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Tactical Default Rule

(Tactical_default    *ask_question*
    (text-style       question
     content          current-task
     update           nil
     next-state      *eval-input*)) 

(Tactical_default    *give_answer*
    (text-style       give-answer
     content         (current-task correct-answer)
     update           student-model
     next-state      *complete-topic*))

Figure 25. Tactical Default Rules

Tactical Meta Rule

(Tactical_meta       *m_correct*
    (precondition     correct-response
     prior-state     *eval-input*
     next-state      *correct-ack*))

(Tactical_meta       *m_incorrect*
    (precondition     incorrect-response
     prior-state     *eval-input*
     next-state      *incorrect-ack*))

Figure 26. Tactical Meta Rules

C. Control Structure. The discourse 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 moves from one state to
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another according to a pre-determined path. The meta control

abandons the default path and moves to the state that is

specified in the meta-rule. The system checks the meta-rules

first and if none of the meta-rules fire, then the control

flow will follow the default path. This control path is

hidden in Figure 22, because the exceptional behavior by the

meta-rules can not be predicted in advance. For example, the

Eval_Input state will be selected right after the

Ask_Question state as a default path, but the next state is

unpredictable, since the student answer could be correct,

wrong, or partially correct. This mechanism enables the

dynamic behavior of the discourse planner.

The main disadvantage of earlier discourse management

networks [Woolf, 1984; Clancey, 1982] is that they needed to

be coupled with some other control mechanism, such as an

agenda and an external memory to provide a topic. In CIRCSIM-

TUTOR, since the lesson planner provides a globally coherent

lesson plan, the network itself can function solely for

delivery purposes while keeping all the advantages of the

discourse management network, such as flexible discourse

control and explicit representation of discourse strategies.

7.3 Discourse Planning

Discourse planning in CIRCSIM-TUTOR is managed by a

simple algorithm. It iterates through the states until a

topic becomes complete. Either the student responds with a
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correct answer or the tutor gives the answer. This section

describes important features of the discourse planning: the

discourse goals, a discourse planning algorithm, an example

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

7.3.1 The Discourse Goal. The discourse planner needs a

goal to tutor the student. This goal can be found in the

subgoal stack, which the lesson planner has produced. In

Figure 18, the subgoals are sequenced by number, so that the

discourse planner can carry them out in that order. When the

planner 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 empty, or is

suspended by the plan controller in favor of a student

initiative.

7.3.2 The Discourse Planning Algorithm. The discourse

planning algorithm is a simple iteration. It receives a

subgoal stack from the lesson planner, picks one of the

subgoals, and iterates through the states in the network

until the goal is completed. The cycle is repeated with each

subgoal in turn until the stack is empty. The most important

feature of the algorithm is flexible transition between the

two level planning process; if the current level is a default

or meta strategy then process the upper level function, else

process the lower level function; if the next state is not

specified in a tactical state then pop up to the upper level
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and check meta rules, and so on. The following is the top

level discourse planning algorithm and Figure 27 shows the

pseudo code for the discourse planning algorithm.

The Top Level Discourse Planning Algorithm:

1. Repeat until the subgoal stack is empty.

      Pick one subgoal and call execute-one-subgoal.

   End-Repeat.

2. Execute-one-subgoal:

      Repeat until topic completed

           if strategy then process-upper-level

           if tactical then process-lower-level

      End-Repeat.

 7.3.3 Generating Natural Language Sentence. The

tactical default states have slots containing information for

the text generator. When the planner processes the states,

the text-style and content slots will be extracted from the

current state. For example, assume that the planner is

processing the *ask_question* state (Figure 25), while the

text-style slot contains question and the content slot

contains the current-task, such as determinant (SV). Binding

these two slot values provides us with a logic form,

(question (determinant (SV))), which will be passed to the

text generator, which generates the sentence, What are the
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determinants of SV? Then the screen manager will display the

sentence in the tutor window.

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 more

information from many other sources, the domain knowledge

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

(defun discourse-planner ()
   (repeat until no-more-subgoals
          (execute-one-subgoal)))

(defun execute-one-subgoal ()
   (repeat-until (STOP)
      (case (get-level (level))
          ((strategy)      (process-upper-level))
          ((meta-strategy) (process-upper-level))
          ((tactical)      (process-lower-level))
          ((meta-tactical) (process-lower-level)))))

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

(defun process-lower-level ()
     (cond ((current-state = meta-tactical) 
            (get-next-state)
           ((topic-completed) (get-next-state)
            (call-text-gen)   (get-next-state)))
     (if (next-state = nil) (pop-level-up))) 

Figure 27. The Pseudo Code for Discourse Planning
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7.3.4 How to Recognize a Student Initiative. CIRCSIM-

TUTOR allows student initiatives during the tutoring session.

So the planner must understand whether the student response

is a question or an answer by checking the input logic form,

which is being passed from the input understander. For

example, if the input understander passes a logic form,

(answer (determinant SV)(RAP CO)), the first item of the

list, answer, indicates that this is an answer. The second

item of the list, (determinant SV), is the current topic, and

the third item, (RAP CO), is the student answer. Let's assume

that the tutor asks the question, What are the determinants

of SV? and the student responds with I don't know about SV.

Then the input understander recognizes this as an implicit

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

plan and carries out the student request; asks the problem

solver to get the definition of SV from the knowledge base,

and then asks the screen manager to display it.

Student initiatives can involve a broad range of

questions. It requires efforts from many components of the

system to give helpful responses; the input understander must

understand the question, the problem solver must get an

answer, and the planner must 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 level

transitions; the long arrows represent the tactical level

transitions; and the double arrows represent the meta level

transitions. The left side of the figure shows the processing

of states, and the right side of the figure shows the

discourse actions resulting from visiting the states.

The tutor begins by asking a question, then it moves to

the evaluate state by the default control rule. At this time,

the student responds with a half correct answer, which is

recognized by the meta tactical rule3, which forces a move to

the h a l f - c o r r e c t  state. This state produces an

acknowledgement and then another meta rule fires, which

recognizes that this is the first try. So the meta rule

forces a move to the give-hint state, which produces a hint.

Since there is no default and a meta rule applies, the

control pops up to the upper level and checks whether the

topic has been completed. If not, then control goes back to

the introduce state again, and moves down to the tactical

level. This time the requestion state is selected, since this

is the second try on the same topic.

One of the default paths is ask-question then eval-

input. This can be considered as a partial discourse plan,

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

with dynamic meta planning.

 

Current Topic: Determinants of SV

Discourse States Discourse Action

->,=>:    Pedagogic Level

-->, ==>: Tactical Level

->  INTRODUCE

--> Ask-question  Tutor: What are the determinants
        of SV?

==> Meta-tactic3 
    (Incorrect-one)

--> Eval-input  Student: RAP and CO

--> Half-Correct  Tutor: RAP is correct, but CO is
        not a determinant of SV.

==> Meta-tactic6
    (First-try)

--> Give-hint  Tutor: Remember. SV is the amount
        of blood pumped per beat.

->  TUTOR

=>  Meta-pedagogic
    (Not-completed)

 Tutor: What is the other 
        determinant of SV?

->  INTRODUCE

--> Requestion

( -> Default , => Meta )

Figure 28. Trace of the Discourse Transition Process

7.5 Summary
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This chapter began by introducing the  discourse rules

and the discourse network. The discourse rules originated in

the flow chart as a tutorial strategy, and I have transformed

them into rules and expressed them as frame-like structures

using Lisp macro functions. The rules include all the

necessary information to generate a natural language

sentence, and the control mechanism is also specified within

the rules.

The network consists of two levels: the pedagogy level

and the tactical level. The pedagogy level makes decisions

about the style of tutoring and the tactical level decides on

the expository style to implement the pedagogy. The execution

of the tactical states causes text to be generated, updates

the student model, and moves to the other states. The states

represent explicit discourse planning rules and an explicit

control mechanism.

Some of the important discourse planning features are

introduced in the third section; discourse goals, the

discourse planning algorithm, communication with the text

generator, recognizing the student initiative. A short trace

of example discourse state transitions is displayed in the

fourth section.

The system provides two different running modes: 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 dialogue proceeds, the subgoal stack gets

updated, and displays all the states that have been visited

including the current one.
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CHAPTER VIII

CONCLUSION

8.1 Significance of this Research

This thesis describes the design and development of an

instructional planner for a Physiology ITS, CIRCSIM-TUTOR.

The planner has several significant features.

First, the planner combines two different instructional

planning approaches: lesson planning and discourse planning.

Lesson planning produces global lesson plans, which will be

carried out during the discourse planning stage. This

approach provides us with many advantages over other

instructional planning systems, such as MENO-TUTOR [Woolf,

1984] and IDE-INTERPRETER [Russell, 1988].

Second, the planner plans dynamically based on the

inferred student model; it generates plans, monitors the

execution of the plans, and replans when the student

interrupts with a question during the tutoring session. This

approach provides adaptive instruction, so that it is better

suited for tutoring individual students than CAI systems

which produce fixed instruction.

Third, the pedagogical knowledge is extracted from the

experts and represented explicitly as rules, lesson planning

rules and discourse planning rules, in separate files. This
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way it is possible to add, delete, and modify the rules

easily without restructuring the whole system. The rules are

used to generate lesson plans and to control discourse

strategies. The system interprets the rules and builds the

lesson plans or returns an appropriate discourse action.

Fourth, the planner plans at different levels of the

hierarchy; the higher level is a simplification or

abstraction of the plan (lesson goals) and the lower is a

detailed plan (subgoals), sufficient to solve the problem.

This planning technique prevents development of unnecessary

plans in advance and has been implemented successfully in

several ITS systems [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 resumes the suspended plan. This is another

advantage of CIRCSIM-TUTOR over earlier dialogue management

systems, such as MENO-TUTOR [Woolf, 1984], which does not

allow student questions during the tutoring session.

Finally, the planner acts as a controller for the

system, so that it controls all the other components of the

system. Since one of the main goals of CIRCSIM-TUTOR is to

provide a natural language interface, the discourse planner

is designed not only to provide sophisticated discourse
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control, but also to create the internal logic forms for the

text generator to generate the sentence. A short tutoring

scenario is introduced, which came from a transcript of human

tutor and student interaction, to explain the internal

process of the system.

8.2 Future Research

Since the student modeler was not fully implemented by

its designer (only DR in procedure 4), I had to implement a

temporary student model for the planner. This model is

limited to the overlay strategy, so the planner can support

tutoring on the overlay errors only, not the bugs. The

tutoring strategy for the bug library has not been developed

yet, so the system cannot tutor the student about bugs at the

moment.

Another very important tutoring strategy is giving a

level 2 (more detailed knowledge) hint during the tutoring

session. Giving a hint generally involves many different

knowledge sources. In CIRCSIM-TUTOR, the domain knowledge

base needs to but does not contain all the knowledge at the

detailed level. The input understander and the text generator

need to expand their lexicon and logic forms to contain all

the variables at the detailed level. The problem solver needs

to be able to access the knowledge base and extract a hint,

and the planner needs to have a general strategy for deciding
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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

couple of simple examples, such as I don't know, and I don't

understand about X. The planner needs to develop its tutoring

strategy to support more sophisticated student initiatives.

Also the input understander needs to recognize student

initiatives, and the problem solver must provide a correct

answer.

CIRCSIM-TUTOR supports seven pre-determined problems as

a curriculum, so that it does not really require curriculum

planning. Our expert tutors are developing many more

procedures for the system, which may require sophisticated

curriculum planning in future versions of the system.
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APPENDIX A

TUTORING RULES IN ENGLISH AND IN LISP CODE
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Tutoring rules in CIRCSIM-TUTOR consists of lesson

planning rules and discourse planning rules. The lesson

planning rules are further divided into the three kinds of

rules: goal generation rules, strategic rules, and tactical

rules. The discourse planning rules are divided into

pedagogic rules and tactical rules. In this section, the

complete rules are displayed in both English and Lisp source

code.

LESSON PLANNING RULES

1.1 Goal Generation Rules in English

DR Goal Generation Rules

(SYMBOL: X, Y --> Z; X and Y are determinants of Z

            X ==> Y; X is the determinant 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 RA is primary variable and MAP /= RA
   Then tutor TPR, CO --> MAP and MAP = TPR * CO
   and TPR ==> MAP

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

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

6. If RA is primary variable and RAP is wrong
   Then tutor CO --> RAP and 1/CO ==> RAP
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   and CO = 0, RAP = 0

     7. If CC is primary variable and SV /= CC
   Then tutor CC, RAP --> SV and CC ==> SV

     8. If HR is primary variable and CO /= HR
   Then tutor HR, SV --> CO and CO = HR * SV and
   HR ==> CO

     9. If HR is primary variable and RAP /= 1/CO
   Then tutor 1/CO ==> RAP

    10. If HR is primary variable and RAP = 1/CO and CO is
   wrong
   Then remind_update (RAP = 1/CO, CO, RAP)

    11. If (RAP is primary variable or if CC is not primary
   variable)
   Then tutor RAP, CC --> SV and RAP ==> SV

    12. If HR and RA is not primary variables and CO /= SV
   Then tutor SV, HR --> CO and CO = SV * HR and
   SV ==> CO

    13. If HR and TPR is not primary variables and CO = SV
   and SV is wrong
   Then remind_update (CO = SV, SV, CO)

    14. If RA is not primary variable MAP /= CO
   Then tutor CO, TPR --> MAP and MAP = CO * TPR
   and CO ==> MAP

    15. If RA is not primary variable and MAP = CO and CO is
   wrong
   Then remind_update (MAP = CO, CO, MAP)

    16. If CC is primary variable and RAP /= 1/CO
   Then tutor CO --> RAP and CO ==> 1/RAP

    17. If CC is primary variable and RAP = 1/CO and CO is
   wrong
   Then remind_update (RAP = 1/CO, CO, RAP)

RR Goal Generation Rules

1. If baroreceptor already denervated
   and all entries in RR are not zero
   Then tutor all variables in RR is zero
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2. If procedure /= denervate baroreceptors
   and neural variables /= 1/MAP in DR
   Then tutor neural variables
   and neural variables in RR = 1/MAP in DR

3. If procedure = denervate baroreceptors
   and neural variable(s) /= increase
   Then tutor baroreceptor denervation decreases
   afferent input to CNS
   and denervation is equivalent to decreased MAP
   and denervation causes RR which increases neural
   variables

4. If procedure /= denervate baroreceptors
   and CO /= 1/MAP in DR
   Then tutor CO = HR * SV and HR and CC in RR equals
   1/MAP in DR and HR ==> CO in RR

5. If procedure = denervate baroreceptors
   and CO /= increase
   Then tutor CO = HR * SV
   and HR and CC = increase and HR ==> CO in RR

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

7. If CO is wrong and RAP = 1/CO
   Then remind_update (RAP = 1/CO, CO, RAP)

8. If SV /=RAP
   Then tutor RAP, CC --> SV
   and RAP ==> CO

9. If RAP is wrong and SV = RAP
   Then remind_update (SV = RAP, RAP, SV)

    10. If procedure /= denervate baroreceptor
   and MAP in RR /= MAP in DR
   Then tutor effects of reflexes in general
   and MAP = TPR * CO
   and TPR, HR and CC in RR = 1/MAP in DR

    11. If procedure /= denervate baroreceptor
   and MAP in RR = 1/MAP in DR and CO is wrong
   Then remind_update (MAP = CO * TPR, CO, MAP)

    12. If procedure = denervate baroreceptor and MAP /=
   increase then tutor
   denervation --> increase HR, CC --> increase CO
   and increase TPR and MAP = CO * TPR
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SS Goal Generation Rules

1. If procedure = denervate baroreceptors
   and variable in SS /= variable in RR
   Then tutor all variables in DR = 0
   and variable in SS = variable in RR

2. If baroreceptor already denervated
   and variable in SS /= variable in DR
   Then tutor all variables in RR = 0
   and variable in SS = variable in DR

3. If MAP in SS /= MAP in DR
   Then tutor effects of reflexes on regulated variable

4. If 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 = 0
   and variable in SS /= variable in RR
   Then tutor variables that are unaffected in 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 = remind relation

3. If the goal = tutor causal-relationship
   between CO and RAP
   Then strategy = tutor causality for one determinant

4. If the goal = tutor neural control
   Then strategy = tutor neural control

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

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

8. If the goal = tutor reflex in RR
   Then strategy = tutor effect of reflex

9. If the goal = tutor logic relation in SS
   Then strategy = tutor 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 compensate

1.3 Tactical Rules in English

1. If the strategy = tutor causality
   Then tactic = ask (determinants, actual-determinant,
        relation, value)

2. If the strategy = tutor causality for one determinant
   Then tactic = ask (determinants, relation, value)

3. If the strategy = remind-relation
   Then tactic = remind-relation

4. If the strategy = tutor neural control
   Then tactic = ask (mechanism, value)

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

6. If the strategy = tutor effect of reflex
   Then the tactic = ask (baroreceptor-reflex, value)

7. If the strategy = tutor neural variable in RR
   Then the tactic = ask (reflex, value)

8. If the strategy = tutor compensate in SS
   Then the tactic = ask (compensate, value)

9. If the strategy = tutor logic relation
   Then the tactic = ask (follow, value)

    10. If the strategy = tutor neural variable in SS
   Then the tactic = ask (value-dr, value-rr, value-ss)
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2.1 Goal Generation Rules in Lisp Code

DR Goal Generation Rules

1. (G_ruleD1 (cc-sm) => ((neural-control *cc*)))

2. (G_ruleD2 (hr-sm) => ((neural-control *hr*)))

3. (G_ruleD3 (tpr-sm)=> ((neural-control *tpr*)))

4. (G_ruleD4 (cc-sm tpr-sm) =>
((redefine-dr)(neural-control *cc*)
 (give-dr-neural)(neural-control *tpr*)))

5. (G_ruleD5 (hr-sm tpr-sm) =>
((redefine-dr)(neural-control *hr*)
 (give-dr-neural)(neural-control *tpr*)))

6. (G_ruleD6 (cc-sm hr-sm) =>
((redefine-dr)(neural-control *cc*)
 (give-dr-neural)(neural-control *hr*)))

7. (G_ruleD7 (cc-sm hr-sm tpr-sm) =>
((redefine-dr)(neural-control *cc*)
 (give-dr-neural)(neural-control *hr*)
 (neural-control *tpr)))

8. (G_ruleD8 (sv-sm rap-sv sv-co) =>
((causal-relation (*rap* *sv*))
 (causal-relation (*sv* *co*))))

9. (G_ruleD9 (sv-sm cc-sv sv-co) =>
((causal-relation (*cc* *sv*))
 (causal-relation (*sv* *co*))))

    10. (G_ruleD10 (rap-sm co-rap rap-sv) =>
((causal-relation (*co* *rap*))
 (causal-relation (*sv* *co*))))

    11. (G_ruleD11 (co-sm sv-co co-rap co-map) =>
((causal-relation (*sv* *co*))
 (causal-relation (*co* *rap*))
 (causal-relation (*co* *map*))))

    12. (G_ruleD12 (co-sm sv-co co-map) =>
((causal-relation (*sv* *co*))
 (causal-relation (*co* *map*))))

    13. (G_ruleD13 (map-sm co-map) =>
((causal-relation (*co* *map*))))
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    14. (G_ruleD14 (sv-sm co-sm cc-sv sv-co co-map co-rap) 
=> ((causal-relation (*cc* *sv*))

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

    15. (G_ruleD15 (sv-sm co-sm rap-sv sv-co co-map)
=> ((causal-relation (*rap* *sv*))

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

    16. (G_ruleD16 (sv-sm co-sm cc-sv co-map co-rap)
=> ((causal-relation (*cc* *sv*))

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

    17. (G_ruleD17 (sv-sm co-sm rap-sv co-map)
=> ((causal-relation (*rap* *sv*))

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

    18. (G_ruleD18 (co-sm map-sm sv-co co-map co-rap)
=> ((causal-relation (*sv* *co*))

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

    19. (G_ruleD19 (co-sm map-sm sv-co co-map)
=> ((causal-relation (*sv* *co*))

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

    20. (G_ruleD20 (co-sm map-sm co-map)
=> ((causal-relation (*sv* *co*))))

 (remind (*co* *map*))

    21. (G_ruleD21 (co-sm map-sm sv-co co-rap)
=> ((causal-relation (*sv* *co*))

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

    22. (G_ruleD22 (sv-sm map-sm cc-sv sv-co co-map)
=> ((causal-relation (*cc* *sv*))

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

    23. (G_ruleD23 (sv-sm map-sm rap-sv sv-co co-map)
=> ((causal-relation (*rap* *sv*))

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

    24. (G_ruleD24 (sv-sm co-sm cc-sv co-map co-rap)
=> ((causal-relation (*cc* *sv*))

 (causal-relation (*co* *map*))
 (causal-relation (*co* *rap*))))
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    25. (G_ruleD25 (sv-sm co-sm map-sm cc-sv sv-co co-map 
 co-rap)

=> ((causal-relation (*cc* *sv*))
 (causal-relation (*sv* *co*))
 (causal-relation (*co* *map*))
 (causal-relation (*co* *rap*))))

    26. (G_ruleD26 (sv-sm co-sm map-sm rap-sv co-map)
=> ((causal-relation (*rap* *sv*))

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

    27. (G_ruleD27 (sv-sm co-sm map-sm cc-sv co-map co-rap)
=> ((causal-relation (*cc* *sv*))

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

    28. (G_ruleD28 (sv-sm co-sm map-sm rap-sv sv-co)
=> ((causal-relation (*rap* *sv*))

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

    29. (G_ruleD29 (sv-sm co-sm map-sm cc-sv sv-co co-rap)
=> ((causal-relation (*cc* *sv*))

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

    30. (G_ruleD30 (sv-sm co-sm map-sm rap-sv)
=> ((causal-relation (*rap* *sv*))

 (remind (*sv* *co*))
 (remind (*co* *map*))))

    31. (G_ruleD31 (sv-sm co-sm map-sm cc-sv co-rap)
=> ((causal-relation (*cc* *sv*))

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

RR Goal Generation Rules

1. (G_ruleR1 (map-sm) => (rr-reflex *map*))

2. (G_ruleR2 (cc-sm)  => (neural-rr *cc*))

3. (G_ruleR3 (hr-sm)  => (neural-rr *hr*))

4. (G_ruleR4 (tpr-sm) => (neural-rr *tpr*))
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5. (G_ruleR5 (co-sm rap-sm sv-sm) =>
((causal-relation (*hr* *co*))
 (causal-relation-one (*co* *rap*))
 (causal-relation (*rap* *sv*))))

6. (G_ruleR6 (rap-sm sv-sm) =>
((causal-relation-one (*co* *rap*))
 (causal-relation (*rap* *sv*))))

7. (G_ruleR7 (co-sm rap-sm) =>
((causal-relation (*hr* *co*))
 (causal-relation-one (*co* *rap*))))

8. (G_ruleR8 (rap-sm) =>
((causal-relation-one (*rap* *sv*))))

9. (G_ruleR9 (co-sm) =>
((causal-relation (*hr* *co*))
 (causal-relation-one (*co* *rap*))))

SS Goal Generation Rules

1. (G_ruleS1 (map-sm) => ((give-ssmap)
   (ss-reflex (*map*)))

2. (G_ruleS2 (cc-sm)  => ((give-ssneural)
   (neural-ss (*cc*)))

3. (G_ruleS3 (hr-sm)  => (neural-ss (*hr*)))

4. (G_ruleS4 (tpr-sm) => (neural-ss (*tpr*)))

5. (G_ruleS5 (rap-sm) => (logic-relation (*rap*)))

6. (G_ruleS6 (sv-sm)  => (logic-relation (*sv*)))

7. (G_ruleS7 (co-sm)  => (logic-relation (*co*)))

2.2 Strategy Rules in Lisp Code

1. (S_ruleD1 (causal-relation direction-correct) =>
(tutor-causality))

2. (S_ruleD2 (causal-relation direction-incorrect) =>
(remind-relation))

3. (S_ruleD3 (neural-control) =>
(tutor-neural control))
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4. (S_ruleD4 (redefine-dr first-procedure) =>
(tutor-remind))

5. (S_ruleR1 (neural-rr) => (tutor-neural-rr))

6. (S_ruleR3 (causal-relation-one) =>
(tutor-causality-one))

7. (S_ruleR4 (rr-reflex) => (tutor-effect-reflex))

     8. (S_ruleS1 (logic-relation) =>
(tutor-logic-relation))

     9. (S_ruleS2 (ss-reflex) => (tutor-ss-reflex))

    10. (S_ruleS3 (neural-ss) => (tutor-neural-ss))

    11. (S_ruleS4 (give-ss-map) => (define-ssmap))

    12. (S_ruleS5 (give-ss-neural) => (define-ss-neural))

2.3 Tactical Rules in Lisp Code

1. (T_ruleD1 (remind-relation) => (remind-relation))

2. (T_ruleD2 (tutor-remind)  => (remind-dr))

3. (T_ruleD3 (tutor-neural-control)=>
(mechanism)(value))

4. (T_ruleD6 (tutor-causality) =>  (determinants) 
(actual-determinant) (relation) (value))

5. (T_ruleR1 (tutor-effect-reflex) =>
(baroreceptor-reflex)(value))

6. (T_ruleR2 (tutor-neural-rr) => (reflex)(value))

7. (T_ruleR3 (tutor-causality-one) =>
(determinants)(relation)(value))

8. (T_ruleS1 (tutor-logic-relation) =>
(remind-nv)(follow)(value))

     9. (T_ruleS2 (tutor-neural-ss) =>
(value-dr)(value-rr)(value-ss))

    10. (T_ruleS3 (tutor-ss-reflex) =>
(reflex-change)(value))



1 1 5

DISCOURSE PLANNING RULES

1.1 Pedagogic Rules in English

Pedagogic Default Rules

1. If the current state is introduce
   Then select tactical state or move to tutor.

2. If the current state is tutor
   Then check the topic is completed and move to either
   introduce or complete state

3. If the current state is complete
   Then check the subgoal stack for the next topic
   and move to introduce state

Pedagogic Meta Rules

1. If the prior state is tutor and topic is
   not completed
   Then move to introduce state

2. If the prior state is either introduce or complete
   state and there is no more topic in the stack
   Then exit from the discourse planning

1.2 Tactical Rules in English

Tactical Default Rules

1. If the current state is remind-relation
   Then discourse strategy is remind,
   content is current task, update student model
   and move to compete-topic state

2. If the current state is explain
   Then discourse strategy is explanation,
   content is current task, update student model
   and move to complete-topic state

3. If the current state is ask-question
   Then discourse strategy is question
   content is current task,
   and move to eval-input state
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4. If the current state is requestion
   Then discourse strategy is requestion
   content is current task,
   and move to eval-input state

5. If the current state is give-answer
   Then discourse strategy is give answer
   content is (current task and correct answer),
   and update student model, move to complete-topic

6. If the current state is correct-ack
   Then discourse strategy is positive-ack
   content is (current task and student answer),
   update student model, move to complete-topic

7. If the current state is incorrect-ack
   Then discourse strategy is negative-ack
   content is (current task and student answer),
   update student model.

8. If the current state is incorrect-ack-one
   Then discourse strategy is negative-ack-one
   content is (current task and correct student answer,
   incorrect student answer), update student model.

9. If the current state is incorrect-ack-one
   Then discourse strategy is negative-ack-one
   content is (current task and incorrect student
   answers), update student model, move to give-answer

    10. If the current state is give-hint
   Then discourse strategy is hint
   content is current task, update student model.

    11. If the current state is complete-topic
   Then discourse strategy is complete-topic
   content is current task, update student model,
   update topic-completed.

Tactical Meta Rules

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

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

3. If the prior state is eval-input, and
   student response is half correct and first try,
   Then move to incorrect-one-ack state
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4. If the prior state is eval-input, and
   student response is both wrong, and first try
   Then move to incorrect-both-ack state

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

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

7. If the prior state is incorrect-ack,
   topic is causal-relation, and second try,
   Then move to give-answer state

2.1 Pedagogic Rules in Lisp Code

Pedagogic Default Rules

1. (Pedagogic_default *introduce*
(subgoal *current_task*
 update *topic-completed*
 next_state *tutor*))

2. (Pedagogic_default *tutor*
(subgoal *current_task*
 update *topic-completed*
 next_state *complete*))

3. (Pedagogic_default *complete*
(subgoal *current_task*
 update *one_topic*
 next_state *introduce*))

Pedagogic Meta Rules

1. (Pedagogic_meta *m_tutor*
(prior-state *tutor*
 precondition   *topic-completed*
 next_state *introduce*))

2. (Pedagogic_meta *m_complete*
(prior-state (*introduce* *complete*)
 precondition   *no_more_topic*
 next_state *stop*))
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2.2 Tactical Rules in Lisp Code

Tactical Default Rules

1. (Tactical_default *remind-relation*
(text-style remind
 content *current_task*
 update *sm*
 next_state *complete_topic*))

2. (Tactical_default *explain*
(text-style explanation
 content *current_task*
 update *sm*
 next_state *complete_topic*))

3. (Tactical_default *ask_question*
(text-style question
 content *current_task*
 update *sm*
 next_state *eval-input*))

4. (Tactical_default *requestion*
(text-style requestion
 content *current_task*
 update *sm*
 next_state *eval-input*))

5. (Tactical_default *eval-input*
(text-style nil
 content nil
 update *sm*
 next_state nil))

6. (Tactical_default *give-answer*
(text-style give-answer
 content (*current_task* *correct_ans*)
 update *sm*
 next_state *complete_topic*))

7. (Tactical_default *correct-ack*
(text-style positive-ack
 content (*current_task* *student_ans*)
 update (*sm*, *topic-completed*)
 next_state *complete_topic*))

8. (Tactical_default *incorrect-ack*
(text-style negative-ack
 content (*current_task* *student-ans*)
 update *sm*
 next_state nil))
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9. (Tactical_default *incorrect-ack-one*
(text-style negative-ack-one
 content (*current_task*

 *correct-one* *wrong-one*)
 update *sm*
 next_state nil))

    10. (Tactical_default *give-hint*
(text-style hint
 content *current_task*
 update *sm*
 next_state nil))

    11. (Tactical_default *complete-topic*
(text-style complete-topic
 content *current_task*
 update (*sm* *topic-completed*)
 next_state nil))

Tactical Meta Rules

1. (Tactical_meta *m_correct*
(precondition response-is-correct
 prior-state *eval-input*
 next-state *correct-ack*))

2. (Tactical_meta *m_incorrect*
(precondition response_is_incorrect
 prior-state *eval-input*
 next-state *incorrect-ack*))

3. (Tactical_meta *m_incorrect_one*
(precondition response_is_incorrect
 prior-state *eval-input*
 next-state *incorrect-ack-one*))

4. (Tactical_meta *m_incorrect_both*
(precondition response_is_incorrect
 prior-state *eval-input*
 next-state *incorrect-both-ack*))

5. (Tactical_meta *m_first*
(precondition (causal first-try)
 prior-state (*incorrect-ack*

 *incorrect-ack-one*)
 next-state *give-hint*))

6. (Tactical_meta *m_second*
(precondition (causal second-try)
 prior-state *incorrect-ack*
 next-state *give-answer*))



1 2 0

APPENDIX B

TRACE OF A TUTORING SESSION
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This section displays a short example of the system in

operation that describes what each component 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 lesson planning is

done, so that there are already lesson goals in the

goalstack. The discourse planner begins with the first topic

in the stack and when that topic is completed, continues with

the next topic. Let us assume that the current goalstack

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

The lesson planner picks the goal and expand it into a

set of subgoals: "determinants, actual-determinant, relation,

value." Then the discourse planner picks the first subgoal,

"determinants," and the tutoring session begins as follows.

Planner:  Picks first discourse plan,  (ask: determinants)

          text-style = question, topic = (determinants SV)

Calls text-gen: (question (determinants SV))

Text-Gen: Generates a natural language sentence,

 "What are the determinants of Stroke Volume?"

     and returns it to the Planner.

Planner : Calls Screen Manager to display the sentence.

Screen Manager: Displays the sentence in the TUTOR window.

Planner: Passes the current topic to the Input-Understander,

"(question (determinants SV)"

STUDENT: "HR, RAP"
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Screen Manager: Passes the student's answer to Input

Understander.

Input-Understander:

Evaluates the student's answer, (HR, RAP).

If the answer is inconsistent with the question, 

then it replies to the student "Please rephrase," 

otherwise return the answer to the planner in logic

form,  "(answer (determinants SV (HR, RAP)))"

Planner: Passes the current topic with student's answer to 

the Student Modeller,

"((determinants SV) (HR, RAP))"

Student Modeller:

Calls problem_solver, get correct_ans, 

(RAP,CC), compares (correct_ans with student_ans),

updates student model.

Planner: Checks student model, picks the discourse plan,

"(give: Positive-ack, Negative-ack)"

 text-style = Positive-ack,

 topic = (determinants SV (RAP))

 text-style = Negative-ack,

 topic = (determinants SV (HR))

Calls Text_Gen:

"((Positive-ack (determinants SV (RAP)), 

Negative-ack (determinants SV (HR)))"

Text-Gen: Generates a sentence,

     "Right Atrial Pressure is the correct answer. Heart

Rate is not the correct answer."

Planner : Calls Screen Manager to display the sentence.

Screen Manager: Displays the sentence in the TUTOR window.
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Planner: Picks the next discourse plan, "(give: hint)"

 text-style = hint,  topic = (definition SV)

Calls the Text_Gen: "(hint (definition SV))"

Text-Gen: Generates a sentence, "Remember. Stroke volume is 

the amount of blood pumped per beat."

and return it to the planner.

Planner : Calls Screen Manager to display the sentence.

Screen Manager: Displays the sentence in the TUTOR window.

Planner: Picks the next discourse plan, "(ask: determinant)"

text_style = requestion, topic = (determinant SV)

Calls the Text-Gen:

"(requestion (determinants SV))"

Text-Gen: Generates a sentence,

 "What is the other determinant of Stroke Volume?"

Screen Manager: Displays the sentence in the TUTOR window.

Planner: passes the current topic to the Input-Understander,

"(requestion (determinant SV)"

STUDENT: "Cardiac Output"

Screen Manager: Passes the student's answer to  Input 

Understander.

Input-Understander:

Evaluates the student's answer, (CO).

return the answer to the planner in logic form,

"(answer (determinant SV (CO))"
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Planner: Passes the current topic with student's answer to 

the Student Modeller:  "((determinant SV) (CO))"

Student Modeller:

Calls problem_solver, get correct_ans: 

compares (correct_ans with student_ans),

updates student model.

Planner: Checks student model,

picks the next discourse plan,

"(give: Negative-ack)"

 text-style = Negative-ack,

 topic = (determinant SV (CO)),

calls Text_Gen:

"(Negative-ack (determinant SV (CO)))"

Text-Gen: Generates a sentence,

     "Cardiac Output is the wrong answer."

Screen Manager: Displays the sentence in the TUTOR window.

Planner: Picks the next discourse plan, "(give: answer)"

 text-style = answer,  topic = (determinants SV)

Call Text_Gen: "(answer (determinants SV))"

Text-Gen: Generates a sentence,

"Stroke Volume is determined by Right Atrial 

 Pressure and Cardiac Contractility."

Screen Manager: Displays the sentence in the TUTOR window.

* The next step for the discourse planner is to pick the next

subgoal, "actual-determinant", and process as above. A real

dialogue produced by the system can be found in the Appendix

C.
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APPENDIX C

DIALOGUE PRODUCED BY THE SYSTEM
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This section shows an extended sample of real dialogue

produced by CIRCSIM-TUTOR. Two examples will be displayed for

each stage (DR, RR, and SS).

Example 1 for DR: The lesson goal of the following

dialogue is to tutor the student about the "causal

relationship between Right Atrial Pressure and Stroke

Volume," which is the same example as in Appendix B.

TUTOR> What are the determinants of Stroke Volume?

STUDENT> RAP and HR

TUTOR> Right atrial pressure is the correct answer. Heart

rate is not the correct answer.

Remember. Stroke Volume is the amount of blood 

pumped per beat.

What is the other determinant of Stroke Volume?

STUDENT> Cardiac Output

TUTOR> Cardiac Output is the wrong answer.

Stroke Volume is determined by the Right Atrial 

Pressure and the Cardiac Contractility.

What is the actual determinant in this case?

STUDENT> CC

TUTOR> Wrong, the actual determinant of Stroke Volume in 

this case is not the Cardiac Contractility.

The actual determinant of Stroke Volume in this 

case is Right Atrial Pressure.
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What is the relationship between Right Atrial 

Pressure and Stroke Volume?

STUDENT> negative

TUTOR> Wrong, Stroke Volume is not inversely proportional

to Right Atrial Pressure. Stroke Volume is directly

proportional to Right Atrial Pressure.

What is the correct value of Stroke Volume?

STUDENT> increase

TUTOR> Wrong, the value of Stroke Volume is not increased.

Consider the value of Right Atrial Pressure.

What is the correct value of Stroke Volume?

STUDENT> decreased

TUTOR> Correct, the value of Stroke Volume is decreased.

Example 2 for DR: The lesson goal of the following

dialogue is to tutor the student about the "neural control

variable" in the DR stage.

TUTOR> Remember the direct response occurs immediately and

produces physical changes in the system before any

reflex is activated.

By what mechanism is Heart Rate controlled?

STUDENT> neural

TUTOR> Correct, Heart Rate is controlled by the nervous 

system.  What is the correct value of Heart Rate?

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

Remember. Heart Rate is neurally controlled.

What is the correct value of Heart Rate?

STUDENT> nochange.

TUTOR> Correct, the value of Heart Rate is unchanged.

Example 1 for RR: The lesson goal of the following

dialogue is to tutor the student about the "regulated

variable (Mean Arterial Pressure)" in the RR stage.

TUTOR> Remember the reflex corrects the regulated 

variable.  What variable is regulated by the 

baroreceptor reflex?

STUDENT> Heart Rate

TUTOR> Wrong, Heart Rate is not the regulated variable. 

How is the baroreceptor measured?

Again, what variable is regulated by the 

baroreceptor reflex?

STUDENT> MAP

TUTOR> Correct, the baroreceptor reflex regulates Mean 

Arterial Pressure.

What is the correct value of Mean Arterial 

Pressure?

STUDENT> decreased

TUTOR> Wrong, the value of mean arterial pressure is not 

decreased.
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Consider the value of Mean Arterial Pressure in DR.

What is the correct value of Mean Arterial 

Pressure?

STUDENT> increased

TUTOR> Correct, the value of Mean Arterial Pressure is 

increased.

Example 2 for RR: The lesson goal of the following

dialogue is to tutor the student about the "neural control

variable" in the RR stage.

TUTOR> Remember that the reflex changes the value of all 

neurally controlled variables first, in order to 

correct the change in arterial pressure.

Which variables are changed by the reflex?

STUDENT> CC, HR, and TPR

TUTOR> Correct, Cardiac Contractility, Heart Rate, and 

Total Peripheral Resistance are changed by the 

reflex.

What is the correct value of Heart Rate?

STUDENT> decreased

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

The value of Heart Rate is increased.
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Example 1 for SS: The lesson goal of the following

dialogue is to tutor the student about the "logic relation"

in the SS stage.

TUTOR> The value of a neural variable is SS is the same as

its value in RR, because neural variables do not 

change in DR except when one is a primary variable.

What is the correct value of Heart Rate in DR?

STUDENT> nochange

TUTOR> Correct, the value of Heart Rate is unchanged in 

DR. What is the correct value of Heart Rate in RR?

STUDENT> increased

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

RR. What is the correct value of Heart Rate in SS?

STUDENT> increased

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

SS.

Example 2 for SS: The lesson goal of the following

dialogue is to tutor the student about the "physical

variable" in the SS stage.

TUTOR> Remember cardiac output decreased in DR, it 

increased in RR.

What must the value of Cardiac Output follow in SS?

STUDENT> rr
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TUTOR> Wrong, the value of Cardiac Output doesn't follow 

the value of Cardiac Output in RR. The value of 

Cardiac Output must follow the value of Cardiac 

Output in DR.

What is the correct value of Cardiac Output?

STUDENT> decreased

TUTOR> Correct, the value of Cardiac Output is decreased.
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