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Abstract Robust Named–EntityRecognitionsoftware is an essentialpreprocessingtool
for performingmorecomplex text processingtasksin businessinformationsys-
tems. In this paperwe presenta Framework for Domain and Task Adaptive
Named–EntityRecognition.It consistsof severalclear–cutsubcomponentswhich
can be flexibly and variably combinedtogetherin order to constructa task–
specificNE–Recognitiontool. Additionally, a diagnostictool for automaticpre-
diction of bestsystemconfigurationis provided,which speedsup thedevelop-
mentcycle.
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Nowadays,knowledgerelevantto businessof any kind is mainlytransmitted

throughfree–text documents.New trendsin informationtechnologysuchas
InformationExtraction, Text Mining or Text Classificationcouldprovide dra-
matic improvementsin the processof converting the overflow of raw textual
informationinto valuableknowledge. Sincenamedentities(NE) constitutea



significantpartof businesstexts1 , robust NE–Recognitionsoftwareis anes-
sentialpreprocessingtool for performingmorecomplex text processingtasks
in businessinformationsystems(Abramowicz andZurada,2001).

The NE task has formally beendefinedat the MUC conference(SAIC,
1998) and consistsof recognitionof entities (organizations,persons,loca-
tions), temporal expressions(date, time) and quantities(monetaryvalues,
percentages).Therecognitionprocessis usuallysubdivided into delimitation,
i.e. determinationof the boundariesof the NE, andclassification,in which
the identifiedNE is assigneda morespecificcategory. Thequestionwhether
a phraseis a namedentity andwhat nameclassit belongsto, might depend
on both internal structureand surroundingcontext (McDonald, 1993). The
”Inc.” designatorreliably shows thephrase”FinancialInvestments,Inc.” to be
a company name.The text fragment”PacoRaban”in the following example
sentencecanberecognizedasacompany nameby utilizing theprecedingword
sequence”directorof”.

(1) Mr. Diagnewould leave his job asvice–presidentof YvesSaint
Laurent,Inc. to becomeoperationsdirectorof PacoRaban.

However, ”PacoRaban”could alsobe a personname.In this case,theprob-
lem of disambiguatingthe typeof this NE seemsto be intuitively simple,but
generally, a broadercontextual knowledgeis requiredin order to determine
the type of the namedentity correctly. An intuitive strategy for NE recogni-
tion onecouldthink of is simply usingdictionariescontainingNEs.However,
someNEs,like for instancecompany namesaretoonumerousto includethem
in dictionaries.Further, they arechangingconstantlyandmayappearin many
variantforms(e.g.subsequentoccurrencesmightbeabbreviated).Hence,such
straightforward list–searchapproachwouldnotperformwell.

Most of the IE systemsparticipatingin the NE task in the recentMUC
conferenceswerebasedon handcraftedapproach(Wakaoet al., 1996),which
usecontext–sensitive rules.Suchcontextual rulesrely usuallyon tokenization
and/orlexical informationcomputedin the preprocessingphase.Recently, a
variety of machinelearningmethodsfor solving NE task were introduced(
Bikel andWeischedel,1997,Borthwick, 1999,Gallippi, 1996,Srihari et al.,
1999). Nevertheless,the handcraftedsystemsachieve on an averagehigher
coveragethan machine–learningbasedapproaches.This is due to the fact
thatnon–localphenomenaarebesthandledby usingregularexpressions.For
instance,the pattern[PERSON NAME ² STRING:THE ² (POS:ADJ) ³´²
STRING:PRESIDENT OF ² ORG NAME], which covers the following ex-
amplephrasewould be difficult to learnfor an automatedsystembecauseof
thepresenceof asequenceof zeroor moreadjectives:

1Accordingto (Coates-Stephens,1992)newswiretexts mayconsistof up to 10percentof propernames.



(2) Bill Gates,theyoungdynamicsuccessfulpresidentof Microsoft

A broaderoverview of existing NE recognizersandcurrentproblemsin this
field aregivenin (Borthwick,1999).

In thispaperwedescribeaDomainandTaskAdaptiveNamed–EntityRecog-
nition Platform. In contraryto othertools,our platformcomprisesof several
clear–cut submoduleswhich canbe flexibly andvariably combinedtogether
in orderto constructa task–specificNE–recognitioncomponent.Thesubmod-
ulesincludeamongothersfine–grainedtokenization,regularpatternmatching,
acronym recognition,gazetteerlookup, NE variant identificationand lexical
processing.Themain advantageof theflexible workflow is thatunnecessary
computationsmight be avoided(e.g.,specificIE tasksdo not requirelexical
processing)andthebestconfigurationfor solving a particularreal–world ex-
tractiontaskmay be easilydefined. Therefore,an additionaldiagnostictool
for automaticevaluationandscoringof possiblesystemconfigurationsis pro-
vided, which meansfasterdevelopmentcycle. Sinceit is importantto pro-
cessbig quantitiesof texts efficiently, we make an exhaustive useof finite–
statetechnology (Mohri, 1996) in all subcomponents2. Currently, we have
adaptedthesystemfor performingNE–Recognitionfor German.Additionally,
we highlight frequentproblemswe encounteredwhile processingreal–world
data,which illustratetheindispensabilityof eachsystemcomponent.
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The systemconsistsof two main poolsof resources:(1) the linguistic re-

sources, which are maintained(and optimized)by the GrammarManager,
and(2) processingresources, includingTokenizer, PatternMatcher, Gazetteer
Checker, Context Explorer, Lexical ProcessorandAcronym Finder. Thepro-
cessingresourcescanbe flexibly andvariably combinedinto a task–specific
workflow schedulethroughtheuseof theResourceScheduler. Theworkflow
scheduledetermineswhichcomponentsof thesystemareusedanddefinesthe
orderof theirapplicationandinterplay.

Each text documentis firstly preprocessedby the tokenizerwhich is an
obligatorystepin ourNE–recognitionsystem.TheTokenizersplitsthetext into
word–like units called tokensand classifiesthem accordingto user–defined
token–classdefinitions.Thesegmentedtext togetherwith theworkflow sched-
ule constitutethe input for the NE–Recognition Enginewhich performsthe
properNE identification.Thetext fragmentswhicharerecognizedby acertain
moduleasNEs areby default not further consumedby the subsequentmod-

2Computationally, finite–statedevicesare time andspaceefficient and from the linguistic point of view,
localnaturallanguagephenomenacanbeeasilyandintuitively expressedasfinite–statedevices.
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ules3. Theextractedinformationmayberedirectedinto acorrespondingXML
documentor streamof featurestructures.

We describenow briefly thefunctionalityof theprocessingresources.The
PatternMatcher applieshandcraftedrulesrepresentingpatternsfor NE recog-
nition. The patternsrely on tokenizationinformationand informationcom-
putedby theLexical Processorwhich is responsiblefor retrieving lexical in-
formation(includingonlinecompoundrecognition)for eachunconsumedto-
ken. The taskof AcronymFinder is the recognitionof acronyms andidenti-
ficationof their correspondingdefinitions.TheGazetteerChecker usesstatic
NE–lexica (e.g.,geographicallocations)in order to matchunconsumedtext
fragments.Finally, the Context Explorer searchesfor associationsbetween
token sequenceswhich do not exhibit strongnamedentity evidence(poten-
tial NE) with namedentitieswhich wererecognizedwithin a parametrizable
context frame(e.g.,differentvariantsof thesameNE).

A scenario–specificworkflow schedulemayincludemorethanoneinstance
of someof the processingresources.For instance,in somescenariothe set
of recognitionrulesfor thePatternMatchercouldbesubdividedinto sure–fire

3More complex configurationof thesystemallow for consumingpreviously recognizedentitieswhichwill
bediscussedlater.



rulesandless–reliablerules(e.g. rulesobtainedstatisticallyby someexternal
component,whichcanbeeasilyconvertedinto anappropriateformat). In this
caseit would be convenient to firstly apply sure–firerules, then to run the
GazetteerMatcherandfinally to usethesetof less–reliablerulesasarguedin
(Mikheev et al., 1999). For speedingup the adaptationto new scenariosthe
bestsystemconfigurationcanbeautomaticallypredictedby a diagnostictool
providedin oursystem.

Finally, in order to guaranteegoodrun–timeperformanceall components
of the systemsare implementedas optimizedfinite–statedevices. We used
the DFKI Finite–StateMachine Toolkit (Piskorski, 2002) for constructing,
combiningandoptimizing finite–statemachineswhich aregeneralizationsof
weightedfinite–stateautomataandweightedfinite–statetransducers.
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The taskof the tokenizer is to map charactersequencesof the input text
documentsinto word–like unitscalledtokensandto classifythosetokensac-
cordingto user–definedtokenclasses.In thefirst step,the Segmentersplitsa
text documentinto tokensby usingan abbreviation lexicon which allows for
a roughdistinctionbetweenpointsbeing integral part of the token (e.g. ab-
breviations)andsentencedelimiters. The segmentedtext is forwardedto the
Classifier, which performsfine–grainedcategorizationof tokens. In contrary
to othertokenizationtools our tokenizerallows for multiple token classifica-
tion, asillustratedin figure2. Firstly, eachtoken is classifiedaccordingto a
prespecifiedlist of maintokenclasses(currentlythesystemprovidesabout50
default maintokenclasses).

ExampleTokens MaintokenClasses SubtokenClasses
1999 naturalnumber four digit number, year
Düsseldorf first capitalword potentiallocation
V3.5 numberwordcompound –
AT&T–CEO complex compositum mayincludecompany name
GmbH mixedword first capital corporatedesignator

A � c_Q^nM\ÈkÊº
Tokenclasses

In the secondstep,tokensundergo additionaldomainand languagespecific
subclassification(Thielen,1995).For instance,we couldsubclassifyall first–
capital tokensaccordingto the type of suffix they endwith (e.g. suffix ex-
hibiting a potentiallocation:”–dorf”, ”–hafen” in German).Suchinformation
couldbeusedfor definingof NE–recognitionpatterns(e.g. locationpreposi-
tions followed by token subclassifiedaspotentiallocation). Eachtoken may



belongto several subtoken classes,but it is assignedto only one main to-
kenclass.All token classesexpressedasregularexpressionsaremergedinto
a singleoptimizedfinite–statenetwork which representsthe token classifier.
We claim that fine–grainedtokenizationasdescribedheremay be sufficient
for solving somereal–world NE tasksas we experiencedin practice(e.g.
keyword–spotting).
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The PatternMatcherapplieshandcraftedregular patterns(Mikheev et al.,

1999,Gallippi, 1996),which rely on the tokenizationinformationandinfor-
mation computedby the lexical processor(seesection3.4). Thesepatterns
areexpressedasfinite–statedeviceswhosearcsarelabeledwith predicateson
tokens.Thereareonly fivetypesof predicates(STRING, STEM , POS, SUBTO-
KEN AND TOKEN) which allows for keepingthedegreeof non–determinicity
of thecorrespondingfinite–stategrammarrelatively low. An examplepattern
for recognitionof company namesis givenin figure3:

Token: firstCapital

POS: unknown

String: Holding

String: AG

 String: GmbH    String: Co.

 POS: unknown Token: firstCapital

   String: Co        String: &

 0  1

 2 3

4
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A simplepatternfor recognitionof company names

The PatternMatchercanbe configuredin several ways,which caninfluence
the coverageand runtimebehavior of the system. Firstly, variousmatching
techniquescanbe chosen(e.g. local vs. full backtracking).Anotheroption
allows for recognizingoverlappingNEs.Considerthefollowing example:

(3) Bei XtraMind TechnologiesGmbH,Stuhlsatzenhausweg 366121
Saarbr̈ucken

In this text fragmenttwo overlappingNEs could be identified: a location
”Bei XtraMind” triggeredby a location preposition,and ”XtraMind Tech-
nologiesGmbH” triggeredby the company designator”GmbH”. Suchcol-
lision informationcould be usedfor semi–automaticfine–tuningof the rule–
base(definition of new patterncovering the whole text fragment”Bei Xtra-
Mind ... GmbH”). Further, the above text fragmentcontainsan error (e.g.,
originating from OCR), in that it missesa spacebetweenstreetnumberof



”Stuhlsatzenhausweg” andcity codeof Saarbr̈ucken (fusionof 3 and66121).
Usingcollision–matchingoptionwecanidentify bothstreet–numberfragment
andpostcode–cityphrasewhich would not be possibleotherwise.Addition-
ally, anoptionfor determiningtheorderandnumberof admissiblepredicates
is provided,whichmaybeusedfor optimizingthePatternMatcherin termsof
efficiency. PatternMatcheralsoallows for rule prioritization which prevents
multiple assignmentto sametokensequences.Finally, on demandpreviously
recognizedNEscanbe consumedby thePatternMatcher, e.g. personnames
recognizedby GazetteerChecker. Note thatan input text canbepartially an-
notated.
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Thetaskof theGazetteerChecker is recognitionof NEsstoredin staticNE–

lexica. Suchlexica containusuallylocation,organizationandpersonnames.
SimpleNE–Recognitionsystemsrely only on performinga lexicon lookup.
Theadvantageof usinggazetteersmaybeverifiedby thefactthatmany NEsdo
neitherexhibit internalnor externalevidenceof beinga namedentity. For in-
stance,considertheGermanphrase”Dynamik in Handel”(dynamicin trade).
It is a magazinetitle, but alsoa valid NP in German.UsingGazetteerseems
to be an only alternative for recognizingsuchnamedentities. An interesting
discussionof theimportanceof usinggazetteerandtheir applicationat differ-
entstagesof NE–recognitionprocesscanbefound in (Mikheev et al., 1999).
In caseof ambiguousentriesin staticlexica,we canswitchbetweenanoption
of returningthehighest–priorityinterpretationor returningall possibleinter-
pretations.For converting thestaticlexica into their correspondingoptimized
finite–staterepresentationweusethenew methodfor efficientincrementalcon-
structionof acyclic deterministicandminimal finite–stateautomatapresented
in (Daciuk,1998)andprovidedby theFSM Toolkit.

»e¤¹Ô ÕÖ¸B×�±�°iË7ØÙ¼½ªÄ«­°i¸¿¾1¾¨«Kª
Thetaskof Lexical Processoris theretrieval of lexical informationfor each

tokenidentifiedaspotentialwordform. This includesalsorecognitionof com-
pounds(e.g. ”Produktionsumstellungen” – productionreorganization) which
areusuallynotlexicalized4. They constitutesignificantpartof businesstexts5.
LexicalProcessorusesfull-form lexicon(750000entriesfor German)andtries
firstly to associateeachprocessedtokenwith acorrespondinglexical informa-
tion including part–of–speechandsteminformation. If no suchinformation

4Notethat,for instancein Germancompoundsarein generalorthographicallysinglewords.
5We found out that 7,19percentof the words in our testcorpus,consistingof businessarticlesfrom the
Germanbusinessnews magazine”Wirtschaftswoche”,werecompounds.



canbefound,thetoken is eithercompoundor unknown word. We apply fast
androbust shallow compoundrecognitionstrategy outlinedin (Piskorski and
Neumann,2000)which computesonly a singlesyntacticallyvalid segmenta-
tion anddeterminestheheadwhile leaving internalbracketingunderspecified.
This informationis sufficient for thepurposeof NE recognition. The stand–
alonestatusof theLexical Processormaybeverifiedby thefactthatoneaims
to applyingothercomponentsto text fragmentsconsistingof tokensnot recog-
nizedasvalid word forms. Analogouslyto staticlexica we encodefull–form
lexicon into anoptimizedfinite-statenetwork.
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Thetaskof theContext Exploreris theidentificationof variantsof already

recognizedNEs.Hence,this componentfulfills partialcoreferenceresolution.
Thetext includingannotationsof previously recognizedentitiesis scannedin
orderto identify candidatesfor NEs(whichdonotexhibit astrongevidenceof
beinga namedentity). Secondly, Context Explorersearchesfor associations
betweensuchcandidatesandalreadyidentifiedNEs within a parametrizable
context frame.For instance,first occurenceof a givencompany nameusually
includesa designator, whereassubsequentoccurrencesarefrequentlyabbre-
viatedvariants,which do not includesuchdesignatorsandarethusharderto
find (e.g. ”Appollinaris & Schweppes”and”Appollinaris” could refer to the
company name”Appollinaris & SchweppesGmbH& Co.”). This is achieved
by storingcertaintypesof NEs(e.g. company namewithout corporatedesig-
nator)in adynamiclexicon. Any subsequentoccurrenceof aprefixor suffix of
previously storedNEscanthenbeidentifiedandanappropriatereferencecan
be setcorrectly. It is known that suchreferenceresolutionheuristicachieves
highaccuracy.

Anotheradvantageof usingdynamiclexicon is that it canbeusedfor dis-
ambiguatingNE types.Considerthetext in example4:

(4) ”Ich könnteniemalsauf irgendetwasschiessen”,versichertder
57jährigeChefdesUS–R̈ustungskonzerns
Martin MariettaCorp. (MM). DochdieprivateWaffenabstinenzhat
Augustinenichtdarangehindert,seinUnternehmenzur grössten
WaffenschmiedederWelt aufzur̈usten:Für dreiMilliarden Dollar hat
Martin Mariettageradeerstdie Luftfahrtabteilungdesehemaligen
KonkurrentenGeneralElectric(GE) übernommenunddamitseinen
Jahresumsatzvon rundsechsauf überelf Milliarden Dollar fast
verdoppelt.”

The first occurrenceof the sequence”Martin Marietta Corp.” can be easily
identifiedasacompany name,sinceit containsareliablecorporatedesignator.
Thesubsequentoccurrenceof thesubstring”Martin Marietta” couldbefirstly



recognizedby thePatternMatcheror theGazetteerChecker asapersonname.
Nevertheless,this token sequenceobviously refersto the company namein-
troducedpreviously. A simpleheuristicmaybeappliedto solve this problem:
whenever a person,company or location nameis recognizedby the Pattern
Matcheror GazetteerChecker, the Context Explorerperformsan additional
lookup in orderto checkwhethersuchNE is a prefix or suffix of an already
recognizednamedentity in the surroundingcontext frame,andmodifiesthe
typeof this NE appropriately.

The Context Explorers’ability for varying the sizeof the context window
(e.g. paragraphvs. the entire document)is crucial sincethe systemhasto
copewith differenttypesof documents(e.g. emails,web pagesor newswire
articles).

»e¤aß ¶!°�ª3«G§là�á âã±:§�¬�¸¿ª
We noticedby looking over a lot of businessdocumentsthat they include

a hugenumberof acronyms which canbe treatedin mostcasesasNEs (e.g.
”GE” in example4standsfor ”GeneralElectric”). In orderto recognizeacronyms
andtheir correspondingdefinitionswe applytwo strategies: (1) by thedefini-
tion of lexico–syntacticpatternsexpressingintroductionanddefinition of an
acronym (e.g. X stehtfür Y - X standsfor Y), (2) by applyingrulesfor iden-
tifying acronym candidatesandassociatingthesecandidateswith their defini-
tionsin anparametrizablecontext frameusingheuristicsasdescribedin (Roy,
2001). The two strategiescanbe appliedsimultaneouslyor separately. With
regardto (2) amoredetaileddescriptionfollows:

By taking advantageof the information computedby the Tokenizer it is
possibleto find shortcharactersequences(e.g. the lengthof a sequencelies
between2 and10 characters,tokensconsistingsolely of consonants)which
constituteacronymcandidates. For eachacronym candidatean abbreviation
patternreflectingits structureis constructed.Thepatternconsistsof asequence
of symbolswhichcorrespondto thesubsequentcharactersin theacronym can-
didate(”n” standsfor numberand”c” standsfor character).Somecharacters
like ”&” or ” ä ” have no correspondingsymbolin thepattern.Figure4 shows
someexampleacronymsandtheir correspondingpatterns:

Acronym Pattern
AT&T ccc
2D nc
T/C/F ccc
ALGOL ccccc

A � c_Q^nM\EåPº
Acronym Patterns

Definition Pattern
Anglo–AustralienObservatory www
USA wwsw
ALGOrithmic Language hw

A � c_Q^nM\¥æTº
Definition Patterns



Subsequently, Acronym Findertriesto identify definitioncandidatesin the
surroundingcontext of the acronym candidateusingseveral heuristics.Con-
sideragaintheexample4, where”GE” standsfor ”GeneralElectric”. An ap-
propriateheuristicfor recognizingthe definition candidatewould be as fol-
lows: initial characterof eachwordof thedefinitioncandidatemustmatchthe
correspondingcharacterin theacronym candidate.In thenext stepadefinition
pattern representingthe structureof the definition candidateis built. Some
examplesof acronym definitionswith their correspondingdefinition patterns
aregiven in figure 5 (”w”- words initialized with a capital, ”h”- wordscon-
tainingtwo or morecapitalsand”s”- stopwords).Analogouslyto abbreviation
patterns,someseparatorsymbolsareignored.

After the identificationof acronym anddefinition candidatesand genera-
tion of theircorrespondingpatterns,theAcronym Findercomparesthepattern
pair with patternpairs storedin the AcronymRulebase, and returnsone or
morecorrespondingFormationRules. FormationRulesexpresstheway how
an acronym is formedfrom its definition. Finally the returnedsetof forma-
tion rules is appliedto definition candidatein order to validatethe acronym
candidate.The formationrule ç wwswè cccè?é 1 è f êÊé 2 è f êÊé 4 è f êÁë canbe inter-
pretedin the following way: take initial letter of the first, secondandfourth
word in the definition and omit the stopword (third word). In this way the
acronym ”USA” is constructedfrom the phrase”United Statesof America”.
Currently, theAcronym Rulebasecontainsa collectionof ca. 50 handcrafted
formationrules,whichcanbeextendedby machine–learningtechniques(Roy,
2001).NotethatalreadyrecognizedNEsoccurringin animmediatecontext of
acronym candidatesareusedaspreferreddefinitioncandidates.

Ôì¤ íî±zËÏÀG§Á«K¾ï©Ä±�°îÅÆ«e«GØ�¾
In orderto reducethe time for adaptationof the systemto new scenarios,

a diagnostictool for automaticpredictionof bestsystemconfigurationis pro-
vided. The optimal configurationrespectively precision,recall or f–measure
canbecomputedby meansof anannotatedtext corpusprovided by theuser,
anda setof candidateconfigurations(workflow schedules).A configuration
candidateis an orderedlist of instancesof processingresources.The setof
configurationscanbeautomaticallycomputed,which is donein thefollowing
way. Firstly, the userselectsavailable linguistic resources,e.g. static NE–
lexica, patternsets,etc. Subsequently, thesystemgeneratesa setof all corre-
spondinginstancesof processingresources.Finally, for eachelementof the
power setof this set,all possiblepermutationsarecomputed.Thesepermuta-
tionsconstituteconfigurationcandidates.

Sincethe numberof all permutationsfor a larger setof instancesof pro-
cessingresourcesis obviously too numerousto be computedefficiently, sev-



eraloptionsmaybeusedfor reducingthenumberof configurationcandidates
to be considered.Firstly, the usermay restrict the numberof potentialcan-
didatesby definingpartial linear precedenceconstraints(e.g. ”componentX
cannotbeusedbeforecomponentY”) or by usingotherfilters suchas: ”con-
sideronly configurationcandidatesconsistingof threecomponents”.Besides
the option of computingall permutations,several efficient heuristicsfor pre-
dicting best/near–optimalconfigurationsmaybeapplied.For instance,in the
”bottom–up”heuristic,we firstly evaluateall configurationsconsistingof sin-
gle componentsandusek topscoringcomponentswrt. thechosenmeasurein
orderto generateconfigurationcandidatesconsistingof two components.Fur-
ther, we evaluatethe two–componentconfigurationsandproceedin thesame
way until configurationsconsistingof maximalnumberof componentshave
beenevaluated. For avoiding unnecessaryrecomputationswe usecashing–
techniques.

Furthermore,theusermayalsospecifyhispreferredconfigurationsandedit
the automaticallycreatedlist of candidateconfigurationsfor fine–tuningthe
evaluationprocess.Thebestconfigurationsarepresentedto theuserin form
of rankedlistsaccordingto thechosenevaluationmeasure,wherethetheeval-
uationprocesscanbedonein two fashions:exactvs. partialmatching(i.e. left
or right boundaryof therecognizedentitymatcheswith theentityannotatedin
thetestcorpus).

For thesake of clarity we summarizetheconfigurationoptionsof all com-
ponentsin thetableof figure6. Thefollowing examplescenarioillustratesthe

Configuration Options

Components Multiple Instances Main Configuration Options

Tokenizer yes Languageanddomainadaptive
tokensubclassification

Lexical Processor no no

Context Explorer yes Varioussizeof context window
NE–typedisambiguation

GazetteerChecker yes Filtersfor selectingtext passages
to beanalyzed
LexiconPrioritization

Acronym Finder yes 2 acronym recognitionstrategies

PatternMatcher yes RulePrioritization
Variousbacktrackingoptions
Longestmatchvs. collisionmatch
Predicateorderandnumber
ConsumingalreadyidentifiedNEs

A �{c_Q^n¹\Kh?º
Overview of theConfigurationOptions



importanceof thediagnosticfeatureof thesystem.Let usassumethatwe are
interestedin the recognitionof company andpersonnames. The setof lin-
guistic resourcescontainsof gazetteersfor first and last names,anda setof
patternsfor recognitionof personandcompany names.Let A denotethework-
flow schedulein which we firstly apply GazetteerChecker andsubsequently
the PatternMatcher;and let B denotethe workflow in which the above pro-
cessingresourcesareappliedin revertedorder. Assumingthatwe usethepat-
tern [TOKEN:PERSON ² STRING:& ² TOKEN:PERSON] for recognition
of company names(which is obviously more reliable than the pattern[TO-
KEN:FIRST CAPITAL ² STRING:& ² TOKEN:FIRST CAPITAL], thework-
flow scheduleA seemsto be superiorto B in orderto identify ”Alexander&
Alexander”asacompany name.

Now, let us considerthe following phrase:”Der Müller Klaus Kinski” –
themiller KlausKinski, whereMüller is avalid lastnamein German.For rec-
ognizingpersonnameswewouldexpectto achievegoodcoverageby applying
following patterns:(1) [(POS:UNKNOWN) ðÈ² TOKEN:ENDS WITH SUFFIX SKI],
(2) [TOKEN:LAST NAME ² TOKEN:FIRST NAME] and(3) [TOKEN:FIRST NAME

² TOKEN:LAST NAME]. B is superiorto A in orderto identify the text frag-
ment ”Klaus Kinski” as personnamecorrectly (only pattern(1) matches).
If the applicationof GazetteerChecker precedesthe applicationof Pattern
Matcher(workflow scheduleA) two colliding personnameswould be iden-
tified (”M üller Klaus” – pattern(3) vs. ”Klaus Kinski” – pattern(2)and(1)).
Note that it would be only possiblein the collision matchmodusof the Pat-
tern Matcher. This exampleprovesthat both workflow schedulesexhibit ad-
vantagesanddisadvantagesfor recognitionof different typesof NEs, which
validatestherelevanceof thediagnostictool.

Further, the list of top–scoringconfigurationsmight give an insight into
thecontribution andusefulnessof theparticularprocessingandlinguistic re-
sourcesbeingused. In this way, time andspaceexpensive resourceswhich
do not significantlycontribute for achieving goodprecisionandrecallvalues,
canbe eliminated. In particular, the informationconcerningbestconfigura-
tionsfor differenttext fragmentsallows for mergingdifferentworkflow sched-
ules.Thefigure7 shows precisionandrecallvaluesfor someworkflow sched-
ulesdedicatedfor company namedetection.For solving this task,we useda
gazetteerfor company names(COMP–G),containing3271entries,andasetof
ca. 30 recognitionpatterns(COMP–PM).Further, we allowed to useContext
Explorer (CE) andAcronym Finder (AF). For the evaluationwe useda test
corpus,consistingof businessnews articlesfrom the Germanbusinessnews
magazine”Wirtschaftswoche” (200000tokens).



Evaluationof someWorkflowCandidates

WorkflowCandidates Precision Recall

COMP–G 89,2% 24,5%

COMP–PM 93,9% 76,33%

COMP–G 83,83% 30,1%
CE

COMP–G
CE 95,19% 86,76%
COMP–PM

COMP–G
CE 95,1% 87,09%
COMP–PM
AF

COMP–PM
COMP–G 94,4% 86,5%
CE
AF
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Robust NE–recognitionis prerequisitefor successfullyperformingother

more complex extraction and mining tasksin the context of businessinfor-
mationsystems.Most of the recentresearchin the areaof extractingnamed
entitiesfrom free texts centersaroundsystemstailoredto a specificdomain.
This paperdescribesa DomainandTaskadaptive NamedEntity recognition
framework. It consistsof severalclear–cutsubcomponentswhich canbeflex-
ibly andvariablycombinedtogetherin orderto constructa task–specificNE–
recognitionengine.Further, it providesa diagnostictool which aimsto auto-
maticallypredictoptimal configurationof thesystem(e.g.,which processing
andlinguistic resourcesto use)in a given scenario.In this way the onecan
speedupthetime–consumingadaptationandoptimizationprocess.Thesystem
hasbeenmainly implementedin JAVA, excepttheFinite–StateToolkit, which
hasbeenimplementedin C++. To our knowledgeno similar NE–Recognition
toolshave beendescribedin theliterature,andthereforeit is difficult to com-
parethepresentedframework with otherapproaches.

Currently, we continuetestingthesystemon texts drawn from thefinancial
domainusing larger amountof instancesof processingresourcesin order to
evaluatetheconfigurabilityfeatures.Futurework will focuson integrationof



trainableagentsbasedon machinelearningtechniquesfor discovering NE–
recognitionpatterns(Bikel and Weischedel,1997), which could be applied
whensufficient trainingdatais provided. Further, we intendto investigatethe
usability of integrating an ontology component(e.g. for synonym recogni-
tion). Finally, additionalwork will be spenton improving the techniquesfor
approximationof bestsystemconfiguration.
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