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Tactical Default Rule
(Tactical _default *ask_question*
(text-style guestion
cont ent current -task
updat e ni |
next -state *eval -1 nput *))
(Tacti cal default *gi ve_answer *
(text-style gi ve- answer
cont ent (current-task correct-answer)
updat e st udent - node
next-state *conpl et e-topic*))

Figure 25. Tactical Default Rules

Tactical Meta Rule

(Tactical _neta *m correct*
(precondition correct-response
prior-state *eval - i nput *
next-state *correct-ack*))

(Tactical _neta *m.incorrect*
(precondition i ncorrect-response
prior-state *eval -i nput *
next-state *incorrect-ack*))

Figure 26. Tactical Meta Rules

C. Control Structure. The di scourse control in the

network can be divided into a default control structure and a
meta control structure. The default control is specified in

the default states, so that the tutor noves fromone state to
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anot her according to a pre-determ ned path. The neta control
abandons the default path and noves to the state that is
specified in the nmeta-rule. The system checks the neta-rules
first and if none of the meta-rules fire, then the contro
flow will follow the default path. This control path is
hi dden in Figure 22, because the exceptional behavior by the
net a-rul es can not be predicted in advance. For exanple, the
Eval I nput state will be selected right after the
Ask Question state as a default path, but the next state is
unpredi ctabl e, since the student answer could be correct,
wrong, or partially correct. This mechani sm enables the

dynam ¢ behavi or of the di scourse pl anner.

The main di sadvantage of earlier discourse managenent
networ ks [Wool f, 1984; d ancey, 1982] is that they needed to
be coupled with some other control nmechanism such as an
agenda and an external menory to provide a topic. In C RCSIM
TUTOR, since the | esson planner provides a globally coherent
| esson plan, the network itself can function solely for
delivery purposes while keeping all the advantages of the
di scourse managenent network, such as flexible discourse

control and explicit representation of discourse strategies.

7.3 D scourse Pl anning

Di scourse planning in CIRCSIMTUTOR is managed by a
sinmple algorithm It iterates through the states until a

topi ¢ becones conplete. Either the student responds with a
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correct answer or the tutor gives the answer. This section
descri bes inportant features of the discourse planning: the
di scourse goals, a discourse planning algorithm an exanple

of text generation, and an exanple of a student initiative.

7.3.1 The Di scourse Goal. The discourse planner needs a

goal to tutor the student. This goal can be found in the
subgoal stack, which the |esson planner has produced. In
Figure 18, the subgoals are sequenced by number, so that the
di scourse planner can carry themout in that order. Wen the
pl anner finishes carrying out one of the subgoals, it will be
removed from the stack, and the planner picks the next one.
This cycle continues until the stack is enpty, or is
suspended by the plan controller in favor of a student

initiative.

7.3.2 The Discourse Planning Algorithm The discourse

pl anning algorithm is a sinple iteration. It receives a
subgoal stack from the |esson planner, picks one of the
subgoal s, and iterates through the states in the network
until the goal is conpleted. The cycle is repeated with each
subgoal in turn until the stack is enpty. The nobst inportant
feature of the algorithmis flexible transition between the
two | evel planning process; if the current level is a default
or neta strategy then process the upper |evel function, else
process the lower level function; if the next state is not

specified in a tactical state then pop up to the upper |evel
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and check meta rules, and so on. The following is the top
| evel discourse planning algorithm and Figure 27 shows the

pseudo code for the discourse planning algorithm

The Top Level D scourse Planning Al gorithm

1. Repeat until the subgoal stack is enpty.
Pi ck one subgoal and call execute-one-subgoal
End- Repeat .
2. Execut e-one- subgoal :
Repeat until topic conpleted
if strategy then process-upper-|evel
if tactical then process-|ower-|evel

End- Repeat .

7.3.3 Generating Natural Language Sentence. The

tactical default states have slots containing infornmation for
the text generator. When the planner processes the states,
the text-style and content slots will be extracted fromthe
current state. For exanple, assune that the planner is
processing the *ask question* state (Figure 25), while the
text-style slot contains question and the content sl ot
contains the current-task, such as determ nant (SV). Binding
these two slot values provides us with a logic form
(question (determnant (SV))), which will be passed to the

text generator, which generates the sentence, Wat are the
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det erm nants of SV? Then the screen manager will display the

sentence in the tutor w ndow.

The logic form may need to be extended to generate
richer sentences, since this kind of the logic form only
contains information about a particular task or the solution
of a problem The text generator may need to collect nore
information from nmany other sources, the domain know edge

base, the student nodel, the dialog history, and so on.

(defun di scourse-pl anner ()
(repeat until no-nore-subgoals
(execut e-one-subgoal )))

(def un execut e- one-subgoal ()
(repeat-until (STOP)
(case (get-level (level))

((strategy) (process-upper-1evel))
((neta-strategy) (process-upper-I|evel))
((tactical) (process-1ower-1level))
((nmeta-tactical) (process-lower-level)))))

(defun process-upper-level ()
(check-start)
(cond ((current-state = neta-strategy)
(get-next-state))
((topic-conpleted) (STOP)
(get-next-state)

(defun process-|ower-1level ()
(cond ((current-state = neta-tactical)
(get-next-state)
((topic-conpl eted) (get-next-state)
(cal | -text-gen) (get-next-state)))
(if (next-state = nil) (pop-Ievel-up)))

Fi gure 27. The Pseudo Code for D scourse Planning
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7.3.4 How to Recogni ze a Student lnitiative. ClRCSI M

TUTOR al l ows student initiatives during the tutoring session.
So the planner nust understand whet her the student response
is a question or an answer by checking the input |ogic form
which is being passed from the input understander. For
exanple, if the input understander passes a logic form
(answer (determ nant SV)(RAP CQO)), the first item of the
list, answer, indicates that this is an answer. The second
itemof the list, (determnant SV), is the current topic, and
the third item (RAP CO, is the student answer. Let's assune
that the tutor asks the question, Wat are the determ nants
of SV? and the student responds with / don't know about SV.
Then the input understander recognizes this as an inplicit
question and returns a logic form (question (do-not-know)
(SV)). The planner receives the logic form and recognizes
that this is a student initiative, so it suspends the current
pl an and carries out the student request; asks the problem
solver to get the definition of SV fromthe know edge base,

and then asks the screen nmanager to display it.

Student initiatives can involve a broad range of
questions. It requires efforts from many conponents of the
systemto give hel pful responses; the input understander nust
understand the question, the problem solver nust get an
answer, and the planner nust keep track of the current plan

and carry out the student request.
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7.4 Trace of Discourse Transition

Figure 28 shows a short trace of a sequence of discourse
transitions. The short arrows represent the pedagogic |evel
transitions; the long arrows represent the tactical |evel
transitions; and the double arrows represent the neta | evel
transitions. The left side of the figure shows the processing
of states, and the right side of the figure shows the

di scourse actions resulting fromvisiting the states.

The tutor begins by asking a question, then it npbves to
the evaluate state by the default control rule. At this tine,
the student responds with a half correct answer, which is
recogni zed by the neta tactical rule3, which forces a nove to
the half-correct state. This state produces an
acknowl edgenment and then another neta rule fires, which
recognizes that this is the first try. So the neta rule
forces a nove to the give-hint state, which produces a hint.
Since there is no default and a nmeta rule applies, the
control pops up to the upper |level and checks whether the
topi c has been conpleted. If not, then control goes back to
the introduce state again, and noves down to the tactical
level. This tinme the requestion state is selected, since this

is the second try on the sane topic.

One of the default paths is ask-question then eval -
I nput. This can be considered as a partial discourse plan,

because this plan will be overriden by the neta rules. Thus
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the overall discourse planning mxes fixed partial planning

with dynam c neta pl anning.

Current Topic: Determnants of SV

->, => Pedagogi ¢ Level
-->, ==>! Tactical Level ( -> Default , => Meta )
D scourse States D scourse Action

-> | NTRODUCE

==> Meta-tactic3
(I'ncorrect-one)
not a determ nant of SV.

==> Meta-tacticb

=> et a- pedagogi c
(Not - conpl et ed)

-> | NTRODUCE

--> Requestion Tutor: Wiat is the other
det erm nant of SV?

--> Ask-question Tutor: Wat are the determ nants
of SV?
--> Eval -i nput Student: RAP and CO

--> Hal f-Correct Tutor: RAP is correct, but COis

(First-try)
--> @ ve-hint Tutor: Renenber. SV is the anount
of bl ood punped per beat.
-> TUTOR

Figure 28. Trace of the D scourse Transition Process

7.5 Sumary
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Thi s chapter began by introducing the discourse rules
and the di scourse network. The discourse rules originated in
the flow chart as a tutorial strategy, and | have transforned
theminto rules and expressed them as franme-|li ke structures
using Lisp macro functions. The rules include all the
necessary information to generate a natural |anguage
sentence, and the control mechanismis also specified within

t he rul es.

The network consists of two |evels: the pedagogy | evel
and the tactical |evel. The pedagogy |evel makes deci sions
about the style of tutoring and the tactical |evel decides on
the expository style to inplenent the pedagogy. The execution
of the tactical states causes text to be generated, updates
t he student nodel, and noves to the other states. The states
represent explicit discourse planning rules and an explicit

control nechani sm

Sonme of the inportant discourse planning features are
introduced in the third section; discourse goals, the
di scourse planning algorithm communication with the text
generator, recognizing the student initiative. A short trace
of exanple discourse state transitions is displayed in the

fourth section.

The system provides two different running nodes: a tutor

version and a student version. The tutor version displays the
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subgoal stack, the current topic, and the discourse
transition. As the dial ogue proceeds, the subgoal stack gets
updated, and displays all the states that have been visited

i ncluding the current one.
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CHAPTER VI |
CONCLUSI ON

8.1 Significance of this Research

This thesis describes the design and devel opnent of an
i nstructional planner for a Physiology ITS, ClRCSIMTUTOR

The pl anner has several significant features.

First, the planner conbines two different instructional
pl anni ng approaches: [esson planni ng and di scourse pl anni ng.
Lesson pl anni ng produces gl obal |esson plans, which will be
carried out during the discourse planning stage. This
approach provides us wth many advantages over other
i nstructional planning systens, such as MENO TUTOR [ Wool f,
1984] and | DE- | NTERPRETER [ Russel |, 1988].

Second, the planner plans dynam cally based on the
inferred student nodel; it generates plans, nonitors the
execution of the plans, and replans when the student
interrupts with a question during the tutoring session. This
approach provi des adaptive instruction, so that it is better
suited for tutoring individual students than CAl systens

whi ch produce fixed instruction.

Third, the pedagogi cal know edge is extracted fromthe
experts and represented explicitly as rules, |esson planning

rul es and di scourse planning rules, in separate files. This
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way it is possible to add, delete, and nodify the rules
easily without restructuring the whole system The rules are
used to generate |lesson plans and to control discourse
strategies. The systeminterprets the rules and builds the

| esson plans or returns an appropriate di scourse action.

Fourth, the planner plans at different |evels of the
hi erarchy; the higher level is a sinplification or
abstraction of the plan (lesson goals) and the lower is a
detailed plan (subgoals), sufficient to solve the problem
Thi s pl anni ng techni que prevents devel opnent of unnecessary
pl ans in advance and has been inplenented successfully in

several |ITS systens [Murray, 1988; Russell, 1988].

Fifth, the planner allows student initiatives during the
tutoring session. |If the student asks a question the planner
suspends the current plan, carries out the student request,
and then resunmes the suspended plan. This is another
advant age of ClI RCSI M TUTOR over earlier dial ogue managenent
systens, such as MENO TUTOR [Wool f, 1984], which does not

al | ow student questions during the tutoring session.

Finally, the planner acts as a controller for the
system so that it controls all the other conponents of the
system Since one of the main goals of CIRCSIMTUIOR is to
provide a natural |anguage interface, the discourse planner

is designed not only to provide sophisticated discourse



102

control, but also to create the internal logic fornms for the
text generator to generate the sentence. A short tutoring
scenario is introduced, which canme froma transcript of human
tutor and student interaction, to explain the internal

process of the system

8.2 Future Research

Since the student nodel er was not fully inplenmented by
its designer (only DR in procedure 4), | had to inplenent a
tenmporary student nodel for the planner. This nodel is
limted to the overlay strategy, so the planner can support
tutoring on the overlay errors only, not the bugs. The
tutoring strategy for the bug |ibrary has not been devel oped
yet, so the system cannot tutor the student about bugs at the

nmonent .

Anot her very inportant tutoring strategy is giving a
level 2 (nore detailed know edge) hint during the tutoring
session. Gving a hint generally involves many different
know edge sources. In CIRCSI MTUTOR, the domain know edge
base needs to but does not contain all the know edge at the
detailed | evel. The input understander and the text generator
need to expand their lexicon and logic forns to contain all
the variables at the detailed |level. The probl em sol ver needs
to be able to access the know edge base and extract a hint,

and the planner needs to have a general strategy for deciding



103

the content of the hint for every situation during the

tutoring session.

We are currently analyzing student initiatives in
transcripts of human tutoring sessions and starting with a
coupl e of sinple exanples, such as | don't know, and | don't
under stand about X The planner needs to develop its tutoring
strategy to support nore sophisticated student initiatives.
Also the input understander needs to recognize student
initiatives, and the problem sol ver nust provide a correct

answer .

Cl RCSI M TUTOR supports seven pre-determ ned problens as
a curriculum so that it does not really require curriculum
pl anning. QOur expert tutors are developing many nore
procedures for the system which nmay require sophisticated

curriculumplanning in future versions of the system
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APPENDI X A
TUTORI NG RULES | N ENGLI SH AND I N LI SP CODE
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Tutoring rules in CIRCSIMTUTOR consists of [|esson
pl anning rules and discourse planning rules. The |esson
pl anning rules are further divided into the three kinds of
rul es: goal generation rules, strategic rules, and tactical
rules. The discourse planning rules are divided into
pedagogic rules and tactical rules. In this section, the
conplete rules are displayed in both English and Lisp source

code.

LESSON PLANNI NG RULES

1.1 Goal Ceneration Rules in English

DR Goal Ceneration Rules

(SYMBAL: X, Y --> Z; X and Y are determnants of Z
X ==>Y; Xis the determnant of Y
X=Y* Z equation)

1. If primary variable is neural variable
and all other neural variables are not zero
Then tutor other neural variables are zero in DR

2. If primary variable is not neural variable
and all neural variables are not zero
Then tutor neural variables are zero in DR

3. If RAis primary variable and MAP /= RA
Then tutor TPR, CO --> MAP and MAP = TPR * CO
and TPR ==> NAP

4. If RAis primary variable and COis wong
Then tutor HR, SV --> COand CO= HR * SV
and HR is zero (neural variable), so CO can change
only if SV changes

5. If RAis primary variable and SV is wong
Then tutor CC, RAP --> SV and CC is zero (neural
variable), so QO can change only if SV changes

6. If RAis primary variable and RAP is wong
Then tutor CO --> RAP and 1/ CO ==> RAP
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11.

12.

13.

14.

15.

16.

17.

3

and CO=0, RAP =0

If CCis primary variable and SV /= CC

Then tutor CC,

RAP --> SV and CC ==> SV

If HRis primary variable and CO /= HR

Then tutor HR
HR ==> CO

SV -->C0and CO=HR * SV and

If HRis primary variable and RAP /= 1/ CO
Then tutor 1/ CO ==> RAP

If HRis primary variable and RAP = 1/CO and COis

wr ong
Then rem nd_upd

If (RAP is primary variable or if CCis not primry

vari abl e)
Then tutor RAP,

If HR and RA is
Then tutor SV,
SV ==> QO

If HR and TPRis not primary variables and CO = SV

and SV is wong
Then rem nd_upd

If RAis not pr
Then tutor CO
and CO ==> MAP

If RAis not pr
wr ong
Then rem nd_upd

ate (RAP = 1/0C0, CO, RAP)

CC --> SV and RAP ==> SV

not primary variables and CO /= SV

HR --> COand CO = SV * HR and

ate (CO = SV, SV, CO

imary variable MAP /= CO
TPR --> MAP and MAP = CO * TPR

imary variable and MAP = CO and COis

ate (MAP = CO, CO, MAP)

If CCis primary variable and RAP /= 1/ CO

Then tutor CO -

If CCis primary variable and RAP = 1/CO and COis

wr ong
Then rem nd_upd

Goal Generation

-> RAP and CO ==> 1/ RAP

ate (RAP = 1/ 00, CO, RAP)

Rul es

| f baroreceptor
and all entries
Then tutor all

al ready denervat ed
in RR are not zero
variables in RRis zero
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11.

12.

| f procedure /= denervate baroreceptors
and neural variables /= 1/ MAP in DR

Then tutor neural vari abl es

and neural variables in RR = 1/MAP in DR

| f procedure = denervate baroreceptors

and neural variable(s) /= increase

Then tutor baroreceptor denervation decreases
afferent input to CNS

and denervation is equivalent to decreased VAP
and denervation causes RR which increases neural
vari abl es

| f procedure /= denervate baroreceptors

and CO /= 1/NMAP in DR

Then tutor CO= HR * SV and HR and CC in RR equal s
1/MAP in DRand HR ==> COin RR

| f procedure = denervate baroreceptors

and CO /= increase

Then tutor CO = HR * SV

and HR and CC = increase and HR ==> CO in RR

If RAP /= 1/ CO
Then tutor CO = 1/ RAP

If COis wong and RAP = 1/ CO
Then rem nd_update (RAP = 1/CO, CO RAP)

I f SV /=RAP
Then tutor RAP, CC --> SV
and RAP ==> CO

If RAP is wong and SV
Then rem nd_update (SV

RAP
RAP, RAP, SV)

| f procedure /= denervate baroreceptor
and MAP in RR/= MAP in DR

Then tutor effects of reflexes in general
and VAP = TPR * CO

and TPR, HR and CCin RR = 1/MAP in DR

| f procedure /= denervate baroreceptor
and MAP in RR = 1/MAP in DR and COis wong
Then rem nd_update (MAP = CO * TPR, CO, NAP)

| f procedure = denervate baroreceptor and MAP /=
i ncrease then tutor

denervation --> increase HR CC --> increase CO
and i ncrease TPR and MAP = CO * TPR

107
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SS Goal Ceneration Rules

1. If procedure = denervate baroreceptors
and variable in SS /= variable in RR
Then tutor all variables in DR=20
and variable in SS = variable in RR

2. |f baroreceptor already denervated
and variable in SS /= variable in DR
Then tutor all variables in RR=20
and variable in SS = variable in DR

3. If MMAPin SS /= MAP in DR
Then tutor effects of reflexes on regul ated vari abl e

4. |f variable in DR/=0
and variable in SS /= variable in DR
Then tutor reflex only partially reverses direct
effects of procedure

5 If variable in DR =10
and variable in SS /= variable in RR
Then tutor variables that are unaffected i n DR have
same value in SS as in RR

1.2 Strategic Rules in English

1. If the goal = tutor causal-relationship
and direction is incorrect
Then strategy = tutor causality

2. If the goal = tutor causal-relationship
and direction is correct
Then strategy = remnd relation

3. If the goal = tutor causal-relationship
bet ween CO and RAP
Then strategy = tutor causality for one determ nant

4. |If the goa

= tutor neural control
Then strategy =t

utor neural control

5. If the goal = tutor neural variable and this is
the first procedure
Then strategy = rem nd neural variable

6. If the goa

= tutor MAP in RR
Then strategy = d

efine MAP in RR
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7. If the goal = tutor neural variables in RR
The strategy = define neural variables

8. If the goa

= tutor reflex in RR
Then strategy =t

utor effect of reflex

9. If the goa

= tutor logic relation in SS
Then strategy =t

utor logic relation

10. If the goal = tutor neural variable in SS
Then strategy = define neural variable in SS

11. If the goal = tutor reflex in SS
Then strategy = tutor reflex in SS

12. If the goal = tutor MAP in SS
Then strategy = tutor conpensate

1.3 Tactical Rules in English

1. If the strategy = tutor causality
Then tactic = ask (determ nants, actual -determ nant,
rel ation, val ue)

2. If the strategy = tutor causality for one determ nant
Then tactic = ask (determ nants, relation, val ue)

3. If the strategy = remind-relation
Then tactic = rem nd-rel ation

4. |If the strategy = tutor neural control
Then tactic = ask (mechani sm val ue)

5. If the strategy = remind neural variable
Then tactic = redefine DR

tutor effect of reflex
ask (baroreceptor-reflex, value)

6. If the strategy
Then the tactic

tutor neural variable in RR
ask (reflex, val ue)

7. 1If the strategy
Then the tactic

tutor conpensate in SS
ask (conpensate, val ue)

8. If the strategy
Then the tactic

tutor logic relation
ask (follow, value)

9. If the strategy
Then the tactic

tutor neural variable in SS
ask (val ue-dr, value-rr, val ue-ss)

10. If the strategy
Then the tactic



2.1 CGoal

110

Ceneration Rules in Lisp Code

DR Goal

= N =

10.

11.

12.

13.

Ceneration Rul es

(G.ruleD1

(G_rul eD2

(G.rul eD3

(G.rul et

(G.rul eD5

(G.rul eD6

(G_rul eD7

(G_rul eD8

(G.rul eD9

(G_rul eD10

(G_rul eD11

(G.rul eD12

(G_rul eD13

*cc*)))
*hr*)))
*tpr*)))

(cc-sm
(hr-sm

(tpr-sm=> ((neural -control

=> ((neural -control

=> ((neural -control

(cc-smtpr-sm =>
((redefine-dr)(neural -control
(give-dr-neural)(neural -contro

*CC*)
*tprx)))
(hr-smtpr-sm =>

((redefine-dr)(neural -control
(give-dr-neural)(neural -contro

*hr*)
*tpr*)))
(cc-smhr-sm =>

((redefine-dr)(neural -control
(give-dr-neural)(neural -contro

*CC*)

*hr=)))

(cc-smhr-smtpr-sm =>
((redefine-dr)(neural -control
(give-dr-neural)(neural -contro
(neural -control *tpr)))

(sv-smrap-sv sv-co) =>
((causal -relation (*rap* *sv*))
(causal -relation (*sv* *co*))))

*CC*)
*hr*)

(sv-smcc-sv sv-co) =>
((causal -relation (*cc* *sv*))
(causal -relation (*sv* *co*))))

(rap-smco-rap rap-sv) =>
((causal -relation (*co* *rap*))
(causal -rel ation (*sv* *co*))))

(co-smsv-co co-rap co-nmap) =>
((causal -relation (*sv* *co*))
(causal -rel ation (*co* *rap*))
(causal -rel ation (*co* *map*))))

(co-smsv-co co-nap) =>
((causal -relation (*sv*
(causal -rel ation (*co*

*co*))
*map*))))

(map-sm co-nmap) =>

((causal -relation (*co* *map*))))



14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

(G_rul eD14
=>

(G_rul eD15
=>

(G_rul eD16
=>

(G_rul eD17

=>

(G_rul eD18
=>

(G_rul eD19
=>

(G_rul eD20
=>

(G_rul eD21
=>

(G_rul eD22
=>

(G_rul eD23
=>

(G_rul ebD24
=>
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(sv-sm co-sm cc-SV SV-CO CO-Nnap Co-rap)

((causal -relation (*cc* *sv*))
(causal -relation (*sv* *co*))
(causal -rel ation (*co* *nmap*))
(causal -relation (*co* *rap*))))

(sv-sm co-smrap-sv Sv-cO CO-map)
((causal -rel ation (*rap* *sv*))
(remnd (*sv* *co*))

(causal -relation (*sv* *co*))
(causal -relation (*co* *map*))))

(sv-sm co-sm cc-sv co-nap Cco-rap)
((causal -relation (*cc* *sv*))
(remnd (*sv* *co*))
(causal -rel ation (*co* *nmap*))
(causal -relation (*co* *rap*))))

(sv-sm co-smrap-sv co-map)
((causal -rel ation (*rap* *sv*))
(causal -relation (*co* *map*))))

(co-sm map-sm sv-co CcOo-map Cco-rap)
((causal -relation (*sv* *co*))
(causal -rel ation (*co* *nmap*))
(causal -relation (*co* *rap*))))

(co-sm map-sm sv-co co- map)
((causal -rel ation (*sv* *co*))
(causal -relation (*co* *map*))))

(co-sm map- sm co- map)
((causal -relation (*sv* *co*))))
(remnd (*co* *map*))

(co-sm map-sm sv-co co-rap)
((causal -rel ation (*sv* *co*))
(causal -rel ation (*co* *rap*))
(remnd (*co* *map*))))

(sv-sm map-sm cc-Sv SvV-CcO CO- map)
((causal -relation (*cc* *sv*))
(causal -rel ation (*sv* *co*))
(causal -relation (*co* *map*))))

(sv-sm map-smrap-sv Sv-Cco CO-hap)
((causal -rel ation (*rap* *sv*))
(causal -relation (*sv* *co*))
(causal -relation (*co* *map*))))

(sv-sm co-sm cc-sv co-nap co-rap)
((causal -relation (*cc* *sv*))
(causal -rel ation (*co* *nmap*))
(causal -relation (*co* *rap*))))
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25. (GruleD25 (sv-smco-sSm map-sm cc-SV SV-CO CO-nap
co-rap)
= ((causal -relation (*cc* *sv*))
(causal -relation (*sv* *co*))
(causal -rel ation (*co* *nmap*))
(causal -relation (*co* *rap*))))

26. (GruleD26 (sv-smco-sm map-smrap-sv co-map)
= ((causal -rel ation (*rap* *sv*))
(remnd (*sv* *co*))
(causal -relation (*co* *map*))))

27. (GruleD27 (sv-smco-sSm map-sm cc-SVv CO-nap Co-rap)
= ((causal -relation (*cc* *sv*))
(remnd (*sv* *co*))
(causal -rel ation (*co* *nmap*))
(causal -relation (*co* *rap*))))

28. (GruleD28 (sv-smco-sm map-smrap-sv Sv-cCo)
= ((causal -rel ation (*rap* *sv*))
(causal -rel ation (*sv* *co*))
(remnd (*co* *map*))))

29. (GruleD29 (sv-smco-sSm map-sm cc-SV SV-CO CO-rap)
= ((causal -relation (*cc* *sv*))
(causal -rel ation (*sv* *co*))
(causal -relation (*co* *rap*))
(remnd (*co* *map*))))

30. (GruleD30 (sv-smco-sm map-smrap-sv)
= ((causal -rel ation (*rap* *sv*))
(remnd (*sv* *co*))
(remnd (*co* *map*))))

31. (GruleD31 (sv-smco-sm map-sm cc-SV cO-rap)
= ((causal -relation (*cc* *sv*))
(remnd (*sv* *co*))
(causal -rel ation (*co* *rap*))
(remnd (*co* *map*))))

RR Goal Ceneration Rules

(GrulerRl (map-sn

I
\

(rr-reflex *map*))

(GruleR2 (cc-sm

I
\

(neural -rr *cc*))

I
\

1

2

3. (GruleR3 (hr-sm (neural-rr *hr*))
4

I
\

(Gruler4 (tpr-sm (neural -rr *tpr¥*))
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5. (GruleR5 (co-smrap-smsv-sm =>
((causal -relation (*hr* *co*))
(causal -rel ati on-one (*co* *rap*))
(causal -relation (*rap* *sv*))))
6. (GruleR6 (rap-smsv-sm =>
((causal -rel ati on-one (*co* *rap*))
(causal -relation (*rap* *sv*))))
7. (G.rul eR7 (co-smrap-sm =>
((causal -relation (*hr* *co*))
(causal -rel ati on-one (*co* *rap*))))
8. (GruleR8 (rap =
((c ausal-relatlon-one (*rap* *sv*))))
9. (GruleR9 (co-sm =>
((causal -relation (*hr* *co*))
(causal -rel ati on-one (*co* *rap*))))
SS Goal Ceneration Rul es
1. (GruleSl (map-sm => ((gi ve-ssnap)
(ss-reflex (*map*)))
2. (Grules2 (cc-sm => ((give-ssneural)
(neural -ss (*cc*)))
3. (GruleS3 (hr-sm => (neural-ss (*hr*)))
4. (Grule+ (tpr-snm) => (neural-ss (*tpr*)))
5. (GruleSh (rap-sn) => (logic-relation (*rap*)))
6. (G ruleS6 (sv-sm => (logic-relation (*sv*)))
7. (GruleS7 (co-sm => (logic-relation (*co*)))

2.2 Strateqy Rules in Lisp Code

1.

2.

3.

(S_ruleD1

(S_rul eD2

(S_rul eD3

(causal -relation direction-correct) =>
(tutor-causality))

(causal -relation direction-incorrect) =>
(rem nd-relation))

(neural -control) =>
(tutor-neural control))
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(redefine-dr first-procedure) =>

(neural -rr) => (tutor-neural-rr))

(causal -rel ati on-one) =>
(tutor-causality-one))

(rr-reflex) => (tutor-effect-reflex))

(logic-relation) =>
(tutor-logic-relation))

(ss-reflex) => (tutor-ss-reflex))
(neural -ss) => (tutor-neural-ss))
(gi ve-ss-map) => (defi ne-ssnap))

(give-ss-neural) => (define-ss-neural))

=> (rem nd-rel ation))
=> (remnd-dr))

(tutor-neural -control)=>
(mechani sm (val ue))

(tutor-causality) => (determ nants)
(actual -determnant) (relation) (value))

(tutor-effect-reflex) =>
(baroreceptor-reflex)(val ue))

=> (reflex)(val ue))

(tutor-causality-one) =>
(determ nants)(rel ation)(val ue))

(tutor-logic-relation) =>
(rem nd-nv) (fol | ow (val ue))

(tutor-neural -ss) =>
(val ue-dr) (val ue-rr)(val ue-ss))

4. (S ruled
(tutor-rem nd))
5. (S_ruleRl
6. (S_ruleR3
7. (S_ruler4
8. (S rulesl
9. (S ruleS2
10. (S_rul eS3
11. (S_rule+A
12. (S_rul eSb5
2.3 Tactical Rules in Lisp Code
1. (T_ruleDl (rem nd-rel ation)
2. (T_ruleD2 (tutor-rem nd)
3. (T_ruleD3
4. (T_rul eDo6
5. (T_rulerRl
6. (T_ruleR2 (tutor-neural-rr)
7. (T_ruleR3
8. (T_rulesSl
9. (T_rules2
10. (T_rul eS3

(tutor-ss-reflex) =>
(refl ex-change) (val ue))
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D SCOURSE PLANNI NG RULES

1.1 Pedagogic Rules in English

Pedagogi c Def ault Rul es

1.

If the current state i s introduce
Then select tactical state or nove to tutor.

If the current state is tutor
Then check the topic is conpleted and nove to either
I ntroduce or conplete state

If the current state is conplete
Then check the subgoal stack for the next topic
and nove to introduce state

Pedagogi ¢ Meta Rul es

1.

If the prior state is tutor and topic is
not conpl et ed
Then nove to introduce state

If the prior state is either introduce or conplete
state and there is no nore topic in the stack
Then exit fromthe di scourse planning

1.2 Tactical Rules in English

Tactical Default Rul es

1.

If the current state is remnd-relation

Then di scourse strategy is rem nd,

content is current task, update student nodel
and nove to conpete-topic state

If the current state is explain

Then di scourse strategy is expl anation,
content is current task, update student nodel
and nove to conplete-topic state

If the current state is ask-question
Then di scourse strategy is question
content is current task,

and nove to eval -i nput state



10.

11.
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If the current state is requestion
Then di scourse strategy is requestion
content is current task,

and nove to eval -i nput state

If the current state is give-answer

Then di scourse strategy is give answer

content is (current task and correct answer),
and updat e student nodel, nove to conpl ete-topic

If the current state is correct-ack

Then di scourse strategy is positive-ack
content is (current task and student answer),
updat e student nodel, nove to conpl ete-topic

If the current state is incorrect-ack

Then di scourse strategy i s negative-ack
content is (current task and student answer),
updat e student nodel

If the current state is incorrect-ack-one

Then di scourse strategy is negative-ack-one

content is (current task and correct student answer,
i ncorrect student answer), update student nodel.

If the current state is incorrect-ack-one

Then di scourse strategy is negative-ack-one

content is (current task and incorrect student
answers), update student nodel, nove to give-answer

If the current state is give-hint
Then di scourse strategy is hint
content is current task, update student nodel.

If the current state is conplete-topic

Then di scourse strategy is conplete-topic
content is current task, update student nodel,
updat e topi c-conpl et ed.

Tactical Meta Rul es

1.

If the prior state is eval-input, and
student response is correct
Then npbve to correct-ack state

If the prior state is eval-input, and
student response is incorrect
Then nove to incorrect-ack state

If the prior state is eval-input, and
student response is half correct and first try,
Then nove to incorrect-one-ack state
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4. |If the prior state is eval-input, and
student response is both wong, and first try
Then nmove to incorrect-both-ack state

5. If the prior state is incorrect-ack and topic is
neural control,
Then nmove to give-answer state

6. If the prior state is
(i ncorrect-ack, incorrect-one-ack), topic
is causal -relation, and first try,
Then nove to give-hint state

7. If the prior state is incorrect-ack,

topic is causal-relation, and second try,
Then nove to give-answer state

2.1 Pedagogic Rules in Lisp Code

Pedagogi ¢ Default Rul es

1. (Pedagogi c_defaul t *introduce*
(subgoal *current _task*
updat e *t opi c- conpl et ed*
next state *tutor*))
2. (Pedagogi c_def aul t *tutor*
(subgoal *current _task*
updat e *t opi c- conpl et ed*
next state *conpl et e*))
3. (Pedagogi c_def aul t *conpl et e*
(subgoal *current _task*
updat e *one_t opi c*
next state *i ntroduce*))

Pedagogi ¢ Meta Rul es

1. (Pedagogi c_neta *mtutor*
(prior-state *tutor®*
precondi tion *t opi c- conpl et ed*
next _state *introduce*))

2. (Pedagogic_neta *m _conpl et e*
(prior-state (*introduce* *conpl et e*)
precondi tion *Nno_nore_topi c*

next _state *stop*))
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2.2 Tactical Rules in Lisp Code

Tactical Default Rul es

1. (Tactical _default *rem nd-rel ati on*
(text-style rem nd
cont ent *current _task*
updat e *smf
next state *conpl ete_topic*))
2. (Tactical _default *expl ai n*
(text-style expl anati on
cont ent *current _task*
updat e *smf
next state *conpl ete_topic*))
3. (Tactical _default *ask_questi on*
(text-style questi on
cont ent *current _task*
updat e *smf
next _state *eval -1 nput *))
4. (Tactical default *requesti on*
(text-style requestion
cont ent *current _task*
updat e *smr
next _state *eval -1 nput *))
5. (Tactical _default *eval -i nput *
(text-style ni
cont ent ni
updat e *smr
next _state nil))
6. (Tactical default *gi ve- answer *
(text-style gi ve- answer
cont ent (*current _task* *correct_ans*)
updat e *smf
next state *conpl ete_topic*))
7. (Tactical _default *correct-ack*
(text-style posi ti ve-ack
cont ent (*current _task* *student ans*)
updat e (*sn¥, *topic-conpl eted*)
next state *conpl ete_topic*))
8. (Tactical default *incorrect-ack*
(text-style negati ve- ack
cont ent (*current task* *student-ans*)
updat e *smf

next _state nil))



9. (Tactical default
(text-style
cont ent

updat e
next _state

10. (Tactical _default
(text-style
cont ent
updat e
next _state

11. (Tactical _default
(text-style
cont ent
updat e
next _state

Tactical Meta Rul es

1. (Tactical _neta
(precondition
prior-state
next -state

2. (Tactical _neta
(precondition
prior-state
next -state

3. (Tactical _neta
(precondition
prior-state
next -state

4. (Tactical _neta
(precondition
prior-state
next -state

5. (Tactical _neta
(precondition
prior-state

next-state

6. (Tactical _neta
(precondition
prior-state
next - state
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*i ncorrect-ack-one*
negati ve- ack- one

(*current _task*
*correct-one* *w ong-one*)
*snf

nil))

*give-hint*

hi nt

*current _task*
*snf

nil))

*conpl et e-t opi c*

conpl ete-topic

*current task*

(*snt¥ *topic-conpl et ed*)
nil))

*m.correct*
response-i s-correct
*eval -i nput *
*correct-ack*))

*m.incorrect*
response_i s_incorrect
*eval -i nput *
*incorrect-ack*))

*m.i ncorrect_one*
response_i s_incorrect
*eval -i nput *

*i ncorrect-ack-one*))

*m_i ncorrect _bot h*
response_i s_incorrect
*eval -i nput *

*i ncorrect-bot h-ack*))

*mfirst*

(causal first-try)
(*incorrect-ack*

*i ncorrect-ack-one*)
*give-hint*))

*m second*

(causal second-try)
*incorrect-ack*

*gi ve-answer *))
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APPENDI X B
TRACE OF A TUTORI NG SESSI ON
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This section displays a short exanple of the systemin
operation that describes what each conponent of the system
does, what kind of information it needs, and what is the
result after each step during the tutoring session. This
tutorial interaction begins after the |esson planning is
done, so that there are already |esson goals in the
goal st ack. The di scourse planner begins with the first topic
in the stack and when that topic is conpleted, continues with
the next topic. Let us assume that the current goal stack

contains the | esson goal, "CAUSAL-RELATION (RAP, SV)."

The | esson planner picks the goal and expand it into a

set of subgoals: "determ nants, actual-determ nant, relation

val ue." Then the discourse planner picks the first subgoal,

"determ nants,"” and the tutoring session begins as foll ows.

Pl anner: Picks first discourse plan, (ask: determ nants)
text-style = question, topic = (determ nants SV)
Calls text-gen: (question (determ nants SV))

Text- Gen. Cenerates a natural |anguage sentence,
"Wiat are the determ nants of Stroke Vol une?"
and returns it to the Planner.

Pl anner : Calls Screen Manager to display the sentence.
Screen Manager: Displays the sentence in the TUTOR wi ndow.
Pl anner: Passes the current topic to the I|nput-Understander,

"(question (determ nants SV)"
STUDENT: "HR, RAP'
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Screen Manager: Passes the student's answer to | nput

Under st ander .

I nput - Under st ander :

Pl anner :

Eval uates the student's answer, (HR RAP).

| f the answer is inconsistent with the question,
then it replies to the student "Pl ease rephrase,”
otherwi se return the answer to the planner in |ogic
form "(answer (determnants SV (HR RAP)))"

Passes the current topic with student's answer to

t he Student Mbdel |l er,
"((determnants SV) (HR_ RAP))"

St udent Mbdel | er:

Pl anner :

Text - Gen:

Pl anner :

Cal I s probl em sol ver, get correct_ans,
(RAP, CC), conpares (correct_ans wth student_ans),
updat es student nodel .

Checks student nodel, picks the discourse plan,
"(give: Positive-ack, Negative-ack)"

text-style = Positive-ack,

topic = (determinants SV (RAP))

text-style = Negati ve-ack,

topic = (determinants SV (HR))

Cal I s Text GCen:

"((Positive-ack (determ nants SV (RAP)),

Negati ve-ack (determnants SV (HR)))"

Cenerates a sentence,
"Right Atrial Pressure is the correct answer. Heart
Rate is not the correct answer."

Call's Screen Manager to display the sentence.

Screen Manager: Displays the sentence in the TUTOR wi ndow.
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Pl anner:  Picks the next discourse plan, "(give: hint)"
text-style = hint, topic = (definition SV)
Call's the Text_Gen: "(hint (definition SV))"

Text - Gen. Cenerates a sentence, "Renenber. Stroke volune is
t he anount of bl ood punped per beat."
and return it to the planner.

Pl anner : Calls Screen Manager to display the sentence.

Screen Manager: Displays the sentence in the TUTOR wi ndow.
Pl anner:  Picks the next discourse plan, "(ask: determnant)"
text _style = requestion, topic = (determ nant SV)
Call s the Text - Gen:

"(requestion (determ nants SV))"

Text - Gen: (Generates a sentence,
"Wiat i s the ot her determ nant of Stroke Vol une?"

Screen Manager: Displays the sentence in the TUTOR wi ndow.

Pl anner: passes the current topic to the I|nput-Understander,
"(requestion (determ nant SV)"

STUDENT. "Cardiac CQutput”

Screen Manager: Passes the student's answer to | nput
Under st ander .

I nput - Under st ander :
Eval uates the student's answer, (CO.
return the answer to the planner in logic form
"(answer (determnant SV (CO)"
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Pl anner: Passes the current topic with student's answer to
the Student Modeller: "((determnant SV) (CO)"

St udent Mbdel | er:
Cal I s probl em sol ver, get correct_ans:
conpares (correct_ans with student _ans),
updat es student nodel .

Pl anner:  Checks student nodel,
pi cks the next discourse plan,
"(give: Negative-ack)"
text-style = Negati ve-ack,
topic = (determnant SV (CO),
calls Text Cen:
"(Negative-ack (determnant SV (CQ))"

Text - Gen: (CGenerates a sentence,
“CQardiac Qutput is the wong answver."

Screen Manager: Displays the sentence in the TUTOR wi ndow.

Pl anner:  Picks the next discourse plan, "(give: answer)"
text-style = answer, topic = (determ nants SV)
Cal | Text Gen: "(answer (determnants SV))"

Text - Gen: Cenerates a sentence,
"Stroke Volune is deternmined by R ght Atrial
Pressure and Cardi ac Contractility."

Screen Manager: Displays the sentence in the TUTOR wi ndow.

* The next step for the discourse planner is to pick the next
subgoal , "actual -determ nant”, and process as above. A real
di al ogue produced by the system can be found in the Appendi x

C
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APPENDI X C
D ALOGUE PRODUCED BY THE SYSTEM
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This section shows an extended sanple of real dial ogue
produced by ClI RCSI M TUTOR. Two exanples will be displayed for
each stage (DR RR, and SS).

Exanple 1 for DR The |esson goal of the follow ng

di alogue is to tutor the student about the "causal
rel ati onship between Right Atrial Pressure and Stroke

Vol ume, " which is the sane exanple as in Appendi x B.

TUTOR> Wiat are the determ nants of Stroke Vol une?
STUDENT> RAP and HR
TUTOR> Right atrial pressure is the correct answer. Heart
rate is not the correct answer.
Renenber. Stroke Vol unme is the anount of bl ood
punped per beat.
Wiat is the other determ nant of Stroke Vol une?
STUDENT> Cardi ac CQut put
TUTOR> Cardiac Qutput is the wong answer.
Stroke Volune is determned by the Right Atrial
Pressure and the Cardiac Contractility.
Wiat is the actual determinant in this case?
STUDENT> CC
TUTOR> Wong, the actual determ nant of Stroke Volune in
this case is not the Cardiac Contractility.
The actual determ nant of Stroke Volune in this

case is Right Atrial Pressure.



STUDENT>
TUTOR>

STUDENT>
TUTOR>

STUDENT>
TUTOR>
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What is the relationship between Right Atrial
Pressure and Stroke Vol une?

negati ve

Wong, Stroke Volunme is not inversely proportiona
to Rght Atrial Pressure. Stroke Volune is directly
proportional to Right Atrial Pressure.

What is the correct value of Stroke Vol une?

i ncr ease

Wong, the value of Stroke Volune is not increased.
Consi der the value of Right Atrial Pressure.

What is the correct value of Stroke Vol une?

decr eased

Correct, the value of Stroke Volune is decreased.

Exanple 2 for DR The |esson goal of the follow ng

di al ogue is to tutor the student about the "neural control

vari able” in the DR stage.

TUTOR>

STUDENT>
TUTOR>

STUDENT>

Renenber the direct response occurs inmmediately and
produces physical changes in the system before any
reflex is activated.

By what nechanismis Heart Rate controll ed?

neur al

Correct, Heart Rate is controlled by the nervous
system What is the correct value of Heart Rate?

decr eased
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TUTOR> Wong, the value of Heart Rate is not decreased.
Remenber. Heart Rate is neurally controll ed.
Wiat is the correct value of Heart Rate?

STUDENT> nochange.

TUTOR> Correct, the value of Heart Rate i s unchanged.

Exanple 1 for RR: The |esson goal of the follow ng

di al ogue is to tutor the student about the "regul ated

vari able (Mean Arterial Pressure)” in the RR stage.

TUTOR> Renmenber the reflex corrects the regul ated
variable. What variable is regulated by the
bar oreceptor reflex?

STUDENT> Heart Rate

TUTOR> Wong, Heart Rate is not the regul ated vari abl e.
How i s the baroreceptor measured?

Agai n, what variable is regulated by the
bar oreceptor reflex?

STUDENT> NAP

TUTOR> Correct, the baroreceptor reflex regul ates Mean
Arterial Pressure.
What is the correct value of Mean Arteri al
Pressure?

STUDENT> decreased

TUTOR> Wong, the value of nean arterial pressure is not

decr eased.
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Consi der the value of Mean Arterial Pressure in DR
What is the correct value of Mean Arteri al
Pressure?

STUDENT> i ncreased

TUTOR> Correct, the value of Mean Arterial Pressure is

i ncr eased.

Exanple 2 for RR The | esson goal of the follow ng

di al ogue is to tutor the student about the "neural control

vari abl e" in the RR stage.

TUTOR> Renenber that the refl ex changes the value of all
neurally controlled variables first, in order to
correct the change in arterial pressure.

Whi ch vari abl es are changed by the refl ex?

STUDENT> CC, HR and TPR

TUTOR> Correct, Cardiac Contractility, Heart Rate, and
Total Peripheral Resistance are changed by the
refl ex.

Wiat is the correct value of Heart Rate?

STUDENT> decreased

TUTOR> Wong, the value of Heart Rate is not decreased.

The value of Heart Rate is increased.
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Example 1 for SS: The |esson goal of the follow ng

dialogue is to tutor the student about the "logic rel ation”

in the SS stage.

TUTOR> The val ue of a neural variable is SSis the sane as
its value in RR because neural variables do not
change in DR except when one is a prinmary vari abl e.
What is the correct value of Heart Rate in DR?

STUDENT> nochange

TUTOR> Correct, the value of Heart Rate is unchanged in
DR Wiat is the correct value of Heart Rate in RR?

STUDENT> i ncreased

TUTOR> Correct, the value of Heart Rate is increased in
RR Wiat is the correct value of Heart Rate in SS?

STUDENT> i ncreased

TUTOR> Correct, the value of Heart Rate is increased in
SS.

Example 2 for SS: The |esson goal of the follow ng

dialogue is to tutor the student about the "physical

vari able" in the SS stage.

TUTOR> Renenber cardiac output decreased in DR it
increased in RR
What nust the value of Cardiac Qutput followin SS?
STUDENT> rr



TUTOR>

STUDENT>
TUTOR>
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Wong, the value of Cardiac Qutput doesn't follow
the value of Cardiac Qutput in RR The val ue of
Cardi ac Qutput nust follow the value of Cardiac
Qut put in DR

What is the correct value of Cardiac Qutput?

decr eased

Correct, the value of Cardiac Qutput is decreased.
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