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ABSTRACT
Wehavedevelopedtwo conceptuallydifferentsystemsthatareable
to identify namedentitiesfrom spoken audio. One(referredto as
SPRACH-S) hasa stochasticfinite statemachinestructurefor use
with anacousticmodelthatidentifiesbothwordsandnamedentities
from speechdata. The other(referredto asSPRACH-R) is a rule-
basedsystemwhich usesmatchingagainststorednamelists, part-
of-speechtagging,andlight phrasalparsingwith specialisednamed
entitygrammars.Weprovideanoverview of thetwo approachesand
presentresultson theHub-4EIE-NE evaluationtask.

1. INTRODUCTION
This paperdescribesour participationin theHub-4EIE-NE spoke.
TheSPRACH/LaSIE systemfor namedentity (NE) identificationin
BroadcastNewsconsistsof two baselinesystems:

SPRACH-S: astatisticalsystembasedontheNE taggedlanguage
modellingapproach[1], which wasoriginally introducedto enable
namecategory information to be usedin the constructionof lan-
guagemodelsfor very largevocabulary speechrecognisers;

SPRACH-R: a rule-basedapproach[2, 3], portedfrom theLaSIE
systemusedfor text-basedNE identification.

Thestochasticfinite statemodelapproachis basedonexplicit word-
level n-gram relations. We presentan overview of the statistical
systemanda procedurefor NE annotation.Thenwe describekey
featuresfor therule-basedapproach.Comparisonis madebetween
theoriginal text- andspeech-basedsystems.TheSPRACH-S andR
systemswereemployedin the1998Hub-4EIE-NE evaluation.We
reportour resultsusingthefive setsof transcripts:a referencetran-
scription,a transcriptionproducedby the1998SPRACH recogniser
usedin thetranscriptionevaluation(21%WER)andthethreebase-
line transcriptionsprovidedby NIST.

2. THE STATISTICAL SYSTEM:
SPRACH-S

The SPRACH-S systemconsistsof an NE taggedlanguagemodel
anda recentlydevelopedstatisticalNE tagger. A formaldescription
of the NE taggedLM is provided in [1]. Technicaldetailsfor the
developmentandfor theannotationprocedurearepresentedin [4].

2.1.NamedEntity TaggedLM
Thebasicideaof theNE taggedlanguagemodel(LM) is to useNE
tagsascategoriesin aclass-basedn-gramlanguagemodel.Thisen-
ablesthe constructionof extensiblevocabulary speechrecognition
systems,alongwith the identificationof namedentitiesin spoken

language.An NE taggedLM is derivedfrom a corpusmarkedwith
namedentities.It is abackedoff n-grammodelwith thevocabulary
entriesbeingthemostfrequentwordsattributedwith theirnamecat-
egory information.Unigramextensionsfor lessfrequentnamesare
attachedin orderto increasetheoverall vocabulary size.

For the evaluation,threeNE taggedtrigram LMs wereestimated,
eachwith anindependentvocabulary setplusunigramextensions:

H4-train LM: derived from transcriptsof the Hub-4E acoustic
trainingdata(approximatelyonemillion wordswith manualNE an-
notations)consistingof an 18k trigram vocabulary (i.e., tag-word
tokens),with a further4k vocabulary in unigramextensions;

BN96 LM: estimatedfrom 1996BN text corpusfor training/test
data(150 million wordswith automaticNE annotations),consist-
ing of a 65k trigram vocabulary, with a further 85k vocabulary in
unigramextensions;

NA98 LM: estimatedfrom a part of the 1998 North American
News (NA News) corpus (1997-98 LA Times/WashingtonPost,
1996-98AssociatedPress;133 million words with automaticNE
annotations),consistingof a 65k trigramvocabulary, with a further
145kvocabulary in unigramextensions.

Manual NE annotationswere provided by MITRE and BBN
(throughNIST) andthey conformedwith theHub-4ENE taskspec-
ification. Automatic annotationswere achieved using the LaSIE-
II system[2]. BecausetheLaSIE-II wasdevelopedaccordingto the
MUC-7 NE taskspecification,relative time expressionswerealso
taggedfor theBN andNA News corpora,conflictingwith theHub-
4E specification.

2.2.NE Identification
After several trial runsusingthedevelopmentset(describedlater),
anNE annotationprocedurewassettledasfollows:

1. Mark speechtranscriptswith NE tagsusingeachof threeindi-
vidual NE taggedLMs, resultingthreesetsof NE annotated
speechtranscripts(referredto as H4-tagged,BN96-tagged,
andNA98-taggedtranscripts).

2. Merge the BN96-taggedtranscriptsto the H4-taggedtran-
scriptswith priority on thelatter. Becauseof thespecification
conflicts,temporalexpressiontags(i.e., � date� and � time� )
initially markedon theBN96-taggedtranscriptswereignored
at thisstage.

3. MergetheNA98-taggedtranscriptsto themergedtranscriptsat
Step2, with priority on the latter. Again temporalexpression
tagsfrom theNA98 LM wereignored.



The initial marking on speechtranscriptswas doneusing the tri-
gramconstraintswith oneexception:whentracingtheViterbi path
acrossthetag-word trellis, we removedthepossibilityof transitions
to/fromany out-of-vocabulary (OOV) itemin eachnameclassfrom
consideration.Thiswasregrettablebecauseit eliminatedany chance
thatawordmightbecorrectlymarkedevenif thattag-wordpairdid
not exist in the languagemodel. Without this exceptionrule, how-
ever, thenumberof incorrectmarkingsincreasedgreatlybecauseof
unbalancedsizesfor tagclasses(temporalandnumberexpressions
occurredanorderof magnitudelessthanothernameclasses).

Becausethis n-grambasedNE taggerdid notexplicitly handlemul-
tiple word namedentities,we madepost-correctionsaccordingto
a simple rule: supposemultiple and consecutive words were all
marked with the samenametag, thenwe assumedthey belonged
to onenamedentity. For example,suppose“BILL” and“CLINTON”
werebothmarkedas � person� , then

� person� “BILL CLINTON”
becamea singlehypothesis.Thisapproach,of course,hada critical
sideeffect: “SIMI VALLEY CALIFORNIA” weremarkedwith asingle
NE tag, � location� (andmany suchexamplesexisted).

3. THE RULE-BASED SYSTEM:
SPRACH-R

The SPRACH-R systemdescribedin this sectionwas specifically
developedfor the 1998Hub-4E IE-NE spoke. It usesa restricted
andslightly modifiedversionof the NE annotationcomponentof
theSheffield LaSIE-II informationextractionsystem,asenteredin
MUC-7 [2] anddescribedin detailin [3].

3.1.KeyFeatures

Therule-basedapproachrelieson: finite statematchingagainstlists
of singleor multi-word namesand NE cue words,part-of-speech
tagging,andspecialisedNE parsingbasedon phrasalgrammarsfor
theNE classes.Thekey stagesof processingareasfollows:

Pseudo sentencesegmenter. Since part-of-speechand parsing
componentsof the systemrequiretext units of reasonablelength
(ideally lessthan40 words;anything over 100wordsbecomesex-
cessively slow), a trivial text segmenterbreaksthetext into “pseudo
sentences”by breakingbeforecertainclosedclasswords(determin-
ers,nominalpronouns,certainprepositions).Theaim is not to find
truesentenceboundariesbut to producesensiblelengthtext chunks
whicharenotbrokenin themiddleof namedentities1.

Gazetteerlookup. Listsof singleandmulti-wordnamesandname
cuesareusedto tag the input. Theselists includemaleandfemale
first names,persontitles (e.g., “Mr.”, “Mayor”), well-known loca-
tionsandorganisations,locationcuewords(e.g., “Bay”, “Harbour”)
andcompany designators(e.g., “Corporation”). Case-insensitive fi-
nitestatematchingis carriedout. Multiple tagsmaybeassignedper
wordor multi-word.

Part-of-speech tagging. A version of the Brill transformation
basedpart-of-speechtaggerretrainedfor all uppercasetext is used
to assignoneof thePennTreebankwordclassesto eachword in the
input.

1Ourcurrentwork usesspeechrecognitionlanguagemodelsthatinclude
sentenceboundaries.

NE parsing. A bottom-uppartialchartparserappliesa setof reg-
ular NE grammars(onefor eachNE class,plusa generalNE gram-
maranda default NE grammar).A typical rule hasa form suchas:

PERSON NE ��� PERSON FIRST NAME PROPER NAME
where PERSON FIRST NAME is a tag assignedby the gazetteer
lookup stage,andPROPER NAME is a tag assignedby the part-of-
speechtagger. Sincethe resultsof parsingmaybe ambiguous(the
samewordsequencemaybeassignedmultipleNE tags;overlapping
word sequencesmay be assigneddistinct NE tags),a “best-parse”
algorithmselectsunique,non-conflictinginterpretations.Thisalgo-
rithm attemptsto maximiselexical coveragewhile the numberof
distinctnamedentitiesfound.

3.2.Annotating SpeechTranscriptions
TheSPRACH-Rsystemwasderivedfrom onedesignedto dofull in-
formationextractionon well punctuated,mixed-casenewswiretext.
In additionto pseudosentencesegmentingandretrainingthe part-
of-speechtaggeronupper-caseonly text, thereareanumberof other
differencesbetweenthissystemandtheoriginalLaSIE-II system:

� Parsingin SPRACH-R stopswith NE parsing.In LaSIE-II, full
sentenceparsingis attemptedusingvariousphrasalgrammars
(NP, VP, PP, relative clauseandsentencegrammars).This im-
pactsNE annotationsinceinterpretationsin which wordsare
linked into larger phrasesoutsideof an NE phrasewould be
preferredif suchphraseswerebeingsoughtandfound,asthey
arein LaSIE-II.

� LaSIE-II attemptsnamematchingacrossa text — i.e., it at-
temptsto matchvariantformsof aname(e.g., “Bill Smith” and
“Smith”). This canincreasethe accuracy of nameclassifica-
tion significantly, but relieson texts beingcoherentin a way
thattypically theunsegmentedspeechtranscriptionsarenot.

� LaSIE-II usescoreferenceto helpin namerecognition— e.g.,
if “Ford” and“The company” canbe co-referredthen“Ford”
maybeaccuratelyclassified.Again, this assumestexts which
aresingle,coherentstories.

� Therelativetimeexpressiongrammardevelopedfor theMUC-
7 NE taskwasdecoupledto conformto theHub-4ENE task
specificationaccordingto which relative time expressionsare
not to betagged.

� Someof the personnamelists usedin the gazetteerlookup
stagewere modified to reduceambiguitiescausedby single
casetext (e.g., namessuchas“WILL”, “MAY”, and“ARE” were
removed).

� Someof the NE grammarswere modified slightly to pre-
vent unclassifiednamedentities from being passedforward
— LaSIE-II alloweda category of unclassifiednamedentities
to becreatedduringparsingandthenfurtherspecifiedduring
namematchingor coreferenceresolution.

4. Hub-4E IE-NE EVALUATION
We participatedin the evaluationusingthe statisticalandthe rule-
basedNE annotationsystems.For a development data set (1997
Hub-4E evaluation data) we report resultsof experimentsusing
the manually verified referencetranscriptionsand the transcrip-
tions from the 1997 CU-CON system(27% WER). A test data
set (1998evaluationdata)consistedof referencetranscriptions,the
1998SPRACH recogniseroutputwith 21%WER,andthreebaseline
recogniseroutputs.



reference CU-CON
LM R P F R P F

H4-train .46 .84 .60 .41 .74 .53
BN96 .73 .70 .72 .62 .60 .61
NA98 .69 .67 .68 .59 .59 .59

“all” .78 .84 .80 .66 .71 .68

Table1: SPRACH-SNE identificationscoreson thedevelopmentset
(1997evaluationdata).Resultsareshown for eachof threecompo-
nentLMs (definedin thetext) alongwith themergedsystem(“all”).
R, P, andF denoterecall,precision,andtheF-measure.

4.1.SPRACH-S
SystemDevelopment. For eachof threeindividual LM sets,Ta-
ble 1 shows NE identificationresultson thedevelopmentset. This
table indicatesthat the H4-train LM, obtainedfrom the limited
amountof manually annotatedtraining data, resultedin a much
higherprecisionthantheothertwo,but hadapoorrecallowing to its
limited vocabulary. TheLMs trainedontheautomaticallyannotated
dataresultedin lowerprecisionNE taggingbut ahigherrecallscore.
Table1 alsoshows theresultsfor themergedsystem.Onhandtran-
scriptions,mergedresultsdid not reducetheprecisionbut improved
the recall; on the27%WER transcriptions,merging did resultin a
slightly reducedprecisionwith respectto the H4-train model,but
againgaveanimprovementin recallandF-measure.

In thefollowing, we analyseNE annotationerrorsby closerinspec-
tion to themark-upson thedevelopmentdataset. [4] providesfur-
ther descriptionof errorsusinggraphsandexamplesfound in the
annotatedtranscriptions.

Recall scores. Namecategories, � location� (38.6%of total NE
occurrencesin the annotatedreference), � person� (28.3%), and
� organisation� (22.3%)dominatedthe temporaland numberex-
pressions.Recallscoresfor � location� and � person� weresub-
stantially higher by the BN96-taggedand the NA98-taggedtran-
scriptsthanby theH4-taggedtranscripts.

Theinitial markingon speechtranscriptswasdonesolelyusingthe
backed off trigramrelation. By inspectionof annotatedtranscripts,
it wasfoundthatmostcorrectlymarkedNEswereidentifiedthrough
bigramor trigramconstraintsaroundeachNE (i.e., anNE itself and
wordsbefore/afterthatNE).WhentheLM wasforcedto back-off to
unigramstatistics,theLM oftenestimateda bigramof anunknown
word (with no tag) followed by someother word, ratherthan the
unigramof a taggedword. LargerLMs weremorelikely to include
therequiredbigramsandtrigrams:thusit is not verysurprisingthat
therecallscoreusingtheH4-trainLM (uni/bi/trigram:19k,96k,86k
entries)waslessthantheBN96 LM (65k, 4.3M, 12.9M entries)or
theNA98 LM (65k,4.9M,14.5Mentries).

When using the H4-train LM, the recall score for subclass
� organisation� (.63) was relatively higher than � person� (.37)
and � location� (.42), since there were more cues around
� organisation� namesthanthe othertwo (althoughthis statement
is by observationwithoutany statisticalbacking);asaconsequence,
bigramsand trigramswere more likely to be presentin the LM.
Furthermore,even without any cues,many � organisation� names
containedmultiple words,resultingin sufficiently high probability
scores.

97developmentset 98 testset(1) 98 testset(2)
R P F R P F R P F

ref .78 .84 .80 .80 .84 .82 .84 .85 .85
b1 - - - .72 .76 .74 .77 .78 .77
b2 - - - .73 .76 .74 .79 .79 .79
b3 - - - .62 .66 .64 .67 .69 .68
sp .66 .71 .68 .68 .73 .71 .74 .75 .75

Table2: SPRACH-S 1998Hub-4E IE-NE evaluationresultsusing
reference(ref),baseline(b1,b2,b3)andSPRACH (sp)transcriptions.

A secondarycauseof inaccurateNE identificationwere errorsin
theBN andNA News trainingdataproducedby theautomatictag-
ger. Occasionallyit alsomarked corporawith � name� tagswhen
unresolvable type ambiguity occurredbetween � organisation� ,
� person� , and � location� . This inaccuracy seemedto contribute
someof failures,for � organisation� in particular, whenusingthe
BN96andtheNA98 LMs.

Precision scores. Except for temporalexpressions,NE annota-
tion using the BN96 and the NA98 LMs achieved about the
samelevel of precisionas one using the H4-train model. Espe-
cially, precisionscoresfor � person� , � location� , � money � , and
� percentage� wereeasilyover 90% for the former. Although the
automaticmarkingcontainedsomeerrors,it wascompensatedby
a morereliableestimateof modelparametersdueto an increasein
corpussize. Becauseof a specificationconflict, the BN96-tagged
andthe NA98-taggedtranscriptswerepoorly matchedto temporal
expressions(a precisionof just over .3 for � date� andwell below
.2 for � time� ).

1998 Hub-4E Evaluation Results. Table 2 shows the NE iden-
tification resultsfor the SPRACH-S systemon the 1998evaluation
data.Then-gramapproachpresentedin thispaperresultedin preci-
sionandrecallscoresthatwere5–10%worsethanthosereportedby
BBN andMITRE, even thoughthosesystemsweretrainedonly on
theonemillion word H4-trainannotateddata. Ignoring technicali-
ties,theirmethodsbothmodelledtransitionsto thecurrentwordand
class,conditionedon the previous word andclass: i.e., transitions
betweenclasseswereexplicit. In contrast,we have constructedan
n-grammodeldirectly on word to word transitions,with classin-
formationtreatedasa word attribute. This is a seriousdrawbackof
thedirectn-gramapproach.As describedabove, thesuccessfulre-
covery of nameexpressionsareheavily dependenton existenceof
higherordern-gramsin themodel.Themoststraightforwardwayto
improve thedirectn-gramapproachseemsto bevia the incorpora-
tion of constraintson aclasslevel.

4.2.SPRACH-R
Theresultsof therule-basedapproachareshown in Table3, for both
thereferencetranscriptionsandtheSPRACH andbaselinerecogniser
transcriptions.Breakdown of the resultsby NE category for both
1998testsetsis shown in Table4. Notethatdueto aportingbugno
time, money or percentageNEs wereidentifiedby the SPRACH-R
system.

On the referencetranscriptions,the rule-basedsystemreturnsan
overallF-measurethat20-25%lower thanthosereturnedin MUC-6
andMUC-7. The errorscommittedby the systemmay be divided
into threeclasses:



97developmentset 98 testset(1) 98 testset(2)
R P F R P F R P F

ref .58 .86 .69 .64 .87 .74 .58 .83 .68
ref* - - - .66 .86 .75 .60 .82 .69

b1 - - - .56 .81 .67 .53 .78 .63
b2 - - - .56 .80 .66 .53 .78 .63
b3 - - - .49 .75 .59 .45 .72 .55
sp .48 .75 .59 .53 .78 .63 .49 .74 .59

Table3: SPRACH-R 1998Hub-4E IE-NE evaluationresultsusing
thereference(ref), baseline(b1,b2,b3)andSPRACH (sp)transcrip-
tions.Theref* row shows post-evaluationresultsobtainedafterfix-
ing matchingbugsthataffectedtime,money andpercentclasses.

1. Porting Err ors. Theseare the least interestingerrors,and
arisefrom rapidportingandinsufficient testingof the MUC-
7 rule-basedsystemto meet Hub-4E evaluation deadlines.
They includeerrorssuchasfailing to accountfully for differ-
encesin protocolsbetweentranscriptionsand newswire text
for writing acronyms(e.g., “C. N. N.” and“CNN”) andatrivial
matchingbugthatcausedall currency units(e.g., “DOLLARS”)
to bemissedin all transcriptions.Thesecanbeeasilyfixedand
tell us little aboutthestrengthsandweaknessesof theunder-
lying approach.

2. Genre-RelatedErr ors. Theseareerrorsthatarisebecauseof
differencesin genrebetweenthe MUC-7 newswire texts for
which therule-basedsystemwasdevelopedandthebroadcast
newstranscriptswhichHub-4Eaddressed.Wehavenoticedat
leasttwo suchsignificantdifferences.

First, newswire storiesprovide clearly delineateddiscourses
in which a limited set of entities is introducedand then re-
ferred to in various ways (e.g., “Winston Scott”, later just
“Scott”; “Bloomberg News Service”, later just “Bloomberg”).
Thebroadcastnews transcriptionsarenot segmentedinto dis-
courseunits in any clearly identifiableway. Without a notion
of “story boundary”,techniquesdevelopedfor matchingvari-
ableformsof namesacrossonestory in newswire texts could
notbeused.Sincetheinitial form of referenceis usuallyfuller
and hencemore easily classified,inability to resolve subse-
quentreferenceswith earlier oneslead to a significantdrop
in recall (but attemptsto do namematchingacrossarbitrarily
segmentedportionsof thetranscriptionsleadto evenmoreex-
aggerateddropsin precision).

Second,the useof company designators(e.g., “ Inc.”, “Ltd.”)
and personaltitles (e.g., “Mr.”, “Dr.”) appearsto be much
morelimited in spokennews. Thesetermsprovide significant
cluesin text-basednews stories,of which the rule-basedsys-
temtakesconsiderableadvantage.

3. Modality-Related Err ors. Theseareerrorsthatarisebecause
of the greaterintrinsic difficulty of processingspeechtran-
scriptionsover newswire text, i.e., becauseof the lossof in-
formationin singlecase,unpunctuatedtext. For example,in
mixed-casetext asurnamewhich is alsoacommonnoun(e.g.,
“Butler”) is easilyrecognisedasa propername,andtheprob-
lemreducesto assigningit thecorrectnameclass;in all upper-
casetext thisinformationis notavailableandotherinformation
mustbeusedinstead.

class number R P F
� organisation� 423 .45 .71 .55
� person� 434 .56 .93 .70
� location� 712 .87 .90 .89
� date� 79 .53 .95 .68
� time� 19 0 (.50) 0 (1.0) 0 (.67)
� money � 79 0 (.70) 0 (.96) 0 (.81)
� percentage� 25 0 (.76) 0 (1.0) 0 (.86)

Table4: SPRACH-R resultsby NE classusingthe combined1998
referencetranscriptions(testsets(1)and(2)). Thenumbersin paren-
thesesfor thetime, money andpercenttagsarethevaluesobtained
post-evaluation,afterfixing somematchingbugs.

5. CONCLUSIONS
Theseexperimentswerepreliminaryexperimentsusingbaselinesta-
tistical and rule-basedsystems. The statisticalsystemdoesnot
specificallymodelextentandhasacontext limited by thehistoryof
a trigram languagemodel. It is alsodependenton annotatedtrain-
ing data,which we expandedusing the existing LaSIE-II system.
However, thestatisticalsystemis averyclosematchto thelanguage
modelcurrentlyusedin LVCSR systems,andit is straightforward
to seehow the NE taggedLM could be integratedinto an LVCSR
system.Therule-basedsystem— whichhasproducedgoodperfor-
mancein previousMUC evaluations— wasminimally modifiedto
spokenratherthantextual dataandwasnot modifiedfor thebroad-
castnews domain. Althoughboth systemsarestill underdevelop-
ment,we arein a goodpositionto investigatedifferencesbetween
statisticalandrule-basedapproachesfor informationextraction.We
alsohopeto investigatethepossibilityof constructinga hybrid sys-
tem.
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