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Abstract
Languageusershave individual linguistic styles.A spo-
ken dialogue systemmay benefitfrom adapting to the
linguisticstyleof auserin inputanalysisandoutput gen-
eration. To investigate the possibility to automatically
classifyspeakers according to their linguistic style three
corpora of spokendialogueswereanalyzed. Severalnu-
merical parameterswere computed for every speaker.
Theseparameterswere reduced to linguistically inter-
pretable components by meansof aprincipal component
analysis. Classeswere establishedfrom thesecompo-
nentsby clusteranalysis.Unseeninputwasclassifiedby
trainedneural networks with varying errorratesdepend-
ing on corpus type. A first investigationin usingspecial
languagemodelsfor speakerclasseswascarriedout.

1 Moti vation
Within spoken dialoguesthe participants make individ-
ual useof the linguistics of the pertinentlanguage. On
one hand,eachparticipant hasa linguistic style as an
important elementof his/herpersonality (Pieper, 1979;
Walker et al., 1997). The quantitative analysisof lin-
guisticstyle (counting andcomparing) hasbeenusedin
linguisticsandliteraturefor a longtime to determineau-
thorshipof written texts (Mendenhall, 1887). Lehman
andCarbonell (1989) describeasystemfor writtennatu-
ral languagequeriesthattriesto adaptto theuser’sgram-
marby startingfrom a simplebasicgrammar andrelax-
ing andaugmenting it if a userprovidesuninterpretable
input. They found significantdifferencesamongtheac-
tive linguistic patternsgeneratedby different users,but
eachuserwasfairly consistentacrosssessionsspanning
severaldays.For spokendialoguesystems,thisaspectof
stylecanbeimportantto optimizetheanalysisof auser’s
input.

On the other hand, social bonding is performed by
adapting to a common interaction style (Brown and
Levinson, 1987; Okadaet al., 1999). It hasbeenshown
thatstylistic elementsof oneparticipantareadoptedby
otherparticipants (FaisandLoken-kim,1995; Gustafson
et al., 1997). Studieshave indicatedthat variations be-
tweenconversationsis highbut low within conversations
(Brennan, 1996) becausepeoplemark their sharedcon-
ceptualizations by usingthesameterm, lexical entrain-

ment. A spokendialogue systemcanusestylistic infor-
mationto adapt its output behavior.

Furtherdeterminers of style arethe domainor genre
(KarlgrenandCutting,1994; WoltersandKirsten,1999),
themodalities(speechonly vs. speechandvisual inter-
faces)(Faiset al., 1996; Oviatt et al., 1994), andthede-
greeof interactivity (Oviatt andCohen,1991) which are
moreor lessdeterminedby theapplicationscenarioof a
spokendialogue system.

One specific aspectof spoken input is its larger ir-
regularity. For written texts, robust parserscanbe em-
ployed to obtain style–relevant information (Karlgren,
1994; Paiva, 2000), while for spontaneousspeechsim-
pler measurements have to be usedlike part–of–speech
tags(Ries,1999).

Klarner (1997) investigatedstylistic differencesof
speakersin theVerbmobil dialoguecorpusin orderto im-
prove speechrecognition by usingspeaker–type depen-
dent languagemodels. The achieved reduction in per-
plexity, however, is relatively low.

For theresearchprojectSmartKomfundedby theGer-
manministryof research(BMBF) (Wahlsteretal.,2001)
a moduleis beingdeveloped that constructs andmain-
tainsa model of human–computerinteraction. Onepart
models theinteractionstyleof theuser(experiencewith
the system,experiencewith the task, preferredmodal-
ities for input andoutput), the otherpart the linguistic
style.Bothpartsaresupposedto makeuseof stereotypes
(Rich,1979).

Theexperimentsdescribedbelow explorethepossibil-
ity to consistentlyextractlinguisticparametersfromspo-
kendialogues,to usetheseparameters in orderto group
speakersinto several classes,andto train learning algo-
rithmsthatclassifyusersby theirparametervalues.

2 Corpora
The task of a spoken dialogue systemis to engage in
spoken human–computer interaction. It is well known
thatspokenhuman–computerinteraction differs from its
human–humancounterpartin variousdimensions(Doran
etal.,2001) including linguisticcomplexity. For thepur-
poseof this investigation threesourceswereexploited:
a corpus of task–dependent human–human interactions
(negotiationdialogues),a corpus of free human–human



conversations,andacorpusof human–computerinterac-
tions.For all corporathepart–of–speechinformationfor
eachword wasautomatically annotatedby the IMS tree
tagger(Schmid, 1994) usingtheSTTStagset(Schilleret
al., 1995).

Verbmobil The Verbmobil (VM) corpus (Wahlster,
1993) is one of the largest spoken dialogue cor-
poraavailablefor German. It containsspontaneous
speechhuman–humandialoguesin theappointment
negotiationandtravel planning domain. Thecorpus
usedfor this investigationhasdatafrom 837speak-
ers(24569turnswith 448737words,av. 29.35 turns
perspeaker).

CallHome TheCallHome(CH) corpus(LinguisticData
Consortium, 1997) contains80dialoguesof 10min-
utes unconstrainedconversationbetweentwo hu-
mansover thetelephone.Thecorpus hasutterances
from160speakers(17744turnswith 145552words,
av. 110.9 turnsperspeaker).

TABA TheTABA corpuscontainshuman–computerdi-
aloguesin thedomainof traintimetableinformation
(Aust et al., 1995). Thetranscription wasdone au-
tomaticallyby thespeechrecognizerof thedialogue
system.As therecognizercanonly recognizewords
presentin thepertinent recognition lexicon andmay
besubjectto errorsit is likely thatthecorpussome-
timesdoesnot containthe actualwords utteredby
thespeaker contrary to theothercorpora. Thecor-
pus consistsof 5200 dialogues (33568 turns with
90377 words,av. 6.45turnsperspeaker).

3 Method and Results

3.1 Parameter values

For eachturn a setof parametervalueswascomputed.
TheSTTStagsetconsistsof morethan50different tags.
In order to obtain reasonable results the STTS tagset
wascollapsedto a setwith 12 classes.Their frequency
distributions (henceforth Cxxx, e.g. CART for the fre-
quency of articles)indicatethe differencesbetweenthe
corpora (Figure 1). While theTABA corpusmainlycon-
tainsnouns,prepositions,andparticles,thetwo human–
human corpora have many pronouns(pronominal refer-
encingis possibledueto longercontexts),verbs(varying
tasksneedtasknames,sentencesin longerutterancesare
less likely to be elliptic), and adverbs (an utterance is
put in relationto its context). TheTABA corpusfeatures
nearlyno interjections,while thenumberof numeralsin
the CH corpus is ratherlow (in the othercorpora times
anddateswereexplicit elementsof thetasks).Thelength
distributions(Lxxx) aresimilarwith theexceptionof nu-
meralsin the VM corpus (datesarequite long in Ger-
man,e.g. “zweiundzwanzigster”(22nd)). An additional
setof parameters is therelativefrequency of thedifferent
classesin phrase–finalposition(Fxxx) (Klarner, 1997).

Tag Meaning VM CH TABA

ADJ adjectives 4.7 5.00 2.2
ADV adverbs 15.9 17.4 6.6
PRP prepositions 9.5 4.9 22.3
ART articles 5.5 5.6 1.2
NUM numerals 5.3 0.9 7.3
ITJ interjections 3.4 2.0 0.1
KON conjunctions 4.0 6.9 1.1
NOM nouns 15.4 12.2 31.8
PRO pronouns 17.5 18.0 4.0
PTK particles 2.2 7.3 16.9
VRB verbs 16.5 19.8 6.4

Figure1: Relative frequenciesof thetagsin thedifferent
corpora.

3.2 Computespeaker values

Apart from frequency andaverage lengthof wordsin a
class,severalotherparameterswerecomputedandaver-
agedfor everyspeaker (Figure2). Importantdifferences
exist in the lengthof the turns, andalso in the number
of wordsper sentence.An average VM turn hasmore
than6 timesasmany words asan averageTABA turn.
While thelength of a phraseis fairly equal betweenVM
andCH, the number of phrases(and, thus,words)per
sentenceis higherfor VM. Neithercasualnorformal ad-
dressingare present in the TABA corpus (talking to a
machine) while theVM setting(negotiationof business
appointments)evokesformal speech.TheCH dialogues
are mostly betweenfamily members and closefriends
(Linguistic DataConsortium, 1997), andcasualaddress-
ingsarefrequent. Variations in thenumber of common
wordscanberelatedto the list of common wordsused,
which was basedon the VM corpus. The larger num-
ber of different wordsper speaker in the TABA corpus
resultsfrom lesswordsperspeaker with lesschancefor
repetition. Averageword lengthanddensityaresimilar
in all threecorpora.

Thecorrelation coefficients betweenparameters were
computedfor the threecorpora. Thoseparameters that
correlatedwell with anotherparameter(correlationcoef-
ficient � 0.6) wereomittedfrom thepertinentcorpus.

The correlation coefficients betweenWIP and WIS
are strong for CH and moderate for VM, while those
betweenPIS andWIS aremoderatefor CH andstrong
for VM. This indicatesthatlongersentenceshave longer
phrasesin the CH corpus but morephrasesin the VM
corpus. Different annotation stylesandguidelinesmay
havecausedthis phenomenon.

3.3 Principal componentanalysis

To normalize for the different ranges of the speaker-
specificparametersthez scores(subtraction of themean,
divisionby standarddeviation) arecomputedasinputfor
the principal component analysis(PCA). The PCA was
donewith singularvaluedecompositionon thedatama-
trix. This is thepreferredmethodfor numerical accuracy



Par. Meaning VM CH TABA
SIT sentencesperturn (sen-

tence end is marked
by a questionmark or
colon in the VM and
CH corpora, in the
TABA corpus no sen-
tenceboundariesarela-
beled)

2.0 1.1 1.0

PIT phrasesper turn (in the
TABA corpusnophrase
boundariesarelabeled)

4.3 1.9 1.0

WIT wordsperturn 18.5 8.1 2.5
PIS phrasespersentence 2.1 1.7 1.0
WIS wordspersentence 9.0 7.0 2.5
WIP wordsperphrases 4.2 4.0 2.5
AWL averagewordlength4.8 4.2 5.0
CAS casualaddressing 0.0 13.0 0.0
FOR formal addressing 7.0 5.0 0.0
DEN ratio of “dense” words

(Pieper, 1979) (attribu-
tive adjectives, nouns,
andfinite verbs)

0.3 0.3 0.3

DFW ratio of differentwords 0.4 0.4 0.8
CWD ratio of “common”

words (words compris-
ing 50 % of the VM
corpus)

0.5 0.4 0.3

Figure2: Average values of speaker-specificparameters
for eachcorpus. Displayedare the valuesfor the first
quartile,themedian,andthethird quartile.

(Mardia et al., 1979).
The PCA resultswereusedto assessthe importance

of theparameters.Theimportantparameters(thosethat
achievehigh loadson themostimportantprincipal com-
ponents) shouldnot change muchin dependenceof the
input set. Changes betweenthe different corpora are
likely regarding their structural differences,but ideally
a stablesetof parameters emergesthatcontains parame-
tersimportantfor all corpora.

The input partitionwasvariedby changing the num-
ber of minimal wordsper speaker in order to checkfor
the stability of the componentsandfor the influence of
theinteraction length.Figure 3 displayssomeresults.It
canbe seenthat the important parameters for a corpus
do not changemuchif the input setis varied. Theprin-
cipal componentsalsoshow strongsimilaritieswithin a
corpus.

An interpretationof the componentsis always to be
treatedwith caution. However, to easefurther discus-
sions,a tentative interpretationis given in Figure4 for
someof the principal components shown in Figure 3
wherethe interpretative labelscanbe motivatedasfol-
lows:

adverbs: An adverb cantake thepositionof a preposi-
tionalphraseor verb phrase,if anappropriateentity
is present in the previous discoursecontext. Thus,

VM-1 100+words,816speakers
PC1 PC2 PC3 PC4
CPRP 0.35 LVRB -0.35 WIT -0.35 CPRO -0.51
CNOM 0.35 AWL -0.29 WIP -0.30 CART 0.35
CADV -0.32 FOR -0.29 DFW 0.29 LNOM 0.32
CNUM 0.30 CKON -0.28 FNUM -0.27 LART 0.31

VM-2 400+words,410speakers
PC1 PC2 PC3 PC4
AWL -0.33 LVRB -0.34 WIT 0.38 CPRO 0.41
CPRP -0.31 CVRB -0.34 WIP 0.35 CKON -0.38
CNOM -0.31 FOR -0.31 CWD 0.35 FPRO 0.29
CITJ 0.30 LPRO -0.31 CPRO 0.29 CADV -0.28

VM-3 800+words,148speakers
PC1 PC2 PC3 PC4
AWL 0.32 CNUM -0.35 CPRO 0.40 CKON -0.44
CPRP 0.29 FNUM -0.34 DFW -0.30 CADV -0.32
CNOM 0.29 CVRB 0.32 WIP 0.29 CAS 0.29
WIP 0.27 FVRB 0.31 WIT 0.27 WIT -0.29

CH-1 100+words,159speakers
PC1 PC2 PC3 PC4
WIT 0.35 CNOM 0.38 CADJ 0.36 CADV -0.44
WIS 0.35 CPRO -0.34 FADJ 0.29 CVRB 0.39
AWL 0.33 CART 0.31 LART 0.29 FADV -0.30
CITJ -0.30 FPRO -0.27 FART -0.28 LART 0.29

CH-2 400+words,150speakers
PC1 PC2 PC3 PC4
WIS 0.35 CNOM 0.34 CVRB 0.41 LART -0.38
WIT 0.35 CART 0.32 CADV -0.36 DFW -0.36
AWL 0.33 CPRO -0.31 CPRO 0.33 FART 0.33
CPTK -0.32 FART 0.30 CADJ -0.32 FADV 0.30

CH-3 800+words,106speakers
PC1 PC2 PC3 PC4
AWL -0.38 CNOM -0.41 CVRB 0.38 FART -0.41
WIS -0.36 CPRP -0.30 CPRO 0.34 LART 0.39
WIT -0.34 FADJ 0.29 CADJ -0.30 DFW 0.32
CPTK 0.33 CADJ 0.29 FPRO 0.29 FADV -0.28

TABA-1 30+words,780speakers
PC1 PC2 PC3 PC4
CPRO -0.41 CWD -0.52 AWL 0.43 LITJ 0.42
CVRB -0.38 CART -0.30 LADJ 0.40 CITJ 0.41
WIT -0.36 AWL 0.29 CITJ -0.30 CADJ 0.35
CNOM 0.28 CNOM 0.29 CPTK -0.30 LADJ 0.28

TABA-2 40+words,409speakers
PC1 PC2 PC3 PC4
CPRO -0.39 CWD 0.50 LITJ 0.53 LADJ 0.41
WIT -0.35 AWL -0.39 CITJ 0.52 AWL 0.39
CVRB -0.34 CPTK 0.32 CADJ 0.30 CART 0.33
DFW -0.29 CNOM -0.30 LADJ 0.27 CITJ -0.31

TABA-3 60+words,129speakers
PC1 PC2 PC3 PC4
CPRO -0.38 AWL -0.50 CITJ 0.44 LADJ -0.39
CVRB -0.35 CPTK 0.39 LITJ 0.42 CADJ -0.34
WIT -0.35 CNOM -0.36 CART -0.34 CWD -0.30
DFW -0.29 LADJ -0.35 CNUM 0.33 LNUM -0.30

Figure 3: Component loads for the four most impor-
tant principal components (PC) with varying input for
thethreecorpora.

thenumber of adverbs/adjectivesloadsinverselyto
thenumber of prepositionsandnouns(VM-1 PC1,
VM-3 PC4, CH-1PC4, CH-2PC3, CH-3PC2).

pronouns: A pronounor anoun canreferto adiscourse
entity, if thatentitysatisfiescertainconditions. The
number of pronounsloadsinversely to thenumber
of articlesandnouns(VM-1 PC4, CH-1PC2, CH-
2 PC 2) andadverbs/adjectives (VM-2 PC 4, CH-
3 PC 2). Pronominalizationis only possibleif the
referred entity is mentionedin thevery recentdis-
coursecontext, ideallyin thesameturn;thus,longer
turnsfavor pronominalization(VM-3 PC3).

ellipses: Ellipsesareincompletesentenceswhereredun-
dantinformationis omitted(oftenverbs,VM-2 PC
2, VM-3 PC 2). Final articles,adverbs,andadjec-
tives can indicateelliptic utterances (CH-1 PC 3,
CH-2PC4, CH-3PC4).

tur n complexity: Turns with pronouns and verbs are
long and very likely contain a completesentence
(TABA-1 PC1, TABA-2 PC1, TABA-3 PC1).

contentwords: The ratio of contentwords (lesscom-
monwords)is high(TABA-1 PC2, TABA-2 PC2).



Corpus PC1 PC2 PC3 PC4
VM-1 adverbs word

length
turn
length

pronouns

VM-2 word
length

ellipses turn
length

pronouns

VM-3 word
length

ellipses pronouns adverbs

CH-1 turn/word
length

pronouns ellipses adverbs

CH-2 turn/word
length

pronouns adverbs ellipses

CH-3 turn/word
length

adverbs pronouns ellipses

TABA-1 turn com-
plexity

content
words

word
length

interjections

TABA-2 turn com-
plexity

content
words

interjectionsword
length

TABA-3 turn com-
plexity

word
length

interjectionsadjectives

Figure4: Interpretationof theprincipalcomponentsdis-
playedin Figure3.

interjections: Interjections are rare in the TABA cor-
pus. An interjection may, therefore, distinguish
speakers (with interjections) from others (with-
out interjections) (TABA-1 PC 4, TABA-2 PC 4,
TABA-3 PC3).

While someof thesecomponentsarecorpus–specific
(e.g. interjections), othersareimportant for all corpora
(e.g. word length or ellipses/ turn complexity) or, at
least,for the syntacticallycomplex human–humancor-
pora(e.g.pronounsandadverbs).

The stability of the components was further checked
by forming four subsetsof speakers and applying the
PCA to all 16 combinationsof thesesubsets.A higher
number of observations (speakers) resultsin highersta-
bility. For VM-1 and TABA-1 with 800 observations,
all four componentsappear in every subset.For VM-2
andTABA-2 with 400observations,threecommoncom-
ponents exist while the fourth (least important compo-
nent)varies. For CH-1 andVM-3 with approximately
160speakers, two common componentsarefound in all
subsets.

3.4 Clustering

If a limited setof linguistically interpretablecomponents
exist, ashasbeenarguedfor in theprevioussection,the
questionis whetherspeaker groups canbe established,
andwhetherunseenspeakerscanbereliablyassignedthe
correct group.

To establishclassesthe k–means algorithm wasem-
ployed. This algorithm worksby repeatedly moving all
clustercentersto the meanof their Voronoi sets. The
algorithm stops,if no clustercenterhaschangedduring
thelastiterationor themaximum number of iterationsis
reached(Hartigan andWong,1979). The initial cluster
centersarerandomly assigned,thus,slightly differentre-
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Figure5: Clustercenterdistributionin theplanespanned
by thefirst two componentsfor five runs with variedin-
putvalues.

sultsarepossible.Thealgorithm resultsin a predefined
number of speaker clusters(Doux et al., 1997) that can
beusedto trainautomaticclassifiers.

If a specificinterpretation of the clustersfor a given
task is desiredthe clusteringcanbe doneby hand(i.e.
by explicitly constructing bordersbetweenclasses).In
thedata-drivenapproachtakenhere,however, suchhand-
craftedconstraints wereavoided(thesameholdsfor the
PCA which could also be replaced by explicit rules).
Figure5 shows a distribution of clustercentersfor five
different runs on thesamedatabut with different initial
clustercenters. The distribution displayedherein the
planeof thefirst two componentsis fairly stable.

Thefour mostimportantprincipal components(mea-
suredby their eigenvalue) computed for eachspeaker
wereusedasinput for thesubsequent tests.This choice
wasmotivatedby the resultsof the componentstability
experimentsdescribedabove. Thecurrent setof speak-
ersdoesnotsupport amorefine–graineddistinction.Fur-
thermore,it is unlikely thatmoredimensionswill beuse-
ful for applications.

3.5 Classification

A correctclassificationof individual linguisticstylesde-
scribedby the parameterset used in this experiment
meansthat a speaker is put into the sameclassby the
clusteranalysisandtheautomaticclassification.To test
this hypothesisthe turns for eachspeaker were alter-
natelydivided into two setsof the samesize. The first
setwasusedfor the training of the classifier(calculate
PCA,estimateclustersto obtainclasses).Thesecondset
servedasa testset. If theerrorrate(differentclassifica-
tionsfor thetraining setandthetestset)is substantially
lower thanchanceonecanstatethat theparameterscan
beusedto reliablydiscriminatebetweenspeakerclasses.

Neural networks were usedfor automaticclassifica-
tion. For training, two setsof input vectors weregen-
eratedfrom theoriginal training set. Every � -th pattern



becamepartof a development set( � is 5 for all experi-
mentsdescribedhere).Theoutput of thenetsconsisted
of � output values(onefor eachclasswhich is either0
or 1). Fully connected feedforward netswith standard
backpropagationwere traineduntil the error averaged
over thelastthreeruns on thedevelopment setbegins to
increase(overtraining). Thenet topology hadoneinput
layer, one output layer, and one hiddenlayer with the
samenumber of nodesastheinput layer.

The speaker specific valuesfor the test set and the
valuesfor theprincipal componentswerecomputedand
usedasinput for the neural network. Theclassification
of thenetwork wasjudgedcorrectfor onespeaker, if the
clusterdeterminedby theclusteranalysison thetraining
setwasequal to theclasspredictedby theneural network
on thetestset.

The resultsaredisplayedin Figures6 and7. While
the resultsfor theTABA corpusareonly slightly above
chancelevel (25 %), theresultsfor theVM andCH cor-
pora indicatethat for human-human corpora a speaker
canbe fairly reliably classified. If not enough turnsor
wordsareavailablethe resultdecreases.The resultde-
creasesalsoif thenumberof speakersis toosmall(below
30,resultsarenotshown here).

4 Discussion
Theseresultsindicatethat style classificationin a spo-
ken dialogue systemis only feasibleif the number of
interactions (turns)is sufficiently high andlinguistically
rich. If this is thecase,however, speakerscanbeclassi-
fied according to simplepart-of-speechdistribution and
turn lengthparameters whichcanbecomputedautomat-
ically (Section3.1), which can be automaticallycom-
binedto componentsinterpretableaslinguistic style in-
dicators(Section3.3),thatcanbeemployedto automati-
cally group speakersinto classes(Section3.4), which,in
turn,canbeusedby automatic learningmethods to clas-
sify unseenturnsfrom onespeaker into the sameclass
asthereferenceturns from thesamespeakerusedduring
thetraining(Section3.5).

5 Applications
Severalpossibleapplicationsfor linguisticstyleinforma-
tion exist in aspokendialogue system.Amongtheseare

� style–specificlanguagemodels,
� style–specificgrammars,
� input to a general usermodel (certainelementsof

linguistic style canbe relatedto paradigm or task
knowledge, e.g. turn length, number of content
words),

� influencing thestyleof a languagegeneration mod-
ule.

An exploratory experiment wasundertaken for the first
application.
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Figure6: Rateof correctclassificationsfor thedifferent
corpora, displayedfor varying input sets(seeFigure7
for adescription).

5.1 Material and Method
Thethreecorpora describedabove wereusedfor the in-
vestigation. For the CH and VM corpora all speakers
with morethat100wordswereused;this thresholdwas
set to 40 for the TABA corpus. The clusteringmethod
describedabove basedon theresultsof a PCA wasem-
ployedto groupthespeakers into 2 to 4 clustersbasedon
2 to 4 factors.Thek–meansclustering algorithm with a
fixedsetof clustersis initialized by random clustercen-
ters. Thus, two subsequent runsgive slightly different
results.Therefore,eachrunwasperformedtwice.

Thefour corpora plustheir combinationweredivided



Task min. Words min. Turns Speakers Class.
VM-a 100 20 188 53
VM-b 100 30 109 52
VM-c 400 20 125 57
VM-d 400 30 87 57
CH-a 100 40 144 70
CH-b 100 60 60 75
CH-c 400 40 99 66
CH-d 400 60 47 66
TABA-a 30 6 158 27
TABA-b 30 8 65 42
TABA-c 40 6 123 25
TABA-d 40 8 53 34

Figure7: Datasetsusedin the classificationtaskwith
minimalnumberof wordsandturnspersinglespeakeras
constraints,andtheresultingspeakernumberandclassi-
ficationrate.

into 10 sets for a ten–fold cross–validation. One set
served as developmentset for parameter optimization,
another setwasthetestset,andtheremainingeightsets
wereusedto train thelanguagemodels. In eachrun five
standardbigramlanguage models weretrained, onefor
eachspeaker-specific corpus andonefor their combina-
tion. Theperplexity wascalculatedfor thepertinent test
sets.

In a subsequentstepfor eachspeaker–specificcorpus
the general and the specificlanguagemodels were lin-
early interpolated; the interpolation factorwas iterated
over thevalues0, 0.2, 0.4, 0.6, 0.8,and1.0. The inter-
polationfactorwhich gave thebestresults(smallestper-
plexity) for the development set was taken to compute
theperplexity on thetestset.

5.2 Results
Wheninterpretingtheresultsonehastokeepafew things
in mind:
� The assumptionthat the correct style class of a

speaker is known in advanceis not likely to betrue
in realsystems.A few turnshave to beanalyzedin
orderto perform a reasonable classification.

� Theparametersusedfor classification(distributions
of part–of–speechitems,lengthparametersetc.)are
only very looselyrelatedto theprobability of word
sequences.

� Theclassesarenotoptimizedto yield maximal gain
in perplexity.

� Thelanguagemodelsarerathersimple.

Theglobal resultsaredisplayedin Figure8. Thegen-
eral model (with 4 times the training material than the
specialmodels)givesbetterresults,except for theTABA
corpus which is probably sufficiently constrained and
simplystructuredto makeup for thedecreasein training
material.This is in line with resultsdescribed in Klarner
(1997). Theinterpolatedmodelhasa significantlylower
perplexity thanthe general model alone, but the gain is

Corpus General Special Sig. Interpol. Sig.

CallHome 215.1 236.4 yes 210.3 yes
Verbmobil 106.2 115.0 yes 103.5 yes
TABA 26.1 24.8 yes 23.1 yes

Figure 8: Mean perplexity values for all comparison
runs (n=324) betweenstyle–specificand general lan-
guagemodels(top)andbetweeninterpolatedandgeneral
languagemodels(bottom). Significance wascalculated
by thepairedt-test(one-sided,���
	�� 	�
 , ��������
 ).

sosmallthatit is unlikely to improverecognition results.
With all the caveatslisted above onecanconclude that
determinationof linguistic style in theway describedin
thisdocumentdoesnotdramaticallyimproverecognition
results.

6 Conclusion
This investigation showedthat

� numerical parametervaluescan be computed for
speakersin spokendialogue corpora,

� theseparameterscanbereduced to linguistically in-
terpretable factorsby meansof a PCA,

� stableclassescanbeconstructedfrom thesefactors
by clusteranalysis,

� unseenclassmemberscanbereliably classifiedby
trainedneuralnetworks if the datais linguistically
rich,

� style–specificlanguage models reduceperplexity
only marginally.

This processhasbeenappliedto threedifferentcorpora.
It hasbeenshown that it worksin principle. Furtherim-
provementsmay be obtainedby optimizing the proce-
dureaccording to specificneeds(e.g.veryquick classifi-
cation,recognizingaspeakerfromasmallsetof possible
speakers)whichdepend ontheapplication.

Themethodscannotonlybeappliedtoclassifyspeak-
ers according to their style, but also to recognize text
genreor speechacttypes.
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