pattern B

1) word: bank 1) list: length 3
syntactic: nn wor d:

2) word: vault syntactic: nnp

syntactic: nn

Resulting Generalizations

1) list: length 3 1) list: length 3
wor d: wor d:
syntactic: {nn,nnp} syntactic:

Figure 10: Generalization of two pattern items matched witk pattern element from the other
pattern. Because Pattern B is a pattern list of length 3 ahelting generalizations must
also have a length of 3.

When none of the special cases holdg\PRER must create the full set of generalizations as
described above. APIER creates the set of generalizations of the patterns by fiesdticrg the
generalizations of each of the elements of the shorterrpadigainst each possible set of elements
from the longer pattern using the assumptions mentionedeabeach element from the shorter
pattern must correspond to at least one element from thestopattern and each element of the
longer pattern corresponds to exactly one element of theeshgattern for each grouping. Once
all of the possible generalizations of elements are contutee generalizations of the patterns
are created by combining the possible generalizationseoékments in all possible combinations
which include each element of each pattern exactly oncedaror

In the case where exact matches were found, one step renfi@intha various resulting pattern
segment pairs are generalized. The generalizations ofdtierps are computed by creating all
possible combinations of the generalizations of the pagegment pairs.

3.2.9 SPECIALIZATION PHASE

The final piece of the learning algorithm is the special@afphase, indicated by calls to Special-
izePreFiller and SpecializePostFiller in Figure 5. Thagecfions take two parameters, the rule to
be specialized and an integemvhich indicates how many elements of the pre-filler or pdifi
patterns of the original rule pair are to be used for this Edieation. Asn is incremented, the
specialization uses more context, working outward fromsiio&filler. In order to carry out the spe-
cialization phase, each rule maintains information abbatttvo rules from which it was created,
which are referred to as the base rules: pointers to the twe haes, how much of the pre-filler
pattern from each base rule has been incorporated into tinentuwule, and how much of the post-
filler pattern from each base rule has been incorporatediwaurrent rule. The two specialization
functions return a list of rules which have been specializgddding to the rule generalizations of
the appropriate portions of the pre-fillers or post-fillefshe base rules.

One issue arises in these functions. If the system simplyiders adding one element from each
pattern at each step away from the filler, it may miss someutigeheralizations since the lengths
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SpecializePreFiller (CurRulen)
Let BaseRuleland BaseRule2be the two rul es from which CurRulewas created
Let CurPreFiller be the pre-filler pattern of CurRule
Let PreFillerl be the pre-filler pattern of BaseRulel
Let PreFiller2 be the pre-filler pattern of BaseRule2
Let PatternLenlbe the length of PreFillerl
Let PatternLen2be the length of PreFiller2
Let FirstUsedlbe the first elenment of PreFillerl that has been used in CurRule
Let FirstUsed2be the first elenment of PreFiller2 that has been used in CurRule
GenSetl= Ceneralizations of elements (PatternLenl+ 1 — n) to FirstUsedl of
PreFillerl with el enents (PatternLen2+ 1 — (n — 1)) to FirstUsed?2 of
PreFiller2
GenSet2= Ceneralizations of elements (PatternLenl+ 1 — (n — 1)) to
FirstUsedl of PreFillerl with el ements (PatternLen2+ 1 — n) to
FirstUsed2 of PreFiller2
GenSet3= Ceneral i zations of elements (PatternLenl+ 1 — n) to FirstUsedl of
PreFillerl with el enents (PatternLen2+ 1 — n) to FirstUsed2 of
PreFiller2
GenSet= GenSetl GenSet2 GenSet3
NewRuleSet enpty set
For each PatternSegmenitn GenSet
NewPreFiller = PatternSegmentoncat enat e CurPreFiller
Create NewRulefrom CurRulewith pre-filler NewPreFiller
Add NewRuleto NewRuleSet
Ret urn NewRuleSet

Figure 11: R\PIER Algorithm for Specializing the Pre-Filler of a Rule

of the two patterns being generalized would always be thees&or example, assume we have two
rules for required years of experience created from thegawd6 years experience required” and
“4 years experience is required.” Once the fillers were gaimad, the algorithm would need to
specialize the resulting rule(s) to identify the number earg of experience and as required rather
than desired. The first two iterations would create itemsyerars” and “experience,” and the third
iteration would match up “is” and “required.” It would be péll if a fourth iteration could match
up the two occurrences of “required,” creating a list frors."iln order to allow this to happen, the
specialization functions do not only consider the resuladding one element from each pattern;
they also consider the results of adding an element to ttigoéttern, but not the second, and adding
an element to the second pattern but not the first.

Pseudocode for SpecializePreFiller appears in Figure pécidlizePostFiller is analogous. In
order to allow pattern lists to be created where approprifie functions generalize three pairs of
pattern segments. The patterns to be generalized are die¢ekioy first determining how much of
the pre-filler (post-filler) of each of the original pair ofles the current rule already incorporates.
Using the pre-filler case as an example, if the current ruteamempty pre-filler, the three patterns
to be generalized are: 1) the lastlements of the pre-filler daseRulelnd the lash— 1 elements
of the pre-filler ofBaseRule22) the lasin — 1 elements of the pre-filler daseRulelnd the lash
elements of the pre-filler daseRulezand 3) the lash elements of the pre-filler of each of the base
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rules. If the current rule has already been specialized avjplortion of the pre-filler, then whatever
elements it already incorporates will not be used, but thieepgaof the pre-filler to be used will start
at the same place, so thais not the number of elements to be generalized, but rattesifsgs the
portion of the pre-filler which can be considered at thatitien.

The post-filler case is analogous to the pre-filler case éxttegp the portion of the pattern to
considered is that at the beginning, since the algorithnksvoutward from the filler.

3.2.10 (OMPLETE SAMPLE INDUCTION TRACE

As an example of the entire process of creating a new rulesidengeneralizing the rules based on
the phrases “located in Atlanta, Georgia.” and “offices im&as City, Missouri.” These phrases are
sufficient to demonstrate the process, though rules inipeaetould be much longer. The initial,
specific rules created from these phrases for the city stat fob template would be

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) word: |ocated 1) word: atlanta 1) word:
tag: vbn tag: nnp tag:
2) word: in 2) word: georgia
tag: in tag: nnp
3) word:
tag:
and
Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) word: offices 1) word: kansas 1) word:
tag: nns tag: nnp tag:
2) word: in 2) word: city 2) word: nmissouri
tag: in tag: nnp tag: nnp
3) word:
tag:

For the purposes of this example, we assume that there isantiernlass for states, but not one for

cities. For simplicity, we assume the beam-width is 2. THerflare generalized to produce two

possible rules with empty pre-filler and post-filler paterBecause one filler has two items and the
other only one, they generalize to a list of no more than twedaoThe word constraints generalize

to either a disjunction of all the words or no constraint. Tag constraints on all of the items are

the same, so the generalized rule’s tag constraints ardtessame. Since the three words do not
belong to a single semantic class in the lexicon, the segsargmain unconstrained. The fillers

produced are:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) list: nmax length; 2
word: {atlanta, kansas, city}

tag: nnp
and
Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) list: nmax length; 2
tag: nnp

Either of these rules is likely to cover spurious exampleswe add pre-filler and post-filler gen-
eralizations. At the first iteration of specialization, thigorithm considers the first pattern item to
either side of the filler. This results in:
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Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) word: in 1) list: max length: 2 1) word:

tag: in word: {atlanta, kansas, citytag:

tag: nnp

and
Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) word: in 1) list: max length: 2 1) word:

tag: in tag: nnp tag:

The items produced from the “in™s and the commas are idahtimd, therefore, unchanged. Al-
ternative, but less useful rules, will also be produced \glis in place of the items in the pre-filler

and post-filler patterns because of specializations pediloy generalizing the element from each
pattern with no elements from the other pattern. Contindivgspecialization with the two alter-

natives above only, the algorithm moves on to look at the rsdo last elements in the pre-filler

pattern. This generalization of these elements produceassible specializations for each of the
rules in the current beam:

list: length 1 list: length 1 word: {located, offices}
word: located word: offices tag: {vbn, nns}

tag: vbn tag: nns

wor d: wor d: word: {located, offices}
tag: {vbn, nns} tag: tag:

None of these specializations is likely to improve the rale] specialization proceeds to the second
elements of the post-fillers. Again, the two pattern listd & created, one for the pattern item
from each pattern. Then the two pattern items will be geimrdl Since we assume that the lexicon
contains a semantic class for states, generalizing the istehes produces a semantic constraint of
that class along with a tag constraint nnp and either no woindttaint or the disjunction of the two
states. Thus, a final best rule would be:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) word: in 1) list: max length: 2 1) word:
tag: in tag: nnp tag:
2) tag: nnp

semantic: state

4. Experimental Evaluation

We present here results from two data sets: a set of 300 cemplated job postings from the
aust i n. j obs newsgroup and a set of 485 seminar announcements from EMdrder to analyze
the effect of different types of knowledge sources on thaltesthree different versions of &2 1ER
were tested. The full representation used words, POS tagssagned by Brill's tagger (Brill,
1994), and semantic classes taken from WordNet. The otherénsions are ablations, one using
words and tags (labeledARIER-WT in tables), the other words only (labeledhRER-w). For all
experiments, we used the default values for all ePRER’s parameters.

We also present results from three other learning inforomagixtraction systems. One is a Naive
Bayes system which uses words in a fixed-length window tadoslat fillers (Freitag, 1998b). Very

1. The seminar dataset was annotated by Dayne Freitag, w@gsly provided the data.
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Figure 12: Precision on job postings

recently, two other systems have been developed with gealssimilar to RaPIER'S. These are
both relational learning systems which do not depend onastictanalysis. Their representations
and algorithms; however, differ significantly from each ettand from RPIER. SRV (Freitag,
2000) employs a top-down, set-covering rule learner simddao1L (Quinlan, 1990). It uses four
pre-determined predicates which allow it to express infation about the length of a fragment, the
position of a particular token, the relative positions obttokens, and various user-defined token
features (e.g. capitalization, digits, word length). Theand system is Wisk (Soderland, 1999)
which like RAPIER uses pattern-matching, employing a restricted form of leagexpressions. It
can also make use of semantic classes and the results ottwyranalysis, but does not require
them. The learning algorithm is a covering algorithm, ank rreation begins by selection of a
single seed example and creates rules top-down, resgrittienchoice of terms to be added to a rule
to those appearing in the seed example (similarro®oL).

We ran the Naive Bayes system on the jobs data set using igigittical to those for RPIER.
All other results reported for these systems are from thbai# cited papers.

4.1 Computer-Related Jobs

The first task is extracting information from computer-teth job postings that could be used to
create a database of available jobs. The computer job téengdatains 17 slots, including informa-
tion about the employer, the location, the salary, and jojirements. Several of the slots, such as
the languages and platforms used, can take multiple valileserformed ten-fold cross-validation
on 300 examples, and also trained on smaller subsets ofdiminty examples for each test set in
order to produce learning curves. We present two measuresispn, the percentage of slot fillers
produced which are correct, and recall, the percentageoofiiers in the correct templates which
are produced by the system. Statistical significance wdaatea using a two-tailed paired t-test.
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Figure 13: Recall on job postings

Figure 12 shows the learning curve for precision and Fig@etows the learning curve for
recall. Clearly, the Naive Bayes system does not perform arethis task, although it has been
shown to be fairly competitive in other domains, as will berséelow. It performs well on some
slots but quite poorly on many others, especially those whsually have multiple fillers. In order
to compare at reasonably similar levels of recall (altholglive Bayes’ recall is still considerably
less than Rapier’s), we set the Naive Bayes’ threshold l@apanting for the low precision. Of
course, setting the threshold to obtain high precisionltesn even lower recall. These results
clearly indicate the advantage of relational learning siacsimpler fixed-context representation
such as that used by Naive Bayes appears insufficient to pecaluseful system.

By contrast, RPIER’S precision is quite high, over 89% for words only and for d®with POS
tags. This fact is not surprising, since the bias of the mettg algorithm is for specific rules. High
precision is important for such tasks, where having conrd@crmation in the database is generally
more important than extracting a greater amount of lesabiel information. Also, the learning
curve is quite steep. TheARIER algorithm is apparently quite effective at making maximse wf
a small number of examples. The precision curve flattens wite @ bit as the number of examples
increases; however, recall is still rising, though slovally270 examples. The use adtive learning
to intelligently select training examples can improve theof learning even further (Califf, 1998).
Overall, the results are very encouraging.

In looking at the performance of the three versions efPER, an obvious conclusion is that
word constraints provide most of the power. Although POSs@tdantics can provide useful classes
that capture important generalities, with sufficient exapthese relevant classes can be implicitly
learned from the words alone. The addition of POS tags dopsove performance at lower number
of examples. The recall of the version with tag constraistsignificantly better at least at the
0.05 level for each point on the training curve up to 120 edasipApparently, by 270 examples,
the word constraints are capable of representing the ctsgepvided by the POS tags, and any
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System stime etime loc speaker
Prec Rec | Prec Rec| Prec Rec| Prec Rec
RAPIER | 93.9 929 958 94.6/ 91.0 60.5| 80.9 394
RAP-wT | 96.5 95.3| 949 94.4| 91.0 61.5| 79.0 40.0
RaP-w | 96,5 95.9| 96.8 96.6| 90.0 54.8| 76.9 29.1
NAIBAY | 98.2 98.2| 495 095.7| 57.3 58.8| 345 25.6
SRV 98.6 984 | 67.3 92.6| 745 70.1| 544 58.4
WHIsK | 86.2 100.0| 85.0 87.2| 83.6 55.4| 526 11.1
WH-PR | 96.2 100.0| 89.5 87.2| 93.8 36.1| 0.0 0.0

Table 1: Results for seminar announcements task

differences are not statistically significant. WordNetsrgntic classes provided no significant
performance increase over words and POS tags only. Altheeghll increases with the use of
semantic classes, precision decreases. This probabbatedithat the semantic classes in WordNet
are not a good fit for this problem, so that semantic genextidizs are producing overly general
rule.

One other learning system, MK, has been applied to this data set. Soderland reportsitaat, i
10-fold cross-validation over 100 documents randomlycetbfrom the data set, Wsk achieved
a precision of 85% and recall of 55% (Soderland, 1999). Tislightly worse than RPIER'S
performance at 90 examples with part-of-speech tags wikigion of 86% and recall of 60%.
In making this comparison, it is important to note that thet ets are different and that Whisk
system’s performance was actually counted a bit diffeyessthce duplicates were not eliminated.
It's not entirely clear why Wiisk does not perform quite as well a\RIER, though one possibility
is the restriction of context in WiSK to a single sentence.

4.2 Seminar Announcements

For the seminar announcements domain, we ran experimetitstive three versions of &PIER,
and we report those results along with previous results @ndhta using the same 10 data splits
with the Naive Bayes system and SRV (Freitag, 2000). Thesdatonsists of 485 documents, and
this was randomly split approximately in half for each of fteruns. Thus training and testing sets
were approximately 240 examples each. The results for ter giystems are reported by individual
slots only. We also report results forMsk. These results are from a 10-fold cross-validation using
only 100 documents randomly selected from the training Setderland presents results with and
without post-pruning of the rule set. Table 1 shows resultgHe six systems on the four slots for
the seminar announcement task. The line labeled 3/ gives the results for unpruned rules; that
labeled WH-PR gives the results for post-pruned rules.

All of the systems perform very well on the start time and antktslots, although RPIER with
semantic classes performs significantly worse on start tirae the other systems. These two slots
are very predictable, both in contents and in context, sditie performance is not surprising. Start
time is always present, while end time is not, and this déifee in distribution is the reason for the
difference in performance by Naive Bayes on the two slotse difference also seems to impact
SRV'’s performance, but RPIER performs comparably on the two, resulting in better perfance
on the end time slot than the two CMU systemsHMK also performs very well on the start time
task with post-pruning, but also performs less well on the tame task. In looking at performance
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on these slots, it should be noted that results were countait differently between the CMU
systems and RPIER. Freitag’'s systems assume only one possible answer pefslese slots may
have multiple correct answers (eg. either “2pm” or “2:0®3)t either answer is considered correct,
and only one answer is counted per slotaAFRER makes no such assumption, since it allows for
the possibility of needing to extract multiple, indepentdstnings. Thus, performance is measured
assuming that all of the possible strings need to be exttadias is a somewhat harder task, at least
partially accounting for RPIER's weaker performance. It should also be noted that SRV mages
of binary features that look at orthographic issues andtlenftokens; these kinds of features may
be more useful for recognizing times than the word, POS tad,semantic class features that our
implementation of RPIER has available to it.

Location is a somewhat more difficult field and one for which3tags seem to help quite a
bit. This is not surprising, since locations typically cm®f a sequence of cardinal numbers and
proper nouns, and the POS tags can recognize both of thosistnily. SRV has higher recall than
RAPIER, but substantially lower precision. It is clear that all bétrelational systems are better than
Naive Bayes on this slot, despite the fact that building reareeur often in the data and thus the
words are very informative.

The most difficult slot in this extraction task is the spealdris is a slot on which Naive Bayes,
WHIskK, and RaPIER with words only perform quite poorly, because speaker nase&om recur
through the dataset and all of these systems are using weordreace information and have no
reference to the kind of orthographic features which SR\suseto POS tags, which can provide
the information that the speaker names are proper noungiER with POS tags performs quite
well on this task, with worse recall than SRV, but better mien.

In general, in this domain semantic classes had very littlpaict on RPIER's performance.
Semantic constraints are used in the rules, but appareiitiput any positive or negative effect on
the utility of the rules, except on the start time slot, whtte use of semantic classes may have
discouraged the system from learning the precise contestles that are most appropriate for that
slot. POS tags help on the location and speaker slots, wheraility to identify proper nouns and
numbers is important.

4.3 Discussion

The results above show that relational methods can leafalusées for information extraction, and
that they are more effective than a propositional systerh ssd\aive Bayes. Differences between
the various relational systems are probably due to two factbirst, the three systems have quite
different learning algorithms, whose biases may be moress &dppropriate for particular extraction
tasks. Second, the three systems use different reprasestand features. All use word occurrence
and are capable of representing constraints on unboundedsal sequences. HoweveRRER and
SRV are capable of explicitly constraining the lengths ¢éfd (and, in RPIER’S case, sequences
in the pre and post fillers), and MVsk cannot. RPIER makes use of POS tags, and the others
do not (but could presumably be modified to do so). SRV usémgraphic features, and none of
the other systems have access to this information (thougbrime cases POS tags provide similar
information: capitalized words are usually tagged as propens; numbers are tagged as cardinal
numbers). One issue that should be addressed in future wddkexamine the effect of various
features, seeing how much of the differences in performaepznd upon the features rather than
basic representational and algorithmic biases. All of ligerdthms should be adaptable to different
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features; certainly adaptingARIER to use binary features of the type that SRV can employ should
be straightforward.

4.4 SampleLearned Rules

One final interesting thing to consider aboutmRER is the types of rules it creates. One common
type of rule learned for certain kinds of slots is the ruletthianply memorizes a set of possible
slot-fillers. For example, RPIER learns that “mac,” “mvs,” “aix,” and “vms” are platforms in
the computer-related jobs domain, since each word only aappi@ documents where it is to be
extracted as a platform slot-filler. One interesting rulengl these lines is one which extracts “C++"
or “Visual C++" into the language slot. The pre-filler and ptier patterns are empty, and the filler
pattern consists of a pattern list of length 1 with the wordstmint “visual” and then pattern items
for “c”, “+" and “+”. In the seminar announcements domaingamle for the location slot extracts
“doherty,” “wean” or “weh” (all name of buildings at CMU) flWwed by a cardinal number. More
often, rules which memorize slot-fillers also include somatext to ensure that the filler should
extracted in this particular case. For example, a rule ferdtea slot in the jobs domain extracts

“gui” or “rpc” if followed by “software.”
Other rules rely more on context than on filler patterns. Sadthese are for very formal
patterns, such as that for the message id of a job posting:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern
1) word: message 1) list: length 5 1) word: >

2) word: -

3) word: id

4) word:

5 word: <

Probably the majority of rules have some mix of context argl ¢bntents of the filler. An
example is the following rule for a title in the computeratgd jobs domain:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern
1) word: {:, seeking} 1)
2) {consultant, dba}

In the seminar announcements domain, the following rulé¢tferstart time relies on a combinations
of the structure of the filler and its context:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern
1) word: {:, for} 1) syntactic: cd
2) 2) word:;

syntactic:

3) syntactic: cd
4) syntactic: nn

5. Future Work

There are number of directions in which this work could besaged. Here we list a few of those
that we consider immediately promising or helpful.
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As mentioned above, our understanding of the various oglatilearning systems for informa-
tion extraction would benefit from a systematic study of ¢hegstems that used the same features
for each system and thus distinguished the contributiorsvailable features vs. algorithms. At
present, there is very little evidence to indicate whichhaf systems is best or most promising as
a step toward future improvements. Adding additional a@ist types to RPIER'S representation
(such as the orthographical features employed by SRV) i@bktforward task.

Another useful extension toA®1ER would be the ability to learn rules which extract fillers for
multiple slots. There are two advantages to learning sulgs ririrst, if two slots often appear in a
particular relationship to one another is a document, tbaming a single rule for both slots may
help to focus the search for a good rule. This could be helpfulearning start time and end time
in the seminar announcements domain or for a position andrgany in a management changes
domain. There are also certain situations where there aitphaufillers for slots, but the fillers
are in some way connected. For instance, in a rental ads dasnaivhich WHISK has been tested
(Soderland, 1999), it is common to have different sized tapamts at different prices listed in the
same ad. To simply extract the numbers of bedrooms and tbespriithout connecting them is not
helpful. Learning rules that extract both the number of bedrs and the related price can help to
solve this problem.

Modifying RAPIER to handle multiple slot extraction rules should be fairlsagghtforward. A
rule would simply have additional patterns: one for eachflier to be extracted, patterns between
the slot-fillers, and the context patterns before the fiist-fller and after the last slot-filler. The
primary issue that might be problematic would be the geretbn of patterns in between two slot
fillers. These would probably contain useful informationt might be long and of different sizes,
causing generalizing a pair of them to be prohibitively engiee. It might be necessary to take a
more top-down approach to learning the connecting pattastasting with an unconstrained pattern
list and breaking it up into pattern items or smaller listsl adding constraints (taken from those in
the original rule pair to limit search) as long as such caists improved rule quality.

Another desirable modification toA®R1ER would be to enable the algorithm to take advantage
of other kinds of pre-processing which somehow tag more tr@ntoken of text, such as parsing,
phrase chunking, or named-entity recognition. This is-Essightforward than handling additional
constraint types on a single token and would clearly corafithe generalization and specializa-
tion phases of RPIER's algorithm. However, named-entity recognition in pastar could prove
very useful in identifying filler patterns, and phrase chimgkcan provide useful information for
information extraction rules (Ray and Craven, 2001).

A final direction of research would be considering applyingPRER'S representation and al-
gorithm to other natural language processing tasks. It séeras quite likely that this language-
specific representation would fit well with other types ok&and possibly allow success with less
engineering of features than many of the learning systememly used must employ.

6. Related Work

Some of the work closest to ARIER was discussed in the previous section. In this section, we
briefly mention some other related systems. Previous relseer have generally applied machine
learning only to parts of the information extraction taskldrave required more human interaction
than providing texts with filled templates.R€STAL uses a form of clustering to create a dictionary
of extraction patterns by generalizing patterns identifiethe text by an expert (Soderland et al.,
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1995). AUTOSLOG creates a dictionary of extraction patterns by speciaizrset of general syn-
tactic patterns (Riloff, 1993), and assumes that an expilirtater filter the patterns it produces.
PALKA learns extraction patterns relying on a concept hierarohguide generalization and spe-
cialization (Kim and Moldovan, 1995). These systems ajl @ prior detailed sentence analysis
to identify syntactic elements and their relationshipg] tireir output requires further processing to
produce the final filled templates.#p also learns information extraction patterns (Huffman,&)99
but also requires a sentence analyzer to identify noun growgrbs, subjects, etc. and assumes that
all relevant information is between two entities it idemt#fias “interesting.” Finally, BBOTAG uses
decision trees to learn the locations of slot-fillers in awdoent (Bennett et al., 1997). The features
available to the decision trees are the result of pre-psicgshe text and are based on a fixed con-
text. ROBOTAG learns trees to identify possible start and end tokens @tfilers and then uses a
matching algorithm to pair up start and end tokens to idgmtiftual slot-fillers.

Also requiring mention is work on learning information eadtion and text categorization rules
using ILP (Junker et al., 2000). UnlikeARIER, WHISK, and SRV, which use text-specific represen-
tations and algorithms informed by ILP methods, they usayilepresentation with an algorithm
focused on text. Comparisons to this work is not yet possgitee they present no results.

Other effective approaches to learning information extoacrules have been studied recently.
These approaches have been shown to work well on some podfahe tasks used in this paper.
However, none of them has been tested on the complete setkst t®articularly, most have not
been tested on the slots that require the ability to produgkipte fillers for a given slot.

One approach has been learning hidden Markov models (§raitd McCallum, 2000, McCal-
lum et al., 2000, Lafferty et al., 2001). The HMM learning imads seem to work well, but they
have been tested on only a few of the slots in the job and sematasets: tasks that are generally
generally the more difficult for SRV andARIER. This work has been limited to locating a single
string to extract and has not been applied to slots with plelitorrect fillers.

Another approach has been to use a simpler learner used &ogetwrappers” for accom-
plishing information extraction from very structured tesuch as web pages and applying boosting
(Freitag and Kushmerick, 2000). The BWI system has beerdest a few slots of the seminar
announcement and job posting tasks, but has not been applied full job postings task. It also
has not been applied to extraction of multiple fillers pet.sithe results using BWI are therefore
inconclusive, but also positive.

Roth and Yih (2001) have presented a system—SNoW-IE-whigh use to learn the relational
representation desirable for the information extractiasktusing propositional learning mecha-
nisms. Their system performs very well on the seminar tasiydver, it has not been tested on the
job task, and is, in fact, geared specifically toward exioacbf at most one filler per slot.

Another very successful recent approach to the informagxtnaction task has been that of
Ciravegna (2001). His symbolic rule learner learns rules ifsert tags into the text independently,
proceeding in four phases: an initial tag insertion phasendextual rules phase, in which rules are
dependent on the presence of other tags; a correction ghashich rules are applied to adjust the
placement of tags; and a validation phase, in which tagsowitmatches are removed (beginning
tags without ending tags or vice versa). This system berfedits use of morphological and dictio-
nary linguistic evidence. It outperforms existing work madé although R\PIER does outperform it
on several slots of the job task, indicating that there isirdor improvement in both systems.
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7. Conclusion

The ability to extract desired pieces of information fromural language texts is an important task
with a growing number of potential applications. Tasks iggg locating specific data in news-
group messages or web pages are particularly promisingcagiphs. Manually constructing such
information extraction systems is a laborious task; howdearning methods have the potential to
help automate the development process. ThelRR system described here uses relational learn-
ing to construct unbounded pattern-match rules for infdimmaextraction given only a database of
texts and filled templates. The learned patterns employdugyntactic and semantic information
to identify potential slot fillers and their surrounding ¢ext. Results from realistic applications
demonstrate that fairly accurate rules can be learned fatatively small sets of examples, and that
its results are superior to a probabilistic method appleed fixed-length context.
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