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Motivations Motivations of MLof ML

•• Porting to new domains or applications isPorting to new domains or applications is  expensiveexpensive

•• Current technology requires IE expertsCurrent technology requires IE experts
•• Expertise difficult to find on the marketExpertise difficult to find on the market
•• SME cannot afford IE expertsSME cannot afford IE experts

•• Machine learning approachesMachine learning approaches
•• Domain portability is relatively straightforwardDomain portability is relatively straightforward
•• System expertise is not required for customizationSystem expertise is not required for customization
•• ““Data drivenData driven”” rule acquisition ensures full coverage of rule acquisition ensures full coverage of

examplesexamples



ProblemsProblems

•• Training data may not exist, and may be veryTraining data may not exist, and may be very
expensive to acquireexpensive to acquire

•• Large volume of training data may be requiredLarge volume of training data may be required

•• Changes to specifications may requireChanges to specifications may require
reannotation reannotation of large quantities of training dataof large quantities of training data

•• Understanding and control of a domain adaptiveUnderstanding and control of a domain adaptive
system is not always easy for non-expertssystem is not always easy for non-experts



ParametersParameters

•• Document structureDocument structure
•• Free textFree text
•• Semi-structuredSemi-structured
•• StructuredStructured

•• Richness Richness of of the annotationthe annotation
•• Shallow Shallow NLPNLP
•• Deep Deep NLPNLP

•• Complexity Complexity of of the template fillingthe template filling
rulesrules
•• Single Single slotslot
•• Multi Multi slotslot

•• Amount Amount of of datadata

•• DegreeDegree of  of automationautomation
•• Semi-automaticSemi-automatic
•• SupervisedSupervised
•• Semi-SupervisedSemi-Supervised
•• UnsupervisedUnsupervised

•• Human Human interactioninteraction//contributioncontribution

•• Evaluation/Evaluation/validationvalidation
•• duringduring  learninglearning  looploop
•• Performance: Performance: recallrecall and  and precisionprecision



DocumentsDocuments

•• Unstructured (Free) TextUnstructured (Free) Text
•• Regular sentences and paragraphsRegular sentences and paragraphs
•• Linguistic techniques, e.g., NLPLinguistic techniques, e.g., NLP

•• Structured TextStructured Text
•• Itemized informationItemized information
•• Uniform syntactic clues, e.g., table understandingUniform syntactic clues, e.g., table understanding

•• Semi-structured TextSemi-structured Text
•• Ungrammatical, telegraphic (e.g., missing attributes, multi-Ungrammatical, telegraphic (e.g., missing attributes, multi-

value attributes, value attributes, ……))
•• Specialized programs, e.g., wrappersSpecialized programs, e.g., wrappers



OutlineOutline

•• Free textFree text
•• Supervised Supervised and and semi-automaticsemi-automatic

•• AutoSlogAutoSlog
•• Semi-SupervisedSemi-Supervised

•• AutoSlog-TSAutoSlog-TS
•• Minimally supervisedMinimally supervised

•• ExDiscoExDisco
•• DAREDARE

•• Semi-structured Semi-structured and and unstructured unstructured texttext
•• NLP-based wrapping techniquesNLP-based wrapping techniques

•• RAPIERRAPIER



Free TextFree Text



Supervised Supervised ML ML Approaches Approaches toto
Learn Learn Relation Relation Extraction RulesExtraction Rules



NLP-based Supervised ApproachesNLP-based Supervised Approaches

•• Input Input isis an  an annotatedannotated  corpuscorpus
•• DocumentsDocuments  withwith  associatedassociated  templatestemplates

•• A A parserparser
•• ChunkChunk  parserparser
•• Full Full sentencesentence  parserparser

•• LearningLearning  thethe  mappingmapping  rulesrules
•• FromFrom  linguisticlinguistic  constructionsconstructions to  to templatetemplate  fillersfillers



AutoSlogAutoSlog (1993) (1993)

•• ExtractingExtracting a  a conceptconcept  dictionarydictionary  forfor  templatetemplate  fillingfilling
•• Full Full sentencesentence  parserparser
•• One One slotslot  fillerfiller  rulesrules
•• Domain Domain adaptationadaptation  performanceperformance

•• BeforeBefore  AutoSlogAutoSlog: : hand-craftedhand-crafted  dictionarydictionary
•• twotwo  highlyhighly  skilledskilled  graduategraduate  studentsstudents
•• 1500 1500 person-hoursperson-hours

•• AutoSlogAutoSlog::
•• A A dictionarydictionary  forfor  thethe  terroristterrorist  domaindomain: 5 : 5 personperson  hourshours
•• 98% 98% performanceperformance  achievementachievement of  of thethe  hand-craftedhand-crafted  dictionarydictionary



WorkflowWorkflow

conceptual
sentence parser

(CIRUS)

rule learner template filling 
Rule

slot filler: Target: „public building“

..., public buildings were bombed and 
a car-bomb was detonated

slot fillers
(answer keys)

linguistic 
patterns

<subject > passive-verb

documents



LinguisticLinguistic Patterns Patterns





Error Error SourcesSources

•• A A sentencesentence  containscontains  thethe  answeranswer  keykey  stringstring  butbut
doesdoes  notnot  containcontain  thethe  eventevent

•• TheThe  sentencesentence  parserparser  deliversdelivers  wrongwrong  resultsresults

•• A A heuristicheuristic  proposesproposes a  a wrongwrong  conceptualconceptual  anchoranchor



Training Training DataData

•• MUC-4 MUC-4 corpuscorpus
•• 1500 1500 textstexts
•• 1258 1258 answeranswer  keyskeys
•• 4780 4780 stringstring  fillersfillers
•• 1237 1237 conceptconcept  nodenode  definitiondefinition

•• Human in Human in looploop  forfor  validationvalidation to  to filterfilter out bad and out bad and
wrongwrong  definitionsdefinitions: 5 : 5 hourshours

•• 450 450 conceptconcept  nodesnodes  leftleft  afterafter human  human reviewreview





SummarySummary

•• AdvantagesAdvantages
•• Semi-automaticSemi-automatic
•• LessLess human  human efforteffort

•• DisadvantagesDisadvantages
•• Human Human interactioninteraction
•• Still Still veryvery naive  naive approachapproach
•• NeedNeed a  a bigbig  amountamount of of

annotationannotation
•• Domain Domain adaptationadaptation  bottelneckbottelneck  isis

shiftedshifted to human  to human annotationannotation
•• No No generationgeneration of  of rulesrules
•• One One slotslot  fillingfilling  rulerule
•• No No mechanismmechanism  forfor  filteringfiltering out out

bad bad rulesrules



Other NLP-based Other NLP-based ML ML ApproachesApproaches

•• LIEP (Huffman, 1995)LIEP (Huffman, 1995)
•• PALKA (Kim & PALKA (Kim & MoldovanMoldovan, 1995), 1995)
•• HASTEN (HASTEN (KrupkaKrupka, 1995), 1995)
•• CRYSTAL (CRYSTAL (SoderlandSoderland et al., 1995) et al., 1995)



LIEP [1995]LIEP [1995]

The Parliament building was bombed by Carlos.



PALKA [1995]PALKA [1995]

The Parliament building was bombed by Carlos.



HASTEN [1995]HASTEN [1995]

The Parliament building was bombed by Carlos.

Egraphs
(SemanticLabel, StructuralElement)



CRYSTAL [1995]CRYSTAL [1995]

The Parliament building was bombed by Carlos.



Semi-Supervised ApproachesSemi-Supervised Approaches



AutoSlog AutoSlog TSTS [ [RiloffRiloff, 1996], 1996]

•• InputInput
 pre-classified documents pre-classified documents (relevant (relevant vsvs. irrelevant). irrelevant)

•• NLPNLP
 full parser for detecting linguistic structuresfull parser for detecting linguistic structures

•• PrinciplePrinciple
 relevant relevant patterns are patterns occuring more often patterns are patterns occuring more often in in thethe
relevant relevant documentsdocuments

•• OutputOutput
 ranked linguistic patterns without semantic labellingranked linguistic patterns without semantic labelling

•• Learning processLearning process
 pattern generation andpattern generation and

 statistical filteringstatistical filtering

• Quality control: manual review of the results





Pattern ExtractionPattern Extraction

TThe sentence analyzerhe sentence analyzer  produces aproduces a  syntactic analysis forsyntactic analysis for
each sentence andeach sentence and  identified noun phrases. For each nounidentified noun phrases. For each noun
phrase, the heuristic rules generate a pattern to extractphrase, the heuristic rules generate a pattern to extract
noun phrasenoun phrase..

  <<subject>subject>  bombedbombed



Relevance FilteringRelevance Filtering

•• the whole text corpus will be processed a second timethe whole text corpus will be processed a second time
using the extractedusing the extracted  patterns obtained by stage 1.patterns obtained by stage 1.

•• Then each pattern will beThen each pattern will be  assigned with a relevanceassigned with a relevance
rate based on its occurringrate based on its occurring  frequency in the relevantfrequency in the relevant
documents relatively to its occurrence in the totaldocuments relatively to its occurrence in the total
corpus.corpus.

••  A preferred pattern is A preferred pattern is  the one which occurs more oftenthe one which occurs more often
in the relevant documents.in the relevant documents.



Relevance Rate:

  rel-freqi
Pr(relevant text \ text contains case framei ) =

  total-freqi

rel-freqi : number of instances of case-framei  in the relevant documents
total-freqi:        total number of instances of case-framei

Ranking Function:

scorei = relevance ratei * log2 (frequencyi )
Pr < 0,5 negatively correlated with the domain

Statistical FilteringStatistical Filtering



„„TopTop““  AutoSlog-TS AutoSlog-TS PatternsPatterns



AutoSlog AutoSlog PatternsPatterns



Empirical Results

• 1500 MUC-4 texts, 50% are relevant.

• In stage 1, 32,345 unique extraction patterns.

• A user reviewed the top 1970 patterns in about 85

minutes and kept the best 210 patterns.

• Evaluation
•AutoSlog and AutoSlog-TS systems return comparable
performance.



ConclusionConclusion

•• AdvantagesAdvantages

•• Pioneer Pioneer approachapproach to  to automaticautomatic  learninglearning of  of extractionextraction  patternspatterns

•• ReduceReduce  thethe  manualmanual  annotationannotation

•• DisadvantagesDisadvantages

•• Ranking Ranking functionfunction  isis  tootoo  dependentdependent on  on thethe  occurrenceoccurrence of a  of a patternpattern,,

relevant relevant patternspatterns  withwith  lowlow  frequencyfrequency  cancan  notnot float to  float to thethe  toptop

•• OnlyOnly  patternspatterns, , notnot  classificationclassification



Minimally Supervised Minimally Supervised ApproachsApproachs



ExDisco (Yangarber 2001)

•• SeedSeed
•• BootstrappingBootstrapping
•• DualityDuality//DensityDensity  PrinciplePrinciple  forfor  validationvalidation of  of eacheach

iterationiteration



InputInput

•• a a corpus corpus of of unclassified unclassified and and unannotated documentsunannotated documents

•• a a seed seed of of patternspatterns, e.g.,, e.g.,

subjectsubject((companycompany)-verb()-verb(appointappoint))-object-object((personperson))



NLP as NLP as PreprocessingPreprocessing

•• full parser for detecting subject-v-objectfull parser for detecting subject-v-object
relationshipsrelationships

•• NE NE recognitionrecognition

•• Functional Dependency Grammar Functional Dependency Grammar (FDG) (FDG) formalism formalism ((Tapannaien Tapannaien &&
JärvinenJärvinen, 1997), 1997)



DualityDuality//DensityDensity  PrinciplePrinciple ( (boostrappingboostrapping))

•• DensityDensity::
•• Relevant Relevant documentsdocuments  containcontain  moremore relevant  relevant patternspatterns

•• DualityDuality::
•• documentsdocuments  thatthat  areare relevant to  relevant to thethe  scenarioscenario  areare  strongstrong

indicatorsindicators of good  of good patternspatterns
••  good  good patternspatterns  areare  indicatorsindicators of relevant  of relevant documentsdocuments



AlgorithmAlgorithm

•• Given:Given:
•• a large corpus of un-annotated anda large corpus of un-annotated and  un-classified documentsun-classified documents
•• a trusted set of scenario patterns,a trusted set of scenario patterns,  initially chosen ad hoc by the user, theinitially chosen ad hoc by the user, the

seed.seed.  Normally is the seed relatively small, two orNormally is the seed relatively small, two or  threethree
•• (possibly empty) set of concept classes(possibly empty) set of concept classes

•• PartitionPartition
•• applying seed to the documents and divideapplying seed to the documents and divide  them into relevant andthem into relevant and

irrelevant documentsirrelevant documents
•• SSearchearch for new candidate patterns: for new candidate patterns:

•• automatic convert each sentence into a setautomatic convert each sentence into a set  of candidate patterns.of candidate patterns.
•• choose those patterns which are stronglychoose those patterns which are strongly  distributed in the relevantdistributed in the relevant

documentsdocuments
•• Find new conceptsFind new concepts

•• User feedbackUser feedback
•• RepeatRepeat



WorkflowWorkflow

documents

seeds

ExDisco

Ppartition/classifier

pattern 
extraction
filtering

Dependency 
Parser

Named Entity
Recognition

relevant
documents

irrelevant
documents

new seeds



Pattern RankingPattern Ranking

Score(P)=|HScore(P)=|H∩∩RR||

|H|
LOG (|H∩R|).



Evaluation of Event Evaluation of Event ExtractionExtraction



ExDiscoExDisco

•• AdvantagesAdvantages
•• Only seed patterns are needed Only seed patterns are needed as as initial initial knowledgeknowledge
•• Multi-slot template filler rulesMulti-slot template filler rules

•• DisadvantagesDisadvantages
•• Only subject-verb-object patternsOnly subject-verb-object patterns, , local patterns are ignoredlocal patterns are ignored
•• No No generalization generalization of of pattern rules pattern rules ((see inductive learningsee inductive learning))
•• Collocations are not taken into accountCollocations are not taken into account, e.g., , e.g., PN PN take responsibility take responsibility ofof

CompanyCompany

•• Evaluation Evaluation methodsmethods
•• Event Event extractionextraction: : integration integration of of patterns into patterns into IE IE system system and test and test recallrecall

and and precisionprecision
•• Qualitative Qualitative observationobservation: : manual evaluationmanual evaluation
•• Document filteringDocument filtering: : using ExDisco using ExDisco as as document classifier document classifier andand

document retrieval systemdocument retrieval system



 Bootstrapping Relation Extraction
with Semantic Seeds

Feiyu Xu



Research Goal

Development of a general framework for automatically learning mappings
between linguistic analyses and target semantic relations, with minimal
human intervention.

subject

verb

object

mod

head

mod mod



 Easy adaptation to new relation types with varied complexity

 Automatic learning without annotated corpus

 Exhaustive discovery of relevant linguistic patterns

 Integration of semantic role information into linguistic patterns

Challenges



Outline

 State of the art

 Domain Adaptive Relation Extraction Framework (DARE)

 Experiments and evaluations

 Performance analysis and discussion

 Conclusion and future work
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      A relation extraction task in the domain management succession (MUC-6)

< person_in, person_out, position, organisation>

 person_in: the person who obtained the position
 person_out: the person who left the position
 position: the job position that the two persons were involved in
 organisation: the organisation where the position was located

Example



According to CEO Fred Bell, Acme Inc. hired Peter Smith
as COO yesterday, replacing Hans Bloggs.
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hire/V 
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Previous Work: SVO Model

COO
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Yangarber (2001)

 Verb centered

 Direct relations between subject-verb-object

 Complex NP can not be extracted, e.g., the person and position relation

 The linguistic relations among patterns are not considered, e.g., hire and replace
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 A single syntactic path dominated by a verb containing at least one relevant
named entity concept
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• Pairs of chains are extracted
•Verb centered verb centered

 pairs of chains instead of single paths

Previous Work: Linked Chain Model Stevenson & Greenwood 2005
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Previous Work: Subtree-Model

 verb centered

 All chains dominated by a verb,  which contain at least one relevant named
entity and their combinations
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None of the existing models links the detected slot-filling candidates with
their respective semantic roles

<person_in, person_out, position, organisation>



DARE

a seed-driven and bottom-up rule learning
in

a bootstrapping framework

 State of the art

 Domain Adaptive Relation Extraction Framework (DARE)

 Experiments and evaluations

 Performance analysis and discussion

 Conclusion and future work



Properties of DARE

 Samples of target relation instances serve as semantic seed

 Systematic treatment of n-ary relations and their projections

 Exploitation of relation projections for pattern discovery

 Bottom-up compositional pattern discovery

 A recursive linguistic rule representation

 Rules contain semantic roles w.r.t. to target relation

 Bottom-up compression method to generalize rules

 Filtering of rule candidates by “domain relevance”



Properties of DARE

 Samples of target relation instances serve as semantic seed

 Systematic treatment of n-ary relations and their projections

 Exploitation of relation projections for pattern discovery

 Bottom-up compositional pattern discovery

 A recursive linguistic rule representation

 Rules contain semantic roles w.r.t. to target relation

 Bottom-up compression method to generalize rules

 Filtering of rule candidates by “domain relevance”

Novel



Bootstrapping Relation Extraction with Semantic Seed

Rule_1,
…
Rule_n

Adapted from 
DIPRE (Brin, 1998) and Snowball (Agichtein & Gravano, 2000)
but extended and enriched with linguistic analysis 

subject

verb

object

mod

head

mod mod



Bootstrapping Relation Extraction with Semantic Seed

 DIPRE and Snowball

 binary relations only, no projections, no linguistic analysis

 DARE

 n-ary relations and their projections, deep linguistic analysis

(in the experiments I use MINIPAR by Dekan Lin 1999)



Start of Bootstrapping (simplified)
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t1
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0. replace all nodes that are instan-
tiated with the seed arguments by
new nodes. Label these new nodes
with the seed argument roles and
their entity classes;
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0. replace all nodes that are instan-
tiated with the seed arguments by
new nodes. Label these new nodes
with the seed argument roles and
their entity classes;

for i=1 to n

1. identify the set of the lowest non-
terminal nodes N1 in t that dominate
i arguments (possibly among other
nodes).

2. substitute N1 by nodes labelled with
the seed argument roles and their
entity classes

3. prune the subtrees dominated by N1
from t and add these subtrees into
the pattern collection. These
subtrees are assigned the argument
role information and a unique id.
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0. replace all nodes that are instan-
tiated with the seed arguments by
new nodes. Label these new nodes
with the seed argument roles and
their entity classes;

for i=1 to n

1. identify the set of the lowest non-
terminal nodes N1 in t that dominate
i arguments (possibly among other
nodes).

2. substitute N1 by nodes labelled with
the seed argument roles and their
entity classes

3. prune the subtrees dominated by N1
from t and add these subtrees into
the pattern collection. These
subtrees are assigned the argument
role information and a unique id.
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tiated with the seed arguments by
new nodes. Label these new nodes
with the seed argument roles and
their entity classes;

for i=1 to n

1. identify the set of the lowest non-
terminal nodes N1 in t that dominate
i arguments (possibly among other
nodes).

2. substitute N1 by nodes labelled with
the seed argument roles and their
entity classes

3. prune the subtrees dominated by N1
from t and add these subtrees into
the pattern collection. These
subtrees are assigned the argument
role information and a unique id.

Pattern Collectiont2
r3

n2_r3_in1_r1_r2_i

t1
r2r1



t n0

t2
r3

n2_r3_in1_r1_r2_i

t1
r2r1

n3_r1_r2_r3_k

t3

n2_r3_in1_r1_r2_i

n3_r1_r2_r3_k

0. replace all nodes that are instan-
tiated with the seed arguments by
new nodes. Label these new nodes
with the seed argument roles and
their entity classes;

for i=1 to n

1. identify the set of the lowest non-
terminal nodes N1 in t that dominate
i arguments (possibly among other
nodes).

2. substitute N1 by nodes labelled with
the seed argument roles and their
entity classes

3. prune the subtrees dominated by N1
from t and add these subtrees into
the pattern collection. These
subtrees are assigned the argument
role information and a unique id.
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0. replace all nodes that are instan-
tiated with the seed arguments by
new nodes. Label these new nodes
with the seed argument roles and
their entity classes;

for i=1 to n

1. identify the set of the lowest non-
terminal nodes N1 in t that dominate
i arguments (possibly among other
nodes).

2. substitute N1 by nodes labelled with
the seed argument roles and their
entity classes

3. prune the subtrees dominated by N1
from t and add these subtrees into
the pattern collection. These
subtrees are assigned the argument
role information and a unique id.
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According to CEO Fred Bell, Acme Inc. hired Peter Smith
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DARE Rule Components
1. rule name: ri;

2. rule body: in AVM format containing:

 head: the linguistic annotation of the
top node of the linguistic structure;

 daughters: its value is a list of specific
linguistic structures (e.g., subject, object,
head, mod), derived from the linguistic
analysis, e.g., dependency structures and the
named entity information;

 rules: its value is a DARE rule which extracts
a subset of arguments of the target relation.

3. Output:  n-tupel of arguments
    with their roles



DARE Rule Components
1. rule name: ri;

2. rule body:  in AVM format containing:

 head: the linguistic annotation of the
top node of the linguistic structure;

 daughters: its value is a list of specific
linguistic structures (e.g., subject, object,
head, mod), derived from the linguistic
analysis, e.g., dependency structures and the
named entity information;

 rules: its value is a DARE rule which extracts
a subset of arguments of the target relation.

3. Output:  the extracted relation instance,
tupel of arguments with their roles
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 Domain Adaptive Relation Extraction Framework (DARE)

 Experiments and evaluations

 Performance analysis and discussion

 Conclusion and future work



Two Domains

 Award Events (start with subdomain Nobel Prizes)

reasons: good news coverage
complete list of all award events
good starting point for other award domains

 Management Succession Events

reason:  comparison with previous work



Experiments

 Two domains
 Nobel Prize Awards: <recipient, prize, area, year>

 Management Succession: <person_in, person_out, position, organisation>

 Test data sets

1MB199MUC-6

18.4 MB3328Nobel Prize A+B

12.6 MB2296Nobel Prize B (1999-2005)

5.8 MB1032Nobel Prize A (1981-1998)

Data AmountDoc NumberData Set Name



Evaluation Against Ideal Tables

62.9%80.6%<[Zewail, Ahmed H], nobel, chemistry,1999>A+B

50.7%71.6%<[Zewail, Ahmed H], nobel, chemistry,1999>Nobel Prize B

32.0%83.8%<[Arias, Oscar], nobel, peace, 1987>Nobel Prize A

31.0%87.3%<[Sen, Amartya], nobel, economics, 1998>Nobel Prize A

RecallPrecisionSeedData Set



Management Succession Domain

  7.0%12.6%       1

48.0%62.0%     55

34.2%48.4%     20

21.8%15.1%       1

 RecallPrecisionInitial Seed #



Comparison

Our result with 20 seeds (after 4 iterations)

-  precision: 48.4%
-  recall:  34.2%

compares well with the best result reported so far by (Greenwood and
Stevenson, 2006) with the linked chain model starting with 7 hand-
crafted patterns (after 190 iterations)

- precision: 43.4%
- recall:    26.5%



Reusability of Rules

 Prize award patterns

 Detection of other Prizes such as Pulitzer Prize, Turner Prize
 Precision: 86.2%

 Management succession

 Domain independent binary pattern rules:
Person-Organisation, Person-Position

 Evaluation of top 100 relation instances
Precision: 98%
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The Dream

 Wouldn‘t it be wonderful if we could always automatically learn
most or all relevant patterns of some relation from one single
semantic instance!

 Or at least find all event instances.

 This sounds too good to be true!



Research Questions

As scientists we want to know

 Why does it work for some tasks?

 Why doesn‘t it work for all tasks?

 How can we estimate the suitability of domains?

 How can we deal with less suitable domains?



Careful analysis confirmed the
following assumption:
redundancy, both on patterns and
event mentions, helps.
Frequently reported events make
rare patterns reachable

PH

Er

EH

Pr

Popular patterns help to reach 
rarely mentioned events



Instance to Pattern
Nobel Prize vs. Management Succession



Rule to Instances
(Nobel Prize vs. Management Succession)



Insights

 Results from graph theory help to understand the requirements on data.

Example: small world property

 For data sets with continents and islands, we can sometimes exploit additional
data or auxiliary domains to bridge the islands by learning
rare patterns.

Example:  use of Nobel prize domain for learning patterns for events
concerning less popular prizes (many other prizes could be detected)
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Conclusion

 DARE is the first approach to combine the idea of bootstrapping IE systems
with a linguistic grammar

 This can be illustrated by a simple formula:

 reusable generic linguistic knowledge
+ raw data
+ a few examples (seed)
= domain specific relation extraction grammar

 In addition to the obvious practical advantages, the approach offers
theoretical benefits:  It supports a view of IE as a systematic gradual
approximation of language understanding.



Future Work

 Improvement of recall
 Extension of learning data

• Bridging the islands by new additional data
• Use of a related domain, e.g, Nobel Prize for other prizes

 Improvement of rule generalization
 Intersentential extraction

 Improvement of precision
 Negative rules (domain indepedent and domain specific)
 Integration of high-precision NLP analysis (HPSG)
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