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Abstract

In orderto generatehigh quality explanationsin
mathematicaldomains,the presentatiormust be
adaptedo theknowledgeof theintendedaudience.
Most proof presentatiorsystemsonly communi-
cateproofson a fixed degree of abstractioninde-
pendentlyof theaddresseseknowledge.In this pa-
per, we shall presenthe proof explanationsystem
Prex. Basedon assumptionsiboutthe addresses’
knowledge,its dialog plannerchooses degreeof
abstractiorfor eachproof stepto be explained. In
reactionto the users interactions,which are al-
lowedat ary time, it entersclarificationdialogsto
reviseits usermodelandto adaptthe explanation.

1 Introduction

A persorwho explainsto anothempersoralogicalline of rea-
soningadaptshis explanationgo theaddressee’knowledge.
A computeiprogramdesignedo takeovertheexplainingpart
shouldalsoadoptthis principle.

Assorted systemstake into accountthe intendedaudi-
ences knowledge in the generationof explanations(see
e.g., [Cavsgy, 1990; Paris, 1991; Wahisteret al., 1993;
Horacek,1997). Most of them adaptto the addressedy
choosingbetweendifferent discoursestratgies. Feedback
form the user himself can be an importantsourcefor user
modeling. [Moore and Swartout,1991] presentsa context-
sensitie explanationfacility for expert systemshat, onethe
onehand,allows the userto askfollow-up questionsand,on
the otherhand,actvely seeksfeedbackirom the userto de-
terminewhethertheexplanationsaresatisfactory[Mooney et
al., 1991 emphasizethatthe usermustbe ableto interrupt
theexplanationsystemat ary time.

Whereasmathematiciamommunicatea proofonalevel
of abstractiorthatis tailoredto theaudienceandreactso the
audiences needs,most proof presentatiorsystemssuchas
PROVERB [HuangandFiedler 1997 verbalizeproofson a
fixeddegreeof abstractiorgiven by theinitial representation
of the proofwithout allowing for userinteraction.

Drawing on resultsfrom cognitive sciencewe have been
developing an interactive proof explanation system, called
Prex (for proof explainer), which adaptsits explanationsto
theusersassumedaxpertise.Thesystemexplainseachproof
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stepof a proof on the mostabstractevel that the useris as-

sumedo know. While theexplanationis in progresstheuser
caninterruptPrex arytime, whenhe is not satisfiedby the

currentexplanation.Analyzingthe users interactionanden-

teringa clarificationdialogwhenneededthe systemtries to

identify the reasonwhy the explanationwasnot satisfactory
and re-plansa betteradaptedexplanation,for example, by

switchingto anothedevel of abstraction.

Hence,driven by the dialog, P.rex adaptdts explanations
to the userin reactionto his interactions. However, in the
currentexperimentalstage only a smallsetof interactionds
allowed.

In this paper we shallfirst introduceproofsasthedomain
objectsthat are subjectto explanationin Section2. Next,
in Section3, we shallgive anoverview of the architectureof
Prex. Then,in Sectior4, we shalldescribehedialogplanner
in moredetail. Section5 is devotedto exampledialogs.

2 TheDomain

Theobjectsof our domainthatareto be explainedareproofs
of mathematicatheorems.An examplefor a proof is given
belown. Eachline consistof four elementglabel,antecedent,
succedent,and justification) and describesa node of the
proof. The label is usedasa referencefor the node. The
antecedent is a list of labelsdenotingthe hypothesesinder
which the formula in the node, the succedent, holds. This
relationbetweerantecederdandsuccedenis denotedy .

Label  Antecedent Succedent Justification
Lo FaeUVaeV Jy

H, H, FaclU HYP

L, H, FacUuUuV DefU(H,)

H; H; FacV HYP

Ly H; FacUuV Defu(H2)

L FacUUV U-LemmgLo)

CASK Lo, L1, L)

We call A + ¢ thefact in thenode.Theproof of thefactin
the nodeis givenby its justification. A justificationconsists
of arule andalist of labels,the premises of the node. J; de-
notesanunspecifiedustification. HYP andDefu standfor a
hypothesisandthe definitionof U, respecirely. Lz hastwo
justificationson differentlevels of abstraction:the lessab-
stractjustificationwith theinferencerule CASE(i.e.,therule
for caseanalysesandthe moreabstracjustificationwith the
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inferencerule U-Lemma,which standgor analreadyproven
lemmaabouta propertyof U. By agreementif a nodehas
more than one justification, theseare sortedfrom mostab-
stractto leastabstract.

Theproofis asfollows: Froma € U vV a € VV we cancon-
cludethate € U U V by theU-Lemma. If we do notknow
theU-Lemma,we cancometo the conclusiorby considering
thecaseanalysiswith thecaseghata € U ora € V, respec-
tively. In eachcase,we candervethata € U U V by the
definitionof U.

3 TheArchitectureof Prex

P rex is ageneriocexplanationsystenthatcanbeconnectedo
differenttheoremprovers. An overview of its architectureas
providedin Figurel.

A formal languagefor specifyingproofs and mathemati-
caltheoriesis theinterfaceby whichtheoremproverscanbe
connectedo Prex. Mathematical theories areorganizedin
ahierarchicaknowledgebase Eachtheoryin it maycontain
axioms, definitions, theoremsalong with proofs,aswell as
proof methods,and control rules how to apply proof meth-
ods.

A proof of a theoremcan be representedierarchically
suchthatit makesexplicit thevariouslevelsof abstractiorby
providing severaljustificationsfor asingleproofnode,where
eachjustificationbelonggo a differentlevel of abstraction.

Thecentralcomponenof thesystemis thedialog planner.
It is implementedn ACT-R [AndersonandLebiere,1994,
a goal-directegporoductionsystemthataimsto modelhuman
cognition.ACT-R hastwo typesof knowledgebasespr mem-
ories, to storepermanenknowledgein: declaratve andpro-
ceduralrepresentationsf knowledgeareexplicitly separated
into the declaratve memoryand the proceduralproduction
rule baseput areintimately connected.

Proceduraknowledgeis representedn productionrules
(or simply: productions) whoseconditionsand actionsare
definedin termsof declaratve structures.A productioncan
only apply if its conditionsare satisfiedby the knowledge
currentlyavailablein thedeclaratve memory An itemin the
declaratve memoryis annotatedvith anactiationthatinflu-
encedts retrieval. The applicationof a productionmodifies
thedeclaratie memory or it resultsin anobserableevent.
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To allow for agoal-orientedbehaior of thesystemACT-R
managegoalsin agoalstack.Thecurrentgoalis thatonthe
top of thestack.Only productionghatmatchthecurrentgoal
areapplicable.

The plan operatorsof the dialog plannerare definedin
terms of productionsand the discoursestructureis repre-
sentedin the declaratve memory Since presumeddeclar
ative and proceduralknowledge of the useris encodedin
thedeclaratvre memoryandthe productionrule baserespec-
tively, the dialogplanneris modelingthe user

In order to explain a particular proof, the dialog plan-
ner first assumeshe users supposedognitive stateby up-
datingits declaratve and proceduraimemorieswhich were
recordedduring a previous session. An individual model
for eachuserpersistsbetweenthe sessions.The individual
usermodelsarestoredin the databasef user models. Each
usermodel containsassumptionon the knowledge of the
userthat arerelevantto proof explanation. In particular it
makesassumptionsn which mathematicatheoriesthe user
knows, which definitions,proofs, proof methodsandmathe-
maticalfactsheknows,andwhich productionshehasalready
learned.

After updatingthe declaratve and proceduralmemories,
thedialogplannersetstheglobalgoalto shav theconclusion
of the proof's theorem. ACT-R tries to fulfill this goal by
successkely applying productionsthat decomposer fulfill
goals. Thereby the dialog plannernot only producesa dia-
log plan(cf. Section4.1), but alsotracesthe users cognitive
statesn thecourseof theexplanation.Thisallowsthe system
bothto alwayschooseanexplanationadaptedo the user(cf.
Section4.3), andto reactto the users interactionsn a flexi-
bleway: Thedialogplanneranalyzegheinteractionin terms
of applicationsof productions.Thenit plansanappropriate
responsécf. Sectiord.4).

The dialog plan producedby the dialog planneris passed
on to the presentation component. Currently we use a
derivate of PROVERB's micro-plannefHuangand Fiedler
1997 to planthescopeandinternalstructureof thesentences,
which arethenrealizedby the syntacticgeneratoTAG-GEN
[Kilger andFinkler, 1994.

The utteredsentencesre finally displayedon the inter-
face, which also allows the userto enterremarks,requests
and questions.An analyzer recevesthe users interactions
andpasseshemonto thedialogplanner In thecurrentexper
imentalstagewe useasimplisticanalyzeithatunderstanda
smallsetof predefinednteractions.

4 Discourse Planning

In thecommunityof NLG, thereis abroadconsensuthatit is
appropriateo generatanaturallanguagen threemajor steps
[Reiter 1994;Cahilletal., 1999. First,amacro-planner (text
planner) determinesvhat to say thatis, contentand order
of the informationto be corveyed. Then, a micro-planner
(sentence planner) determineiow to sayit, thatis, it plans
thescopeandtheinternalstructureof the sentenceskinally,
arealizer (surface generator) produceghe surfacetext. In
this classification the dialog planneris a macro-plannefor
managinglialogs.
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Thedialog plannerof P.rex plansthe dialog by building a
representatioof the structureof the discoursethatincludes
speechactsaswell asrelationsamongthem. The discourse
structurels representedh the declaratve memory The plan
operatorsaaredefinedasproductions.

4.1 Discourse Structure

Drawing on Rhetorical Structure Theory (RST) [Mann and
Thompson,1987, Hovy amguesin favor of a singletreeto
represena discoursdHovy, 1993. He considersaa discourse
asa structuredcollectionof clauseswhich aregroupedinto
segmentsby their semantiaelatednessThe discoursestruc-
tureis expressedy the nestingof segmentswithin eachother
accordingo specificrelationshipgi.e., RSTrelations).Sim-
ilarly to Hovy’s approachwe describea discourseby a dis-
course structure tree, whereeachnodecorrespond$o a segy-
ment of the discourse. The speechacts, which correspond
to minimal discoursesggmentsarerepresenteé theleaves.
We achieve alinearizationof thespeectactsby traversingthe
discoursestructuretreedepth-firstfrom left to right.

4.2 Speech Acts

Speech acts are the primitive actionsplannedby the dialog
planner They represenfrozenrhetoricalrelationsbetween
exchangeablsemantientities. Thesemantientitiesarerep-
resentecasagumentdo therhetoricalrelationin the speech
act. Eachspeechactcanalwaysbe realizedby a singlesen-
tence.We usespeectlactsin P.rex notonly to representitter
anceghat are producedby the system,but alsoto represent
utterance$rom theuserin the discourse.

We distinguishtwo major classesof speechacts. First,
mathematical communicative acts (MCAs) are employedto
convey mathematicatonceptor derivations. MCAs suffice
for thosepartsof the discoursewherethe initiative is taken
by the system. Second,interpersonal communicative acts
(ICAs) sene the dialog, whereboththe systemandthe user
alternatelytakeover the active role.

Mathematical Communicative Acts

Mathematical communicative acts (MCAs) are speechacts
thatconvey mathematicatonceptor derivations. Our class
of MCAs was originally derived from PROVERB's PCAs
[Huang,1994, but hasbeersubstantiallyeoiganizedandex-
tended We distinguishtwo classe®f MCAs:

o Derivational MCAs corvey stepsof the derivation,
which are logically necessary Failing to producea
derivational MCA makesthe presentatiorogically in-
correct. The following is an examplefor a derivational
MCA givenwith a possibleverbalization:

(Derive :Reasons (a€ FVvacQG)
:Conclusion ae FUG
: Met hod u-Lemm3g
“Sincea € Fora € G,a € F UG bytheU-
Lemm&.

¢ ExplanatoryMCAs commenbnthestepsf aderivation
or give informationaboutthe structureof a derivation.
This informationis logically unnecessaryhatis, omis-
sionleavesthederivationlogically correct.However, in-
clusionof explanatoryMCAs makesit mucheasierfor
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the addresse& understandhe derivations,sincethese
commentkeephim oriented.For example,an MCA of
typeCase introducesa casen a caseanalysis:

(Case :Number 1 :Hypothesis acF)
“Casel: Leta € F”

I nter personal Communicative Acts

MCAs, which only corvey informationto the dialog part-
ner without prompting ary interaction, sufice to present
mathematicafactsand derivationsin a monolog. To allow
for dialogswe also needinterpersonal communicative acts
(ICAs), which are employedfor mixed-initiative, interper
sonalcommunication.In our taxonomizatiorwe distinguish
four classe®f ICAs: questionsrequestsacknavliedgments
andnotifications.Note thatthe usernever entersspeectacts
directly into thesystem.Instead the users utterancesrein-
terpretedoy theanalyzerandmappednto the corresponding
speechacts.

ICAs areespeciallyimportantto allow for clarificationdi-
alogs. If the systemfailed to successfullycommunicatea
derivation, it startsa clarification dialog to detectthe rea-
sonfor thefailure. Then,it canre-planthe previously failed
part of the presentatiorand double-checkhat the userun-
derstoodhe derivation. We shall comebackto this issuein
Sectiord 4.

4.3 Plan Operators

Operationalknowledge concerningthe presentations en-
codedasproductions Eachproductioneitherfulfills the cur
rentgoaldirectly or splitsit into subgoalsLet usassumehat
thefollowing nodesarein the currentproof:

Label Antecedent Succedent Justification
P1 Al " @1 Jl

P. A, F ¢n Jn

C r F R(Py,...,Pp)

An examplefor a productionis:

(P1) IF the current goal is to show I' F ¢
and R is the most abstract known rule justifying
the current goal
and Ay F ¢1,...,A, F ¢, are known
THEN produce MCA

(Derive :Reasons (¢i1,...,%n)
:Conclusion ¢ : Method R)

insert it in the discourse structure tree

and pop the current goal

By producingthe MCA the currentgoal is fulfilled andcan
be poppedrom the goal stack. An examplefor a production
decomposinghe currentgoalinto seseralsubgoalss:
(P2) IF the current goal is to show I' F ¢
and R is the most abstract known rule justifying
the current goal
and @ = {¢i|Ai F ¢iisunknownforl < : <
n}#£0
THEN for each ¢; € @, push the goal to show A; - ¢;
Note thatthe conditionsof (P1) and (P2) only differ in the
knowledgeof thepremisesp; for rule R. (P2) introduceghe
subgoaldo prove the unknovn premisesn ®. As soonas
thosearederived, (P1) canapply andderive the conclusion.

1297



Hence,gPl) and(P2) in principlesufice to planthe presen-
tatiom of a proof startingfrom the conclusionandtraversing
theprooftreetowardsits hypothesesHowever, certainproof
situationscall for a specialtreatment. Assumethat the fol-

lowing nodesarein the currentproof:

Label  Antecedent Succedent Justification

Po F |_ ©1 \ ©2 Jo

H1 H1 |_ ©1 HYP

P1 F, H1 |_ u[’ Jl

H2 H2 |_ ©2 HYP

P2 F, H2 |_ 1;1’ JQ

C T F Y CASHF,, P, P2)

A specificproductionmanagingsucha caseanalysids the
following:

(P3) IF the current goal is to show I' F ¢
and CASE is the most abstract known rule jus-
tifying the current goal
andI' F 1 V g2 is known
andI', H, F ¥ and I, H> F 3 are unknown
THEN push the goals to show I')H; + %
I Hy o
and produce MCA
(Case- Anal ysis : CGoal ¥
:Cases (¢1,¢2))
and insert it in the discourse structure tree

and

This productionintroducesew subgoalandmotivateshem
by producingthe MCA.

Sincemore specificproductionssuchas (P3) treatcom-
mon communicatre standardsisedin mathematicapresen-
tations they arepreferredo moregenerabnes.Notethatthe
productionensurdhatonly thoseinferencerulesareselected
for theexplanationthatareknown to theuser

4.4 User Interaction

The ability for userinteractionis animportantfeatureof ex-
planationsystems. [Moore and Swartout,1991] presentsa
contet-sensitve explanationfacility for expertsystemshat,
one the one hand, allows the userto ask follow-up ques-
tions and, on the other hand, actively seeksfeedbackfrom
the userto determinewhetherthe explanationsare satisfac-
tory. [Mooney et al., 1991 emphasizethatthe usermustbe
ableto interruptthe explanationsystematary time.

In P.rex, the usercaninteractwith the systematary time.
Whenthe systemis idle—for example,after startingit or af-
ter completionof an explanation—itwaitsfor the userto tell
it the next task. During an explanation,P rex checksafter
eachproductioncycle if the userwishesto interruptthe cur
rentexplanation.Eachinteractionis analyzedyy theanalyzer
andpassedn to the dialog plannerasa speectact,whichis
includedin thecurrentdiscoursestructuretree.

We allow for threetypesof userinteractionin Prex: A
command tells the systemto fulfill a certaintask,suchasex-
plaininga proof. An interruption interruptsthe systemto in-
form it thatan explanationis not satisfactoryor thatthe user
wantsto inserta differenttask. In clarificationdialogs, fi-
nally, the useris promptedto give answers to questionghat
P rex askswhenit cannotidentify a uniquetaskto fulfill. In
this paper we shallconcentrat®n interruptions.
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Interruptions

TheusercaninterruptP rex arytime to enteranew command
or to complainaboutthe currentexplanation. The following
speechactsare examplesfor messageghat can be usedto
interruptthe system:

(too-detail ed : Conclusion C)
Theexplanationof the stepleadingto C' is too detailed,
thatis, the stepshouldbe explainedat a more abstract
level.

(too-difficult :Conclusion C)
Theexplanationof the stepleadingto C is too difficult,
thatis, the stepshouldbe explainedin moredetail.

TheReactiontot oo-det ai | ed

Whenthe usercomplainsthat the derivation of a conclusion
C wastoo detailed,the dialog plannerchecksif thereis a
higher level of abstractionon which C' can be shown. If

so, the correspondindigher level inferencerule is marked
asknown, sothatit is availablefor futureexplanations.Then,
the explanationof the derivation of C' is re-planned. Oth-
erwise,the dialog plannerinforms the user that thereis no
higherlevel available for presentation.This reactionof the
systemis encodedn thefollowing two productions:

(P4) IF the user message is
(too-detail ed :Conclusion C)
and the inference rule R was used to justify C
and there is an inference rule R’ justifying C that
is more abstract than R
THEN mark R’ as known by the user
and push the goal to show C

(P5) IF the user message is
(too-detail ed :Conclusion C)
and the inference rule R was used to justify C
and there is no inference rule R’ justifying C that
is more abstract than R
THEN produce ICA

(Most - abstract-avai l able :Rule R)

and insert it in the discourse structure tree

An example dialog where the user complainedthat the
original explanationof a proofwastoo detailedshallbegiven
in Examplel in Section5.

TheReactiontot oo-di fficult

Whenthe usercomplainsthat the derivation of a conclusion
C wastoo difficult, the dialog plannerentersa clarification
dialogto find outwhich partof theexplanationfailed to rem-
edy this failure. The control of the behaior of the dialog
planneris displayedn Figure2. Notethateveryarraw in the
figure correspondso a productionsuchthatwe cannotgive
theproductionsheredueto spaceaestrictions.

To elucidatethe diagramin Figure 2, an example dialog
wherethe usercomplainedthat the original explanationof
a proof wastoo difficult shall be givenin Example2 in the
following section.

5 Example Dialogs

Let us examinemore closelyhow Prex plansthe discourse
with the help of two exampledialogs. In both dialogs,P. rex
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StartreplanningstepS

Checkif S hasary premises
yes

Checkif all premiseof S wereepr|C|tIy verbalize

ReverbalizeS with epr|C|t premises
YeSAskif S is understood
Askif all premlsemf S areunderstoo
l no
Recursiorwith all premiseshatarenotunderstood
YESaskiif S is understood
l no

Checkif thereis alowerlevel of abstraction_ no
lyes
ReplanS onthe next lower level of abstractior(S’)
KyesAsk if S”is understood
l no

Return Recursionwith S’ paraphraséheinferencerulein S

Figure2: Thereactionof the dialog plannerif a stepS was
too difficult.

explains the proof given in Figure 3. Note that this proof
consistof two similarly provedpartswith L3 andL; asroots,
respectiely.

Example 1 Letusconsidetthefollowing situation:

e Thecurrentgoalis to shav thefactin L3. Thenext goal
onthestackis to shav thefactin L.

e TherulesHYP, CASE, and Defu are known, the rule
U-Lemmais unknawn.

e Thefactsin Ly and L4 areknown, thefactsin H4, L1,
Hs, Lo, Hs, Ls, Hg, and Lg areunknawn.

SinceCASE is the mostabstracknown rule justifying the
currentgoal, both decomposingroductions(P2) and (P3)
areapplicable Recallthatmorespecificproductionsarepre-
ferredto more generalones. Therefore,the dialog planner
choosegP3) for theexplanation thusproducingthe MCA

(Case-Analysis :CGoal acUUV
:Cases (aeU,aeV))
which canberealizedas“To provea € U UV letusconsider
the caseghata € U anda € V" andthenexplains both
cases.

Supposaow thatthe userinterruptsthe systemthrowing
in that the presentatioris too detailed. Then, the analyzer
passeghe speechact (t oo- det ai | ed : Concl usi on
a € U U V) tothedialogplanner Sincetheinferencerule
U-Lemma,which is more abstracthan CASE, alsojustifies
the conclusion,production(P4) applies. Hence,the infer-
encerule U-Lemmais markedasknown andthegoalto shav
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Label Antecedent Succedent Justification

Lo FacUvVaceV Jy

H, H, FaelU HYP

Ly H, FacUUV DefU(H,)

H> H> FaeV HYP

Lo Ho FacUUV Der(Hz)

Ls FacUUV U-LemmdLo)
CASH Lo, L1, L)

Ly FaceFVvaeG J,

Hs Hs FaeF HYP

Ls Hs Fae FUG DefU(Hs)

He He FaeG HYP

Ls He Fae FUG DefU(Hs)

L~ Fae FUG U-LemmdL,)

CASH L4, Ls, Lg)

Figure3: A proofto beexplainedby P rex.

thefactin Lz is againpushedntothegoalstack.Then,(P1)
is the only applicableproduction. SinceU-Lemmais more
abstracthan CASE and both areknown, it is chosento in-
stantiatgP1). Hence thedialogplannemproducegshe MCA

(Derive :Reasons (a€UvVaclV)
:Conclusion acUUV
: Met hod U-Lemma
whichcanbeverbalizedas“Sincea € U ora € V,a € UUV
by theU-Lemméd.

SinceU-Lemmais now markedas known by the user it
canalsobeusedfor presentatioiin subsequergituationsfor
example,when L7 is to be shavn. The whole dialog takes
placeasfollows:

Prex: Inorderto provethata € U UV letusconsider
thefollowing cases.
Casel: Leta € U.

definitionof U.
Case2: Leta € V. Thatimpliesthata e UU V'
by the definitionof U.

User: Thisdervationis too detailed.

Prex: Sincea € Uora € V,a € UUV bytheu-
Lemma.Sincea € F ora € G,a € F UG by
theu-Lemma.

Thena € U UV by the

O

To elucidatethe behaior of thedialogplannerasdepicted
in Figure2, let usexaminethefollowing example:
Example 2 We now considetthefollowing situation:

e Thecurrentgoalis to shav thefactin L. Thenext goal
onthestackis to shav thefactin L.

o therulesHYP, CASE,DefU, andU-Lemmaareknown,

e Thefactsin Ly and L, areknown, thefactsin 44, Ly,
Ho, Lo, Hs, Ls, Hg, and Lg areunknaown.

This time, the only applicableproductionis (P1). Since
U-Lemmais moreabstracthan CASE and both are known,
it is chosento instantiate(P1). Hence,the dialog planner
produceshe MCA

(Derive :Reasons (a€UvVaclV)
:Conclusion acUUV
: Met hod U-Lemma
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whichcanbeverbalizedas*Sincea € U ora € V,a € UUV
by theU-Lemméd.

Supposaow thatthe userpointsto this utteranceandin-
terruptsP.rex throwing in thatthis stepwastoo difficult. The
analyzertranslatesthe users interactionto the speechact
(too-difficult :Conclusion a e UUYV). Now,
thedialogplannerentersthe clarificationdialogasdisplayed
in Figure2. Sinceall premiseswere explicitly mentioned,
the systemdoesnot reverbalizethe step,but askswhetherall
premisesare understoodwhat the useraffirms. Hence,the
systemcheckswhetherthereis a lower level of abstraction,
at which the stepcan be presented.Sincethis is the case,
P rex replansthe explanationof the stepby markingthe in-
ferencerule U-Lemmaasunknovn and pushingthe goal to
shav thefactin Lz onto the goal stack. Now, (P1) is not
applicable,sinceU-Lemmais unknown, but (P2) and(P3)
areapplicable.Hence,the systemproceedsasin the beggin-
ning of Examplel and verbalizesthe caseanalysis. Since
U-Lemmais unknown, it is not usedin subsequendituations
either Therefore L is alsoexplainedby acaseanalysis.The
wholedialogtakesplaceasfollows:

Prex: Sincea € Uora € V,a € UUYV bythe
U-Lemma.
User: This stepis too difficult.
Prex: Do youunderstandhe premises?
User: Yes.
Prex: Inorderto provethata € U UV letusconsider
thefollowing cases.
Casel: Leta € U. Thatleadstoa € U UV by
the definitionof U.
Case2: Leta € V. Thena € U UV by the
definitionof U.
Do you understandhis step?
User: Yes.
Prex: Inorderto provethata € F'U G letusconsider
thefollowing cases.
Casel: Leta € F. Thereforeu € F'U G bythe
definitionof U.

Case2: Leta € G. Thena € F UG by the
definitionof U.

6 Conclusion

In this paperwe presentedhedialogplannerof the proofex-
planationsystemP.rex. Basedon assumptiongiboutthe ad-
dressea knowledge(e.g.,which factsdoeshe know, which
definitions,lemmas,etc.), the dialog plannerchoosesa de-
greeof abstractiorfor eachproof stepto beexplained.In re-
actionto theusers interactionsjt entersclarificationdialogs
to revise its usermodel andto adaptthe explanation. The
architectureof the dialog plannercanalsobe usedto adapt
contentselectiorandexplicitnessreactiely to theaudiences
needs.Therationalebehindthe architectureshouldprove to
be usefulfor explanationsystemsn general.

However, in thecurrentexperimentaktage pnly asmallset
of userinteractionss allowed. More elaborateinteractions
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thatcall for morecomplex reactionsaredesirable Therefore,
empiricalstudief teacheistudeninteractionsn mathemat-
icsclassesrenecessary
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