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Abstract

Polite behavio in intelligert conversationh systens
requires mixedinitiative diabg. AutoTuta is an intelligent
tutoring systen in which severaof thee w@nversationa
skills ae implementedThis pape discisses sone aspect
of mixed-initiative dialog as implementd in AutoTuto
rangirg from disourse markers dialog moves and spedt
act o quesion answeringln addition sore d the stidies
will be reportd tha show the effectivenes d AutoTutor's
conversationa skills on pedagogy oconversationa
smoohness anl learnirg gains.

I ntroduction

In humarcompute interaction computes hep humass in
the executdn d intelligent adions Ore d thes intdligent
actions humans ar good a is canmunication. Humars ae
for instarte excéent conversationalistsWe chat talk,
gossip disciss In fact the way we lean is often by sorre
form of communcaion. In thog case whee naturh
languag is involved it therefoe seema sensite  devebp
intelligert systers tha allow for humancompute
interadion tha is as natufaas possibé © humarhuman
communication Mixed-initiative dialagy shoutl be pat of
sud a caversationbsystem.

Mixed Initiative Dialog

Participans in conversatiomn ae expectd to cooperatgin
othe words they are expectd to adhee  the cooperatig
principle (Clark 196; Grice 1975) Ther contributions in
the cawversatbn ae supposg to be sut as is required a
the time d the cawversdion by the purpoe a direction of
tha conversation Fa computers more specificaly
intelligent tutoring systems paticipating in sut a joirt
activity is difficult. At the same timghowever to express
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acceptald behavio in a conversation mixedinitiative
engagemenin tha converation is essential.

Mixed-initiative interactio refes o the flexibility of

strategis gplied in the interactio between paticipants by
thoe participants Mixed-initiative interactio allows for
the direction ard contrd of the inteaction to ke shifed
between participants At leas four leveks d mixed
initiative interation can be distinguishd (Allen, 1999).

1. Unsolicited reporting, in which a participah
notices pwoblens during the interactio ard
notifies the othe paticipart of criticd
information;

2. Subdialog initiation, in which the participan
initiates a sipdialog to clariy ard carea
information;

3. A fixed-subtask mixed initiative, in which tre
participart takes the respnsibility to perfom
certan operdions like solvihg predefind
subtasks.

4. Negotiated mixed-initiative dialog, in which
participans @ordinae ard negotiag¢ o determire
initiative.

Mixed-initiative dialagy requires thda the paticipants
engagel in the joirt projed (i.e. compute ard humar) ad
in ooordination with ead other For humaninitiated
interacions (like booking a flight on the wel) or system
initiated interactios (ike checkng you bark balarce
using the telephoa keypadl this is relativey easy Ore
participant gther the use or the systemalways has contro
in the inteaction (produdion ard comprehensign of
information ard direcs the discourseThe® ae exampls
of Allen’s first two levek d interaction Reachiry the third
and fourth levd of mixed-nitiative interactio is a red
chdlenge for intelligent system

True mixedinitiative dial@ requires active paticipation
in the joint projed¢ from boh paticipants which involves
more thar an understading o the linguistc (syntactic ad
semanti¢ information of the inpu is reeded It requires
knowledg d its pragmatics Strictly speaking, although
intelligent systens hae reachd a levé sophidication in



analyzng locutionay act (usirg synactic parses am
information retrievd procedures) they are fa from
understandig illocutionaly acts ard acordingly
performirg perlocutionary #ects However as we know
from humar communcaion, al three (locutonary
illocutionary ard perlocutbnay aspecty are inmportart for
mixed-initiative diabg (e Clark 196).

Perhap the quetion to ke addresseth mixedinitiative
interadion in intelligert systens is nd whethe modek o
humancompute interadion are mixedinitiative, but how
the impression can be creatd tha uses ae involved in
mixed-initiative dialog We clam tha the impressin o
mixed-initiative can be creatd by makirg the compute
useg believe tha they are participatig in a naturd
converséon. The more natullathis converstion sens
be the moe likely the impressia of mixedinitiative
dialog is formed.

In the devebpmen of an intelligent tutoring systen we
considerd mixedinitiative dialog or the impressian
thereof as a prerequite for a conversdond tutor (see
Appendk A). The remaindeof this pape preserg varios
aspecs d mixedinitiative dialg e they are curently
implementé in the intelligert tutoring systen AutoTutor,
ard discisses ther effecs o the converséion ard
learning.

AutoTutor

AutoTutar is a caversationhagert tha assiss studerg in
actively constructig knowled@ by holding a conversation
in naturd language At leas four conponens can be
distinguishe in the systen (Graesse et al. 1999).

1. AutoTuta uses Lateh Sematic Analyss for its world
knowledge LSA uses shgula value decomposition to
redice a cooccurerce matrk of words (o
documenty to a cosine betwee two vectors In
particular AutoTuta uses LSA to give meamg © a
studen answe ard to matd tha answe to ided good
ard bad answer (e Franceschetit al., 2001).

2. A dialog managemen systen guides the studenh
through  the studeh  compute  exchang
accanmodaing studehinput Fuzzy production rules
ard a Dialog Advarcer Netwok form the bass o
thee caoversationh strategis (e Perso € al,
1999).

3. For its didactic skills AutoTuto uses curriculum
scripts thd organize the pedagogitanacrostructue o
the tutorial The® scrips keg tradk of the tpic
coverag ard follow up on any problens the studeh
might hawe (e Grasse et al, 2002).

4. A talking read with facid expressios ard synthesied
speed is usel for the interface Parameter o the
facid expressiors ae generai@ by fuzzy producton
rules (ee Grasser¢al., 2002).

An overviev of the interface thashows the talking head
the questia box the answe box ard the dialgy history is
presentd in Appendx B.

One d the advantage d AutoTutor is tha its
conversdond skills ae indepedert of the domah it
tutors in The systen can thus be see & a colléorative
scafold. In fact AutoTuta was desgned to be reusable fo
othe knowledg domairs tha do nd require mathematida
precisicn ard formd specificaion. This is an importarn
asped of the systemsirce its mnversationaconmponens
reman intad when domairs ae chaged.

In orde to tes the portabiity of the AutoTuto
archiecture we develped a verson for the doman of
corceptud physics Togethe with compute literacy,
corceptud physics is ore d the fields in which exta
tutoring sessiors ae neededThe targé populaion for the
tutor was undergraduatstuders takirg elementar coures
in corceptud physics In the transitimm of AutoTutor from
compute literagy to physis ony three nodules reedd to
be changd for the nev subjet matter (1) a glossay of
terns and defintions for physics (2) an LSA space fo
corceptud physics (3) a curiculum scrig with deep
reasormg question ard associatd answes far physics
The thre nodules can loosey be affiliated with
metacgnition, comprehension, a@nproduction Note tha
all mixed-initiative diabg componerstremaind intact

We will disciss fou of AutoTutor's conponens tha
form the structure b mixed-nitiative interaction 1)
discourg markers?2) dialog moves 3) speet acts and 4
guesion answering.

Discour se markers

Discour® markes ae cues thd faciitate the transitio
between turrs in a dialog They syppott the mnversationia
smoothness d the cawersation Fao  inteligent
converstiond systens the man problan lies in choosing
the right discourse marke & the right time in orde to give
the impression d conversaiona smoothness.

To stat building a datadriven taxonony of cohesim
relatiors in dialog we use the mettodolagy describd in
Knott & Mellish (1996) Knot amgues far a datadriven
accoum of taxonomies by proposng a substittion test to
see whethe one cue phras (a relationaphrag cueng a
coherene relatbn) can be use in the plae@ d another
Two cle phrase ae consideré more a less synonymas!
within the same categgprif they are intersubstitutable If
one can be replacd by the other but nat the othe way
araund the latte is a hypernyn o the former If they
canna be substitutd in ary given contex they are
exclusive After makirg a large numbe of substtutions
tha were then enterd into a facto analytc model four
catgories emerged direction, polarity, acceptace aml
empatly (see Louwers & Mitchell, unde review) The
taxonony tha could be constructe ou of thee markes
was implementd in AutoTutor Randon seéctions from
large bag d discoure markes wee maddn orde to give



postive, neutrd and negatie fealbadk to the stident ard
to provice the studehwith a conversatioriacontinuity that
can be found n naturadialog The® selection ae basd
on the Dialg Advarcer Netwok ard LSA scores Far
instarce, a high LSA score ca leal to positie fealbadk
like ‘Excellent Well done!, to neutr& feedbad like
‘Hmm, okay or to negatie feedbak like ‘No, na redly’ .
Using the taxonomies d markes allowal for the
impressian of conversationhsmoothness n AutoTutor. By
going beyown simpk yesno feedbadk the impresson was
createl tha the systen was nd fully in contrd of the
converséion, bu allowed for a @nversatio with the
student.

Dialog moves

A large numbe of AutoTutor’s dialggy moves consis of a
lengthy substative contribution tha promps the learne
for more informdion, tha adds informaton, or tha
corecs a studeh error. Thee dialg moves dont
particulary make AutoTuta a cawersationhand mixed
initiative system More sgecific dialog moves tha mimic
naturd tutoring sessios howeve do. AutoTuta primarily
uses seva kinds d dialog moves in its cnversatia with
the studentit prompts for specific informaion; it pumps
for more informdion; it hints, asserts, corrects, repeats ard
summarizes. Discourg pdterrs organie theg diabg
moves in terns d their progressive specifiity. Hints ae
less sgcific than Prompts ard Promps ae less sgcific
than Elaborations AutoTuta therefoe cycles thiough a
Hint-PromptElabordion pdtern until the studeh
articulates the cared answe (or rathe reachs threshd t
for coverng dl aspecs d the ided answe). The othe
dialog moves (e.g, short feedbacls ad summarie$ are
controlled by fuzzy production rules With the Dialag
Advarcer Netwoik in which theg ard othe dialog moves
are implemented AutoTuta moritors studet input am
studen progress an ste in when critcd information is
needed thus reachig as leas the unsdicited reportng
mixedHinitiative level.

Graessetteal. (1999 conducte a stug tha evaluate
the dialgg moves generai@ by AutoTutor. Studehanswes
(generatd by human studentksin a conpute literagy class
were colected AutoTuta’s dialgy moves in reponge ©
thee answes wee recordd ard thee fragmats wee
rated on snmoothnes aml pedagog by expet raters
Overall rates concludd tha AutoTuta performel wel in
generding move tha fit in with the flow of the
converséion ard are converstionally sound AutoTuta

Speech act classifier

In naturd conversatio an understanding fathe intentiors
of the participard is reede in addition to understandig
the meanig ard synadic structure © an uterarce
Computationhkintention recagnition, however is dfficult.
First of all, thee ae varios dstind ways d formulating
an intention Secondly intertions oftsn  reman

linguistically unmarked Finally, classifying a speakes
intention seens © requie sone underlying framework ad
existing specd ad classifications ae vey differert from
one arothe ard are basd on differert approaches.

Understandig the intentios o participans requiresa
thoraugh understandin o the contex in which the
utterarce s exprased na ore d the stravg poins o
intelligent systems Nevertheles we have iitial evidene
that if a speels ad is take ou of context computationha
speed ad classificaion might be an pat or might be even
better than speed ad classification by humans Setting for
a systen tha satisfces we hawe developd a speelk aa
classifier that identifies a largenumbe of categoris usirg
surface Inguistic featuresFurthermore, th classifier does
not only focus an the uptake b the speek act bu
articipates gopropriae reponse.

The classifier identifies 20 illocutionaly categoies
ranging from mehAcanmunicative am metacgnitive
expressiors like “Can you reped that? and “I don't know”
to 17 quesons categoriesas piopose by Graesse et al.
(1992) The® categoris consistd for instarte d
definitiond questions caush antecedeh questios ard
exampé questions Extensie tesing o the classifie
showal tha the accurag of the classifier was bdter than
65% overal and & high @& 87% for certan questio
categoris (®e Louwers & Olney, in preparation).

With the classfier swcessfully been implementd in
AutoTutor, the systen now hass ways ¢ appropriatsl
regpord toa studens input Using the illocutionary acts d
the stidents it can notify them o criticd information (ard
follow the dialgy moves describd beford or it can initiate
nev swbdialogs © clarify ard cored the student
Recanizing the studen® intentions bring AutoTuta
close to simulatirg mixedinitiative.

Question answering tool

lllocutionaly acts requie aricipating perlocutionar
effects AutoTutor appopriatey respond t nonsens
input, to mehcanmunicative and meacogntive input as
well as o studeh contrbutions Appropriately reponding
to studeh questdons ore d the prerequisite for a fully
mixed-nitiative diabg systemsis howeve difficult.

Various quefion answering systesn hae be@a
devebped mog notaby systens tha compeg in the TREC
compditions ard tho® devebpel in the AQUAINT
program Often theg systera provice shot answes ©
who-andwha questions Informaion needs © be concie
ard carect In a tutorig environmern deg reasormg
quesions might prevail Insead o who-andwha
qguesions, the systen will hawe o be able 6 answe why
qguesions. Furthermorginformatian shoutl na be concise
Instead the studehneeds an eldorative answe tha coves
variows asgcts d the answer.

Recently we have develogk a Questia Answerng
Too (QUANTUM) tha answes aty sudert questio in
the desire forma (see Appendi A). The tod combines



the surface cue badecategoization in the speeb ad
classifier with world knowledg ushg LSA By combining
thee two approachesthe bad sekeck a paragrap from a
documen or series d documerg as tle answe to tha
quesion (e.g Hewitt, 1998) Current performace fa
relevarte aml informdivity of the answes provide by our
systen is saisfactory Experimen usihg AutoTuto with
QUANTUM implementel in the systen showel tha
subgeck wee sdisfied with the answes © ther questions.

With the curert mechanisn we ae easy able o answe
quesions in variols domainsAlso, thoe quesins tha are
generdly considerd difficult to answe computatbnally
(e.g causa antecedent comparisa questios insead o
definitiond questiors tha can answeredrom glossaried
hawe the highe$ peaformarce scoresdwe o the ided
computatond combination of (a) syn&ctic lexical, ard
surface cue featuseand (b world knowledge.

Learning gainsin AutoTutor

So far we have discssal various mnversationbaspect o
AutoTutar tha syport a mixedinitiative diabg. The
remainng question bcourse concern tre peformane o
the systemPersn 4 al.,, 2001) testal the learnng gairs o
studens who had coversationkh interactions with
AutoTutor. Sixty studers in a compute literacy couse &
the Universiy of Memphis wee participatd in
experimerg in ore d three experimentaconditions
AutoTutar (studen interactedl with AutoTuta to lean
abou ore d the three computditerag topics Hardware
Operathg systems or Internet) Reeal (studet reread
materid in the coure texbook abow ore d the three
topics) ard noread Contrd (studen does not re-read o
interad with AutoTuta for one d the thee bpics)
Studens wee given goproximatey 50 minuts © reeal
the materidor to intelmad with AutoTutor.

Persm & al. showed tha thee were ginificart
differences amoug the thiee experimentaconditions with
mears d .43, .37, ard .35 n the AutoTutor Reead ard
Contrd conditions resgdively. Plaoned comparisos
showel the following pattern AutoTuta > Reea =
Control The effet size d AutoTutor over Contrd was 50
standad devidions Given tha studerg speh the sane
amaunt of time in the AutoTutg (506 minute$ ard Reea
(49 minute} conditiors this resulis encouraging

Currenty additiond experimens ae conductd with
versiors d AutoTutor tha use moe mixedinitiative diabg
conmponens thd were nat availabe in eatier versbons
Furthermore the® experimerg will be abe © show
whethe there are dfererces betveen doman (compute
literacy versis physics).

Conclusion

Intelligent tutoring systers like AutoTute tha interad
with humars ae not mixedinitiative. However by using
pedagogid dialog moves o macrostructue the tutorial by
using speed acks o anticipaé studens illocutionay acs
ard accordingy decide an perloctionaly effects ard by
using a sophisticai® queson answerig tool, the
impressim  can  be given o a mixedinitiative
conversdond partner Following Allen’'s (1999 mixed
initiative levels unsolicitel reporting sibdialag initiation
and fixed subtak initiative are © a certan exten
representg into AutoTutor Although ful mixed-initiative
dialog might be fa away AutoTuta provides moe natura
convers#ons thd contribute © the enhanog impressian of
mixed-nitiative diabg. Not only are its dialgg moves
indistinguishabé from a human tutor, its learnng gairs ae
similar to those o a huma tutor.

In sum the diquete for humancompute interaction
shout follow the skills tha humars u® continuouslytha
of converséions AutoTuta is an exampé o what sud
etiquete systen cout look like.
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Appendix A
Example of student interaction with AutoTutor

Tutor: The sun exers a gravitatond forceon the earh as
theearh moves in its orbt araund the sun Does the earh
pull equally on the sun? Explan why.

Student: How can graviy pull on both the sun ard the
earh & the sanetime?

Tutor: Very interestirg point The following will probabi/
help. The sun alo contributes b ocean tides dthough i is
less tha haf as efective & the noon in raising tids -
even thoudn its pul on the earh is 180 times greate than
the pull of the moon Why doesii'the sun cau® tides 180
times greate than luna tides? The answe has 0 do witha
key word: difference Becaug d the greadistarce d the
sun, the differencen its gravtationd pull on opposie side
of the earh is vely small The percentag differerce in the
sun's pdlsacress tle earh is only abou .017 percent
compard to 6.7 pecert acros the earh by the noon Itis
only becaus the pul of the sun is 180 times stroge than
the maon's thd the 2un tides ae almos haff as high (180X
0.017 pecert = 3 pecent neary haf of 6.7 pecent) Do
you uncerstam the answer?

Student: no
Tutor: Wha isit that yas dont understand?
Student: | dont know wha gravity is.

Tutor: gravily is the dtraction betwea object die ©
mass.

Tutor: Okay, see T you can gé this. Newbn's Third Law

refers o the forces exerte by one lody on anothe
?

Student: Wha is Newbn's third law
Tutor: Wait a mnute answe my queston ard then we'l
do yours Let me repeatNewtons Third Law refers o the

forces exerte by onebody on anothe ?

Student: body



Appendix B

AutoTutor interface

SupOSe & MUnned = running ina straght line at constant speed.
and the munnes throws & pumpkin straight up. Where will the

fand? Explan why

Figure 1. Overview of AutoTutor interface



