
STATISTICAL ANNOTATION OF NAMED ENTITIES IN SPOKEN AUDIO

Yoshihiko Gotoh SteveRenals

Universityof Sheffield, Departmentof ComputerScience
RegentCourt,211PortobelloSt.,Sheffield S14DP, UK

e-mail:
�
y.gotoh,s.renals� @dcs.shef.ac.uk

ABSTRACT

In this paperwe describestochasticfinite statemodel
for namedentity (NE) identification,basedonexplicit
word-level � -gramrelations.NE categoriesareincor-
poratedin themodelaswordattributes.Wepresentan
overview of theapproach,describinghow theextens-
ible vocabulary modelmay be usedfor NE identific-
ation. We reportdevelopmentandevaluationresults
on a North AmericanBroadcastNews task. This ap-
proachresultedin averageprecisionandrecallscores
of around83%on handtranscribeddata,and73%on
theSPRACH recogniseroutput.We alsopresentaner-
ror analysisandacomparisonof ourapproachwith an
alternativestatisticalapproach.

1. INTRODUCTION

Theaccurateidentificationof propernamesandother
namedentities in spoken languageis likely to be an
essentialcomponentof systemsperformingtaskssuch
asspeechunderstanding,informationretrieval andin-
formationextraction. Furthermore,approachesbased
on namedentity (NE) identificationhave thepotential
to improvetheperformanceof largevocabularyspeech
recognitionsystemsthroughastructuringof therecog-
niseroutput(e.g., asa cueto punctuationandcapital-
isation).

Recently, hiddenMarkov model(HMM) basedsys-
temshavebeendevelopedfor NE identificationwith a
precision/recallperformancesimilar to thatof thebest
rule-basedsystemsandonlyasmallamountof degrad-
ationwhenappliedto speechrecogniseroutput[1, 2].
In [3], we presenteda stochasticfinite statemachine
structurefor usewith anacousticmodelthatis ableto
identify bothwordsandnamedentitiesfrom a stream
of spoken data. In this paperwe describehow this
framework was usedfor NE identificationin broad-
castaudio,andpresentexperimentsperformedwithin
theDARPA/NIST Hub-4EbenchmarkIE-NE spoke.

2. FRAMEW ORK

2.1. TaggedLanguageModelling

The basic idea of the NE taggedLM is to use NE
tagsas categoriesin a class-based� -gram language

model. This enablesthe constructionof extensible
vocabularyspeechrecognitionsystems,alongwith the
identificationof namedentities in spoken language.
An NE taggedLM is derived from a corpusmarked
with namedentities. It is a backedoff � -grammodel
with the vocabulary entriesbeing the most frequent
wordsattributedwith theirnamecategoryinformation.
Becausemany propernamesdo not occurfrequently
enoughto be listed in the � -grammodelvocabulary,
unigramextensionsfor lessfrequentnamesareattached
in orderto increasetheoverallvocabularysize.

A taggedLM is an extensionto conventional � -
grammodels. First, let �����	��
�
�

������� denotea se-
quenceof words. Supposethereexist ����� differ-
ent taggedclasses,������� � !#"$�#� � � "%��
�
�

�#� � &'"$( . � � !#" is
includedfor notationalconvenienceto indicatethose
wordsnot belongingto any namecategories. It is as-
sumedthateachword ��� in thesequenceis classified
asoneof thetaggedclasses,denotedby �)�+*,� . As a
conventionhere,a uniquetag-word token -.� for �/� is
definedas

-��0��1 �2�3���4� � if �2�3���4� � *654�� � otherwise
(1)

where 57�8�9�2�3�#���:� � "%��
�
�

���2�3�����;� <=">( is a set of
vocabulary itemswith size ? . This implies that the
sametwo wordshaving differenttagsareconsidered
to bedifferentitemsin thevocabulary.

Two stochasticprocessesarethendefined: an � -
grammodelover tag-word tokensanda unigramex-
tensionrelatingwordsto tokens. Formally, a tagged
LM computesa scorefor eachword ��� given a se-
quenceof tokens- �A@B�� �C�D-E�.��
�
�

�#-.�A@B�
� byFHG � � I - �A@B���J � KLNMNO'PRQTS'UWV FHG � � �X- �#I - �A@B��YJ

Z KLNMNO'PRQTS'UWV FHG ��� I -.� J FHG -.� I - �[@\�� J (2)

In Equation(2),
FHG - �#I - �A@B��YJ is a standardtype � -gram

modelwith avocabularyset, 5^]_� where] impliesa
union,and

FHG � � I - � J � 1 � if - � �`�2�3����� � *a5��FHG � � I � � J if - � �b� � *6� (3)



where
FHG �/� I �)� J is theunigramprobabilityof word �/�

in taggedclass�)�;*�� . Note that this modelmaybe
regardedasa discreteHMM, having states- � andob-
servations� � .

Generally, a sufficient amountof text datais re-
quiredin ordertoconstructastatisticallanguagemodel.
In theexperiments,we usedmultiple corporamarked
up with namedentity information(eithermanuallyor
automaticallyusingtheLaSIE-II system).A construc-
tion procedurefor theNE taggedLM is outlinedin [3]
usingasimplifiedexample.

2.2. Statistical Identification of NamedEntities

Namedentitiescanbe identifiedusingtheNE tagged
stochasticfinite statemodel. Input to the statistical
NE taggeris textual dataor a transcriptionof spoken
data,the latter typically beingproducedby a speech
recognitionsystem.

Equations(2) and(3) maybeusedto estimatethe
languagemodelprobabilitieswhendecoding.Altern-
atively, (2) maybeapproximatedby maximisation:FHG �/� I - �A@B�� J Z c_dEef0g h%O'PRQTS'UBV FHG � I - J FHG - I - �A@B�� J/i (4)

ThisallowsaViterbi decoderto recoverasequenceof
wordsandtheirnamecategories,i.e.,GBj�/�X� j�)� J Zkdml#n9c_dEef0g h%O'PRQTS'UBV FHG � I - J FHG - I - �A@B�� J+i (5)

An acousticmodelprovidesword hypothesesfor ��� ,
thentaggedclassinformation�)� is scoredtogetherwith��� by thefinite statemodel.

If thesequenceof words �D� � ��
�
�
���� � � is known,
theprocedureis reducedto a statemachinewhich es-
sentiallyperformsa statisticalNE markingoperation
on thatwordsequence.

3. EXPERIMENTS

We haveperformedNE identificationexperimentsus-
ing NorthAmericanBroadcastNews,in thecontext of
the1998NIST Hub-4EbenchmarkIE-NE spoke.The
systemconsistedof threeNE annotatedtext sources,
an � -grambasedNEtaggerto markspeechtranscripts,
andotherpre andpostprocessingtools. It wasbuilt
usingthe 1997evaluationdataasa developmentset,
thenappliedto the1998task.Theannotationcategor-
ieswerenamedentities( � organisation� , � person� ,� location� ), temporal( � date� , � time� ), andnum-
berexpressions( � money � , � percentage� ).

3.1. NE taggedLMs

ThreeNE taggedand backed off trigram LMs were
producedfirst, eachwith an independentvocabulary
setplusunigramextensions:

H4-train LM wasderivedfrom transcriptsof Broad-
castNews (BN) acoustictraining data (1996-
97) — approximatelyone million words with
manualNE annotations.18ktrigramvocabulary
(i.e., tag-word tokens),with a further4k vocab-
ulary in unigramextensions.

BN96LM wasestimatedfrom 1996BN text corpus
for training/testdata— 150million wordswith
automaticNE annotations.65k trigramvocabu-
lary, with a further85kvocabulary in unigrams.

NA98 LM was trainedon a part of the 1998 North
AmericanNews(NA News)corpus(1996-98As-
sociatedPress,1997-98LA Times/Washington
Post)— 133 million wordswith automaticNE
annotations.65k trigramvocabulary, with a fur-
ther145kvocabulary in unigrams.

ManualNE annotationswereprovidedby MITRE and
BBN (throughNIST)andthey conformedwith theHub-
4E IE-NE taskspecification[4]. Automaticannota-
tions were achieved using the LaSIE-II system[5].
SinceLaSIE-II wasdevelopedaccordingto theMUC-
7 NE taskspecification[6], relative time expressions
werealsomarked for the BN andNA News corpora,
conflictingwith theHub-4Especification.

Thesethreesourceswerepreparedfor LM produc-
tion. First,weassumedthattranscriptsof BN acoustic
trainingdataweretheclosestfit to thetaskdomainfor
Hub-4E evaluationandthat their NE annotationwas
reliablebecauseit wasdonemanually. We expected
theH4-trainLM from this datasourcewould provide
abaselineperformancefor theexperiment.A problem
of the H4-train transcriptsis that the size(approxim-
atelyonemillion words)is small for largevocabulary
speechrecognition.The1996BN text corpuswasan-
notatedwith NE classmarkersto compensatethis is-
sue. It hassufficient sizefor building a large vocab-
ulary systemandconformswith theHub-4E taskdo-
main (but probablytranscriptionwasdonelesscare-
fully thanfor theacoustictrainingdata).We alsoan-
notateda part of the 1998NA News corpus. It con-
taineda largeamountof newswiretextsbut weexpec-
ted their style to be different from the Hub-4E task
domain1. Neverthelesswe usedthis corpusbecauseit
containedmorerecenttopicsandnamesnot available
from the1996corpus.

3.2. SystemDevelopment

To develop the NE annotationsystem,we useda de-
velopment data set consistingof the 1997 Hub-4E
evaluationdata,selectedfrom news shows broadcas-
tedbetweenOctoberandNovember, 1996(approxim-
atelythreehoursof speech,with over30kwords).

1Although the NA News corpusmight have different text style
from theHub-4E taskdomain,theLaSIE-II systemwould achieve
betterannotationthanfor the BN corpusbecauseit wasdeveloped
for theNorthAmericanbusinessnewswireasaprimarytarget.
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Figure1: ThestatisticalNE annotationsystem.Speechtranscriptsaremarkedwith NE tagsusingeachof three
individualNE taggedLMs. Threesetsof NE annotatedtranscriptsarethenmergedwith priority on theH4-tagged
transcripts.

ThestatisticalNE annotationsystemis illustrated
in Figure1. After severaltrial runsusingthedevelop-
mentset,an NE annotationprocedurewassettledas
follows:

1. Markspeechtranscriptswith NEtagsusingeach
of three individual NE taggedLMs, resulting
threesetsof NEannotatedspeechtranscripts(re-
ferredtoasH4-tagged,BN96-tagged,andNA98-
taggedtranscripts).

2. Merge the BN96-taggedtranscriptsto the H4-
taggedtranscriptswith priority onthelatter. More
specifically, extract NE taggeditems from the
BN96-taggedtranscriptsand,for eachitem,copy
to the H4-taggedtranscriptsif any part of it is
not marked. Becauseof the specificationcon-
flicts, temporalexpressiontags(i.e., � date� and� time� ) initially marked on the BN96-tagged
transcriptswereignoredat thisstage.

3. MergetheNA98-taggedtranscriptsto themerged
transcriptsat Step2, with priority on the latter.
Again temporalexpressiontagsfrom theNA98
LM areignored.

4. Apply finalcosmeticfixing onthemergedspeech
transcripts.

Theinitial markingonspeechtranscriptswasdoneus-
ing thetrigramconstraintsdescribedin Section2 with
oneexception:whentracingtheViterbipathacrossthe
tag-word trellis, we removedthe possibility of trans-
itions to/from any out-of-vocabulary (OOV) item in
eachnameclass(e.g., a word “GEORGE” was OOV
with respectto, say, a � date� category) from consid-
eration.Thiswasregrettablebecauseit eliminatedany

chancethata word might becorrectlymarkedevenif
thattag-wordpairdid notexist in thelanguagemodel.
Without this exceptionrule, however, the numberof
incorrectmarkingsincreasedgreatly becauseof un-
balancedsizesfor tag classes(temporaland number
expressionsoccurredanorderof magnitudelessthan
othernameclasses).Occasionally, a tagclassof smal-
ler size was favouredwhen the probability massfor
the unknown in that classwasvery large in compar-
ison to the probability for correcttag-word pair (i.e.,
“GEORGE” might be marked as � date� insteadof� person� ).

Becausethis � -grambasedNE taggerdid not ex-
plicitly handlemultiplewordnamedentities,wemade
post-correctionsaccordingto a simple rule: suppose
multiple andconsecutive wordswereall markedwith
thesamenametag,thenweassumedthey belongedto
onenamedentity. For example,suppose“BILL” and
“CLINTON” werebothmarkedas � person� , then� person� “BILL CLINTON”
becameasinglehypothesis.Thisapproach,of course,
hada critical sideeffect: “SIMI VALLEY CALIFORNIA”
weremarkedwith a singleNE tag, � location� (and
many suchexamplesexisted).

During theprocessof systemdevelopmentwe re-
cognisedthat the merging strategy (i.e., priority on
theH4-taggedtranscripts;eliminationof temporalex-
pressiontagsfrom the BN96-taggedand the NA98-
taggedtranscripts)resultedin ratherpoor scoresfor
temporalexpressionsin comparisonto othernamecat-
egories.Thuswepreparedapostprocessorthatmech-
anicallymarked � date� tagsonthetranscriptsif days
of a week,months(except“MARCH”, “APRIL”, “MAY”,
and“JUNE”), andfour seasonnameswerenot initially
marked. This operationpushedup therecallscorefor



1997handverified 1997CU-CON
LM transcription recogniseroutput

R P P&R R P P&R

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: NE identificationscoreson thedevelopment
set(1997Hub-4Eevaluationdata).Resultsareshown
for eachof threecomponentLMs (definedin thetext)
along with the merged system(“all”). R, P, and
P&R denoterecall, precision,and precision&recall
scoresrespectively.

� date� from .58 to .90 and improvedoverall preci-
sion& recall scoreby nearly1% (1997handverified
transcriptioncase).

Results for the development set. The development
set contained(a) manuallyverified (by NIST) tran-
scriptionsand (b) transcriptionsproducedusing the
1997 CU-CON speechrecognitionsystem[7]. The
word error rate (WER) for the latter was approxim-
ately 27%. Oncethesetranscriptsweremarked with
NEs,they werescoredagainstNE-annotatedreference
transcripts.Theperformancewasmeasuredusingre-
call (R), precision(P), andacombinedprecision&recall
score(P&R)2.

Foreachof threeindividualLM sets,Table1shows
NE identificationresultson thedevelopmentset.This
tableindicatesthattheH4-trainLM, obtainedfrom the
limited amountof manuallyannotatedtraining data,
resultedin amuchhigherprecisionthantheothertwo,
but hada poor recall owing to its limited vocabulary.
TheLMs trainedon theautomaticallyannotateddata
resultedin lower precisionNE taggingbut a higher
recall score. Table 1 also shows the resultsfor the
mergedsystem. On handtranscriptions,mergedres-
ults did not reducetheprecisionbut significantlyim-
provedtherecall;onthe27%WERtranscriptions,mer-
ging did result in a slightly reducedprecisionwith
respectto the H4-train model, but againgave a sig-
nificant improvementin recall anda combinedpreci-
sion&recallscore.

For handverified transcriptions,Figure 2 shows
theeffectof mergingtheBN96-taggedandtheNA98-
taggedtranscriptsto the H4-taggedtranscripts. It is
observedthatrecallratehasimprovedateachstageof
merging. Although text style for the 1998NA News
corpuswasdifferent,it still wasableto providemeas-

2A combinedprecision&recallscoreis also known as the F-
measure (e.g., MUC-7). A standardcalculation:

P&R o�p2q R q P
R r P

wasusedin theexperiment.
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Figure2: Effect of merging theBN96-taggedandthe
NA98-taggedtranscriptsto theH4-taggedtranscripts.
At eachstage,precision/ recall scoresareshown on
hand verified transcriptionsfrom the 1997 Hub-4E
evaluationdata.

urableimprovementin recallscorebecauseit contained
recentnameexpressions.

3.3. Err or Analysis

In order to gain further insight for the � -grambased
approach,wehavebrokendown NE identificationres-
ults to eachnamesubclass.Figure3 shows recalland
precisionscoresproducedusingtheH4-train,theBN96,
andtheNA98 LMs. Themergedsystem(not shown)
wasa“summary”of all threeanddid notprovidemore
usefulinformation.

In general,annotatedtranscriptsfrom the BN96
andtheNA98 LMs achievedvery similar for bothre-
call and precisionscores. It is an interestingresult
becausetheir text styleswere slightly different (one
from news broadcast,and the other from newswire)
althoughtheirLM sizeswereapproximatelythesame.
In the following, we analyseNE annotationerrorsby
closerinspectionto themark-upson thedevelopment
dataset.

Recall scores. Namecategories, � location� (38.6%
of total NE occurrencesin the annotatedreference),� person� (28.3%),and � organisation� (22.3%)dom-
inatedthe temporalandnumberexpressions.Recall
scoresfor � location� and � person� weresubstan-
tially higherby theBN96-taggedandtheNA98-tagged
transcriptsthanby theH4-taggedtranscripts.

Theinitial markingonspeechtranscriptswasdone
solely using the backed off trigram relation. By in-
spectionof annotatedtranscripts,it wasfoundthatmost
correctlymarkedNEswereidentifiedthroughbigram
or trigramconstraintsaroundeachNE (i.e., theNE it-
self and words before/afterthat NE). When the LM
was forcedto back-off to unigramstatistics,the LM
oftenestimatedabigramof anunknownword(with no
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Figure 3: Comparisonof NE identification resultsproducedusing the H4-train, the BN96, and the NA98
LMs, for the 1997handtranscriptions.Recallandprecisionscoresareshown for eachnamesubclass.There
were1891NE occurrencesin theannotatedreferencedistributedas: � organisation� :22.3%; � person� :28.3%;� location� :38.6%; � date� :5.7%; � time� :1.3%; � money � :1.2%; � percentage� :2.6%.

tag)followedby someotherword,ratherthantheuni-
gramof ataggedword3. LargerLMs weremorelikely
to includetherequiredbigramsandtrigrams:thusit is
not very surprisingthat therecallscoreusingtheH4-
train LM (uni/bi/trigram: 19k, 96k, 86k entries)was
lessthan the BN96 LM (65k, 4.3M, 12.9M entries)
or theNA98 LM (65k, 4.9M, 14.5Mentries).Having
saidthis,apessimisticpointof view for thissimple � -
gramapproachis thatevenrelatively largesizedmod-
els, suchas BN96 LM, arestill not large enoughto
accommodatesufficientnumberof bi/trigrams.

Whenusingthe H4-trainLM, the recall scorefor
subclass� organisation� (.63) was relatively higher
than � person� (.37)and � location� (.42),sincethere
weremorecuesaround � organisation� names4 than
the othertwo (althoughthis statementis by observa-
tionwithoutany statisticalbacking);asaconsequence,
bigramsandtrigramsweremorelikely to be present
in theLM. Furthermore,evenwithoutany cues,many� organisation� namescontainedmultiplewords,res-
ulting in sufficiently high probability scores.Similar
observationsfor numberexpressions( � money � and� percentage� ), which usuallyoccurredaslongerse-

3For example, “CLINTON” was successfully identified ass
persont whenit occurredas

“ ... PRESIDENT CLINTON ...”
becausethe bigram“PRESIDENT

s
persont CLINTON” existed in

theH4-trainLM. It failedfor asequence
“ ... DOES IT HELP CLINTON WELL ...”

becausethe unigram probability for “
s

persont CLINTON” was
lower than the bigram“ u UNKNOWN v WELL” with no nametag
oneach.

4For example,
“THE DOW JONES INDUSTRIAL AVERAGE”

wasa commonlyobservedphrasein thetranscriptsandthus“DOW
JONES” waseasilyidentified.Evensimplersequence

“THE DOW”
wassufficient to convincethat“DOW” was

s
organisationt . In gen-

eral,“THE” seemedagoodclueto identify
s

organisationt names.
Othersuchexamplewas“THE WHITE HOUSE”.

quencesof words(oftenwith othercues).
A secondarycauseof inaccurateNE identification

wereerrorsin theBN andNA Newstrainingdatapro-
ducedby the automatictagger5. Occasionallyit also
marked corporawith � name� tagswhen unresolv-
abletypeambiguityoccurredbetween� organisation� ,� person� , and � location� . This inaccuracy seemed
to contributesomeof failures,for � organisation� in
particular, whenusingtheBN96andtheNA98 LMs.

Precisionscores. NE annotationusingtheBN96 and
theNA98 LMs achievedaboutthesamelevel of preci-
sionasoneusingtheH4-trainmodel(exceptfor tem-
poralexpressions� date� and � time� ). Althoughthe
automaticmarkingon theBN andtheNA News con-
tainederrors,it wascompensatedby a morereliable
estimateof modelparametersduetoanincreasein cor-
pussizeof over two orderedof magnitude.Precision
scoresfor � person� and � location� wereover90%.

Becauseof aspecificationconflict,asnotedearlier,
theBN96-taggedandtheNA98-taggedtranscriptswere
poorly matchedto temporalexpressions(a precision
of just over .3 for � date� classand well below .2
for � time� class).On theotherhand,their precision
scoresfor numberexpressionsweregood.

3.4. 1998Hub-4 Evaluation Results

The � -grambasedNE annotationsystemwasapplied
to the 1998DARPA/NIST Hub-4E NE identification
task.Theevaluationdatacontainedover30,000words;
halfof whichwereselectedfrombroadcastnewsshows
taken betweenOctoberand November1996, the re-
mainderfrom June1998. The test data setconsisted
of (a)manuallyverifiedtranscriptionsand(b) the1998
SPRACH recogniseroutputwith 21%WER[8].

5Oneexamplewasthat the LaSIE-II systemmissedto identify
“REPUBLICANS” as

s
organisationt .



site transcript R P P&R SER

SPRACH hand .83 .84 .83 29.1%
SPRACH .72 .74 .73 47.1%

BBN hand .90 .91 .91 15.7%
MITRE hand .87 .90 .88 20.3%

Table2: NE identificationresultson the1998Hub-4E
evaluationdataset.Scoresfor handtranscriptionsand
the1998SPRACH recogniseroutput(with 21%WER)
areshown for oursystem;scoresby BBN andMITRE
are also reproducedfor hand transcriptions. Num-
bershereweretaken from the official NIST web site
(ftp://jaguar.ncsl.nist.gov/csr98/). R, P, P&R,
and SER denoterecall, precision, precision&recall
scores,andsloterrorrate[9] respectively.

Table2showsNEidentificationscoresonthistask.
Our approachresultedin averageprecisionandrecall
scoresof around83% on handtranscribeddata,and
73% on the SPRACH recogniseroutput. For compar-
ison,wealsoreproduceresults(onhandtranscriptions)
reportedby BBN andMITRE in this evaluation,both
of whichuseanalternativestatisticalstatemachineap-
proach[10, 11].

4. DISCUSSION

The � -gramapproachpresentedin this paperresulted
in precisionandrecallscoresthatwere5–10%worse
thanthosereportedby BBN andMITRE, eventhough
thosesystemswere trainedonly on the one million
word H4-trainannotateddata.Ignoringtechnicalities,
their methodsbothmodelledtransitionsto thecurrent
wordandclass,conditionedon thepreviouswordand
class: i.e., transitionsbetweenclasseswere explicit.
In contrast,wehaveconstructedan � -grammodeldir-
ectly on word to word transitions,with classinform-
ation treatedas a word attribute. This is a serious
drawbackof thedirect � -gramapproach.As described
above, the successfulrecovery of nameexpressions
areheavily dependenton existenceof higherorder � -
gramsin themodel.Themoststraightforwardway to
improve the direct � -gramapproachseemsto be via
theincorporationof constraintsona classlevel.
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