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Abstract

In order to generatehigh quality explanationsin
mathematicaldomains,the presentationmust be
adaptedto theknowledgeof theintendedaudience.
Most proof presentationsystemsonly communi-
cateproofson a fixed degreeof abstractioninde-
pendentlyof theaddressee’s knowledge.In thispa-
per, we shallpresenttheproof explanationsystem
P.rex. Basedon assumptionsabouttheaddressee’s
knowledge,its dialog plannerchoosesa degreeof
abstractionfor eachproof stepto beexplained. In
reactionto the user’s interactions,which are al-
lowedat any time, it entersclarificationdialogsto
reviseits usermodelandto adapttheexplanation.

1 Introduction
A personwhoexplainsto anotherpersona logical line of rea-
soningadaptshisexplanationsto theaddressee’s knowledge.
A computerprogramdesignedto takeovertheexplainingpart
shouldalsoadoptthisprinciple.

Assortedsystemstake into accountthe intendedaudi-
ence’s knowledge in the generationof explanations(see
e.g., [Cawsey, 1990; Paris, 1991; Wahlster et al., 1993;
Horacek,1997]). Most of them adaptto the addresseeby
choosingbetweendifferent discoursestrategies. Feedback
form the userhimself can be an importantsourcefor user
modeling. [Moore andSwartout,1991] presentsa context-
sensitive explanationfacility for expert systemsthat,onethe
onehand,allows theuserto askfollow-upquestionsand,on
the otherhand,actively seeksfeedbackfrom the userto de-
terminewhethertheexplanationsaresatisfactory. [Mooney et
al., 1991] emphasizesthat theusermustbeableto interrupt
theexplanationsystemat any time.

Whereasamathematiciancommunicatesaproofonalevel
of abstractionthatis tailoredto theaudienceandreactsto the
audience’s needs,most proof presentationsystemssuchas
PROVERB [HuangandFiedler, 1997] verbalizeproofson a
fixeddegreeof abstractiongivenby theinitial representation
of theproofwithout allowing for userinteraction.

Drawing on resultsfrom cognitive science,we have been
developing an interactive proof explanation system, called
P.rex (for proof explainer), which adaptsits explanationsto
theuser’sassumedexpertise.Thesystemexplainseachproof

stepof a proof on themostabstractlevel that the useris as-
sumedto know. While theexplanationis in progress,theuser
can interruptP.rex anytime, whenhe is not satisfiedby the
currentexplanation.Analyzingtheuser’s interactionanden-
teringa clarificationdialogwhenneeded,thesystemtries to
identify the reasonwhy theexplanationwasnot satisfactory
and re-plansa betteradaptedexplanation,for example,by
switchingto anotherlevel of abstraction.

Hence,drivenby the dialog,P.rex adaptsits explanations
to the userin reactionto his interactions. However, in the
currentexperimentalstage,only a smallsetof interactionsis
allowed.

In this paper, we shallfirst introduceproofsasthedomain
objectsthat are subjectto explanationin Section2. Next,
in Section3, we shallgive anoverview of thearchitectureof
P.rex. Then,in Section4,weshalldescribethedialogplanner
in moredetail.Section5 is devotedto exampledialogs.

2 The Domain
Theobjectsof ourdomainthatareto beexplainedareproofs
of mathematicaltheorems.An examplefor a proof is given
below. Eachline consistsof four elements(label,antecedent,
succedent,and justification) and describesa node of the
proof. The label is usedas a referencefor the node. The
antecedent is a list of labelsdenotingthe hypothesesunder
which the formula in the node,the succedent, holds. This
relationbetweenantecedentandsuccedentis denotedby

�
.
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thefact in thenode.Theproofof thefact in
thenodeis givenby its justification. A justificationconsists
of a rule anda list of labels,thepremises of thenode. A�B de-
notesanunspecifiedjustification.HYP andDefC standfor a
hypothesisandthe definitionof C , respectively. D5E hastwo
justificationson different levels of abstraction:the lessab-
stractjustificationwith theinferenceruleCASE(i.e., therule
for caseanalyses)andthemoreabstractjustificationwith the
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Figure1: TheArchitectureof P.rex

inferencerule C -Lemma,whichstandsfor analreadyproven
lemmaabouta propertyof C . By agreement,if a nodehas
more than one justification, thesearesortedfrom mostab-
stractto leastabstract.

Theproof is asfollows:From FHG,IKJLFMG,N wecancon-
cludethat F,GOIPCQN by the C -Lemma. If we do not know
the C -Lemma,wecancometo theconclusionby considering
thecaseanalysiswith thecasesthat FHGRI or FMGSN , respec-
tively. In eachcase,we canderive that FTGUIVCWN by the
definitionof C .

3 The Architecture of P.rex
P.rex is agenericexplanationsystemthatcanbeconnectedto
differenttheoremprovers. An overview of its architectureis
providedin Figure1.

A formal languagefor specifyingproofsandmathemati-
cal theoriesis theinterfaceby which theoremproverscanbe
connectedto P.rex. Mathematical theories areorganizedin
a hierarchicalknowledgebase.Eachtheoryin it maycontain
axioms,definitions,theoremsalongwith proofs,as well as
proof methods,andcontrol ruleshow to apply proof meth-
ods.

A proof of a theoremcan be representedhierarchically
suchthatit makesexplicit thevariouslevelsof abstractionby
providing severaljustificationsfor asingleproofnode,where
eachjustificationbelongsto a differentlevel of abstraction.

Thecentralcomponentof thesystemis thedialog planner.
It is implementedin ACT-R [AndersonandLebiere,1998],
a goal-directedproductionsystemthataimsto modelhuman
cognition.ACT-R hastwotypesof knowledgebases,or mem-
ories, to storepermanentknowledgein: declarative andpro-
ceduralrepresentationsof knowledgeareexplicitly separated
into the declarative memoryand the proceduralproduction
rulebase,but areintimatelyconnected.

Proceduralknowledgeis representedin productionrules
(or simply: productions) whoseconditionsand actionsare
definedin termsof declarative structures.A productioncan
only apply if its conditionsare satisfiedby the knowledge
currentlyavailablein thedeclarative memory. An itemin the
declarativememoryis annotatedwith anactivationthatinflu-
encesits retrieval. Theapplicationof a productionmodifies
thedeclarative memory, or it resultsin anobservableevent.

To allow for agoal-orientedbehavior of thesystem,ACT-R
managesgoalsin agoalstack.Thecurrentgoalis thaton the
topof thestack.Only productionsthatmatchthecurrentgoal
areapplicable.

The plan operatorsof the dialog plannerare definedin
terms of productionsand the discoursestructureis repre-
sentedin the declarative memory. Sincepresumeddeclar-
ative and proceduralknowledgeof the user is encodedin
thedeclarative memoryandtheproductionrule base,respec-
tively, thedialogplanneris modelingtheuser.

In order to explain a particular proof, the dialog plan-
ner first assumesthe user’s supposedcognitive stateby up-
datingits declarative andproceduralmemories,which were
recordedduring a previous session. An individual model
for eachuserpersistsbetweenthe sessions.The individual
usermodelsarestoredin thedatabaseof user models. Each
usermodel containsassumptionson the knowledgeof the
userthat are relevant to proof explanation. In particular, it
makesassumptionson which mathematicaltheoriestheuser
knows,which definitions,proofs,proof methodsandmathe-
maticalfactsheknows,andwhichproductionshehasalready
learned.

After updatingthe declarative and proceduralmemories,
thedialogplannersetstheglobalgoalto show theconclusion
of the proof’s theorem. ACT-R tries to fulfill this goal by
successively applyingproductionsthat decomposeor fulfill
goals. Thereby, the dialog plannernot only producesa dia-
log plan(cf. Section4.1),but alsotracestheuser’s cognitive
statesin thecourseof theexplanation.Thisallowsthesystem
bothto alwayschooseanexplanationadaptedto theuser(cf.
Section4.3),andto reactto theuser’s interactionsin a flexi-
bleway: Thedialogplanneranalyzestheinteractionin terms
of applicationsof productions.Thenit plansanappropriate
response(cf. Section4.4).

The dialog planproducedby the dialog planneris passed
on to the presentation component. Currently, we use a
derivateof PROVERB’s micro-planner[Huangand Fiedler,
1997] to planthescopeandinternalstructureof thesentences,
whicharethenrealizedby thesyntacticgeneratorTAG-GEN
[Kilger andFinkler, 1995].

The utteredsentencesare finally displayedon the inter-
face, which alsoallows the userto enterremarks,requests
andquestions.An analyzer receives the user’s interactions
andpassesthemonto thedialogplanner. In thecurrentexper-
imentalstage,weuseasimplisticanalyzerthatunderstandsa
smallsetof predefinedinteractions.

4 Discourse Planning

In thecommunityof NLG, thereis abroadconsensusthatit is
appropriateto generatenaturallanguagein threemajorsteps
[Reiter, 1994;Cahill et al., 1999]. First,amacro-planner (text
planner) determineswhat to say, that is, contentandorder
of the information to be conveyed. Then, a micro-planner
(sentence planner) determineshow to sayit, that is, it plans
thescopeandtheinternalstructureof thesentences.Finally,
a realizer (surface generator) producesthe surfacetext. In
this classification,the dialog planneris a macro-plannerfor
managingdialogs.
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Thedialogplannerof P.rex plansthedialogby building a
representationX of thestructureof the discoursethat includes
speechactsaswell asrelationsamongthem. The discourse
structureis representedin thedeclarative memory. Theplan
operatorsaredefinedasproductions.

4.1 Discourse Structure
Drawing on Rhetorical Structure Theory (RST) [Mann and
Thompson,1987], Hovy arguesin favor of a single tree to
representa discourse[Hovy, 1993]. Heconsidersa discourse
asa structuredcollectionof clauses,which aregroupedinto
segmentsby their semanticrelatedness.Thediscoursestruc-
tureis expressedby thenestingof segmentswithin eachother
accordingto specificrelationships(i.e.,RSTrelations).Sim-
ilarly to Hovy’s approach,we describea discourseby a dis-
course structure tree, whereeachnodecorrespondsto a seg-
ment of the discourse. The speechacts,which correspond
to minimaldiscoursesegments,arerepresentedin theleaves.
Weachievealinearizationof thespeechactsby traversingthe
discoursestructuretreedepth-firstfrom left to right.

4.2 Speech Acts
Speech acts arethe primitive actionsplannedby the dialog
planner. They representfrozenrhetoricalrelationsbetween
exchangeablesemanticentities.Thesemanticentitiesarerep-
resentedasargumentsto therhetoricalrelationin thespeech
act. Eachspeechactcanalwaysbe realizedby a singlesen-
tence.Weusespeechactsin P.rex notonly to representutter-
ancesthat areproducedby the system,but alsoto represent
utterancesfrom theuserin thediscourse.

We distinguishtwo major classesof speechacts. First,
mathematical communicative acts (MCAs) areemployedto
convey mathematicalconceptsor derivations.MCAs suffice
for thosepartsof the discourse,wherethe initiative is taken
by the system. Second,interpersonal communicative acts
(ICAs) serve the dialog,whereboth the systemandtheuser
alternatelytakeover theactive role.

Mathematical Communicative Acts
Mathematical communicative acts (MCAs) are speechacts
thatconvey mathematicalconceptsor derivations.Our class
of MCAs was originally derived from PROVERB’s PCAs
[Huang,1994], buthasbeensubstantiallyreorganizedandex-
tended.We distinguishtwo classesof MCAs:Y Derivational MCAs convey steps of the derivation,

which are logically necessary. Failing to producea
derivationalMCA makesthe presentationlogically in-
correct. The following is anexamplefor a derivational
MCA givenwith a possibleverbalization:

(Derive :Reasons (
%H'*Z,+(%�'*[

)
:Conclusion

%('*Z,23[
:Method

2
-Lemma)

“Since FTG]\ or F^G`_ , FTG]\aCR_ by the C -
Lemma.”Y ExplanatoryMCAscommentonthestepsof aderivation
or give informationaboutthe structureof a derivation.
This informationis logically unnecessary, that is, omis-
sionleavesthederivationlogically correct.However, in-
clusionof explanatoryMCAs makesit mucheasierfor

theaddresseeto understandthe derivations,sincethese
commentskeephim oriented.For example,anMCA of
typeCase introducesa casein a caseanalysis:

(Case :Number 1 :Hypothesis
%('*Z

)
“Case1: Let F*GS\ .”

Interpersonal Communicative Acts
MCAs, which only convey information to the dialog part-
ner without prompting any interaction, suffice to present
mathematicalfactsandderivationsin a monolog. To allow
for dialogswe alsoneedinterpersonal communicative acts
(ICAs), which are employedfor mixed-initiative, interper-
sonalcommunication.In our taxonomizationwe distinguish
four classesof ICAs: questions,requests,acknowledgments
andnotifications.Notethat theusernever entersspeechacts
directly into thesystem.Instead,theuser’s utterancesarein-
terpretedby theanalyzerandmappedinto thecorresponding
speechacts.

ICAs areespeciallyimportantto allow for clarificationdi-
alogs. If the systemfailed to successfullycommunicatea
derivation, it startsa clarification dialog to detectthe rea-
sonfor the failure. Then,it canre-planthepreviously failed
part of the presentationanddouble-checkthat the userun-
derstoodthederivation. We shall comebackto this issuein
Section4.4.

4.3 Plan Operators
Operationalknowledge concerningthe presentationis en-
codedasproductions.Eachproductioneitherfulfills thecur-
rentgoaldirectlyor splitsit into subgoals.Let usassumethat
thefollowingnodesarein thecurrentproof:����������
b�c�d�����������������e�������������f��������� ��������� ���gh1 i(1 $�jh1 .�1

...g<k i&k $�j<k .lkm n $�o p
46g 1 =�q�q�qr=�g ke7
An examplefor a productionis:

(P1) IF the current goal is to show
ns$to

and
p

is the most abstract known rule justifying
the current goal
and

i 1 $@j 1 =�q�qrq�=�i k $Lj k
are known

THEN produce MCA
(Derive :Reasons (

jh1�=�q�qrq�=�j<k
)

:Conclusion
o

:Method
p
)

insert it in the discourse structure tree
and pop the current goal

By producingthe MCA the currentgoal is fulfilled andcan
bepoppedfrom thegoalstack.An examplefor a production
decomposingthecurrentgoalinto severalsubgoalsis:
(P2) IF the current goal is to show

ns$to
and

p
is the most abstract known rule justifying

the current goal
and uav`w j<x�y i&x
$Tj<x

is unknown for zL{`|9{}�~��v,�
THEN for each

j<x#' u , push the goal to show
i&x�$�j<x

Note that the conditionsof ���
�/� and �6����� only differ in the
knowledgeof thepremises

? B for rule � . ������� introducesthe
subgoalsto prove the unknown premisesin � . As soonas
thosearederived, �6�b�/� canapplyandderive theconclusion.
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Hence,�6�
��� and �6����� in principlesuffice to planthepresen-
tation� of a proof startingfrom the conclusionandtraversing
theproof treetowardsits hypotheses.However, certainproof
situationscall for a specialtreatment.Assumethat the fol-
lowing nodesarein thecurrentproof:����������

�����������������(���e�������������������r�d� ��������� ���g�" n $(j 1 +Hj 8 ./"0�1 0�1 $(jh1

HYPg 1 n�=�0 1 $(o . 10:8 0:8 $(j�8
HYPg�8 n�=�098 $(o ./8m n $(o
CASE

46g�"�=�g 1 =�g 8�7
A specificproductionmanagingsucha caseanalysisis the

following:

(P3) IF the current goal is to show
nL$Lo

and CASE is the most abstract known rule jus-
tifying the current goal
and

nL$Lj 1 +Hj 8
is known

and
n�=�0(1�$Lo

and
nh=r0985$�o

are unknown
THEN push the goals to show

n�=�0(1�$ o
andnh=�0 8 $Lo

and produce MCA
(Case-Analysis :Goal

o
:Cases (

jh1�=�j�8
))

and insert it in the discourse structure tree

Thisproductionintroducesnew subgoalsandmotivatesthem
by producingtheMCA.

Sincemorespecificproductionssuchas �6���e� treat com-
moncommunicative standardsusedin mathematicalpresen-
tations,they arepreferredto moregeneralones.Notethatthe
productionsensurethatonly thoseinferencerulesareselected
for theexplanationthatareknown to theuser.

4.4 User Interaction

Theability for userinteractionis animportantfeatureof ex-
planationsystems. [Moore andSwartout,1991] presentsa
context-sensitiveexplanationfacility for expertsystemsthat,
one the one hand, allows the user to ask follow-up ques-
tions and, on the other hand,actively seeksfeedbackfrom
the userto determinewhetherthe explanationsaresatisfac-
tory. [Mooney et al., 1991] emphasizesthattheusermustbe
ableto interrupttheexplanationsystematany time.

In P.rex, theusercaninteractwith thesystemat any time.
Whenthesystemis idle—for example,afterstartingit or af-
ter completionof anexplanation—itwaitsfor theuserto tell
it the next task. During an explanation,P.rex checksafter
eachproductioncycle if theuserwishesto interruptthecur-
rentexplanation.Eachinteractionis analyzedby theanalyzer
andpassedon to thedialogplannerasa speechact,which is
includedin thecurrentdiscoursestructuretree.

We allow for threetypesof userinteractionin P.rex: A
command tells thesystemto fulfill a certaintask,suchasex-
plaininga proof. An interruption interruptsthesystemto in-
form it thatanexplanationis not satisfactoryor that theuser
wantsto insert a different task. In clarificationdialogs,fi-
nally, theuseris promptedto give answers to questionsthat
P.rex askswhenit cannotidentify a uniquetaskto fulfill. In
thispaper, weshallconcentrateon interruptions.

Interruptions
TheusercaninterruptP.rex anytime to enteranew command
or to complainaboutthecurrentexplanation.The following
speechactsareexamplesfor messagesthat can be usedto
interruptthesystem:

(too-detailed :Conclusion � )
Theexplanationof thestepleadingto � is too detailed,
that is, the stepshouldbe explainedat a moreabstract
level.

(too-difficult :Conclusion � )
Theexplanationof thestepleadingto � is too difficult,
thatis, thestepshouldbeexplainedin moredetail.

The Reaction to too-detailed
Whentheusercomplainsthat thederivationof a conclusion� was too detailed,the dialog plannerchecksif thereis a
higher level of abstractionon which � can be shown. If
so, the correspondinghigher level inferencerule is marked
asknown,sothatit is availablefor futureexplanations.Then,
the explanationof the derivation of � is re-planned. Oth-
erwise,the dialog plannerinforms the user, that thereis no
higher level available for presentation.This reactionof the
systemis encodedin thefollowing two productions:

(P4) IF the user message is
(too-detailed :Conclusion

m
)

and the inference rule
p

was used to justify
m

and there is an inference rule
p��

justifying
m

that
is more abstract than

p
THEN mark

p �
as known by the user

and push the goal to show
m

(P5) IF the user message is
(too-detailed :Conclusion

m
)

and the inference rule
p

was used to justify
m

and there is no inference rule
p��

justifying
m

that
is more abstract than

p
THEN produce ICA

(Most-abstract-available :Rule
p
)

and insert it in the discourse structure tree

An example dialog where the user complainedthat the
originalexplanationof aproofwastoodetailedshallbegiven
in Example1 in Section5.

The Reaction to too-difficult
Whentheusercomplainsthat thederivationof a conclusion� wastoo difficult, the dialog plannerentersa clarification
dialogto find outwhichpartof theexplanationfailedto rem-
edy this failure. The control of the behavior of the dialog
planneris displayedin Figure2. Notethateveryarrow in the
figurecorrespondsto a productionsuchthatwe cannotgive
theproductionsheredueto spacerestrictions.

To elucidatethe diagramin Figure 2, an exampledialog
wherethe usercomplainedthat the original explanationof
a proof wastoo difficult shall be given in Example2 in the
followingsection.

5 Example Dialogs
Let us examinemorecloselyhow P.rex plansthe discourse
with thehelpof two exampledialogs. In bothdialogs,P.rex
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Startreplanningstep �
Checkif � hasany premises

yes

Checkif all premisesof � wereexplicitly verbalized

no

Reverbalize� with explicit premises

Ask if � is understood

no

Ask if all premisesof � areunderstood

no

Recursionwith all premisesthatarenot understood

Ask if � is understood

no

Checkif thereis a lower level of abstraction
yes

Replan� on thenext lower level of abstraction( � � )
Ask if � � is understood

no

Recursionwith � �

no

yes

yes

yes

yes

yes

Return

no

paraphrasetheinferencerule in �
Figure2: Thereactionof thedialog plannerif a step � was
toodifficult.

explains the proof given in Figure 3. Note that this proof
consistsof twosimilarlyprovedpartswith D E and D�� asroots,
respectively.
Example 1 Let usconsiderthefollowing situation:Y Thecurrentgoalis to show thefact in D5E . Thenext goal

on thestackis to show thefact in D �e Y The rulesHYP, CASE, andDefC are known, the ruleC -Lemmais unknown.Y Thefactsin D�¡ and D�¢ areknown, the factsin £�¤ , D�¤ ,£s¥ , D�¥ , £s¦ , D�¦ , £s§ , and D�§ areunknown.

SinceCASEis themostabstractknown rule justifying the
currentgoal, both decomposingproductions�6���e� and �������
areapplicable.Recallthatmorespecificproductionsarepre-
ferred to moregeneralones. Therefore,the dialog planner
chooses�6���e� for theexplanation,thusproducingtheMCA

(Case-Analysis :Goal FMGSI¨C©N
:Cases ( FHGRI«ª�FHG,N ))

whichcanberealizedas“To prove F*GSI¬CsN let usconsider
the casesthat F^G­I and FOG®N ,” and then explains both
cases.

Supposenow that theuserinterruptsthesystemthrowing
in that the presentationis too detailed. Then, the analyzer
passesthe speechact (too-detailed :ConclusionF,GOIOCQN ) to thedialog planner. Sincethe inferenceruleC -Lemma,which is moreabstractthanCASE,alsojustifies
the conclusion,production �6��¯�� applies. Hence,the infer-
encerule C -Lemmais markedasknown andthegoalto show

����������
b�c�d�����������������e������������� ���°�r��� �������d�±���! " $&%('*),+�%('L- . "0(1 0(1 $&%('*)
HYP! 1 0 1 $&%('*),23-
Def

2�460 1�7098 098 $&%('*-
HYP! 8 0 8 $&%('*),23-
Def

2�460 8�7! ; $&%('*),23- 2
-Lemma

46! " 7
CASE

46! " =�!�1�=�!<8 7!#² $&%('*Z,+�%('*[ .�²09³ 09³ $&%('*Z
HYP! ³ 0 ³ $&%('*Z,23[
Def

2�460 ³�709´ 09´ $&%('*[
HYP! ´ 0 ´ $&%('*Z,23[
Def

2�460 ´�7!#µ $&%('*Z,23[ 2
-Lemma

46!#² 7
CASE

46!#²�=�!<³�=�!<´ 7
Figure3: A proof to beexplainedby P.rex.

thefact in D5E is againpushedontothegoalstack.Then, �6�
���
is the only applicableproduction. Since C -Lemmais more
abstractthanCASE andboth areknown, it is chosento in-
stantiate���
�/� . Hence,thedialogplannerproducestheMCA

(Derive :Reasons ( FsG,I¨JtF*GSN )
:Conclusion FHGRI¨C¬N
:Method C -Lemma)

whichcanbeverbalizedas“Since FMG,I or FsG,N , FsG,I¶C�N
by the C -Lemma.”

Since C -Lemmais now markedas known by the user, it
canalsobeusedfor presentationin subsequentsituations,for
example,when D � is to be shown. The whole dialog takes
placeasfollows:

P.rex: In orderto prove that
%('M)�2&-

let usconsider
thefollowing cases.
Case1: Let

%T'V)
. Then

%W'V)T2¬-
by the

definitionof
2

.
Case2: Let

%('M-
. Thatimpliesthat

%�'L)@23-
by thedefinitionof

2
.

User: Thisderivationis toodetailed.
P.rex: Since

%�'S)
or

%@'S-
,
%@'S)R2s-

by the
2

-
Lemma.Since

%@'¬Z
or

%�'·[
,
%L'¬ZR2s[

by
the

2
-Lemma.

¸¹
To elucidatethebehavior of thedialogplannerasdepicted

in Figure2, let usexaminethefollowing example:
Example 2 We now considerthefollowing situation:Y Thecurrentgoalis to show thefact in D�E . Thenext goal

onthestackis to show thefact in D �e Y therulesHYP, CASE,DefC , and C -Lemmaareknown,Y Thefactsin D�¡ and D�¢ areknown, the factsin £�¤ , D�¤ ,£s¥ , D�¥ , £s¦ , D�¦ , £s§ , and D�§ areunknown.
This time, the only applicableproductionis ���
�/� . SinceC -Lemmais moreabstractthanCASEandboth areknown,

it is chosento instantiate�6�b�/� . Hence,the dialog planner
producestheMCA

(Derive :Reasons ( FsG,I¨JtF*GSN )
:Conclusion FHGRI¨C¬N
:Method C -Lemma)
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whichcanbeverbalizedas“Since FHGSI or FHGRN , FHGRI¶CºN
by the»¼C -Lemma.”

Supposenow that theuserpointsto this utteranceandin-
terruptsP.rex throwing in thatthis stepwastoo difficult. The
analyzertranslatesthe user’s interactionto the speechact
(too-difficult :Conclusion F,G½I¾C,N ). Now,
thedialogplannerenterstheclarificationdialogasdisplayed
in Figure 2. Sinceall premiseswereexplicitly mentioned,
thesystemdoesnot reverbalizethestep,but askswhetherall
premisesareunderstood,what 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 C -Lemmaasunknown andpushingthe goal to
show the fact in D E onto the goal stack. Now, �6�b�/� is not
applicable,since C -Lemmais unknown, but �6���e� and �������
areapplicable.Hence,the systemproceedsasin the begin-
ning of Example1 andverbalizesthe caseanalysis. SinceC -Lemmais unknown, it is not usedin subsequentsituations
either. Therefore,D � is alsoexplainedby acaseanalysis.The
wholedialogtakesplaceasfollows:

P.rex: Since
%W'V)

or
%T'¾-

,
%T'O)T2¬-

by the2
-Lemma.

User: Thisstepis toodifficult.
P.rex: Do you understandthepremises?
User: Yes.
P.rex: In orderto prove that

%('*)@2&-
let usconsider

thefollowing cases.
Case1: Let

%H't)
. Thatleadsto

%3'@)S2s-
by

thedefinitionof
2

.
Case2: Let

%W'V-
. Then

%W'V)T2¬-
by the

definitionof
2

.
Do you understandthisstep?

User: Yes.
P.rex: In orderto provethat

%('LZL2&[
let usconsider

thefollowing cases.
Case1: Let

%H'sZ
. Therefore

%('MZ,2H[
by the

definitionof
2

.
Case2: Let

%W'V[
. Then

%T'VZT2@[
by the

definitionof
2

.

¸¹

6 Conclusion
In thispaper, wepresentedthedialogplannerof theproofex-
planationsystemP.rex. Basedon assumptionsaboutthead-
dressee’s knowledge(e.g.,which factsdoesheknow, which
definitions,lemmas,etc.), the dialog plannerchoosesa de-
greeof abstractionfor eachproofstepto beexplained.In re-
actionto theuser’s interactions,it entersclarificationdialogs
to revise its usermodel and to adaptthe explanation. The
architectureof the dialog plannercanalsobe usedto adapt
contentselectionandexplicitnessreactively to theaudience’s
needs.Therationalebehindthearchitectureshouldprove to
beusefulfor explanationsystemsin general.

However, in thecurrentexperimentalstage,onlyasmallset
of userinteractionsis allowed. More elaborateinteractions

thatcall for morecomplex reactionsaredesirable.Therefore,
empiricalstudiesof teacher-studentinteractionsin mathemat-
icsclassesarenecessary.
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matik,Universiẗat desSaarlandes,Saarbr̈ucken,Germany, 1994.

[Kilger andFinkler, 1995] AnneKilger andWolfgangFinkler. In-
crementalgenerationfor real–timeapplications.ResearchReport
RR-95-11,DFKI, Saarbr̈ucken,Germany, July1995.

[MannandThompson,1987] William C. Mann and Sandra A.
Thompson.Rhetoricalstructuretheory:A theoryof text organi-
zation.ISI ReprintSeriesISI/RS-87-190,Univerisityof Southern
California/InformationScienceInstitute, Marina del Rey, CA,
1987.

[Mooney et al., 1991] David J. Mooney, Sandra Carberry, and
KathleenMcCoy. Capturinghigh-level structureof naturallyoc-
curring,extendedexplanationsusingbottom-upstrategies.Com-
putational Intelligence, 7:334–356,1991.

[MooreandSwartout,1991] JohannaD. Moore and William R.
Swartout.A reactive approachto explanation:Takingtheuser’s
feedbackinto account.In CécileL. Paris,William R. Swartout,
and William C. Mann, editors, Natural Language Generation
in Artificial Intelligence, pages3–48,Boston,MA, USA, 1991.
Kluwer.

[Paris,1991] CécileParis.Theroleof theuser’sdomainknowledge
in generation.Computational Intelligence, 7:71–93,1991.

[Reiter, 1994] EhudReiter. Hasa consensusNL generationarchi-
tectureappeared,andis it psycholinguisticallyplausible?In Pro-
ceedings of the 7th International Workshop on Natural Language
Generation, pages163–170,Kennebunkport,Maine,USA,1994.

[Wahlsteret al., 1993] WolfgangWahlster, ElisabethAndré, Wolf-
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