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ABSTRACT

In this paperwe describestochastidinite statemodel
for namedentity (NE) identification,basedn explicit
word-level n-gramrelations.NE categoriesareincor-
poratedn themodelasword attributes.We presengn
overview of the approachdescribinghow the extens-
ible vocatulary modelmay be usedfor NE identific-
ation. We reportdevelopmentand evaluationresults
on a North AmericanBroadcastNews task. This ap-
proachresultedin averageprecisionandrecall scores
of around83% on handtranscribeddata,and73%on
the SPRACH recogniseputput.We alsopresentner-
ror analysisanda comparisorof our approactwith an
alternatve statisticalapproach.

1. INTRODUCTION

The accuratadentificationof propernamesandother
namedentitiesin spoken languages likely to be an
essentiatomponenbf systemgerformingtaskssuch
asspeechunderstandingnformationretrieval andin-
formationextraction. Furthermoreapproachebsased
on namedentity (NE) identificationhave the potential
toimprovetheperformancef largevocalularyspeech
recognitiorsystemshroughastructuringof therecog-
niseroutput(e.g., asa cueto punctuatiorandcapital-
isation).

RecentlyhiddenMarkov model(HMM) basedsys-
temshave beendevelopedfor NE identificationwith a
precision/recalperformanceimilarto thatof thebest
rule-basesystemsandonly asmallamountbof degrad-
ationwhenappliedto speechrecogniseputput[l, 2].
In [3], we presented stochastidinite statemachine
structurefor usewith anacoustionodelthatis ableto
identify bothwordsandnamedentitiesfrom a stream
of spolen data. In this paperwe describehow this
framework was usedfor NE identificationin broad-
castaudio,andpresenexperimentgperformedwithin
the DARPA/NIST Hub-4EbenchmarkE-NE spole.

2. FRAMEW ORK

2.1. TaggedLanguageModelling

The basicidea of the NE taggedLM is to use NE
tagsas categoriesin a class-basee-gram language

model. This enablesthe constructionof extensible
vocahilary speechrecognitiornsystemsalongwith the
identification of namedentitiesin spolen language.
An NE taggedLM is derived from a corpusmarked
with namedentities. It is a bacled off n-grammodel
with the vocahulary entriesbeing the most frequent
wordsattributedwith theirnamecategoryinformation.
Becausemary propernamesdo not occurfrequently
enoughto be listed in the n-grammodelvocahulary,
unigramextensiondor lessfrequennamesreattached
in orderto increaseheoverallvocatulary size.

A taggedLM is an extensionto corventionaln-
grammodels. First, let <wy,---,w; > denotea se-
guenceof words. Supposehereexist L + 1 differ-
enttaggedclasses; ] = {tl ¢! ... [P} 40 js
includedfor notationalcorvenienceto indicatethose
wordsnot belongingto ary namecateyories. It is as-
sumedthateachword w; in the sequencés classified
asoneof thetaggedclassesdenotedby t; € 7. Asa
corventionhere,a uniquetag-word tokene; for w; is
definedas

) <tw>; if <t,w>; €V,
@ = { t; otherwise @
whereV = {<t,w>M ... <t w>M} is a setof

vocahulary itemswith size M. This impliesthatthe
sametwo words having differenttagsare considered
to bedifferentitemsin thevocalulary.

Two stochastiqrocessesre thendefined: an n-
grammodel over tag-word tokensanda unigramex-
tensionrelatingwordsto tokens. Formally, a tagged
LM computesa scorefor eachword w; given a se-
quenceof tokensei ! =<ey,---,e;_1> by

flwilei™) = > flwielei™)

e;€(VUT)

~ Y flwile)fledet™) (2)

e;€(VUT)

In Equation(2), f(e;|ei™") is astandardypen-gram
modelwith avocalularyset,) U7 whereu impliesa
union,and

_ 1 if e; = <'t,'w>z S V,
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wheref (w;|t;) is the unigramprobability of word w;
in taggedclasst; € 7. Note thatthis modelmay be
regardedasa discreteHMM, having states; andob-
senationsw;.

Generally a sufficient amountof text datais re-

quiredin orderto constructstatisticalanguagenodel.

In the experimentswe usedmultiple corporamarked
up with namedentity information(eithermanuallyor
automaticallyusingthe LaSIE-Il system) A construc-
tion procedurdor the NE tagged_M is outlinedin [3]
usingasimplifiedexample.

2.2. Statistical Identification of Named Entities

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

Equationq2) and(3) may be usedto estimatethe
languagemodelprobabilitieswhendecoding.Altern-
atively, (2) maybeapproximatedy maximisation:
flwle)feler™) . @)

f(wz-|e’i_1) ~  max

w,t€(VUT)

This allows a Viterbi decodeto recovera sequencef
wordsandtheir namecategories,i.e.,

(i,1;) ~ argmax f(wle)f(ele] ') . (5)
w,te(VUT)

An acousticmodelprovidesword hypothesegor w;,
thentaggedtlassinformationt; is scoredogethemith
w; by thefinite statemodel.

If thesequencef words<wy, - - - ,w;> is known,
the procedures reducedo a statemachinewhich es-
sentially performsa statisticalNE markingoperation
onthatword sequence.

3. EXPERIMENTS

We have performedNE identificationexperimentaus-
ing North AmericanBroadcasiNews, in thecontext of
the1998NIST Hub-4EbenchmarlE-NE spole. The
systemconsistedf threeNE annotatedext sources,
ann-grambased\E taggerto markspeechranscripts,
and other pre and postprocessingools. It wasbuilt
usingthe 1997 evaluationdataas a developmentset,
thenappliedto the 1998task. Theannotatiorcateyor-
ieswerenamedentities(<organisation-, <person>,
<locatiorr>), temporal(<date>, <time>), andnum-
berexpressiong<moneg/>, <percentage).

3.1. NE taggedLMs

Three NE taggedand bacled off trigram LMs were
producedfirst, eachwith anindependentocatulary
setplusunigramextensions:

H4-train LM wasderivedfrom transcriptsof Broad-
castNews (BN) acoustictraining data (1996-
97) — approximatelyone million words with
manualNE annotations18ktrigramvocalulary
(i.e., tag-word tokens),with afurther4k vocab-
ularyin unigramextensions.

BN96LM wasestimatedrom 1996 BN text corpus
for training/testdata— 150 million wordswith
automatioNE annotations65k trigramvocaku-
lary, with a further85k vocalularyin unigrams.

NA98 LM wastrainedon a part of the 1998 North
AmericanNews (NA News)corpug(1996-98As-
sociatedPress,1997-98LA Times/\Washington
Post)— 133 million wordswith automaticNE
annotations65k trigramvocatulary, with afur-
ther145kvocahularyin unigrams.

ManualNE annotationsvereprovidedby MITRE and
BBN (throughNIST) andthey conformedwith the Hub-
4E IE-NE taskspecification4]. Automaticannota-
tions were achieved using the LaSIE-Il system([5].
SinceLaSIE-Il wasdevelopedaccordingo the MUC-
7 NE taskspecification6], relative time expressions
werealsomarked for the BN andNA News corpora,
conflictingwith the Hub-4E specification.

Thesethreesourcesverepreparedor LM produc-
tion. First,we assumedhattranscriptsof BN acoustic
trainingdatawerethe closesfit to thetaskdomainfor
Hub-4E evaluationandthat their NE annotationwas
reliable becauset wasdonemanually We expected
the H4-trainLM from this datasourcewould provide
abaselingperformancdor theexperiment.A problem
of the H4-train transcriptds thatthe size (approxim-
atelyonemillion words)is smallfor large vocatulary
speechrecognition.The 1996BN text corpuswasan-
notatedwith NE classmarkersto compensatehis is-
sue. It hassufiicient sizefor building a large vocab-
ulary systemandconformswith the Hub-4E taskdo-
main (but probablytranscriptionwas donelesscare-
fully thanfor the acoustictraining data). We alsoan-
notateda part of the 1998 NA News corpus. It con-
tainedalargeamountof newswiretexts but we expec-
ted their style to be differentfrom the Hub-4E task
domairt. Neverthelessve usedthis corpusbecausét
containedmorerecenttopicsandnamesnot available
from the 1996corpus.

3.2. SystemDevelopment

To developthe NE annotationsystem we useda de-

velopment data set consistingof the 1997 Hub-4E
evaluationdata,selectedrom news shavs broadcas-
tedbetweerOctoberandNovember 1996 (approxim-
atelythreehoursof speechwith over 30k words).

LAlthoughthe NA News corpusmight have differenttext style
from the Hub-4E taskdomain,the LaSIE-II systemwould achiere
betterannotatiorthanfor the BN corpusbecauset wasdeveloped
for the North Americanbusinessievswire asa primarytarget.
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Figurel: The statisticalNE annotationsystem.Speechranscriptsare marked with NE tagsusingeachof three
individual NE tagged_Ms. Threesetsof NE annotatedranscriptsarethenmemgedwith priority ontheH4-tagged

transcripts.

The statisticalNE annotationsystemis illustrated
in Figurel. After severaltrial runsusingthe develop-
mentset,an NE annotationprocedurewas settledas
follows:

1. Mark speechranscriptsith NE tagsusingeach
of threeindividual NE taggedLMs, resulting
threesetsof NE annotatedpeechranscriptgre-
ferredto asH4-taggedBN96-taggedandNA98-
taggedranscripts).

N

. Merge the BN96-taggedranscriptsto the H4-
taggedranscriptsvith priority onthelatter More
specifically extract NE taggeditems from the
BN96-taggedranscriptand,for eachitem,copy
to the H4-taggedranscriptsif ary partof it is
not marked. Becauseof the specificationcon-
flicts, temporakxpressiortags(i.e., <date> and
<time>) initially marked on the BN96-tagged
transcriptsvereignoredatthis stage.

3. MergetheNA98-taggedranscriptso thememged
transcriptsat Step2, with priority on the latter.
Againtemporalexpressiortagsfrom the NA98
LM areignored.

N

. Apply final cosmetidixing onthememgedspeech
transcripts.

Theinitial markingon speectiranscriptsvasdoneus-
ing thetrigramconstraintglescribedn Section2 with
oneexception:whentracingtheViterbi pathacrosghe
tag-word trellis, we removed the possibility of trans-
itions to/from ary out-of-vocatulary (OOV) item in
eachnameclass(e.g., a word “GEORGE” was OOV
with respecto, say a <date> category) from consid-
eration.Thiswasregrettablebecausé eliminatedary

chancethata word might be correctlymarked evenif

thattag-word pair did notexist in thelanguagemodel.
Without this exceptionrule, however, the numberof

incorrectmarkingsincreasedgreatly becauseof un-
balancedsizesfor tag classeqtemporaland number
expression®ccurredan orderof magnituddessthan
othernameclasses)Occasionallyatagclassof smal-
ler size was favouredwhen the probability massfor

the unknawn in that classwasvery large in compar

ison to the probability for correcttag-word pair (i.e.,

“GEORGE” might be marked as <date> insteadof

<person>).

Becausehis n-grambased\E taggerdid not ex-
plicitly handlemultiple word namedentities,we made
post-correctionsccordingto a simplerule: suppose
multiple and consecutie wordswereall marked with
thesamenametag, thenwe assumedhey belongedo
one namedentity. For example,supposée'BiLL” and
“CLINTON” werebothmarkedas<person>, then

<person>“BILL CLINTON”
becamea singlehypothesisThis approachef course,
hada critical side effect: “SIMI VALLEY CALIFORNIA"
were marked with a single NE tag, <locatior> (and
mary suchexamplesexisted).

During the procesof systemdevelopmentwe re-
cognisedthat the meming stratey (i.e., priority on
the H4-taggedranscriptsgliminationof temporalex-
pressiontagsfrom the BN96-taggedand the NA98-
taggedtranscripts)resultedin ratherpoor scoresfor
temporalexpressionsn comparisorto othernamecat-
egories.Thuswe preparedh postprocessothatmech-
anicallymarked<date> tagsonthetranscriptsf days
of aweek,months(except”MARCH”, “APRIL", “MAY”,
and“JuNE”), andfour seasomameswerenotinitially
marked. This operationpushedup the recall scorefor



1997handverified | 1997CU-CON
LM transcription recogniseoutput
R[PJ]P&R | RJ]P]JP&R

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

[fal” [ 78] .84] .80 | .66] .71 .68 |

Table1: NE identificationscoreson the development
set(1997Hub-4E evaluationdata).Resultsareshavn

for eachof threecomponent_Ms (definedin thetext)

along with the memged system(“all’). R, P, and
P&R denoterecall, precision, and precision&recall
scoregespectrely.

<date> from .58 to .90 andimproved overall preci-
sion& recall scoreby nearly 1% (1997 handverified
transcriptioncase).

Resultsfor the developmentset. The development
set contained(a) manually verified (by NIST) tran-
scriptionsand (b) transcriptionsproducedusing the
1997 CU-CON speechrecognitionsystem[7]. The
word error rate (WER) for the latter was approxim-
ately 27%. Oncethesetranscriptswere marked with
NEs,they werescoredagainsiNE-annotatedeference
transcripts.The performancevasmeasuredisingre-
call (R), precisionP), andacombinedorecision&recall
score(P&R)?.

Foreachof threeindividualLM sets,Tablel shovs
NE identificationresultson the developmentset. This
tableindicateghattheH4-trainLM, obtainedromthe
limited amountof manuallyannotatedraining data,
resultedn amuchhigherprecisionthanthe othertwo,
but hada poorrecall owing to its limited vocakulary.
The LMs trainedon the automaticallyannotatediata
resultedin lower precisionNE taggingbut a higher
recall score. Table 1 also shaws the resultsfor the
memgedsystem. On handtranscriptionsmergedres-
ults did not reducethe precisionbut significantlyim-
provedtherecall;onthe27%WERtranscriptionsmer
ging did resultin a slightly reducedprecisionwith
respectto the H4-train model, but againgave a sig-
nificantimprovementin recallanda combinedpreci-
sion&recallscore.

For hand verified transcriptions, Figure 2 shaws
the effect of merging the BN96-taggedaindthe NA98-
taggedtranscriptsto the H4-taggedtranscripts. It is
obseredthatrecallratehasimprovedat eachstageof
merging. Althoughtext style for the 1998 NA News
corpuswasdifferent,it still wasableto provide meas-

2A combinedprecision&recallscoreis also known as the F-
measue (e.g., MUC-7). A standarctalculation:
2-R-P

P&R=
R+P

wasusedin theexperiment.
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Figure2: Effect of meging the BN96-taggedandthe
NA98-taggedranscriptdo the H4-taggedranscripts.
At eachstage precision/ recall scoresare shavn on
hand verified transcriptionsfrom the 1997 Hub-4E
evaluationdata.

urableimprovemenin recallscorebecausé& contained
recentnameexpressions.

3.3. Error Analysis

In orderto gain further insight for the n-grambased
approachwe have brokendown NE identificationres-
ults to eachnamesubclassFigure3 shavs recalland
precisionscoreproducedisingtheH4-train,theBN96,
andthe NA98 LMs. The memgedsystem(not shavn)
wasa“summary”of all threeanddid notprovidemore
usefulinformation.

In general,annotatedranscriptsfrom the BN96
andthe NA98 LMs achievedvery similar for bothre-
call and precisionscores. It is an interestingresult
becauseheir text styleswere slightly different (one
from news broadcastand the other from newswire)
althoughtheirLM sizeswereapproximatelfthesame.
In the following, we analyseNE annotatiorerrorsby
closerinspectionto the mark-upson the development
dataset.

Recall scores. Namecateyories,<locatiorn> (38.6%
of total NE occurrencesn the annotatedeference),
<person> (28.3%),and<organisation- (22.3%)dom-
inatedthe temporaland numberexpressions.Recall
scoresfor <locatior> and <person> were substan-
tially higherbytheBN96-taggedndtheNA98-tagged
transcriptghanby the H4-taggedranscripts.
Theinitial markingon speechranscriptavasdone
solely using the bacled off trigram relation. By in-
spectiorof annotatedranscriptsit wasfoundthatmost
correctlymarked NEs wereidentifiedthroughbigram
or trigramconstraintaroundeachNE (i.e., theNE it-
self and words before/afterthat NE). Whenthe LM
was forcedto back-of to unigramstatistics,the LM
oftenestimatedhbigramof anunknavn word (with no
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Figure 3: Comparisonof NE identification results producedusing the H4-train, the BN96, and the NA98
LMs, for the 1997 handtranscriptions. Recalland precisionscoresare shovn for eachnamesubclass. There
were 1891 NE occurrencedn the annotatedeferencealistributedas: <organisation-:22.3%;<persorn>:28.3%;
<locatiorr>:38.6%;<date>:5.7%;<time>:1.3%;<mone/>:1.2%;<percentage:2.6%.

tag)followedby someotherword, ratherthanthe uni-
gramof ataggedword®. LargerLMs weremorelikely
to includetherequiredbigramsandtrigrams:thusit is
not very surprisingthatthe recall scoreusingthe H4-
train LM (uni/bi/trigram: 19K, 96k, 86k entries)was
lessthanthe BN96 LM (65k, 4.3M, 12.9M entries)
ortheNA98 LM (65k,4.9M, 14.5M entries).Having
saidthis, apessimistigointof view for this simplen-
gramapproachs thatevenrelatively large sizedmod-
els, suchasBN96 LM, arestill not large enoughto
accommodatsuficientnumberof bi/trigrams.
Whenusingthe H4-train LM, therecall scorefor
subclass<organisation- (.63) was relatively higher
than<person- (.37)and<locatiort> (.42),sincethere
weremore cuesaround<organisation- name$ than
the othertwo (althoughthis statements by obsera-
tionwithoutary statisticabacking);asaconsequence,
bigramsandtrigramswere morelikely to be present
in theLM. Furthermoregvenwithoutary cuesmary
<organisation- namesontainednultiple words,res-
ulting in sufliciently high probability scores. Similar
obsenationsfor numberexpression§<mone/> and
<percentage ), which usuallyoccurredaslongerse-

SFor example, “CLINTON” was successfully identified as
<person> whenit occurredas
“... PRESIDENT CLINTON ..."
becausehe bigram“PRESIDENT <person>CLINTON" existedin
theH4-trainLM. It failedfor asequence
“... DOES IT HELP CLINTON WELL ..."
becausethe unigram probability for “<person>CLINTON” was
lower thanthe bigram*“ <UNKNOWN> WELL” with no nametag
oneach.
4For example,
“THE DOW JONES INDUSTRIAL AVERAGE”
wasa commonlyobsened phrasen thetranscriptsandthus“Dow
JONES” waseasilyidentified.Evensimplersequence
“THE DOW"
wassufiicientto corvincethat*DOW” was<organisatior-. In gen-
eral,“THE"” seemed goodclueto identify <organisation- names.
Othersuchexamplewas" THE WHITE HOUSE".

guence®f words(oftenwith othercues).

A secondargauseof inaccurateNE identification
wereerrorsin theBN andNA Newstrainingdatapro-
ducedby the automatictagge?. Occasionallyit also
marked corporawith <name> tagswhen unresolv-
abletypeambiguityoccurrecbetween<organisation»,
<person>, and<locatiorr>. Thisinaccuray seemed
to contribute someof failures,for <organisation- in
particular whenusingthe BN96 andthe NA98 LMs.

Precisionscores. NE annotatiorusingthe BN96 and
theNA98 LMs achievedaboutthesamdevel of preci-
sionasoneusingthe H4-train model(exceptfor tem-
poralexpressions<date> and<time>). Althoughthe
automaticmarkingon the BN andthe NA News con-
tainederrors,it wascompensatethy a morereliable
estimateof modelparameterdueto anincreasen cor-
pussizeof overtwo orderedof magnitude.Precision
scoredor <person> and<locatiorn> wereover90%.

Becausef aspecificatiorconflict,asnotedearlier
theBN96-tagge@ndtheNA98-taggedranscriptavere
poorly matchedto temporalexpressionga precision
of just over .3 for <date> classand well belowr .2
for <time> class).Onthe otherhand,their precision
scoresor numberexpressionsveregood.

3.4. 1998Hub-4 Evaluation Results

Then-grambased\E annotatiorsystemwasapplied
to the 1998 DARPA/NIST Hub-4E NE identification
task.Theevaluationdatacontainedver30,000words;
half of whichwereselectedrom broadcashensshowvs
taken betweenOctoberand November1996, the re-

mainderfrom Junel998. Thetest data setconsisted
of (a) manuallyverifiedtranscriptionand(b) the1998

SPRACH recogniseoutputwith 21%WER[8].

50Oneexamplewasthatthe LaSIE-Il systemmissedto identify
“REPUBLICANS” as<organisation-.



| 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 the 1998 Hub-4E
evaluationdataset. Scoredor handtranscriptionand
the 1998 SPRACH recogniseputput(with 21%WER)
areshown for our systemscoredby 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
scoresandsloterrorrate[9] respectiely.

Table2 shavs NE identificationscorenthistask.
Our approacltresultedin averageprecisionandrecall
scoresof around83% on handtranscribeddata,and
73% on the SPRACH recogniseoutput. For compar
ison,wealsoreproduceesult§onhandtranscriptions)
reportedby BBN andMITRE in this evaluation,both
of whichuseanalternatve statisticaktatemachineap-
proach[10, 11].

4. DISCUSSION

Then-gramapproackpresentedn this paperresulted
in precisionandrecall scoreghatwere5-10%worse
thanthosereportecby BBN andMITRE, eventhough
those systemswere trained only on the one million
word H4-trainannotatedlata.lgnoringtechnicalities,
their methodshothmodelledtransitionsto the current
word andclass,conditionedon the previousword and
class: i.e., transitionsbetweenclasseswvere explicit.
In contrastwe have constructeénn-grammodeldir-
ectly on word to word transitions,with classinform-
ation treatedas a word attribute. This is a serious
drawbackof thedirectn-gramapproachAs described
above, the successfurecovery of nameexpressions
areheavily dependenbn existenceof higherordern-
gramsin the model. The moststraightforvardway to
improve the direct n-gram approachseemso be via
theincorporatiorof constraint®n a classlevel.
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