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Abstract

Langwageusershave individual linguistic styles. A spo-
ken dialogLe systemmay benefitfrom adaptimg to the
linguistic styleof auserin inputanalysisandoutpu gen-
eration. To investigade the possibility to automdically

classifyspealers accordimy to their linguistic style three
corpaaof spolendialogueswereanalyzed Severalnu-
merical paraneterswere computed for every spealer.

Theseparaneterswere rediced to linguistically inter-

pretalbe commnerts by meansof a prindpal compaent
analysis. Classeswvere establishedrom thesecompo

nentsby clusteranalysis.Unseerinputwasclassifiedby
trainedneual networks with varying errorratesdepend-
ing on corpus type. A first investigationin usingspecial
langltagemodelsfor spealer classesvascarriedout.

1 Motivation

Within spolen dialoglesthe participarts make individ-
ual useof the linguistics of the pertinentlanguage. On
one hand, eachparticipant has a linguistic style as an
important elementof his/herpersmality (Pieper 197;
Walker et al., 1997. The quantitative analysisof lin-
guistic style (courting andcompaing) hasbeenusedin
linguisticsandliteraturefor alongtime to deternine au-
thorshipof written texts (Mendenhall, 1887. Lehman
andCarborell (198) descrile a systenfor written natu-
ral languag queiesthattriesto adapto theusers gram
mar by startingfrom a simplebasicgrammar andrelax-
ing andaugmeting it if a userprovidesuninterpetable
input. They found significantdifferencesamongthe ac-
tive linguistic patternsgeneatedby different users,but
eachuserwasfairly consistenticrosssessionspanniig
severaldays.For spolendialogie systemsthis aspecbf
stylecanbeimportantto optimizetheanalysisof ausers
input

On the other hard, social bording is perfamed by
adaptig to a comnon interaction style (Brown and
Levinsm, 1987; Okadaetal., 1999. It hasbeenshovn
that stylistic elementsof oneparticipantare adoptedby
otherparticiparts (FaisandLoken-kim,1995 Gustafson
etal., 1997. Studieshave indicatedthat variatiors be-
tweencorversationss high but low within corversations
(Brennan, 19%) becawse peoplemarktheir sharedcon-
ceptualizatias by usingthe sameterm, lexical entrain-

ment A spolendialogle systemcanusestylistic infor-
mationto adap its output behaior.

Furtherdetermines of style arethe domainor gerre
(KarlgrenandCutting,1994 WoltersandKirsten,199),
the modalities(speectonly vs. speechandvisualinter
faces)Faisetal., 199%; Oviattetal., 199), andthe de-
greeof interactvity (OviattandCohen,1991) which are
moreor lessdetermired by the applicationscenarioof a
spolendialogle system.

One specificaspectof spolen input is its larger ir-
reguarity. For written texts, robust parserscanbe em-
ployed to obtain style-rel@ant information (Karlgren,
1994 Paiva, 2000) while for spontaneus speechsim-
pler measuremas have to be usedlik e part-of—speeh
tags(Ries,1999.

Klarner (1997) investigatedstylistic differencesof
spealersin theVerbnobil dialoguecorpusin ordertoim-
prove speectrecogition by usingspealer-type depen
dentlanguage models. The achiesed reduction in per
plexity, however, is relatively low.

For theresearclprojectSmartkomfundedby the Ger
manministry of researciBMBF) (Wahlisteretal.,2001)
a moduleis being developed that constricts and main-
tainsa mocel of human—conputerinteractian. Onepart
modéds theinteractionstyle of the user(experiencewith
the system,expetiencewith the task, preferred modal-
ities for input and output), the other part the linguistic
style. Both partsaresuppaedto make useof stereotypes
(Rich,1979.

Theexperimentsdescribedelown explore thepossibil-
ity to consistentlyextractlinguistic paraméeersfrom spo-
kendialogles,to usetheseparametes in orderto groyp
spealersinto several classesandto train learnirg algo-
rithmsthatclassifyusersoy their paranetervalues.

2 Corpora

The task of a spolen dialogle systemis to engae in
spolen humar-computer interaction It is well known
thatspolenhuman—conputerinteractian differs from its
huma—hunancountepartin variows dimensims(Doran
etal., 2007 including linguistic compleity. For thepur
poseof this investigation three sourceswvere exploited:
a corpus of task—@pendat humar-hunan interactions
(negotiation dialoges),a corpts of free human—human



conversationsanda corpusof humanr-compterinterac-
tions. For all corporathe part—d—speechnformationfor
eachword wasautonatically anndatedby the IMS tree
taggenSchmid 1994 usingthe STTStagset(Schilleret
al.,1995.

Verbmobil The Verbrobil (VM) corpus (Wahlster
1993 is one of the largest spolen dialogue cor
poraavailablefor German. It containssportaneous
speecthumar—hunmandialoguesin theappantment
negatiation andtravel plannirg donmain. Thecorpus
usedfor thisinvestigatiorhasdatafrom 837 speak-
ers(24%9turns with 448737words,av. 29.% turns
perspealer).

Call[Home TheCall[Home(CH) corpts (Linguistic Data
Consortium1997 contains30dialoguesof 10min-
utes unmnstrainedcorversationbetweentwo hu-
mansover thetelephme. Thecorpts hasutterances
from 160spealers(17 744 turnswith 14552 words,
av. 1109 turnsperspealer).

TABA TheTABA corpts containshumar-computerdi-
alogussin thedomainof traintimetableinformation
(Austetal., 19%). Thetranscrigion wasdore au-
tomaticallyby thespeechiecanizerof thedialogLe
system.As therecogrizer canonly recogiize words
presentn thepertinent recognition lexicon andmay
besubjectio errorsit is likely thatthe corpus some-
timesdoesnot containthe actualwords utteredby
the spealer contiary to the othercorpaa. Thecor
pus consistsof 5200 dialogtes (33568 turns with
90377 words,av. 6.45turnsperspealer).

3 Method and Results
3.1 Parameter values

For eachturn a setof parametervalueswas compted.
The STTStagsetconsistf morethan50 differen tags.
In order to obtain reasonale resultsthe STTS tagset
wascollapsedo a setwith 12 classes.Their frequengy
distributions (hencéorth Cxxx, e.g. CART for the fre-
guerecy of articles)indicatethe differencesbetweenthe
corpaa(Figure 1). While the TABA corpusmainly con-
tainsnours, prepaitions,andparticles thetwo human—
human corpaa have mary pronouns(pronomiral refer
encingis possibledueto longercontets), verks (varying
tasksneedtasknamessentencem longer utteranesare
lesslikely to be elliptic), and adwetbs (an utterarme is
putin relationto its cortext). TheTABA corpusfeatures
nearlyno interjectiors, while the nunberof numealsin
the CH corpus is ratherlow (in the othercorporatimes
anddateswereexplicit elemeits of thetasks).Thelength
distributions (Lxxx) aresimilarwith the exceptionof nu-
meralsin the VM corpus (datesare quite long in Ger
man,e.g. “zweiundzwanzigster’(22rd)). An additioral
setof parametesis therelative frequengy of thedifferent
classesn phrase—finaposition(Fxxx) (Klarner, 1997).

Tag Mearing | VM CH TABA
ADJ adjectives 4.7 5.00 2.2
ADV | adwerbs 159 174 6.6
PRP | prepaitions 95 49 22.3
ART | articles 55 56 1.2
NUM | numerds 53 09 7.3
ITJ interjections | 3.4 2.0 0.1
KON | conjurctions| 4.0 6.9 11
NOM | nours 154 122 31.8
PRO pronauns 175 18.0 4.0
PTK | particles 22 7.3 16.9
VRB | verbs 16.5 19.8 6.4

Figurel: Relatve frequenciesof thetagsin thedifferent
corpaa.

3.2 Compute spealer values

Apart from frequency andaverag lengthof wordsin a
class,severalotherparaneterswerecompued andaver-
agedfor every spealer (Figure2). Importantdifferences
exist in the lengthof the turns, andalsoin the numker
of words per sentence.An averag VM turn hasmore
than6 timesas mary words asan averageTABA turn.
While the lengh of a phraseis fairly equd betweervM
and CH, the numter of phrasegqand, thus, words) per
sentencés higherfor VM. Neithercasuahorformal ad-
dressingare preseh in the TABA corpus (talking to a
machire) while the VM setting(negotiation of business
appontments)evokesformal speech.The CH dialogues
are mostly betweenfamily membes and close friends
(Linguistic DataConsortium, 1997, andcasuakbddress-
ings arefrequent. Variatiors in the number of comman
wordscanbe relatedto the list of comma wordsused,
which was basedon the VM corpus. The larger num
ber of different wordsper spealker in the TABA corpus
resultsfrom lesswordsper spealer with lesschancefor
repetition Average word lengthanddensityaresimilar
in all threecorpora.

The correlation coeficients betweerparametes were
comptedfor the threecorpora. Thoseparaméersthat
correlaedwell with anotheiparametefcorrdation coef-
ficient > 0.6) wereomittedfrom the pertirentcorpus.

The correlation coeficients betweenWIP and WIS
are strongfor CH and moderae for VM, while those
betweenPIS and WIS are moceratefor CH and strong
for VM. Thisindicateshatlonger sentencebave longer
phrasesn the CH corpws but more phrasesn the VM
corpts. Differert annotatio stylesand guidelinesmay
have causedhis pheromenan.

3.3 Principal componentanalysis

To normdize for the differentrange of the speakr
specificparanetershez scoreqsubtractio of themean,
division by standardlieviation) arecompuedasinputfor
the principal compnert analysis(PCA). The PCA was
donewith singularvaluedecompsitionon the datama-
trix. Thisis thepreferedmethodfor numeical accurag



Par. Meaning VM CH TABA

SIT sentenceperturn(sen-| 2.0 1.1 1.0
tence end is marked
by a questionmark or
colon in the VM and
CH corpaa, in the
TABA corpusno sen-
tencebourdariesarela-
beled)

PIT phraseperturn(inthe | 4.3 1.9 1.0
TABA corpusnophrase
boundariesarelabeled)

WIT | wordsperturn 185 8.1 25

PIS phrasegersentence 21 17 1.0

WIS wordspersentence 9.0 7.0 2.5

WIP | wordsperphrases 42 4.0 25

AWL | averagewordlength4.8 | 4.2 5.0

CAS | casualkddresisg 0.0 13.0 0.0

FOR | formaladdressing 70 5.0 0.0

DEN | ratio of “dense”words | 0.3 0.3 0.3
(Pieper 1979) (attribu-
tive adjectves, nouns,
andfinite verbs)

DFW | ratioof differentwords 04 04 0.8

CWD | ratio of “commor’ 05 04 0.3
words (words compris-
ing 50 % of the VM
corpus)

Figure2: Averag values of spealkrspecificparaneters
for eachcorpws. Displayedarethe valuesfor the first
quartile,themedianandthethird quatile.

(Marda etal.,1979.

The PCA resultswere usedto assesshe importarce
of the paraneters. Theimportantparaméers(thosethat
achiere highloadson the mostimportantprincipd com-
ponets) shouldnot chang muchin depenlenceof the
input set. Changs betweenthe different corpora are
likely regarding their structuré differences,but ideally
a stablesetof parametes emepgesthatcontairs parane-
tersimportantfor all corpora.

The input partitionwasvariedby charging the num
ber of minimd wordsper spealer in order to checkfor
the stability of the compmentsandfor the influerce of
theinteractian length. Figure 3 displayssomeresults.It
canbe seenthat the important parametes for a corpus
do not charge muchif theinput setis varied The prin-
cipal compmentsalsoshav strongsimilaritieswithin a
COrpLs.

An interpetationof the compmentsis alwaysto be
treatedwith caution However, to easefurthe discus-
sions, a tentatie interpietationis givenin Figure4 for
someof the principal compneris shavn in Figure 3
wherethe interpietative labelscan be motivatedasfol-
lows:

adverbs: An adwerb cantake the positionof a presi-
tionalphraseor vemb phraseijf anappopriateentity
is presenin the previous discoursecontect. Thus,

VM-1 100+words,816speakers

PC1 | pc2 | Pc3 | Pca
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 wWIT 0.27 wWIT -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
CIml -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,106 speakers
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 | Pca
CPRO -0.41 CWD -0.52 AWL 0.43 LITI 0.42
CVRB -0.38 CART -0.30 LADJ 0.40 CITJ 0.41
wIT -0.36 AWL 0.29 CImJ -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 CwWD 0.50 LITI 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 | Pca
CPRO -0.38 AWL -0.50 CITJ 0.44 LADJ -0.39
CVRB -0.35 CPTK 0.39 LT 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: Compament loads for the four mostimpor-
tant principal compnerns (PC) with varying input for
thethreecorpora.

the numkber of adwerbs/adjectvesloadsinverselyto
thenumker of prepsitionsandnowns (VM-1 PC1,
VM-3 PC4,CH-1PC4,CH-2PC3,CH-3PC2).

pronouns: A prorounor anoun canreferto adiscourse
entity, if thatentity satisfiescertaincondtions. The
numter of prorounsloadsinversely to the numker
of articlesandnowns(VM-1 PC4,CH-1PC2, CH-
2 PC 2) and adwerbs/adjecties (VM-2 PC 4, CH-
3 PC 2). Prononinalizationis only possibleif the
refered entity is menticmedin the very recentdis-
coursecortext, ideallyin thesameurn;thus,longer
turnsfavor pronomiralization(VM-3 PC3).

ellipses: Ellipsesareinconpletesentencewhereredun
dantinformationis omitted (oftenverbs,VM-2 PC
2,VM-3 PC?2). Final articles,adverbs, andadjec-
tives can indicate elliptic utterance (CH-1 PC 3,
CH-2PC4,CH-3PC4).

turn complexity: Turns with pronours and verbs are
long and very likely contan 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 4
VM-1 adwerbs word turn pronowns
length length o

VM-2 word ellipses turn pronowns []

length length ’ K %% 8
VM-3 word ellipses pronauns  adwerbs 1h

length N ]
CH-1 turn/word  pronours  ellipses adwerbs g °

length s X
CH-2 turn/word  pronours  adwerbs ellipses ijﬁ+ 3% X

length 2f
CH-3 turn/word  adwerbs pronauns  ellipses

length sr
TABA-1 | turn com- content word interjections ‘

plexity words length “ 8 2 ! ey ! 2 8 4
TABA-2 | turn com- content interjectionsword

plexity words . length Figure5: Clustercenteristributionin the planespannd
TABA-3 ;)ulcre?dti/om_ :"::]Z;h interjections adjectves by thefirst two compmentsfor five runs with variedin-

Figure4: Interpretationof the principal compmentsdis-
playedin Figure3.

interjections: Interjedions are rarein the TABA cor-
pus. An interjection may, therebre, distingush
spealers (with interjectiins) from othes (with-
out interjectiors) (TABA-1 PC 4, TABA-2 PC 4,
TABA-3 PC3).

While someof thesecompmentsare corpus—specific
(e.g. interjectiors), othersareimportart for all corpaa
(e.g. word length or ellipses/ turn compexity) or, at
least, for the syntacticallyconplex human—human cor-
pora(e.g. pronaunsandadverts).

The stability of the conponens was further checled
by forming four subsetsof spealers and applying the
PCA to all 16 combirationsof thesesubsets.A higher
numter of obsenations (spealers) resultsin highersta-
bility. For VM-1 and TABA-1 with 800 obsevations,
all four compnentsappearin evely subset.For VM-2
andTABA-2 with 4000bsenations,threecomnon com-
ponents exist while the fourth (leastimportant compe
nent)varies. For CH-1 and VM-3 with appraimately
160spealers, two commar compaentsarefound in all
subsets.

3.4 Clustering

If alimited setof linguistically interpretéle compnents
exist, ashasbeenarguedfor in the previous section the
guestionis whetherspealer groyps can be established,
andwhethemnseerspealrscanbereliablyassignedhe
corred growp.

To establishclasseshe k—-mears algoritim was em-
ployed This algoithm works by repeately moving all
clustercentersto the meanof their Vororoi sets. The
algorithm stops,if no clustercenterhaschangd during
thelastiterationor themaximum numbe of iterationsis
reachedHartigan andWong, 1979. Theinitial cluster
centersaarerandanly assignedthus,slightly differentre-

putvalues.

sultsarepossible.The algoiithm resultsin a precefined
numter of spealer clusters(Doux et al., 1997) that can
be usedto train automaticclassifiers.

If a specificinterpretation of the clustersfor a given
taskis desiredthe clusteringcanbe doneby hand(i.e.
by explicitly constructiig borcers betweenclasses).In
thedata-divenappoachtakenhere however, suchhand
craftedconstrénts wereavoided(the sameholdsfor the
PCA which could also be repla@d by explicit rules).
Figure5 shaws a distribution of clustercentersfor five
differentruns on the samedatabut with differert initial
clustercenters. The distribution displayedherein the
planeof thefirst two compaentsis fairly stable.

The four mostimpottant principal compaments(mea-
suredby their eigervalue) compued for eachspealer
wereusedasinput for the subsequertests. This choice
was motivatedby the resultsof the compmentstability
expeiimentsdescribedabove. The curren setof speak-
ersdoesnotsuppat amorefine—gaineddistinction.Fur
thermae, it is unlikely thatmoredimersionswill beuse-
ful for apgications.

3.5 Classification

A correctclassificatiorof individual linguistic stylesde-
scribed by the parameterset usedin this experiment
meansthat a spealer is put into the sameclassby the
clusteranalysis andthe automaticclassification.To test
this hypothesisthe turns for eachspealer were alter
nately divided into two setsof the samesize. The first
setwas usedfor the training of the classifier(calculate
PCA, estimateclustersto obtainclasses)Thesecondset
senedasatestset. If the errorrate (differentclassifica-
tionsfor thetraining setandthe testset)is substantially
lower thanchanceonecanstatethatthe paraneterscan
beusedto reliably discriminatebetweerspealer classes.
Neural networks were usedfor automaticclassifica-
tion. For training two setsof input vedors were gen-
eratedfrom the original training set. Every n-th pattern



becamepart of a developmen set(n is 5 for all expei-

mentsdescribechere). The output of the netsconsisted

of m outpu values(onefor eachclasswhichis eitherO
or 1). Fully connectd feedforward netswith standad
back propagationwere traineduntil the errar averagel
over thelastthreeruns onthe development setbegins to
increasgovertrainirg). The nettopdogy hadoneinput
layer, one outputlayer, and one hiddenlayer with the
samenumler of nodesastheinputlayer

The spealer specific valuesfor the test set and the
valuesfor the principal compnentswerecomputedand
usedasinput for the neual network. The classification
of thenetwork wasjudged correctfor onespealer, if the
clusterdeternined by the clusteranalysison thetraining
setwasequal to theclasspredctedby theneual network
onthetestset.

The resultsaredisplayedin Figures6 and7. While
the resultsfor the TABA corpusareonly slightly above
chancdevel (25 %), theresultsfor theVM andCH cor-
poraindicatethat for human-human corpora a spealer
canbe fairly reliably classified. If not enoudn turnsor
wordsare availablethe resultdecreasesThe resultde-
creaseslsoif thenumterof spealkrsis toosmall(belav
30, resultsarenotshavn here).

4 Discussion

Theseresultsindicatethat style classificationin a spo-
ken dialogue systemis only feasibleif the nunmber of

interactiors (turns)is suficiently high andlinguistically
rich. If thisis the case however, spealerscanbe classi-
fied accoding to simple part-ofspeechdistribution and
turnlengthparametes which canbe computedautonat-

ically (Section3.1), which can be automaticallycom-
binedto componentsinterpretableaslinguistic stylein-

dicators(Section3.3),thatcanbeemplo/edto autornati-

cally groy spealersinto classegSection3.4), which,in

turn, canbe usedby autoratic learningmethod to clas-
sify unseerturnsfrom onespealkr into the sameclass
asthereferereturns from thesamespealer usedduring

thetraining(Section3.5).

5 Applications

Severalpossibleapplicatiosfor linguistic styleinforma-
tion existin aspolendialogte system Amongtheseare

o style—specifidangiagemodels,

¢ style—specifigranmars,

e inputto a geneal usermodel (certainelementsof
linguistic style canbe relatedto paradgm or task
knowledge, e.g. turn length nunber of cortent
words),

¢ influencirg the style of alanguagegeneratio mod
ule.

An exploratory expeiment was uncertalen for the first
application.
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Figure6: Rateof correctclassificationgor the different
corpaa, displayedfor varying input sets(seeFigure 7
for adescription.

5.1 Material and Method

Thethreecorpaa describedabore wereusedfor thein-
vestigatim. For the CH and VM corpaa all spealers
with morethat 100wordswereused;this thresholdwas
setto 40 for the TABA corpus. The clusteringmetha
describedhbove basedon the resultsof a PCA wasem-
ployedto groupthespealersinto 2 to 4 clustershasedn
2 to 4 factors. The k—-meansclusterirg algotithm with a
fixed setof clustersis initialized by randan clustercen-
ters. Thus,two subsegant runs give slightly different
results.Therefae, eachrunwasperfomedtwice.
Thefour corpaa plustheir combinationweredivided



Task min. Words | min. Turns | Speakrs | Class. Corpus | General| Special Sig. | Interpol. Sig.
VM-a 100 20 188 53

VM-b 100 30 109 52 CallHome | 215.1 236.4 yes | 210.3 yes
VM-c 400 20 125 57 Verbmobil | 106.2 115.0 yes | 103.5 yes
VM-d 400 30 87 57 TABA 26.1 24.8 yes | 23.1 yes
CH-a 100 40 144 70

CH-b 100 60 60 75 Figure 8: Mean perplity valuesfor all comparison
CH-c 400 40 99 66 runs (n=324) betweenstyle—specificand genera lan-
CH-d 400 60 47 66 guag models(top) andbetweerinterpolatecandgeneal
TABA-a | 30 6 158 27 langilagemodels(batom). Significarce wascalculated
TABA-b | 30 8 65 42 by the pairedt-test(onesided,a < 0.05, df = 35).
TABA-c | 40 6 123 25

TABA-d | 40 8 53 34

Figure 7: Datasetsusedin the classificationtask with
minimal nunmberof wordsandturnspersinglespealeras
constraims, andtheresultingspealer numter andclassi-
ficationrate.

into 10 setsfor a ten—fdd cross—alidation. One set
sened as developmentset for paraneter optimization

anotler setwasthetestset,andtheremainingeightsets
wereusedto train thelanguagemockls. In eachrunfive

standarcbigramlangua@ mocels weretrained onefor

eachspealer-specific corpts andonefor their combira-

tion. The perpgexity wascalculatedor the pertinen test
sets.

In a subseqantstepfor eachspealkerspecificcorpus
the generh andthe specificlanguagemodés werelin-
early interpolded; the interpolation factor was iterated
over thevalues0, 0.2 0.4,0.6,0.8,and1.0. Theinter
polationfactorwhich gave the bestresults(smallestper
plexity) for the devdlopmert setwastaken to compue
theperpleity onthetestset.

5.2 Results

Wheninterpeetingtheresultsonehasto keepafew things
in mind:

e The assumptionthat the correct style class of a
spealeris known in advarceis notlikely to betrue
in realsystemsA few turnshave to beanalyzedn
orderto perfam areasonale classification.

e Theparanetersusedfor classificatior(distributions
of part-of-speeclitems,lengthparanetersetc.) are
only very looselyrelatedto the prabability of word
sequenes.

e Theclassesarenotoptimizedto yield maximal gain
in perpleity.
¢ Thelangwagemodelsarerathersimple.

Theglobal resultsaredisplayedn Figure8. Thegen-
eral model (with 4 timesthe training materia thanthe
specialmodels)givesbetterresults.excep for the TABA
corpws which is prabably sufficiently constrined and
simply structuredo make up for thedeceasen training
material. Thisis in line with resultsdescribd in Klarner
(1997). Theinterpolatedmodelhasa significantlylower
perplity thanthe geneal mockl alone but the gainis

sosmallthatit is unlikely to improve recogiition results.
With all the caveatslisted above one canconclule that
determiration of linguistic stylein the way describedn

thisdocunentdoesnotdramaticallyimprove recogition

results.

6 Conclusion
Thisinvestigaion shovedthat

e numeical parametewvaluescan be computed for
spealersin spolendialogLe corpora,

o theseparaneterscanbereducel to linguisticallyin-
terpretake factorsby meansf a PCA,

e stableclassesanbe constructedrom thesefactors
by clusteranalysis,

¢ unseerclassmemterscanbereliably classifiedby
trainedneuralnetworks if the datais linguistically
rich,

¢ style—specificlanguag@ models reduce pergexity
only mamginally.

This proesshasbeenappliedto threedifferentcorpora.
It hasbeenshavn thatit worksin principle Furtherim-
provementsmay be obtainedby optimizing the proce-
dureaccordimg to specificneedqe.g.very quic classifi-
cation,recoquizingaspealerfrom asmallsetof possible
speakers)whichdepeid onthe apgication.

Themethod cannotonly beappliedto classifyspeak-
ers accoding to their style, but also to recogrize text
genreor speeclacttypes.
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