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Abstract

TheAVATAR Information Extraction Systen§S) at the IBM Almaden Research Center enables high-
precision, rule-based, information extraction from text-documents. Digfvom our experience we
propose the use of probabilistic database techniques as the formalpindergs of information extrac-
tion systems so as to maintain high precision while increasing recall. This irs/blviiding a frame-
work where rule-based annotators can be mapped to queries in a datayatem. We use examples
from AVATAR IES to describe the challenges in achieving this goal. Finally, we show that dgrivin
precision estimates in such a database system presents a significanhgkdtbe probabilistic database
systems.

1 Introduction

Text analytics is a mature area of research concerned with the problkamoohatically analyzing text to extract
structured information. Examples of common text analytic tasks inainti€y identification(e.g., identifying
persons, locations, organizations, etc.) f&]ationship detectiore.g., person X works in company Y)[9] and
co-reference resolutiofidentifying different variants of the same entity either in the same documeilifferent
documents) [8]. Text analytic programs used for information extractiercalledannotators and the objects
extracted by them are calleghnotations Traditionally, such annotations have been directly absorbed into
applications. Increasingly, due to the complex needs of today’s enem plications (such as Community
Information Management [3]), there is a need for infrastructure thables information extraction, manages
the extracted objects and provides an easy interface to applicationsowqgra very important pre-requisite for
the use of annotations in enterprise applicatioriggh precision

At the IBM Almaden Research Center we are currently buildingAtaTAR Information Extraction Sys-
tem (IES) to tackle some of these challenges. Drawing from our experienbuilding theAVATAR IES
infrastructure, in this paper, we make a case for the use of probabilissibatse techniques as the formal under-
pinnings of such information extraction systems.

Annotations and Rules. Annotators inAVATAR IES are classified into two categories based on their input:

e Base annotatorsoperate over the document text, independent of any other annotator.
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Figure 1: Thresholding annotator precisions

¢ Derived annotatorsoperate on document text as well as the annotation objects producedepyantio-
tators.

Every annotation object produced by an annotator is characterizeavbil-defined set of operations. We
refer to each such operation asue. A set of rules within an annotator that together produce an annotation
object is called aneta-rule As an example, consider a simple base annotator that identifies ocasreihc
person names in the text of a document. An example of a meta-rule used tbyaiswannotator would be
(informally) R;: look for the presence of a salutation such as Dr. or Mr. followed by a capitalzord Meta-
rule R, would identify “Dr. Stonebraker” as a candid@erson annotation. Since a derived annotation depends
on other annotation objects, the concept of meta-rule history is useful:

Definition 1 (Meta-Rule History): Themeta-rule historyH(a) of an annotation object is defined as follows:
If a is a base annotation produced by meta-rHlethenH(a) = (R); if a is a derived annotation object
produced by a meta-rul® that operates on previously defined (base or derived) annotatioct®bje. . . , ax,
thenH(a) = (R, H(a1), ..., H(ax)).

The confidence in the accuracy of an annotation is related to its meta-ruleyhisto example, the person
annotator mentioned above may use a different metaiptéat looks for capitalized words that may or may not
be person names (e.g., to identify “Bill” as a candidad¢eson). Intuitively, the annotator has higher confidence
in Ry and therefore, higher confidence in the accuracy of the objectsqeddiyR;. To formalize this intuition,
we characterize the precision of individual annotation objects as follows:

Definition 2 (Annotation Object Precision): The precisiorprec(a) of an annotation object is defined as the
confidence value if0, 1] given by the annotator to all objects that can be produced with the same ufeta-r
history as that of:.

Definition 3 (High-precision Information Extraction (HPIE) System): An information-extraction system in
which the precision of all annotation objects are above a threshdld close to 1.0} is a high-precision
information-extraction system.

In accordance with Definitions 1 and 2, the precision for derived atinotis computed using the entire
meta-rule history of the corresponding base and derived annotatioisapproach has two severe drawbacks.
First, the combinatorial explosion in the space of meta-rules renders irtfon¥extraction systems of any
reasonable size to be intractable. Second, there is a sparsity problam autof the fact that there may not be
enough evidence (i.e., not enough annotation objects) to obtain precitiorates for all meta-rule histories.

The choice ofx will be driven by application requirements.



Current Implementation in AVATAR IES. The currentimplementation @8VATAR IES usesthe UIMA [6]
workflow engine to execute annotators. Annotations produc¥ATAR |ES are stored in an annotation store
implemented using a relational database (DB2). The store allows multiple dienvetators to be executed
without having to re-execute the base annotators.

To overcome problems associated with maintaining meta-rule histd&TAR IES implicitly assumes
that all a-filtered input objects to a derived annotator are of equal precisioweMer, this approach has several
problems that we explain below using Figure 1. In this figure, derivedtaiwr (D A;) has inputs from two base
annotatord3 A; and BA». For an application that requires an HPIE system witk 0.9, the naive approach of
a-filtering the objects o3 A; and B A, may not be sufficient fob A; to produce derived objects with > 0.9.2
The reason is that a derived annotator might require input annotatioaditteled at thresholds different from
in order to produce derived annotations abavdo account for this, annotators are thresholded differently (the
6’s in Figure 1) for consumption by derived annotators. This proces$eaome complicated if multipl@’'s
are required for a single base annotator whose output is consumedergliderived annotators. To minimize
the need to tune a large number®$, in the current implementation &VATAR IES, we only allow twos3
settings for each annotator, nameiigh andmedium

Motivation for Probabilistic Databases. Even under the simplistic assumptions made in our implementation,
two problems remain. First, #8/ATAR IES scales to a large number of annotators, the task of settingan
quickly become intractable Second, the choice ¢f has a significant impact on the recall of derived annotators.
As an example, consider a derived annot®esonPhone (see Section 2.2) that usBsrson annotations pro-
duced by a base annotator. AWVATAR |ES, by switching thes for Person from mediumto high, the number
of annotation objects produced BgrsonPhone over the Enron email data set [4] drops fréi0 to 580.

Below, we motivate the use of probabilistic database techniques [2, 7]@sfatial solution to these prob-
lems. Our first step in this direction is to view the precision of an annotationtabjpcobabilistic terms.

Assumption 4: The precisiorprec(a) of an objecta of typeT" can be interpreted as a probability as follows:
leta be drawn at random from the set of annotation objects whose meta-rtdédssare identical to that af.
Thenprec(a) equals the probability that is truly an object of typel’. Formally,prec(a) = P(tt(a) = T |
H(a) = H(a)).

Assumption 5: Let R be a meta-rule in a derived annotator that takes as ikhpaijects of specific types
Ti,...,T;. Let the derived annotation objegtbe produced byR using annotation objects,, as, ..., a; Of
typesTy, ..., Ty, respectively, i.eq = R(ay,...,a;). Leta anda; correspond ta anda;, fori = 1...k, as
defined in Assumption 4. Thebt(a) =7 = Vi: tt(a;) = 1T;.

Proposition 6: Using Assumptions 4 and 5, we can express the precision of an annothj#mt produced by
a derived annotator as

prec(a) = P(tt(a) =T | H(a) = H(a))
= P(tt(@) = T | @ = R(@,....a), {tt(@) = T}, {H(a;) = H(@)})  (meta-rule-prec)
P({tt(@) = T} | @ = R(@,..., ), {H(a:) = H(@)}) (input-prec)
In the proposition above, the expression (meta-rule-prec) represetidsrule precision while the expres-
sion (input-prec) represents the overall input precision (see SecBofoddetails and examples). While As-

sumption 4 has allowed us to reduce the problem of computing precisionieéd@&bject to one of comput-
ing probabilities for meta-rule precision and overall input precision, thEessions in Proposition 6 appear

2Indeed for very highy a derived annotator may produce no objects.
*TodayAVATAR |ES has about a hundred annotators. However, the infrastructuaariotator development is sufficiently powerful
that we expect this number to go up dramatically (potentially to tens of thdggan
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Figure 2: Annotation Store

intractable. To obtain a practical solution, we believe that a better undéirsgaof annotators and their depen-
dencies is essential.

In the rest of the paper we describe the internal&ATAR |ES and connections to probabilistic databases
as appropriate. In Section 2.2, we describe a generic templaA&®AFAR rule-based annotators. In Section 3,
we consider a simple probability model for base annotators. Finally, in Settiwe discuss briefly efficiency
issues related to derived annotators.

2 Rule-based Annotators

2.1 Annotator Data Model

Each annotation produced by HES can be viewed as a structured object with a well-defined type. The overall
output of anlES, called an annotation store, is a collection of such objects as defined hrltdve following,
type(z) denotes the type or class of objegt

Definition 7 (annotation store): An annotation stor& = (7, Q) consists of a set of types, a set of objects
O, and two distinguished typds, S € 7, such that :

o there is a special attributext for type D
o Vz € Otype(z) e T

e Vz € O such thatype(z) # D, type(x) # S, there exist attributesoc andspan with type(x.doc) = D
andtype(xz.span) = S.

In this definition, D is called thedocument typeS is called thespan type and every other type i is an
annotation type The special attributeext refers to the raw text of each document. Tdee attribute of an
annotation objectl points to the source document from whidhwvas extracted. Similarly, thepan attribute of
A describes the portion of.doc.text where A was mentioned. Figure 2 shows a simple annotation store with
one document object of tygemail and three annotation objects. Each oval in the figure represents ommé obje
and is labeled as A:B where A is the ID of the object and B is the type. Thengudia boxes represent atomic
attribute values. In this example thpan typeS contains a pair of integetsgin andend that store the character
offsets of the piece of the text corresponding to the annotation.

For the purposes of this paper, we assume that every annotation igextiraen a single document and that
thespan is interpreted relative to thext of this document.



procedure Annotator(d, Ag)

Ry is a set of rules to generate features

R, is a set of rules to generate candidate annotations
R, is a set of rules to consolidate the annotations produced by

1. Featuress ComputeFeaturesk,d)
2. foreachr ¢ R,
Candidates= CandidatesJ Apply_Rule(,FeaturesAy)
3. Results= ConsolidateR.,Candidate}
return Results

Figure 3:Generic Template for a Rule-based Annotator

2.2 Rule-based Annotator Template

Figure 3 is a high-level template that describes the steps involved in a rsdetaanotator. The input to the
annotator is a documedtand a set of annotation objects; such thatvz € Ay, x.doc = d (A4 = () for base
annotators). A rule-based annotator uses three kinds of rfelasire extraction ruleg?,, candidate generation
rules R4, andconsolidation rulesk.. Every rule operates on one or more annotation objects to produce other
annotation objects. However, to distinguish between the objects prodydbdse different kinds of rules, we
use the termfeatures candidatesandresult annotationsespectively.

In the first step, a rule-based annotator uses the rulésito produce a set of features. Note that all of
the rules inR; operate on the document and do not involve input annotations. In thadstep, each rule in
R, is independently applied to the features and the input annotations. The ofigach such rule is a set of
candidates. Finally, the rules . are used to consolidate candidates to produce a $&tsilts Consolidation
rules typically fall into two broad categories: @jscard ruleshat discard some candidates, andrtigrge rules
that merge a set of candidates to produce a result annotation.

In AVATAR IES, the feature extraction rules are deterministic operations over the doctima¢mto not
impact the precision of the result annotations. Therefore, the meta-ruéersult annotatior is the set of
candidate generation and consolidation rules (rules figrand R..) that are involved in producing.

As concrete instantiations of the template in Figure 3, we describe below afras@ator calle§implePerson
and a derived annotator call®drsonPhone.

Base AnnotatorSimplePerson. Base annotat@implePerson identifies persons using two dictionaried;
(containing unambiguous first or last names such as “michael”, “stoketiraetc.) andD, (containing am-
biguous first or last names such as “bill”, “gray”). Expressed in terhtisetemplate in Figure FimplePerson

works as follows:

¢ In the Compute_Features step, the input documer is tokenized and each individual token is added to
the set of featureBeatures Further, for each featurg, an attributedictU (resp. dictA) is set to true if the
corresponding token matches an entryp (resp.D,).

e The set of rules, for identifying person names are: (i), a pair of features that are adjacent to each
other in the document text and both of which are labeled With(e.g., michael stonebraker), (ii),: a pair
of features that are adjacent to each other in the document text antheledlavithD,, and D, respectively
(e.g., james gray), (iiiy,,: a feature that is labeled with,, (e.g., michael), and (iv),: a feature that is
labeled withD, (e.g., gray).

e Step 3 consists of a single consolidation rujehat executes the following logidf two candidates; and
0o are such that the, .span containso,.span, discardo,. This rule is applied repeatedly to produResults



Note thatSimplePerson is a simple but powerful annotator that we use in this paper to illustrate sonddaes;
In reality, a person annotator will use a significantly larger set of rulesetkgloit feature attributes such as
capitalization, the presence of salutations (e.g., Dr., Mr.), etc.

Derived annotator PersonPhone. Derived annotatoPersonPhone identifies people’s phone numbers from
documents. This annotator takes in as input the docurPeamd a set oPerson, Phone and ContactPattern
annotations identified bBaseannotators. Here (Person annotations are produced by a person annotator such
as SimplePerson, (i) Phone annotations are produced by an annotator that identifies telephone s raber

(iii) ContactPattern annotations are produced by an annotator that looks for occurrehg@gwases such as
“at” , “can be (reacheftalled) at” and*’s number is”. Given these inputs, theersonPhone annotator is fully
described by the following two rules:

e Candidate generation rule.,: If a triple (Person,ContactPattern,Phone) appear sequentially in the docu-
ment, create a candidateersonPhone annotation An example instance identified using this rule is shown
in Figure 2.

e Consolidation rule-; as described earlier.

3 Probability Model for Base Annotators

Let us revisit the rules of thgimplePerson annotator that was described in Section 2.2. Since the only consoli-
dation rule in this annotatot; is adiscard rulg it does not affect the probability assigned to the result objects.
Therefore, each generation ruleSimplePerson fully describes a meta-rule. For each candidate generation rule
in the SimplePerson annotator, let us assume the corresponding precision values are lavtilais (e.g., we

are givenprec(ry, ), prec(ry, ), €tc.). The precision value associated with a rule is a measure of the cmefide
that the annotator writer has in the accuracy of that rule. An experimemizgure to compute such precision
values would entail running the annotator on a labeled document collectisettingprec(r) to be the fraction

of objects produced by rulethat indeed turned out to be persons. Irrespective of how suclsimeealues are
computed, we make the following reasonable assumption:

Assumption 8: Let A be an annotator that produces objects of tfjp&or any annotation objeotproduced by
a candidate generation rutén A, we assume tha® (tt(o) = T) = prec(r).*

For example, ifo is an object of typéerson produced by rule-,, upon examining the text “James Gray”,
we haveP(tt(o) = Person) = prec(r,4). Thus, for annotators with discard-only consolidation rules, knowing
the precision values for generation rules is sufficient to assign probabtlitide result annotations. However,
more complex base annotators use a mixtureefge rulesanddiscard rulesto perform consolidation. The
task of computing annotation probabilities for such annotators is significantly complicated.

To illustrate, let us consider a more sophisticated person anndataplexPerson that uses an additional
dictionary D, containing salutations (such as Dr., Mr., Prof., etc.). Besides the gemegattbconsolidation
rules of SimplePerson, the extende@omplexPerson annotator uses a generation ruleand a merge rule,,
where:

Rule r;: generate a candidate annotation if there is a pair of features in the doctaxietitat are adjacent to
each other and are such that the first one is labeled &jthnd the second one is labeled with eitligy
or D, (e.g., “Dr. Michael” and “Dr. Stonebraker” would both be matched by this)t

“4For clarity, we do not introduc@ as in Assumption 4.



Rule r,,,: given two candidate; and o, such thato,.span overlaps witho,.span, produce a new candidate
object by merging the two spans into a single larger 3pan

For instance, given the piece of text “Dr. Michael Stonebraker”,rylgould produce objeat; correspond-
ing to “Dr. Michael”, ruler,, would produce object, corresponding to “Michael Stonebraker”, and rujg
would merger; ando, to producens corresponding to “Dr. Michael Stonebraker”. From our earlier agsion,
we know thatP(tt(o1) = Person) = prec(rs) and P(tt(o2) = Person) = prec(ry,). However, to assign a
probability to objectos, we need a meaningful probability model to compirgt(os) = Person), given the
above two probabilities. In general, designing a probability model to hamfisatidation rules that involve
merging of candidates to produce new annotation objects is an open prdidday, inAVATAR , without such
a model, we are forced to manually tune base annotators until we obtainddescésion levels.

4 Derived Annotators

Based on our experiences WHVATAR |ES on various applications such as email, IBM intranet and Internet
blogs, the real power is in the extraction of domain-specific derivedtations which are usually very large in
number. As part of our attempts to mak@ATAR IES more efficient we try to describe the rules in annotator
template 2.2 as queries over tARATAR annotation store. Such a view opens the door to exploit appropriate
indices, evaluate alternate plans and in general perform cost-basedzagion of Derived annotator§. We
begin by describing some of our current challenges in mapping rules teegu@/e then briefly discuss several
issues that arise in computing precisiongrived annotations in the context of probabilistic databases.

4.1 Rules as Queries

In this section, we give examples that demonstrate that candidate genenaticdonsolidation rules can be
expressed as queries (using the standard Object Query Langu@gs [8) syntax). For ease of exposition, we
only consider discard rules in the consolidation step.

As our first example, the candidate generation rylg for the PersonPhone annotator can be written as
shown below:

Query g1.
CREATE P as person, Ph as phone, span as SpanMerge(P.spar;Ph.span), doc as P.doc

FROM Person P, ContactPattern CP, Phone Ph

WHERE ImmSucc(P.span,CP.span) AND ImmSucc(CP.spandt).8fND P.doc = CP.doc AND CP.doc = Ph.doc
In the above, ImmSucc(spanl,span?2) is a user-defined function thatg¢rue if “span2” occurs immediately
after “spanl” in the original document text. SpanMerge is another fumthiat produces a new span by concate-
nating the set of spans provided as input. Note that we use a CREATE staterimelicate that a new annotation
object is produced that contains the features P and Ph as attributesi’pansl “phone” respectively. Similarly,
ruler4 can be written as:

Query go.
Candidates (SELECT O2
FROM Candidate€D1, Candidate<D2
WHERE SpanContains(O1l.span, O2.span))

where SpanContains(spanl,span2) is a user-defined functiontiratregue if “spanl” contains “span2”. No-
tice how the recursive application of rutg is captured using set difference.

*To fully specify ComplexPerson, we must now specify an order in which the consolidation rujgsandr, are executed.
However, these details are omitted as they are not relevant for the slimeirs this section.
Note that such queries can also be used to represent base anndéstbutiuhe benefit is most significant for derived annotators.



4.2 Challenges in Modeling Complex Rules as Queries

While the example candidate generation rules presented above map easibrigs gAVATAR IES uses
several more complex rules for which the mapping is not obvious. Wegraseexample below from our suite
of rule-based annotators to extract reviews from blogs - specifiddilyicReview annotator that identifies an
informal music review from a blog. A simplistic version of this annotator workgalows. A, consists of
MusicDescriptionphrases identified by an earlier annotator (e.g., “lead singer sang wielhry Sigelman
played drums”). TheMusicReview annotator identifies contiguous occurrences of MusicDescription dbase
on some proximity condition across successive entries), groups themlaukskand marks each block as a
MusicReview.

We now present the candidate generation and consolidation rules for bstitngersion of this annotator,
which is interested in block size up to two, i.e., it identifies occurrences ofatiernM D and (M D, M D) in
the document/ D is the input MusicDescription annotations).

Ry = {rma,m2ma} is @ pair of rules that identifies occurrences of MD dddD, M D) respectively. The
corresponding queries are given below.

Query gs.
CREATE MD as first, MD as second

FROM MusicDescription MD

Query g4.
CREATE M D, as first,M D, as second

FROM MusicDescriptionV/ D,, MusicDescriptionV] D,
WHERE  Window(/ D,.span,M Ds.span, m) AND BeginsBeford{ D,.span,M D,.span)
where Window(spanl,span2,m) is a user-defined function that retusng the two spans are within a distance
of m, and BeginBefore(spanl, span2) returns true if “spanl” bdmgfge “span2”.
There is a single consolidation rutg; given below. This rule discards candidates that are completely
contained in some other candidate, or have another MusicDescription theitie

Query gs.
Candidates (SELECTO,

FROM CandidatesD,, CandidatesD,

WHERE BeginsBefore, .first.span(,.first.span) AND EndsAftet?,.second.sparn,.second.span)
UNION

SELECTO,

FROM CandidatesD,, CandidatesD,

WHERE BeginsBeforep, .first.spany)s.first.span) ANDO; .second =0,.second

UNION

SELECTO,

FROM Candidates),, CandidatesD,

WHERE O .first = O, first and EndsAftei;.second.span),;.second.span))

For larger block sizes, note that the both the rules become significantly morplex. The following
challenges arise in modeling the rules as queries: (i) ability to express proxiomitiitions across objects based
on their location in the document (e.qg., identify twbD’s appearing adjacent to each other withircharacters
and no other MD between them) (ii) ability to group multiple such objects togeth@mrereach pair satisfies
some proximity conditions and (iii) ability to retain groups in decreasing ordsizet

4.3 Computing Precision of Derived Annotations

The precision of derived annotation objects is given by Proposition 6 gtid®el. In the expression given
in Proposition 6, the precision of a derived annotation is the product ofulleeprecision and the precision
of the input objects. The computation of the rule precision for deriveatanors is similar to that for base



annotators, therefore all the issues discussed in Section 3 are retedant/ed annotators as well. We now turn
to computing the second term involving the precision of the input objects. Withmguadditional information,
one reasonable assumption is the following:

Assumption 9: The overall input precision of the input annotations in Proposition 6 is dymtoof the preci-
sions of individual input objects and is independent of the Fulén other words,

P({tt(a;) =T} | a = R(a, ..., ax), {H(a:) = H(a:)}) = HP(tt(Ei) =T, | H(ai) = H(ai))

Although the above assumption allows us to account for the overall inpaigaon, this assumption is invalid
for most derived annotators. In particular, we believe that most deeamaotator rules enhance our confidence
in the precision of the input annotations. For example, let us revisiPéngonPhone annotator described in
Section 2.2. This annotator has a candidate generatiom jléhat operates on annotations generated by three
base annotators, nameBerson, ContactPattern and Phone. Consider the example annotation identified by
this rule shown in Figure 2. The regular expressions used iCtinéactPattern annotator and the sequencing
condition (ImmSucc) in the rule,., have a strong correlation with the average precision oftrson anno-
tation. In fact, in the current implementation of this annotatoAYATAR |ES, the precision of thé&erson
annotations that satisfy this additional constraint is 97.5% — significantly hibhe the overall precision of
Person annotations undef = mediumsetting. Since Assumption 9 assumes tRétt(Perl) = Person) is
independent of H(PP1)} and the rule-,,, this significantly lowers the computed precision RefrsonPhone
objects, and results in lowering the recall of t@sonPhone annotator.

The combination of mapping rules to queries and accounting for the depeadeas described above
presents a significant challenge for probabilistic database systems. Thésfgcus of our ongoing work in
this area. We believe that this requires enhancing the existing semanticstiabpistic database query evalua-
tion, and will lead to a fresh set of open problems for efficient querjueti@n under these enhanced semantics.
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