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ABSTRACT

The task of Information Extraction (IE) is to find specific types of in-
formation in natural language text. In particular, event extraction identifies
instances of a particular type of event or fact (a particular ”scenario”), includ-
ing the entities involved, and fills a database which has been pre-defined for
the scenario. As the number of documents available on-line has multiplied,
entity extraction has grown in importance for various applications, including
tracking terrorist activities from newswire sources and building a database of
job postings from the Web, to name a few.

Linguistic contexts, such as predicate-argument relationships, have been
widely used as extraction patterns to identify the items to be extracted from
the text. The cost of creating extraction patterns for each scenario has been
a bottleneck limiting the portability of information extraction systems to dif-
ferent scenarios, although there has been some research on semi-supervised
pattern discovery procedures to reduce this cost. The challenge is to develop
a fully automatic method for identifying extraction patterns for a scenario
specified by the user.

This dissertation presents a novel approach for the unsupervised discovery
of extraction patterns for event extraction from raw text. First, we present
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a framework that allows the user to have a self-customizing information ex-
traction system for his/her query: the Query-Driven Information Extraction
(QDIE) framework. The input to the QDIE framework is the user’s query:
either a set of keywords or a narrative description of the event extraction task.

Second, we assess the improvement in extraction pattern models. By con-
sidering the shortcomings of the prior work based on predicate-argument mod-
els and their extensions, we propose a novel extraction pattern model that is
based on arbitrary subtrees of dependency trees.

Third, we address the issue of portability across languages. As a case
study of the QDIE framework, we implemented a pre-CODIE system, a Cross-
Lingual On-Demand Information Extraction system requiring minimal human
intervention, which incorporates the QDIE framework as a component for pat-
tern discovery. In addition, we assess the role of machine translation in cross-
lingual information extraction by comparing translation-based implementa-

tions.
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Chapter 1

Introduction

Information Extraction (IE) is a subfield of Natural Language Processing
(NLP) that aims to extract specific types of information from text. Unlike
information retrieval, which returns a set of documents for a given query, IE
systems identify facts/events described in a text, and convert them into a
structured format for ease of further processing, such as text mining or sum-

marization.

Japan launched its first H2-A rocket on Wednesday,
putting a once-promising rocket program “back on track”

after years of problems.

Figure 1.1: Japanese Rocket Launch Event



Date Location | Type Name | Status

Wednesday (8/29/2001) | Japan Rocket | H2-A | Succeeded

Table 1.1: Example Table of Rocket Launch

Using an IE system, the user can get information about a rocket launch
event as shown in Table 1.1 from the text in Figure 1.1. Note that a text
may (and often does) contain supplemental information, such as background
information. The main challenge of IE, therefore, is to identify the relevant

information among the whole text.

1.1 Information Extraction and Domain De-

pendent Knowledge Base

For years, Message Understanding Conferences (MUCs) have been a standard
evaluation of IE systems. In MUC, the user’s need was explicitly defined as
a type of event in a tabular form (scenario template task). The target event
structure was shown in the form of a template, as exemplified in Table 1.2.
The recent MUC’s “one-month rule” on system development reflects a typ-

ical IE system development. It states that the participants were allowed to



+ launch_event
+ vehicle_info
+ payload_info
+ launch_date (time)
+ launch _site (location)
+ mission_type (military, civilian)
+ mission_function (test, deploy, retrieve)
+ mission_status (succeeded, failed, in-progress,

scheduled)

Table 1.2: Rocket Launch Event Template

have a one month period to develop their IE system given the definition of the
task and training data (a set of text annotated with the extracted entities).
Once given the task and its template, the developers of the IE system identi-
fied the sentence patterns which contain the information of the target events;
such patterns are called extraction patterns. For example, in the terrorism
domain used in MUC-4, a possible pattern would be formed as “<target> was

bombed.” This pattern could be applied onto the sentence “A public building



was bombed in Oklahoma City last year.” and “A public building” can be ex-
tracted as target. Thus, if we were informed beforehand about the event, event
structure, and its domain, we could develop an IE system well customized for
the particular target event structure.

However, because of the wide availability of on-line documents and the
diversity of needs for information extraction, it seems impractical to develop
an IE system for each task. A recent focus of the studies of information
extraction is toward its portability across domains. Having the portability
across domains, an IE system can relatively easily be customized to a new

domain. Thus, faster development of IE systems is possible.

1.2 Pattern Discovery

The cost of pattern discovery varies as the degree to which human labor is
involved. Here is the comparison on issues of pattern discovery, when patterns

are created manually, semi-automatically, automatically.

o Manual

In earlier MUCs, many IE systems were customized manually to a given

task. [5, 11, 15] However, the costs are prohibitively high to devote com-



putational linguists for building up and maintaining knowledge-bases for

each domain of request.

Semi-Automatic

A semi-automatic discovery procedure of extraction patterns is not fully
automated, but aims to help the user create the knowledge-bases, such as
lexicons and patterns [39]. The methodology to assist the user includes
showing a pattern candidate and incorporating an existing ontology and

pattern set.

Automatic

An automatic procedure for pattern discovery takes a set of documents
and outputs a set of extraction patterns, by using a machine learning
technique. Among automatic pattern discovery methods, there is a wide
range of preparation cost for training data, which will be covered in

detail in Chapter 2;

— Supervised learning systems cannot ignore the cost of a large amount

of annotated data [25, 14, 34, 12, 33|

— Semi-supervised learning systems, most of which are based on a



bootstrapping method, require only a handful of initial data to

acquire. [28, 40, 4]

— Unsupervised learning systems, further reduce the burden on the
user to require only a statement of the user’s information need.
Since no extraction patterns are given in advance by the user, the
main obstacle is to realize the user’s need into a set of extraction

patterns, which is the central theme of this dissertation.

1.3 Extraction Patterns

Before discussing the issues of pattern discovery in detail, we would like to
formalize the definition of extraction patterns and the problem of pattern
discovery.

This dissertation will focus on extraction patterns for information extrac-
tion. For many information extraction systems, extraction patterns are de-
signed to match a portion of text and assign the slot to the matched entity. In
the following, we will explain extraction pattern, dependency tree, and pattern

discovery.



(PRED: trigger (SBJ: APalestinian suicide bomber)
(OBJ: amassive explosion)

(IN: in (MOD: the hear)
(1N of (MOD: downtown [LOC: Jerusalem]})
(ADV: today})

Figure 1.2: Example of Extraction Pattern

Definition: (Extraction pattern) An extraction pattern is a dependency
tree one of whose nodes is a place holder. The rest of the nodes in an extraction
pattern are called the context of the pattern. An extraction pattern can match
with a portion of sentence if all the nodes in the extraction pattern can match
with the nodes in the sentence portion.

Contert nodes are lexicalized nodes that can match only with the node
with the same label. The place holder node contains a Named Entity class
that matches any instance of the same class. Having an assignment rule from
an extraction pattern to a slot in the template, the entity matched with a place

holder is extracted as an output slot-filler.

Definition: (Dependency Tree) A dependency relationship is an asym-
metric binary relationship between a word called the head (or governor, par-

ent), and another word called the modifier (or dependent, daughter). Depen-



SBJ | Subject
OBJ | Object

IN preposition

MOD | others

Table 1.3: Types of Dependency Relations

dency grammars represent sentence structures as a set of dependency relation-
ships. Normally the dependency relationships form a tree that connects all
the words in a sentence. A word in the sentence may have several modifiers,
but each word may modify at most one word. The root of the dependency
tree does not modify any word. It is also called the head of the sentence.
Table 1.3 shows the types of dependency relations used in this research.
Figure 1.3 gives an example of an S-expression of the dependency structure
of a sentence. In practice, all the dependencies given for a sentence will be

acquired automatically by a dependency parser.

Definition: (Pattern Discovery) Pattern discovery is the task of identi-
fying the extraction patterns that are relevant for the user’s need, specified by

the user’s query. Given a source text where all the sentences are parsed into



(PRED: trigger (SBJ: APalestinian suicide bomber)
(OBJ: amassive explosion)

(IN: in (MOD: the hear)
(N of (MOD: downtown [LOC. Jerusalem]))
(ADV: today})

Figure 1.3: Example of Dependency Tree (in S-expression)

dependency trees, the task of pattern discovery is to identify the extraction

patterns relevant to the query.

1.4 Contributions

The main contribution of this study is to provide a novel framework for un-
supervised discovery of extraction patterns for event extraction tasks from
raw text; the Query-Driven Information Extraction (QDIE) framework. This
framework allows the user to have a self-customizing information extraction
system for his/her query — it provides the portability to different domains.
We have assessed the improvement of extraction pattern models. By dis-
cussing the shortcomings of the prior work based on predicate-argument mod-
els and its extension, we proposed a novel extraction pattern model that is

based on arbitrary subtrees of dependency trees. We showed that the new



subtree model performed best among different pattern models. We also dis-
cussed some techniques needed for pattern discovery of the subtree model,
where the number of candidate patterns is larger than the prior work.

As a case study of QDIE framework, we have implemented pre-CODIE
(Cross-Lingual On-Demand IE) system, a cross-lingual on-demand informa-
tion extraction system with minimal human intervention, which incorporates
QDIE framework as a component of pattern discovery. In addition, we have
assessed the role of machine translation in cross-lingual information extraction

by comparing translation-based implementations.

1.5 Organization of Thesis

The following chapters of the thesis are organized as follows. Chapter 2 sur-
veys the previous pattern discovery work, mainly focused on semi- and unsu-
pervised learning methods. Chapter 3 overviews our novel pattern discovery
procedure: Query-Driven Information Extraction. Chapter 4 discusses the
improved models for extraction patterns. Chapter 5 illustrates a case-study
of QDIE framework with the discussion of the role of machine translation in

cross-lingual information extraction system. Finally, we conclude the disser-
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tation with prospects of the current work in Chapter 6.
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Chapter 2

Prior Work

This chapter introduces the prior work on automatic learning of extraction
patterns for information extraction. We discuss learning methods, the model
for extraction patterns, and the amount of engineering effort for each method.
First, the supervised learning methods that need annotated data are presented.

Then, the semi-supervised learning methods are reviewed.

2.1 Supervised

In the approaches with supervised learning for pattern discovery, the template

for an extraction task is given beforehand. Most of the methods take the parts

12



of the sentences which are annotated as containing a slot-filler as the most
specialized instances of extraction patterns. Then the patterns are generalized

to have a wide coverage in some way.

2.1.1 Riloff 93

The AutoSlog system [25] extracts a dictionary of what they called concep-
tual nodes from annotated documents. A conceptual node is an extraction
rule which includes a trigger word to be activated. When the trigger word is
matched in the text and the conditions that the concept node specifies are sat-
isfied, the concept node is activated and the slot in the concept node definition
is extracted from the context.

In the training phase, AutoSlog identifies a sentence annotated with a slot
filler and semantic tag. Then, AutoSlog looks up its heuristic rule list, a part
of which is shown in Table 2.1, and sees if any of the rules can match the part
of the sentence that contains the slot filler.

For example, in the terrorist domain used in MUC-4, given a sentence, “...,
public buildings were bombed and a car-bomb was detonated” that is anno-

tated with the slot filler for <target> slot, “public buildings”, AutoSlog would

generate from the heuristic, <subject> passive-verb, <target> was bombed,

13



<subject> passive-verb

<subject> active-verb

passive-verb <dobj>

active-verb <dobj>

noun prep <np>

Table 2.1: Sample of AutoSlog Heuristic Rules

with the word “bombed” as the trigger word of this rule.

Each rule handles only a single-slot extraction and the later stage of the
whole IE system [19] re-assembled the slots to build up an event structure
possibly with more than one slot. AutoSlog also used a semantic tagger in-
corporated with their whole IE system, and used semantic constraints in the
extraction rule. Unlike later work, AutoSlog does not relax constraints or
merge similar concept nodes to generalize. Thus, it depends on good training
data with annotation of the sentence which carries the target information and

the slot filler phrase.
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2.1.2 Kim and Moldovan 95

The PALKA [14] system produces the extraction rule as a pair of a mean-
ing frame and a phrasal pattern, called Frame-Phrasal pattern structure (FP-
structure). Each training phase tries to apply the extraction rules that have
been learned in the previous iterations, and if it fails it creates a new rule and
tries to generalize it with existing ones, or if it generates the wrong interpre-
tation it specializes the existing rules.

PALKA uses a concept hierarchy to generalize or specialize the extrac-
tion rules. The way PALKA generalizes the semantic constraints is based on
inductive learning mechanism [23, 22] to move up the semantic hierarchy so
that the extraction rules can cover as many positive examples as possible, and
it specializes the constraints so that the rules will not include any negative
examples.

Thus, PALKA is claimed to be sensitive to noise of training data and
a single negative instance leads to stopping a possible good generalization.
It also needs a existing semantic hierarchy to generalize and specialize the

constraints.
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2.1.3 Soderland et al. 95

The CRYSTAL system [34] takes texts that are processed by a syntactic parser.
For its training phase, CRYSTAL needs training documents annotated by a
domain expert, as well as the semantic hierarchy for medical domain. CRYS-
TAL starts learning by creating the extraction rules for each instance of the
target event in the training data. Then it finds the most similar pair of extrac-
tion rules and merges them together by finding the most restrictive constraints
that cover both rules. This is a form of inductive learning [23].

CRYSTAL does not extract the exact phrase for a slot filler but only points

out the syntactic field that contains the slot filler, as AutoSlog [25] does.

2.1.4 Huffman 96

The LIEP system [12] allowed user interaction for identifying events in texts,
based on the assumption that a large annotated training corpus is hard to
obtain.

Given a training set of texts with the information of event type and slot
fillers, first, LIEP finds a syntactic relationship between the slot fillers in the

event instance. Once it finds out the plausible relationship, LIEP creates a

16



new pattern for this particular instance. For generalization, if LIEP finds two
patterns with the same syntactic structure but different lexical constituents,
it creates a pattern with the same syntactic structure but a generalized class
for its constituents, as shown in Figure 2.1. The generalized pattern is tested
on the training corpus and, if it performs better than two separate patterns,

LIEP puts the generalized pattern into its pattern dictionary.

PERSON be named TITLE of COMPANY
PERSON be appointed TITLE at COMPANY

4

PERSON be (named, appointed) TITLE (of, at) COMPANY

Figure 2.1: Sample Patterns and their Generalization

2.1.5 Soderland 99

The WHISK [33] system learns extraction patterns. The training data is a set
of sentences marked as containing an event instance and a list of the slot fillers
of the template that are contained in the sentence. WHISK creates a rule from
the event instance which will identify the boundaries of the slot fillers in the

17



sentence.

Pattern:

* (<person>) * Succeeds * (<person>) * (<company>)
Output Rule:

Succession {PsnIN $1} {PsnOUT $2} {Org $3}
Sentence:

‘<Mr.A> succeeds <Mr.B>, chairman of <XYZ Inc.>’
Output:

Succession {PsnIN Mr.A} {PsnOUT Mr.B} {Org XYZ Inc.}

Figure 2.2: WHISK Rule Creation

WHISK extends a rule by adding terms testing the performance of the

extended pattern on the training set.

2.1.6 Discussion

The main bottleneck of the supervised pattern discovery methods is the cost of
preparation of the training data. Many of the surveyed systems in this section
need a large amount of annotated document for a particular extraction task.
The cost for manual annotation on the documents can not be ignored. This

18



also leads to the lack of portability of an IE system; one needs to get the
annotated data for each task.

Moreover, many of the surveyed systems assumed the use of a semantic
tagger to mark the expressions of some semantic classes, such as person, loca-
tion and organization names. Although the Named Entities detection task in
the Message Understanding Conferences [1, 2] has been well explored and the
performance that the NE systems achieved is high, there are many other types
of semantic classes especially when the target domain is specific, such as dis-
ease names for medical domain and weapon names for terrorism domain. The
semantic classes necessary for a particular task are restricted and, therefore, a
general knowledge base, such as an existing thesaurus or dictionary, does not

have wide enough coverage.

2.2 Towards Unsupervised

It has been pointed out that it took a lot of labor to prepare the training data
for an information extraction system. The idea of cost reduction leads to the
approaches of unsupervised learning. The work described in this section is

based on bootstrapping methods, expanding an initial small set of extraction
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patterns. In that sense, we call these works semi-supervised methods.

2.2.1 Riloff 96

Cost reduction for knowledge extraction has advanced further since Riloff’s
original automatic pattern discovery system AutoSlog [25] was built. AutoSlog-
TS [26] needs only a corpus pre-classified with regard to each document’s rel-
evance to the topic of the task. AutoSlog-TS introduced a measurement of
document relevance to the task.

The input to AutoSlog-TS is a document set pre-classified with respect to
relevance to the task of interest. First, AutoSlog-TS applies heuristic rules
exhaustively to the training corpus and produces a list of possible extraction
patterns.

Then we can calculate the score of each pattern p in the set of the possible
extraction patterns P.

Define fr(p) as the frequency of the pattern p being activated in the rele-
vant documents and f(p) as the frequency of p being activated in any docu-

ment.

_ Jr@)
score(p) = (o) log(f(p))

20



Ir(p)
f()

Here, is Pr(relevant text|text contains p), which measures the con-
ditional probability that a text is relevant given the text contains a certain
extraction pattern. It aims to find domain-specific patterns that are likely to
appear in the relevant document set. Also, there is a compromise between

the frequency of the pattern in general and the frequency only in the relevant

document set by using less weighted (logarithm of) frequency.

2.2.2 Riloff and Jones 99

Mutual bootstrapping is one form of co-training used in Riloff and Jones [28]
for lexical discovery. Lexicons and extraction patterns are used as two separate
features. Given a handful of lexical entries as initial data, the system finds
patterns that extract the initial lexicon. The extracted patterns are ranked
and the most reliable patterns are used to extract more lexical items.

The assumption of using mutual bootstrapping is the duality that a good
pattern can find a good lexicon and a good lexicon can find a good pattern.
Thus, the a set of lexicons would find the extraction patterns that can reliably
extract them and, in turn, the extraction patterns can find another set of
lexicons, while keeping the relevancy of the lexicons.

The algorithm of mutual bootstrapping is shown in Figure 2.3.

21



Given:
A set of lexicons L with seed words
A set of patterns P currently empty
A set of candidate extraction patterns
exhaustively extracted by AutoSlog
Loop:
Score all candidate extracted patterns.
Take the highest extraction pattern as best.
Add best to P.

Add lexicons of best’s extraction to L.

Figure 2.3: Mutual Bootstrapping

The system scores all the patterns extracted by AutoSlog [25] (See Sec-
tion 2.1.1) that exhaustively takes all possible extraction pattern. The algo-
rithm takes the best-ranked pattern p into the set P of the extracted patterns
and then add the lexicon that is extracted by p into L. The mutual bootstrap-
ping repeats starting with scoring all the patterns with the updated L.

A caveat of mutual bootstrapping approach is that a minor error would
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cause a large amount of error during the next iteration. For example, Riloff
and Jones reported that, for the extraction task of location names in the
terrorist domain, mutual bootstrapping wrongly extracted the non-location
phrases, such as head, clash, air, from the reasonable extraction pattern “shot
in <x >"

Another level of bootstrapping, called meta-bootstrapping, was introduced
as a remedy of the problem above, shown in Figure 2.4. In meta-bootstrapping,
each iteration takes only the 5 best NPs for adding to the extracted lexicons,
thus trying to be conservative rather than taking all the lexical entries that

are extracted by the patterns.

2.2.3 Collins and Singer 99

One of the interesting applications of co-training to an IE task was done by
Collins and Singer [9]. They take the NE task as a classification problem of
noun phrases, where the goal is to learn the hypothesis to classify noun phrases
given a set of their features.

The NE task was defined to find a classifier f given a feature vector z.
All the instances of named entities are described with two set of features; a

spelling feature set, such as the full string of the phrase and the feature whether
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Given:

A set of initial lexicons

A set of lexicons L as ‘‘permanent semantic
lexicon’’ (final answer)
Loop:

Initialize a temporary lexicon set T'mpL
for mutual bootstrapping

Run mutual bootstrapping with T'mplL.

Add 5 best NPs from the result TmplL from

mutual bootstrapping.

Figure 2.4: Meta-bootstrapping

it contains a particular string, and context feature set, such as the context itself
and the type of the context. Thus, all the instances have two views in terms
of [7].

One form of the application to the NE task Collins and Singer described was
a decision-list based co-training algorithm. The algorithm, called DL-Cotrain,

first creates a decision list of the spelling features from the seed words and
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labeled the training data. Then, DL-CoTrain algorithm set a decision list of
the context features from the newly labeled instances in the training data, so
far. The training data is labeled again with the decision list of contezt features.
Thus, the part of the training data which was not labeled before is now added
to the labeled data, so the decision lists are learned from the larger set than
the previous iteration.

Another form of co-training based algorithm is CoBoost algorithm. Co-
Boost algorithm is based on boosting algorithm. It tries to minimize the
disagreement on the training data of two classifiers which are based on two

different views.

2.2.4 Yangarber 00

EXDISCO [40] is another interesting extraction strategy with mutual boot-
strapping. The motivation behind the mutual bootstrapping of EXDISCO is
the circularity where the presence of the relevant documents indicates good
patterns and good patterns can find relevant documents .

EXDISCO requires only an unannotated corpus and a handful of seed
patterns. First the document set is divided into a relevant document set that

contains at least one instance of patterns and non-relevant document set that
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do not contain any seed patterns. Then the candidate patterns are generated
from the clauses in the documents and ranked in correlation with the relevant
documents.

The score of pattern pt is calculated by

docg(pt)

doc(pl) - log(docg(pt))

score(pt) =

where docg(pt) is the number of relevant documents that contain pt.

EXDISCO adds the highest pattern to the pattern set that initially con-
tained only seed patterns. Then, EXDISCO re-ranks each document using the
newly obtained pattern set.

At the (i41)-th iteration, the score of each document d is calculated by,

i+l g\ i . ’
score'™ (d) = max (SCO’I“@ (d), DOC(PTy)] > score (d))

de DOC(PTy)
where PT, is a set of patterns that match document d and DOC(PTy) is a
set of documents that all patterns in PT; match. This score calculates the sum
of the normalized scores of the documents which contained all the patterns that
now are found in the document in question. Thus, having all the documents
updated score, EXDISCO again splits the entire set of documents into relevant

and non-relevant and keeps iterating.
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2.2.5 Agichtein and Gravano 00

Local relations between entities are learned in the work of Agichtein and Gra-
vano [4]. Agichtein and Gravano’s Snowball system for extracting relations
between location and organization is based on Dual Iterative Pattern Expan-
sion (DIPRE) algorithm [8]. DIPRE, similar to co-training, works well on
data that have two distinct features, each of which can independently distin-
guish the target class of instances from the others. The main algorithm of
Snowball, first, induces and ranks the extraction patterns given a handful of
initial relation instances; a set of pairs of location and organization. The algo-
rithm applies the patterns onto the source text and tries to find other relations
that the patterns can cover. From the newly found relations, the patterns are
re-ranked.

The metrics of the patterns and relations used for each iteration is impor-
tant since a tiny error would extract more erroneous patterns/relations in the
later stages. The confidence of a pattern is calculated by similar method to
Riloff [26], where the score is a multiplication of the relevance of the pattern
(precision) and the logarithm of the frequency of the pattern. Then, the con-
fidence of each relation is calculated by the probability that all the patterns
that extract the relation were triggered incorrectly.
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2.2.6 Discussion

The drawback of this type of bootstrapping method is that it is prone to take
tiny errors and amplify them during iteration. In fact, this problem is caused
not only by noise but also (more seriously) by polysemous words and phrases.
For example, although the pattern “kidnapped in < x >” in terrorist domain
itself is a good pattern, it will extract not only locations “kidnapped in Tokyo”
but also many dates “kidnapped in January.”

We can impose an NE category constraint for a matching variable to reduce
the degree of polysemous patterns. Thus, the example patterns above are
expressed as two different patterns, “kidnapped in {C-LOC}” and “kidnapped
in {C-DATE}".

In supervised pattern discovery methods, the cost of preparing the training
data was high, annotating all the necessary information. The work surveyed in
this section tries to reduce the burden of annotating the training data. Riloff
reported in [27] that it took a user 8 hours to annotate 160 texts, roughly a
week to annotate 1000 texts for her previous work AutoSlog [25]. AutoSlog-
TS [26] takes a corpus pre-classified for relevancy as initial input. Classification
of documents is a far easier task than making annotations although the actual
time it took was not reported. Furthermore, by using mutual bootstrapping
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approach, the cost reduction on the training data were further pursued. Snow-
ball and EXDISCO required only an unannotated corpus and a handful of the
initial relations and patterns, respectively.

However, the number of documents relevant to the task is limited because
of the degree of specificity of the extraction task. The data-sparseness problem
must be considered especially when the task is very specific and the source data
is general.

From the user’s point of view, providing a small set of extraction pat-
terns may still be a bottleneck. In Chapter 3, we will discuss more about the

bottleneck and need for a fully unsupervised method for pattern discovery.
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Chapter 3

Overview of Pattern Acquisition

3.1 Introduction

Chapter 2 surveyed various approaches to reduce the cost of porting an IE sys-
tem into another domain. Especially, we discussed the discovery of extraction
patterns, since today’s IE systems are commonly based on pattern matching.
Many of the previous approaches attempted to solve the pattern discovery
problem as a classification problem where we separate relevant patterns from
irrelevant ones — it reduced the cost of creating extraction patterns to the
preparation of training data. Some work requires the user to provide only the

relevance judgment of documents for pattern discovery. Significant reductions
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in human preparation cost may be achieved by employing bootstrapping algo-
rithms for pattern discovery. With such a methodology, the user only needs
to provide a small set of initial extraction patterns.

However, creating extraction patterns can be difficult in some situations.
There are no standard criteria for choosing a “good” seed set of extraction
patterns. Especially, it will be difficult in the cross-lingual IE case where the
user has no knowledge of the source language. Chapter 5 will discuss more
details of cross-lingual IE.

In this chapter we will propose a novel methodology of automatic pattern
discovery where the user only needs to provide a query in the form of a narra-
tive or a set of keywords — the same as used in information retrieval (IR) sys-
tems. To discover the extraction patterns based on the user’s query, we realized
an unsupervised pattern discovery framework incorporating an information re-
trieval system: Query-Driven Information Extraction (QDIE) framework. We
employed an information retrieval system to get the documents relevant to the
user’s query. Subsequent processes transfer the relevance judgments into a set

of extraction patterns, which will be discussed in the next section.
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3.2 QDIE: Query-Driven Information Extrac-
tion

Unsupervised model: QDIE = IR + IE For minimizing the amount
of human intervention, a set of keywords from the user used by information
retrieval is an ideal candidate. We incorporated information retrieval into pat-
tern discovery based on the following intuition; if a set of documents discusses
the type of events that is relevant to the user’s need, the extraction patterns
used to describe the events in the documents are likely to appear more fre-
quently in this set of documents, rather than to be spread across domains.
Thus, we used TF/IDF-based scoring function for realizing that intuition and
incorporated information retrieval and pattern discovery in a cascading fash-

ion, as we will discuss in the next section.

In the following sections, we describe each component of the QDIE frame-
work illustrated in Figure 3.1. First, the original documents are processed by
a dependency parser and NE-tagger in advance. Then the system retrieves
the relevant documents for the scenario as a relevant document set, specified

by the user’s query. Finally, from all the sentences in the relevant document
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set, the connected subtrees of dependency trees that conform to the defini-
tion of extraction patterns are considered as pattern candidates. The pattern

candidates are ordered by the TF/IDF-based scoring function.
—p | Document | wepe —p. | Paftern _..Q
Retrieval Extraction
t Relevant Document Set g
Document .
@ At Preprocessing Pattern Candidate

Source Document Set

Query

Figure 3.1: QDIE framework data-flow

3.2.1 Document Preprocessing

Dependency parsing and Named Entity (NE) tagging is performed on the
training data at this stage. All NEs are represented as their class labels, and
each sentence is represented as a dependency tree whose nodes correspond to

a chunk. (Figure 3.2)
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A Palestinian suicide bomber triggered a massive explosion
in the heart of downtown [LOC: Jemsalem).

Y

(PRED: trigger (SBJ: A Palestinian suicide bomber)
(OBJ. a massive explosion)
(N in (MOD: the heart)
(IN of (MOD: downtown [LOCT)))

Figure 3.2: Example of Sentence Preprocessing

3.2.2 Document Retrieval

As the first phase of our cascading procedure, a set of documents is retrieved
in response to the user’s query. Any modest information retrieval approach
may suffice at this phase. All the sentences used to create the patterns are
retrieved from this relevant document set.

The form of the query varies from a set of keywords (e.g. “airplane crash”)
to a narrative query (such as the TREC query: “A relevant document will
include a prediction about the prime lending rate (national-level or major
banks’), or will report a prime rate move by major banks, in response to or
in anticipation of a federal /national-level action, such as a cut in the discount

rate.”).
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3.2.3 Pattern Extraction

The dependency trees of the sentences from retrieved documents are the source
of extraction pattern candidates. From each sentence, a set of dependency
subtrees which conform to the pattern model (see Chapter 4) become pattern
candidates. The QDIE system collects all the pattern candidates from retrieved
sentences and calculates the relevance score for each candidate.

As illustrated in Figure 3.3, for each pattern 7, the score of relevance, score;
is calculated based on the TF/IDF calculation.

score; = tf, (3.1)

i - log d_fz

Here, tf; denotes the number of times pattern candidate ¢ occurred in the
relevant documents in R, df; denotes the number of documents in the entire
source document set which contain pattern candidate 7, and N is the number

of documents in the source document set.

3.3 Conclusion

Query-Driven Information Extraction (QDIE) takes the user’s query and source

text as input and returns a set of extraction patterns relevant to the events
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N
d,

score, =1f . -log

number of times pattern candidate i
occurred in the documents in R

number of documents in
the source which contain pattern candidate i

Figure 3.3: TF/IDF-based scoring function for pattern candidates

specified by the user’s query. QDIE employs the cascading manner of identi-
fying the extraction patterns. First, the system retrieves a set of documents
relevant to the user’s query. All the subtrees of dependency trees that conform
to the definition of extraction patterns are considered as pattern candidates.
The TF/IDF-based score orders the set of pattern candidates in terms of rel-

evance to the user’s query.
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Chapter 4

Pattern Models

A model of extraction patterns for information extraction defines the template
of extraction patterns. The template restricts how much contextual informa-
tion an extraction pattern carries; for the extraction patterns to match only
the relevant portions of text. Different models can contain various amount
of contexts for extraction patterns. Although predicate-argument relation has
been widely used for the model of extraction patterns, modeling extraction

patterns is more difficult than may at first appear.
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4.1 Introduction

As we have seen in the previous chapters, the central technique of information
extraction is the use of extraction patterns, and automatic pattern discovery
has been the focus of study [26, 40, 36]. In particular, methods have recently
emerged for the discovery of event extraction patterns without corpus anno-
tation in view of the cost of manual labor for annotation. However, there has
been little study of alternative representation models of extraction patterns
for unsupervised discovery method.

In the prior work on extraction pattern discovery, the representation model
of the patterns was based on a fixed set of pattern templates [27], or predicate-
argument relations, such as subject-verb, and object-verb [40]. The model of
our previous work [35] was based on the paths from verbal predicate nodes in
dependency trees.

In this chapter, we compare the different extraction pattern representa-
tion models in relation to their ability to capture the participating entities in
scenarios when used with QDIE pattern discovery framework. We present an
alternative model based on arbitrary subtrees of dependency trees, so as to

extract entities beyond direct predicate-argument relations. An evaluation on

38



scenario-template tasks shows that the proposed Subtree model outperforms

the previous models.

4.2 Prior models

Our research on improved representation models for extraction patterns is
motivated by the limitations of the prior extraction pattern representations.
In this section, we review two of the previous models in detail, namely the

Predicate-Argument model [40] and the Chain model [36].

4.2.1 Predicate-Argument model

The Predicate-Argument model is based on a direct syntactic relation between
a predicate and its arguments [40]. The case marking for a nominalized pred-
icate is significantly different from the verbal predicate !. Thus, no simple
rule can resolve finding arguments and their types for non-verbal predicates,
which makes it hard to regularize the nominalized predicates automatically.

Therefore, the current constraint for the Predicate-Argument model requires

the root node to be a verbal predicate.

! The recent discussion of predicate-argument structure of nominalized verbs can be seen

in [20, 21]
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Following the definition of extraction patterns in Section 1.3, an extrac-
tion pattern in a predicate arqgument model is defined as an extraction pattern
whose structure contains only a root node and its direct children. Thus, it con-
forms to (PRED: — (ARG1: —)(ARG2: —)...(ARGn:—)) in S-expression form.
Figure 4.3(a) shows the examples obtained from a dependency tree. The root
node is a verbal predicate and only its direct argument, such as a subject, an
object, and its direct modifiers are included in the Predicate-Argument model.

In general, a predicate provides a simple but strong context for its argu-
ments, which leads to good accuracy for extraction tasks. Thus, the predicate-

argument model is widely used in the current IE extraction patterns.

4.2.2 Chain model

Definition

The Chain model is a representation of patterns, a path in the dependency
tree passing through zero or more intermediate nodes within the tree. Thus, it
conforms to (PRED: — (ARG1: — (ARG2: — (...(ARGn:—))))) in S-expression
form. Figure 4.3(b) shows the examples obtained from a dependency tree.

Each node contains at most one child node. Here dependency relationships
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are not limited to just those between a case-marked element and a predicate,
but also include those between a modifier and its head element, which covers

most relationships within sentences.

4.2.3 Comparison of Chain model and Predicate-Argument
model

The main cause of difficulty in finding entities by extraction patterns is due to
the various ways in which the participating entities appear. They appear not
only as an argument of the predicate that describes the event type, but also
in other places within the sentence. For example, in the MUC-3 terrorism sce-
nario, WEAPON entities occur in many different relations to event predicates
in the documents. Even if WEAPON entities appear in the same sentence with
the event predicate, they rarely serve as a direct argument of such predicates.
(e.g., “One person was killed as the result of a bomb explosion.”)

Figure 4.1, 4.2, 4.3? shows an example of an extraction task in the terror-

2Throughout this thesis, extraction patterns are defined as one or more word classes
with their context in the dependency tree, where the actual word matched with the class is
associated to one of the slots in the template. The notation of the patterns in this paper

is based on a dependency tree where (¢t : z (t1 : y1)--(tn : Yn)) denotes x is the head and ¢
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ism domain where the event template consists of perpetrator, date, location
and wvictim. With the extraction patterns based on the Predicate-Argument
model, only perpetrator and victim can be extracted. The location (down-
town Jerusalem) is embedded as a modifier of the noun (heart) within the
prepositional phrase, which is an adjunct of the main predicate, triggered®.
Furthermore, it is not clear whether the extracted entities are related to the

same event, because of the clausal boundaries.*

Benefits of Chain model

The Chain model has some advantages for pattern matching over the Predicate-

Argument model in addressing the difficulty mentioned above:

e Indirect relationships

is its label, and, for each i in 1..n, y; is its argument and the relation between x and y; is
labeled with ¢;. The labels introduced in this paper are SBJ (subject), OBJ (object), ADV
(adverbial adjunct), REL (relative), APPOS (apposition) and prepositions (IN, OF, etc.).
Also, we assume that the order of the arguments does not matter. Symbols beginning with

C- represent NE (Named Entity) types.
3Yangarber refers this as a noun phrase pattern in [40].

4This is the problem of merging the result of entity extraction. Most IE systems have
hard-coded inference rules, such as “triggering an explosion is related to killing or injuring

and therefore constitutes one terrorism action.”
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The Chain model can find indirect relationships, such as the relationship
between a predicate and the modifier of the argument of the predicate.

For example, the pattern

“(PRED: appoint (TO: {C-POST} (OF: {C-ORG})))” can capture the
relationship between “{C-ORG}” and “to be appointed” in the sentence

“{C-PER} was appointed to {C-POST} of {C-ORG}.”

Relationships beyond clausal boundaries

Chain model can capture relationships beyond clausal boundaries. The
pattern “(PRED: announce (COMP: appoint (TO: {C-POST})))” can
find the relationship between “{C-POST}” and “to announce”. This
relationship, later on, can be combined with the relationship “{C-ORG}”

and “to announce” and merged into one event.

The Chain model attempts to remedy the limitations of the Predicate-

Argument model. Thus it successfully avoids the clausal boundary and em-

bedded entity limitation. We reported a 5% gain in recall at the same pre-

cision level in the MUC-6 [1] management succession task compared to the

Predicate-Argument model.
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JERUSALEM, March 21 — A smiling Palestinian suicide bomber trig-
gered a massive explosion in the heavily policed heart of downtown

Jerusalem today, killing himself and three other people and injuring

Scores.
Figure 4.1: Example sentence on terrorism scenario.
= P N
OBJ
A smiling Palestinian suicide bomber today klling m_]urmg

heart
amassive explosion /VV\

heavilypoliced  downtown Jerusalem imself o e

Figure 4.2: Dependency Tree of the example sentence in Figure 4.1. (The entities

to be extracted are shaded in the tree).

However, the Chain model also has its own weakness in terms of accuracy
due to the lack of context. For example, in Figure 4.3(a), (PRED: triggered
(ADV: {C-DATE})) is needed to extract the date entity. However, the same
pattern is likely to be applied to texts in other domains as well, such as “The
Mexican peso was devalued and triggered a national financial crisis last week.”
In the next section, we propose the novel model for extraction patterns to

remedy the difficulty.
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(a) Predicate-Argument

(PRED: triggered (SBJ: {C-PERSON})(OBJ: explosion)({C-DATE}-ADV))

(PRED: killing (OBJ: {C-PERSON}))

(PRED: injuring (OBJ: {C-PERSON}))

(b) Chain model

(PRED:
(PRED:
(PRED:
(PRED:
(PRED:
(PRED:

(PRED:

triggered (SBJ: {C-PERSON}))

triggered (IN: heart (OF: {C-LOCATION})))
triggered (ADV: killing (OBJ: {C-PERSON})))
triggered (ADV: injuring (OBJ: {C-PERSON})))
triggered (ADV: {C-DATE}))

injuring (OBJ: {C-PERSON}))

killing (OBJ: {C-PERSON}))

Figure 4.3: (a) Predicate-Argument patterns and (b) Chain-model patterns that

contribute to the extraction task in Figure 4.1.

4.3 Subtree model

The Subtree model is a generalization of previous models, such that any sub-

tree of a dependency tree in the source sentence can be regarded as an ex-
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Subtree model

(PRED: triggered (SBJ: {C-PERSON})(OBJ: explosion))

(PRED: killing (OBJ: {C-PERSON}))

(PRED: injuring (OBJ: {C-PERSONY}))

(PRED: triggered (IN: heart (OF: {C-LOCATION})))

(PRED: triggered (ADV: killing (OBJ: {C-PERSON})))

(PRED: triggered (OBJ: explosion)(ADV: {C-DATE}))

(PRED: triggered (ADV: {C-DATE})(ADV: killing))

(PRED: triggered (ADV: {C-DATE})(ADV: killing (OBJ: {C-PERSON})))
(PRED: triggered (ADV: {C-DATE})(ADV: injuring))

(PRED: triggered (OBJ: explosion)(ADV: killing (OBJ: {C-PERSON})))

(PRED: triggered (ADV: {C-DATE}))

Figure 4.4: Subtree model patterns that contribute the extraction task on the

example sentence in Figure 4.1.

traction pattern candidate. As shown in Figure 4.4, the Subtree model, by
its definition, contains all the patterns permitted by either the Predicate-

Argument model or the Chain model. It is also capable of providing more
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relevant context, such as (PRED: triggered (OBJ: explosion)(ADV: {C-DATE})).

The obvious advantage of the Subtree model is the flexibility it affords
in creating suitable patterns, spanning multiple levels and multiple branches.
Pattern coverage is further improved by relaxing the constraint that the root
of the pattern tree be a predicate node. However, this flexibility can also be a
disadvantage, since it means that a very large number of pattern candidates —
all possible subtrees of the dependency tree of each sentence in the corpus —
must be considered. An efficient procedure is required to select the appropriate
patterns from among the candidates.

Also, as the number of pattern candidates increases, the amount of noise
and complexity increases. In particular, many of the pattern candidates over-
lap one another. For a given set of extraction patterns, if pattern A subsumes
pattern B (say, A is (PRED: shoot (OBJ: {C-PERSON})(TO: death)) and B is
(PRED: shoot (OBJ: {C-PERSON}))), there is no added contribution for extrac-
tion by pattern matching with A (since all the matches with pattern A must
be covered with pattern B). Therefore, we need to pay special attention to the
ranking function for pattern candidates, so that patterns with more relevant
contexts get higher score.

For efficiency and to eliminate low-frequency noise, we filtered out the
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pattern candidates that appear in less than 3 documents throughout the entire
collection. Also, since the patterns with too much context are unlikely to
match with new text, we added another filtering criterion based on the number
of nodes in a pattern candidate; the maximum number of nodes is 8.

Since all the slot-fillers in the extraction task of our experiment are assumed
to be instances of the 150 classes in the extended Named Entity hierarchy [31],
further filtering was done by requiring a pattern candidate to contain at least
one Named Entity class.

In the following sub-sections, we discuss an automatic procedure to learn
extraction patterns using the QDIE framework. The general description of the
three stages, preprocessing, document retrieval, and pattern extraction, can be
seen in Section 3.2. Here we focus on the detail of the pattern extraction stage;

in particular, the ranking function and parameter tuning.

4.3.1 Ranking Pattern Candidates

Given the dependency trees of parsed sentences in the relevant document set,
all the possible subtrees can be candidates for extraction patterns. The ranking
of pattern candidates is inspired by TF/IDF scoring in IR literature; a pattern

is more relevant when it appears more in the relevant document set and less
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across the entire collection of source documents.

The right-most expansion base subtree discovery algorithm [3] was imple-
mented to calculate term frequency (raw frequency of a pattern) and document
frequency (the number of documents where a pattern appears) for each pattern
candidate. The algorithm finds the subtrees appearing more frequently than a
given threshold by constructing the subtrees level by level. It efficiently avoids
the construction of duplicate patterns by keeping track of their occurrence
in the corpus, and runs almost linearly in the total size of the maximal tree
patterns contained in the corpus.

The following ranking function was used to rank each pattern candidate.

The score of subtree i, score;, is

N B
score; =tf; - (10g d_fz) (4.1)
where % f; is the number of times that subtree ¢ appears across the docu-
ments in the relevant document set, R. df; is the number of documents in the
collection containing subtree 7, and N is the total number of documents in the
collection. The first term roughly corresponds to the term frequency and the
second term to the inverse document frequency in TF/IDF scoring. f is used

to control the weight on the IDF portion of this scoring function.
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4.3.2 Parameter Tuning for Ranking Function

The 8 in Equation 4.1 is used to parameterize the weight on the IDF portion
of the ranking function. As we pointed out in Section 4.3, we need to pay
special attention to overlapping patterns; the more relevant context a pattern
contains, the higher it should be ranked. The weight S serves to focus on
how specific a pattern is to a given scenario. For example, high 3 value prefers
(PRED: triggered (OBJ: explosion)(ADV: {C-DATE})) to (PRED: triggered (ADV:
{C-DATE})) in the terrorism scenario. Figure 4.5 shows the improvement of
the extraction performance by tuning 8 on the entity extraction task.

For unsupervised tuning of 3, we used a pseudo-extraction task, instead of
using held-out data in case of supervised learning. We used an unsupervised
version of the text classification task to optimize (3, assuming that all the
documents retrieved by the IR system are relevant to the scenario and the
pattern set that performs well on the text classification task also works well
on the entity extraction task.

The unsupervised text classification task is to measure how close a pattern
matching system, given a set of extraction patterns, simulates the document
retrieval of the same IR system as in the previous sub-section. The S value
is optimized so that the cumulative performance of the precision-recall curve

20



Precision-Recall

100 co— : . . . . -
P e T
e eta=3 ---x---
o5 L X K % 8oe 80 SUBT beta=8 ---o--
X 060
Sx -®
9 - ‘
85 -

80

Precision (%)
~
(6]
T

70

65 |-

60

50 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80

Recall (%)

Figure 4.5: Comparison of Extraction Performance with Different

o1



over the entire range of recall for the text classification task is maximized °.

The document set for text classification is composed of documents retrieved
by the same IR system as used for pattern discovery, plus the same number of
documents picked up randomly. Note that all the documents are taken from
a different document set from the one used for pattern learning. The pattern
matching system, given a set of extraction patterns, classifies a document as
retrieved if any of the patterns match any portion of the document, and as
random otherwise. Thus, we can get the performance of text classification of
the pattern matching system in the form of a precision-recall curve, without
any supervision.

Next, the area of the precision-recall curve is computed by connecting every
point in the precision-recall curve from 0 to the maximum recall the pattern
matching system reached, and we compare the area for each possible 5 value.
Finally, the [ value which gets the greatest area under the precision-recall
curve is used for extraction.

The comparison to the same procedure based on the precision-recall curve

5The optimum shape of the precision-recall curve given a set of extraction patterns can
be obtained by ranking all the relevant patterns higher than the irrelevant patterns, which

makes the maximum area of the precision-recall curve.
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of the actual extraction performance shows that this tuning has high cor-
relation with the extraction performance (Spearman correlation coefficient

ry = 0.83).

4.4 Experiment

The experiment of this study is focused on comparing the performance of
the earlier extraction pattern models to the proposed Subtree Model (SUBT).
The compared models are the direct predicate-argument model (PA)® and the
Chain model (CH) in [36].

The task for this experiment is entity extraction, which is to identify all
the entities participating in relevant events in a set of given Japanese texts.
Note that all NEs in the test documents were identified manually, so that
the task can measure only how well extraction patterns can distinguish the
participating entities from the entities that are not related to any events.

This task does not involve grouping entities associated with the same event

6This is a restricted version of [40] constrained to have a single place-holder for each
pattern, while [40] allowed more than one place-holder. However, the difference does not
matter for the entity extraction task which does not require merging entities in a single

template.
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Succession Arrest

See Table 4.2(a). See Table 4.2(b).
IR description ce Table 4.2(a) ce Table 4.2(b)
(translation
of Japanese)
Slots Person, Organization, Post Arresting Agency,

Suspect, Charge

# of Test Documents 148 205
(relevant + irrelevant) (87 +61) (105 4 100)
Slots Person: 135 Arresting Agency: 128
Organization: 172 Suspect: 129
Post: 215 Charge: 148

Table 4.1: Task Description and Statistics of Test Data

into a single template to avoid possible effect of merging failure on extraction
performance for entities. We accumulated the test set of documents of two
scenarios; the Management Succession scenario of [1], with a simpler template
structure, where corporate managers assumed and/or left their posts, and the
Murderer Arrest scenario, where a law enforcement organization arrested a

murder suspect.
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(a) Management Succession: Management Succession at the level of
executives of a company. The topic of interest should not be limited to
the promotion inside the company mentioned, but also includes hiring
executives from outside the company or their resignation.

(b) Arrest: A relevant document must describe the arrest of the sus-
pect of murder. The document should be regarded as interesting if

it discusses the suspect under suspicion for multiple crimes including

murder, such as murder-robbery.

Table 4.2: IR Description of Test Data

The source document set from which the extraction patterns are learned
consists of 117,109 Japanese Mainichi Newspaper articles from 1995. All the
sentences are morphologically analyzed by JUMAN [16] and converted into
dependency trees by KNP [17]. Regardless of the model of extraction pat-
terns, the pattern discovery follows the procedure described in Section 3.2.
We retrieved 300 documents as a relevant document set.

The association of NE classes and slots in the template is made auto-
matically; Person, Organization, Post (slots) correspond to C-PERSON, C-

ORG, C-POST (NE-classes), respectively, in the Succession scenario, and Sus-

95



pect, Arresting Agency, Charge (slots) correspond to C-PERSON, C-ORG,
C-OFFENCE (NE-classes), respectively, in the Arrest scenario. *

For each model, we get a list of the pattern candidates ordered by the
ranking function discussed in Section 4.3.1 after filtering. The result of the
performance is shown (Figure 4.6) as a precision-recall graph for each subset
of top-n ranked patterns where n ranges from 1 to the number of the pattern
candidates.

The test set was accumulated from Mainichi Newspaper in 1996 by a simple
keyword search, with some additional irrelevant documents. (See Table 4.1 for
detail.)

Figure 4.6(a,b) shows the performance on the entity extraction task on
both domains by plotting top-n relevant extraction patterns in precision and
recall. In both graphs, SUBT, CH, and PA corresponds to Subtree, Chain and
Predicate-Argument model, respectively.

Figure 4.6(a) shows the precision-recall curve of extraction patterns for

each model on the Succession Scenario. At lower recall levels (up to 35%),

"Since there is no subcategory of C-PERSON to distinguish Suspect and victim (which
is not extracted in this experiment) for the Arrest scenario, the learned pattern candidates

may extract victims as Suspect entities by mistake.
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all the models performed similarly. However, the precision of Chain patterns
dropped suddenly by 20% at recall level 38%, while the SUBT patterns keep
the precision significantly higher than Chain patterns until it reaches 58% re-
call. Even after SUBT hit the drop at 56%, SUBT is consistently a few percent
higher in precision than Chain patterns for most recall levels. Figure 4.6(a)
also shows that although PA keeps high precision at low recall level it has a
significantly lower ceiling of recall (52%) compared to other models.

Figure 4.6(b) shows the extraction performance on the Arrest scenario task.
Again, the Predicate-Argument model has a much lower recall ceiling (25%).
The difference in the performance between the Subtree model and the Chain
model does not seem as obvious as in the Succession task. However, it is still
observable that the Subtree model gains a few percent precision over the Chain
model at recall levels around 40%. A possible explanation of the subtleness in
performance difference in this scenario is the smaller number of contributing

patterns compared to the Succession scenario.
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4.5 Discussion

One of the advantages of the proposed model is the ability to capture more var-
ied context. The Predicate-Argument model relies for its context on the pred-
icate and its direct arguments. However, some Predicate-Argument patterns
may be too general, so that they could be applied to texts about a different sce-
nario and mistakenly detect entities from them. For example, (({C-ORG}-SBJ)
happyo-suru), “{C-ORG} reports” may be the pattern used to extract an Orga-
nization in the Succession scenario but it is too general — it could match irrel-
evant sentences by mistake. The proposed Subtree Model can acquire a more
scenario-specific pattern (({C-ORG}-SBJ)((shunin-suru-REL) jinji-OBJ) happyo-
suru) “{C-ORG} reports a personnel affair of appointing”. Any scoring function
that penalizes the generality of a pattern match, such as inverse document
frequency, can successfully lessen the significance of too general patterns.
The detailed analysis of the experiment revealed that the overly-general
patterns are more severely penalized in the Subtree model compared to the
Chain model. Although both models penalize general patterns in the same
way, the Subtree model also promotes more scenario-specific patterns than

the Chain model. In Figure 4.6 (a), the large drop at the recall level 55%
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for Subtree model and at 48% for Chain model was caused by the pattern
(({C-DATE}-ON) {C-POST}), which was mainly used to describe the date of
appointment to the C-POST in the list of one’s professional history (which
is not regarded as a Succession event), but also used in other scenarios in
the business domain (18% precision by itself). Although the scoring function
described in Section 4.3.1 is the same for both models, the Subtree model can
also produce the patterns that are likely extract relevant entities (contributing
patterns), such as (({C-PERSON}{C-POST}-SBJ)({C-POST}-TO) shunin-suru)
“{C-PERSON}{C-POST} was appointed to {C-POST}” whose ranks were higher
than the problematic pattern.

Without taking case marking for nominalized predicates into account, the
Predicate-Argument model excludes some highly contributing patterns with
nominalized predicates, as some example patterns show in Figure 4.7 and
Figure 4.8. Also, chains of modifiers could be extracted only by the Subtree
and Chain models. A typical and highly relevant expression for the Succession
scenario is (((daihyo-ken-SBJ) aruv-REL) {C-POST}) “{C-POST} with ministerial
authority”.

Although, in the Arrest scenario, the superiority of the Subtree model

to the other models is not clear, the general discussion about the capabil-
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ity of capturing additional context still holds. In Figure 4.7, the short pat-
tern (({C-PERSON}{C-POST}-APPOS) {C-NUM}), which is used for a general
description of a person with his/her occupation and age, has relatively low
precision (71%). However, with more relevant context, such as “arrest” or

“unemployed”, the patterns become more relevant to Arrest scenario.

4.6 Conclusion

In this chapter, we explored alternative models for the automatic discovery
of extraction patterns. We proposed a model based on arbitrary subtrees of
dependency trees. The result of the experiment confirmed that the Subtree
model allows a gain in recall while preserving high precision. We also discussed
the effect of the weight tuning in TF/IDF scoring and showed an unsupervised

way of adjusting it.

8({C-POST} is used as a title of {C-PERSON} as in President Bush.)
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Figure 4.6: Extraction Performance: (a) Succession Scenario (5 = 8), (b)

Arrest Scenario (8 = 4)
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Pattern Cor Inc SUBT Chain PA

(({C-PERSON}{C-POST}-OF) 26 1 yes  yes no
{C-PERSON} shoukaku)

“promotion of {C-POST}{C-PERSON} "8

(((daihyo-ken-SBJ) aru-REL) {C-POST?}) 4 0 yes yes no

“ C-POST} with ministerial authority”

((((daihyo-ken-(no)SBJ) aru-REL) 2 0 yes yes no
{C-POST}-TO) shunin-suru)

“be appointed to { C-POST} with ministerial authority”

(({C-ORG}-SBJ) happyo-suru) 16 3 yes yes  yes
“ C-ORG} reports”
(({C-ORG}-SBJ) (jinji-OBJ) happyo-suru) 4 0 yes no yes

“{ C-ORG?} report personnel aoffair”

Figure 4.7: Examples of extraction patterns and their contribution in Manage-
ment Succession scenario: For each pattern, the table shows its English translation,
the number of correct matches (Cor), the number of incorrect matches (Incorrect)
and whether it conforms with Subtree (SUBT), Chain (Chain) and/or Predicate-

Argument (PA) model.
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Pattern Cor Inc SUBT Chain PA

(({C-PERSON}{C-POST}-APPOS) {C-NUM}) 54 22 yes yes no

((({C-PERSON}{C-POST}-APPOS) 17 1 yes yes no
{C-NUM}-OBJ) taiho-suru)

“arrest { C-PERSON}{C-POST}, {C-NUM}”

(((mushoku-APPOS) 11 0 yes yes no
{C-PERSON}{C-POST}-APPOS) {C-NUM})

“ C-PERSON}{C-POST}, {C-NUM}, unemployed”

Figure 4.8: Examples of extraction patterns and their contribution in Arrest
scenario: For each pattern, the table shows its English translation, the number of
correct matches (Cor), the number of incorrect matches (Incorrect) and whether it
conforms with Subtree (SUBT), Chain (Chain) and/or Predicate-Argument (PA)

model.
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Chapter 5

Case Study: Crosslingual

Information Extraction

The most straightforward way to exploit the QDIE framework presented in
Chapter 3 is to build an IE system that customizes itself to the new task
specified by the user’s query. As a case study of the QDIE framework, this
chapter presents an experimental self-customizing IE system with an additional
dimension of portability — IE from a source text in a different language than

the target language.
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5.1 Introduction

As we discussed in previous chapters, the QDIE system provides portability in
domain/task by allowing the user to specify the task. The model of extraction
patterns the QDIE system uses is designed to be general enough for the systems
in different languages; only Named Entities and dependency parser are the
necessary source-language-specific linguistic analysis tools. In this case study,
we addressed two central aspect of portability for information extraction —
across domains and languages.

The first half of this chapter discusses the experimental information extrac-
tion system which takes Japanese source data and generates English tables of
extracted information, and that can be easily adapted to new extraction tasks.
We want to minimize the human intervention required for customization to a
new scenario (type of facts or events of interest), and allow the user to interact
with the system entirely in English. As a prototype, we have developed the pre-
CODIE system, an experimental (pre-) Cross-lingual On-Demand Information
Extraction system that extracts facts or events of interest from Japanese source
text without requiring user knowledge of Japanese.

The second half discusses the role of machine translation in cross-lingual
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information extraction. We compared two approaches for cross-lingual infor-
mation extraction; one that translates the entire source text and runs the
QDIE system on the translated text to find extraction patterns and does ex-
traction, and the one that translates the user’s query into the language of the
source text, henceforth source language, and runs the QDIE system in the

source language.

5.2 pre-CODIE System

5.2.1 Overview

Incorporating the QDIE system as a module for pattern discovery, the ex-
traction functionality of pre-CODIE system is driven by the query from the
user. The user starts the procedure by specifying the type of facts or events
of interest in the form of a narrative description, and then pre-CODIE cus-
tomizes itself to the topic by acquiring extraction patterns based on the user’s
description. Pre-CODIE, as an early attempt at a fully-automated system,
still needs user interaction for template definition (adding/deleting the slots
in the template) and slot assignment (assigning a pattern to one of the slots

in the template); automating these steps is left as future work. (For more
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discussion of fully-automated ODIE system, see Chapter 6.)

Pre-CODIE interacts with its user entirely in English; even for slot assign-
ment of the extraction patterns, the system translates the Japanese extraction
patterns, which are based on subtrees of a dependency tree as discussed in
Chapter 4, by word-to-word translation of each lexical item in the patterns.
For ease of use, the Japanese extraction patterns are not only translated into
English, but also shown with translated example sentences which match the

pattern.

5.2.2 System Architecture

Pre-CODIE is implemented as an integration of several modules, as shown in
Figure 5.1: translation, information retrieval, pattern discovery, and extrac-
tion.

First, the system takes the narrative description of the scenario of interest
as an English query, and the Translation module (off-the-shelf IBM Internet
King of Translation Bilingual [13] ! system) generates a Japanese query.

The QDIE framework is used as an IR module and Pattern Discovery

module. The IR module retrieves a set of relevant documents from Japanese

L At the time of implementation, we used Version 4 of the system.
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Translated Pattem List
(for Slot Assignment)

t

Pattern List

English Query
English
Japanese
Japanese Query
QDIE IR module
(Japanese)
Relevant

Mainichi Newspaper from 1995. Then, the Pattern Discovery module produces

a list of extraction patterns from the relevant document set sorted by their

Document Set

\

Pattern Discovery
module

English Template

-

Japanese Template

[y

Figure 5.1: pre-CODIE System Architecture

relevance to the scenario. (See Chapter 3 for the detailed description.)

Pre-CODIE system asks the user to assign each Named Entity class name
in the patterns to one of the slots in the template, which the user can freely
customize in the Slot Configuration stage.
performs the pattern matching with slot-assigned patterns to each text in

the relevant document set and generates a filled Japanese template, which is

68
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translated slot-by-slot into English for the user.

5.2.3 An Example procedure: Management Succession

From the user’s point of view, pre-CODIE works as follows with the screen

shots in Figure 5.2— 5.5.

1. Query: The user types in the narrative description of the scenario of
interest, one phrase in “description” text-box and more detail optionally
given in “narrative” text-box. For the example shown in Figure 5.2, a
narrative description is given as follows, “Management Succession: We
would like to know personnel transfers of board of directors of a company
or the president of a company, including, for example, the inauguration

of the CEO or resignation of CFO.”.

2. Slot Configuration: The user adds and/or deletes the slots in the
template. In the example shown in Figure 5.3, the user added “Person-

In”, “Person-Qut”, “Post-In”, “Post-Out”, and “Organization”.
The system then performs pattern discovery and presents patterns.
3. Slot Assignment: The user assigns a slot to each placeholder of each

pattern by choosing one of the slots defined in step 2. During this stage,
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Pre—0ODIE System Configuratic

Description:

|Mana€ement Suctession

Narrative:

e would |ike to know persannel transfers of board aof directors af a H
compary of the president of & company, including. for example, the
inauguration of Lhe CED ar resignation of CFO.

=

Figure 5.2: Step 1: Query: The user provides the scenario description in the
Description (a set of keywords) and/or Narrative (a narrative description with a

few sentences).
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Configuration
Simple | Acbeancr

Imanagemem succession w‘

0 [ e
1. Person-In [Dskte |
2 Post-In [Pk |
2 Person—Out Dsbte |
4 Post-Out | Dzbte |
5 Organization Dok |

Figure 5.3: Step 2: Slot Configuration: The user adds and/or deletes the slots in

the template freely.

the user is allowed to see the example of translated sentences with the
match of the pattern highlighted. This will make it easier for the user
to understand what each pattern aims to extract. In Figure 5.4, the
user tries to assign “(PRED: takes_office (TO: {POSITION_TITLE}))” to

“Post-In” while observing the examples where the pattern appears.

4. Extraction: The user gets the extracted template and repeats this
procedure until the user gets the right template by going back to step 3
to change and/or add slot assignments, and by going back to step 2 to

delete and/or add slots in the template.
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(takes_office)
26| +TO ({POSITION_TITLE ») Fost-h &

+ADV (Each)

(takes office)

27| +SBJ ({PERSOM1 3<{POSITION_TITLE:2>) [[Personn B |[Fost-0wt B |[Fostin &
+TO ({POSITION_TITLE:3>)

(Personnel_affai
+REL (takes_o
==| +REL {promot
+TO ({POSITI
(Personnel_affai
+REL (takes o
29 +5BJ

({PERSOM:1 »<
+TO ({POSITI

(unofficially_arra
30| +SBJ/TOPIC (£
+ADY (Board of

1| Ctakes office)
| +TO (KPOSITIO For Ministry of Finance alumnus, the case inaugurated as
(determines) the officer as “the third place oFm_:ork" through <rnp<_:nrtant

+IN/ON/BY (Bo
32| +OF

director called the Japan Intemational Coopsration Agenoy
and the People’s Finance Corporation, is most

The Ministry of Finance graduate officer applied in 91-92
sfter the collapse of the "bubble” economy, and as for
951220212 |512 |retirement and one persan. five persons of four companies

Figure 5.4: Step 3: Slot Assignment: The user assigns a slot to each placeholder
of the pattern by choosing one of the slots defined in step 2. During this stage, the

example of translated sentences can be seen.
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Enghch | Joiaess
|M-anegement Huccession _shege |
Post-In Pzrson—0Out ost—Cut o zation
930227083 i Mesident
- . Vice

930207087 Fresident Srekan
BI0207002 Chairran
930207092 President
930205299 Ghairmran
930203299 Adviser
830212070 AR
930215006 |Mitsuru Ando HE

director
079713 AR Bhdinranatihsshard]p g ) B st

| T

Figure 5.5: Step 4: Extraction: The user can go back step 2 or 3 and repeat until

he/she gets the desirable result.
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Thus, pre-CODIE system allows the user to specify the event of interest
and the template to fill in. We observed that pre-CODIE system works in vari-
ous scenarios, including prime-rate fluctuation (Date, Rate), president election
(Candidate, Post, Political Party, Date), and bank failure (Organization, Lo-
cation, Date, Deficit).

In the next section, we will discuss how well pre-CODIE system works
by comparing it to the alternative approach for cross-lingual information ex-
traction, reported in Sudo et al. [37]. We also discuss the role of machine

translation in cross-lingual information extraction.

5.3 Evaluation of Cross-lingual IE System and

Role of Machine Translation

In this section, we evaluate the QDIE system with the alternative method for
efficient automatic pattern discovery for the CLIE (Cross-Lingual IE) system.
The alternative method translates the whole source text into the target lan-
guage first, and runs the pattern discovery procedure on the text in the target

language.
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5.3.1 Cross-lingual Information Extraction

Riloff et al. 2002 [29] present several approaches to cross-lingual information
extraction (CLIE). They describe the use of ”cross-language projection” for
CLIE, exploiting the word alignment of documents in one language and the
same documents translated into a different language by a machine translation
(MT) system. They conducted experiments between two relatively close lan-
guages, English and French. In the experiment reported here, we will explore
CLIE for two more disparate languages, English and Japanese.

The QDIE system can be used in a cross-lingual setting, and thus, the re-
sulting cross-lingual version of the QDIE system can minimize the requirement
of knowing the language of the source text (source language) from the user.

Figure 5.6 shows two possible ways to achieve this goal.

1. Translation-based QDIE System: This is realized by translating all
the documents of the source language (Japanese) into the target language
(English), then running the monolingual version of the QDIE system for
the target language (English). (Figure 5.6(A)) This way of implementa-
tion only requires a machine translation system to translate the source

text and does not require the linguistic analysis tools for pattern discov-
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ery, such as a NE tagger and dependency parser, in the source language.
However, the pattern discovery needs to be done on the translated doc-

uments which may contain translation errors.

2. Cross-lingual QDIE System: On the other hand, as shown in Fig-
ure 5.6(B), one can first translate the scenario description into the source
language (Japanese) and use it for the monolingual QDIE system for the
source language (Japanese), assuming that we have access to the tools
for pattern discovery; namely, a Named Entity tagger and dependency
parser. Each item in the extracted table is translated into the target
language (English). pre-CODIE system, discussed in Section 5.2, was

implemented in this way.

As we shall demonstrate, if basic linguistic analysis tools are available for
the source language, it is possible to achieve a better CLIE performance by
learning patterns in the source language. In the next section, we assess the
difficulty of learning extraction patterns from the translated source language
document set caused by the errors of the MT system and/or the differences of

grammatical structure of the translated sentences. We address specifically:

1. The accuracy of NE tagging on MT-ed source documents and the use of
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A) Translation-based QDIE system

English @.@ '—J’Q —

2) Use English QDIE system
Japanese (1) Translate
the source document

(B) Crosslingual QDIE system

: {1) Translate {3) Translate
English the user's query the extracted tahle
Japanese @.@.. ' _,Q —

2) Use Japanese QDIE system

Figure 5.6: Translation-based QDIE System(A) vs Cross-lingual QDIE Sys-
tem(B): The user’s query (English), the source document (Japanese) and the target

extracted table (English) are highlighted.
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cross-language projection.

2. How the structural difference in source and target language affects the

extracted patterns.

3. The reduced frequency of the extracted patterns, which makes it difficult
for any measurement of pattern relevance to distinguish the effective

patterns of low frequency from the noise patterns.

5.3.2 Experiments

To evaluate the relevance of extraction patterns automatically learned for
CLIE, we conducted experiments for the Translation-based QDIE system and
the Cross-lingual QDIE system on the entity extraction task, which is to iden-
tify all the entities participating in relevant events in a given set of Japanese

texts.

5.3.2.1 Experimental Setting

Since general NE taggers either are trained on English sentences or use man-
ually created rules for English sentences, the deterioration of the NE tagger’s

performance cannot be avoided if it is applied to the MT-ed English sentences.
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This causes the Translation-based QDIE system to identify fewer pattern can-
didates from the relevant documents since a pattern candidate must contain
at least one of the NE types.

To remedy this problem, we incorporated “cross-language projection” (Riloff
et al. 2002 [29]) only for Named Entities. We used word alignment obtained
by using Giza++ [24] to get names in the English translation from names in
the original Japanese sentences. Note that it is extremely difficult to make an
alignment of the right dependencies where one language explicitly renders a
marker as a word and the other does not. So, direct application of [29] is not
suitable for this experiment.

We compare the following three systems in this experiment.

1. Cross-lingual QDIE system

2. Translation-based QDIE system with word alignment

3. Translation-based QDIE system without word alignment

5.3.2.2 Data

The scenario for this experiment is the Management Succession scenario of

MUC-6[1], where corporate managers assumed and/or left their posts. We
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used a much simpler template structure than the one used in MUC-6, with
Person, Organization, and Post slots. To assess system performance, we mea-
sure the accuracy of the system at identifying the participating entities in a
management succession event. This task does not involve grouping entities as-
sociated with the same event into a single template, in order to avoid possible
effects of merging failure on extraction performance for entities.

The source document set from which the extraction patterns are learned
consists of 132,996 Yomiuri Newspaper articles from 1998. For our Cross-
lingual QDIE system, all the documents are morphologically analyzed by
JUMAN [16] and converted into dependency trees by KNP [17]. For the
Translation-based QDIE system, all the documents are translated into English
by a commercial machine translation system (IBM “King of Translation”), and
converted into dependency trees by a corpus-based dependency parser. We re-
trieved 1500 documents as relevant documents.

We accumulated the test set of documents by a simple keyword search. The
test set consists of 100 Yomiuri Newspaper articles from 1999, out of which only
61 articles contain at least one management succession event. Note that all
NE in the test documents both in the original Japanese and in the translated

English sentences were identified manually. We tried to avoid the difference in
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Documents 100

(relevant + irrelevant) (61 + 39)

Names Person: 173 + 651

(relevant + irrelevant) Org: 111 4 709

Post: 210 + 626

Table 5.1: Statistics of Test Data

NE tagger’s performance on each language, so that the task can measure only
how well extraction patterns can distinguish the participating entities from
the entities that are not related to any events. Table 5.1 shows the detail of

the test data.

5.3.2.3 Results

Each pattern acquisition system outputs a list of the pattern candidates or-
dered by the ranking function. The resulting performance is shown as a
precision-recall graph for each subset of top-n ranked patterns where n ranges
from 1 to the number of pattern candidates. The parameters for each system
are tuned to maximize the performance on a separate validation data.

The association of NE classes in the matched patterns and slots in the tem-
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Figure 5.7: Performance Comparison on Entity Extraction Task

plate is made automatically; Person, Organization, Post (slots) correspond to
C-PERSON, C-ORG, C-POST (NE-classes), respectively, in the Management
Succession scenario.

Figure 5.7 shows the precision-recall curve for the top 1000 patterns ac-
quired by each system on the entity extraction task. Cross-lingual QDIE
system reaches a maximum recall of 60%, which is significantly better than

Translation-based QDIE with word alignment (52%) and Translation-based
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QDIE without word alignment (41%). Within the high recall range, Crosslin-
gual QDIE system generally had better precision at the same recall than
Translation-based QDIE systems. At the low recall range (< 20%), the per-
formance is rather noisy.

Translation-based QDIE without word alignment performs similarly to
Translation-based QDIE with word alignment up to its maximum recall (41%).
Translation-based QDIE with word alignment reached 10% higher maximum

recall (52%).

5.3.3 Problems in Translation

The detailed analysis of the result revealed the effect of several problems caused
by the MT system. The current off-the-shelf MT system’s output resulted in
difficulty in using it as a source of extraction patterns. In this section we will
discuss the types of differences between the source and target languages, and

their effect on pattern discovery.

Lexical differences Abbreviations in the source language may not have
their corresponding short form in the target language. For example, “Kei-Dan-

Ren” is an abbreviation of “Keizai Dantai Rengo-kai” which is an organization
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whose English translation is “Japan Federation of Economic Organizations”.
Such abbreviations may not be listed in the dictionary of the MT system.
In such cases, the literal translation of the abbreviation may be difficult to

recognize as a name and is likely to be treated as a common noun phrase.

Structural differences Some phrases in the source language may have more
than one relevant translation. Depending upon the context where a phrase
appears, the MT system has to choose one among the possible translations.
Moreover, the MT system may make a mistake, of course, and output an erro-
neous translation. This results in a diverse distribution of extraction patterns
in the target language. Figure 5.8 shows an example of such a case. Suppose
an extraction pattern (({C-POST}-ni) shuninsuru) appears 20 times in the
original Japanese document set, out of which it may be translated 10 times as
(be appointed (to ({C-POST}))), 5 times as (assume ({C-POST})), 3 times as
(be inaugurated (as ({C-POST}))), and 2 times as an erroneous translation.
Some of the lower frequency translated patterns will be ranked lower by the
scoring function and so will be hard to distinguish from noise.

Figure 5.9 shows an example of the case where the context around the

name did not seem to be translated properly, so the dependency tree for the
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be appointed to <post> 10 times

assume <post> 5 times

<post>-ni shuninsuru

20 times be inaugurated as <post> 3 times

(translation error) 2 times

Figure 5.8: Example of Structural Difference in Translation: The translation of
a Japanese expression into several English different expressions including erroneous

ones.

sentence was not correct. The right translation is “Okajima announced that

” which results

President Hiroyuki Okajima, 40 years old, resigned formally ...
in the dependency between the main verb “announce” and the company “Oka-
jima”. The translation shown in Figure 5.9 not only shows incorrect word-
translations, but also shows ungrammatical structure, including too many rel-
ative clauses. The structural error causes the errors in the dependency parse
tree including having “end” as a root of the entire tree and the wrong depen-
dency from “announced” to “the major department” in Figure 5.9 2. Thus, the

accumulation of the errors resulted in missing the organization name “Oka-

jima”.

2The head is “the major department” and “announced” is modifying the head.
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Correct Translation:

—

i
On the sixth, since the financial reports for the fiscal vear that ended
in February, 19 illendin a deﬁcit,(Marunouchofu-

city), the leading depayment store in the p\yefecture, announced that

six of the thirteen full-time iroyuki
Okajima (40), two executive directors and a managing director,
submitted the resignation letter and will formally resign at the general

meeting of shareholders of the company.

MT Output:
From Muika the tepms nt of accourlls ended February , 99

x of President Hiroyuki\_Okajima (40 ) , two

, one managing\_directors , the full-
time\_Airectors thgt are 13\ _persons submitted the resignation report
of [ j , Kofu-shi who is the major department
store within the prefecture announced that he rgglgns formally by the
fixed general meeting of shareholders of the company planned at the

end of this\_month .

Figure 5.9: Example of Translation Errors: Arrows indicate the correct depen-
dencies in Correct Translation, and the dependency parser’s output of the sentence
in MT output, respectively. In MT output, the structure error causes the orga-
nization “Okajima” depend to the verb, “end”, erroneously analyzed as a main

predicate.
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Out-of-Vocabulary Words The MT system may not have a word in the
source language dictionary, in which case some MT systems output it in the
original script in the source language. This happens not only for names but
also for sentences which are erroneously segmented into words. Such prob-
lems, of course, may make it hard to detect Named Entities and get a correct
dependency tree of the sentence.

However, translation of names is easier than translation of contexts; the
MT system can output the transliteration of an unknown word. In fact, name
translation of the MT system we used for this experiment is better than the
sentence translation of the same MT system. The names appropriately ex-
tracted from Japanese documents by the Cross-lingual QDIE system, in most
cases, are correctly translated or transliterated if no equivalent translation

exists.

5.3.4 Related Work

The work closest to ours is [29]. They showed how IE learning tools, bitext
alignment, and an MT system can be combined to create CLIE systems be-
tween English and French. They evaluated a variety of methods, including

one similar to our Translation-based QDIE. Their approaches were less reliant
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on language tools for the “source” language (in their case, French) than our
Cross-lingual-QDIE system. On the other hand, their tests were made on a
closer language pair (English - French). We expect that the performance gap
between Translation-based IE and Cross-lingual IE is more pronounced with
a more divergent language pair like Japanese and English.

There are interesting parallels between our work and that of [10], who dis-
cussed the role of machine translation in a cross-lingual summarization system
which produces an English summary from Arabic text. Their system took the
same path as our Cross-lingual QDIE: summarizing the Arabic text directly
and only translating the summary, rather than translating the entire Arabic
text and summarizing the translation. They had similar motivations: differ-
ent translations produced by the MT system for the same word in different
contexts, as well as translation errors, would interfere with the summarization
process.

The trade-offs, however, are not the same for the two applications. For
summarization either path requires an M'T system which can translate entire
sentences (either the original text or the summary). Translation-based QDIE
has a similar requirement, but Cross-lingual QDIE reduces the demands on

MT: only query translation and name translation are required.
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5.4 Conclusion and Future Work

We have described the experimental pre-CODIE system. With some necessary
human intervention for slot-assignment, pre-CODIE system can automatically
identify a set of extraction patterns and create filled-out templates for the
events specified by the user’s query.

We discussed the difficulty in cross-lingual information extraction caused
by the translation of the source documents using an MT system. The exper-
imental result for entity extraction suggests that exploiting some basic tools
available for the source language will boost the performance of the whole CLIE
system.

We intend to investigate whether further performance gain may be obtained
by introducing additional techniques for query translation. These techniques,
including query translation on expanded queries and building a translation
dictionary from parallel corpora, are currently used in cross-lingual information

retrieval [18].
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Chapter 6

Future Work

In the previous chapters, we introduced the unsupervised pattern discovery,
QDIE, framework from various aspects. We have shown that it is possible
to make an automatic pattern discovery procedure combining document re-
trieval and pattern scoring using a TF/IDF-based function. We have also dis-
cussed how further improvement in extraction performance may be achieved
by choosing a better extraction pattern model. The portability of the QDIE
framework across languages has been shown by giving an example of a cross-
lingual IE system, pre-CODIE system. However, there is no reason we should
stop seeking further improvement and potential applications. In this chapter,

we will discuss three of the prospects of the QDIE framework; namely, the
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improvement in recall by pattern expansion, the improvement in precision by
relevance feedback using discovered extraction patterns and the application to

on-demand information extraction.

Pattern Expansion

An implicit assumption on pattern discovery, including the QDIE framework,
is that a large number of documents cover most of the extraction pattern
variations in a given domain. In practice, however, there are various kinds
of difficulties which prevent the discovered set of extraction patterns from a
particular source text from covering most of the events in a new text. In this
section, we report our preliminary study on an upper-bound in the coverage
of discovered extraction patterns from a newspaper corpus for one year and
propose a method to find new extraction patterns that do not appear in the

source text.

Performance of NE tagger: Since our definition of extraction patterns
uses Named Entities as a matching variable, the accuracy of the NE tagger
limits the upper bound of any IE tasks. In our preliminary study on MUC-

6 training data, only 83% of Person, Organization and Post instances are
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correctly covered by our NE tagger !. Since the instances that cannot be
recognized by the NE tagger will never be matched by any extraction patterns,

this shows the limit of extraction based on NE instances.

Pattern Expansion by Word Replacement The set of extraction pat-
terns is expanded by replacing a word in the context of a pattern with another
word that is semantically equivalent to the original word. Figure 6.1 shows
how a new pattern, (PRED: report (SBJ: {C-ORG})), can be obtained by re-
placing a verb, announce, with the verb, report, in an existing pattern (PRED:
announce (SBJ: {C-ORG})). Note that the verb “report” may only appear with
a different subject and that there is no occurrence of the pattern, (PRED:
report (SBJ: {C-ORG})), in the source document.

In the following items, we discuss the expansion of 1000 patterns which
are discovered using the QDIE framework (Chapter 3 and the subtree model
discussed in Section 4.3) applied to 1500 retrieved paragraphs from the New
York Times 1995.

We conducted a preliminary study of pattern expansion by replacing a word

in an extraction pattern by its semantic equivalents. The new pattern set was

!In the following preliminary study, we used Sekine and Nobata’s NE tagger [30] and

used only person, organization, location, position_title, date, time, and percent classes.
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Word group

(announce ({C-ORG}-SBJ))

announce

report L C-ORG}-SBJ)}
say C-ORG}-S BJ))

Figure 6.1: Example of Pattern Expansion by word replacement: The new
patterns are obtained by replacing announce in the existing patterns with the other

words, repeat and say, in the same word group.

obtained by adding new patterns that are created by replacing a word in an
existing pattern with the semantically equivalent word. The word candidates

for replacement are found by using WordNet and word clustering.

e WordNet: For each word in the pattern, create a cluster whose mem-
bers are the hypernym (one-level up) and hyponyms (all descendants in

the tree) of the target word using WordNet.

e Clustering: A set of words is created from all the words in the retrieved
documents. Word clustering is used to measure contextual proximity
of words. We used the CLUTO package [41, 42] and used the parent

and children nodes in the dependency tree, and bag-of-words within two
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Max Recall
Baseline (1000 patterns) 54
WordNet 68
WordNet + Clustering 69
All NEs 83

Table 6.1: Maximum recalls in entity extraction task

words as features for word clustering.

Table 6.1 shows the maximum recall on the entity extraction task with
the expanded pattern set. First, it was shown that the maximum recall on
the entity extraction task by taking all NE instances is 83%, the rest of the
instances cannot be captured because of NE recognition problems. While the
current subtree-model achieves 54%, potentially, using only WordNet, the ex-
panded pattern set achieved 68% recall. The combination of both replacement
methods achieved 69%.

However, in practice, the size of the expanded pattern set is 10 times
bigger than the original pattern set, which is likely to decrease precision. It is
necessary to find an efficient way to identify the relevant expanded patterns,
and we leave this as future work.
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On-Demand Information Extraction

For addressing a broader range of IE tasks, the customization of IE system
emerges as a central topic of research. On-Demand Information Extraction
(ODIE) is a further enhancement of such customization. In the ODIE frame-
work, the system takes the query from the user and extracts the relevant events
into the template fully automatically.

Surdeanu and Harabagiu first discussed such a system in [38]. Their “Open-
Domain Information Extraction” system assumed the relevant document set
as a system input, while in the ODIE framework the system uses an informa-
tion retrieval module to obtain a relevant document set. Thus, for the ODIE
framework, the document set is assumed to be noisier, and, therefore, a more
robust extraction technique is needed.

The QDIE system fits in the ODIE framework as a pattern discovery com-
ponent. The QDIE component provides the set of extraction patterns for the
user’s query. The slot assignment which is left to the user in the pre-CODIE
system (see Chapter 5) can be automated by identifying sets of extraction pat-
terns that are semantically equivalent. Paraphrase discovery is an emerging
field (e.g. [6, 32] ) and especially, Shinyama and Sekine [32] show phrase-level
paraphrase for information extraction. Such technology is an ideal candidate
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for grouping extraction patterns.
Figure 6.2 shows a general ODIE architecture. The event detector module
merges the result of pattern matches from different pattern groups into events,

which will be the final output of the ODIE system.
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QDIE system

‘ /f’\ ---------- O/ﬂ?ﬂ ‘ Extraction Patterns

Semantically equivalent
Pattern Groups

Figure 6.2: Data-flow Diagram for On-Demand Information Extraction sys-

tem:
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