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Since the beginning of research in artificial intelligence several attengvs h
been made to construct intelligent tutorial systems (ITS). Such an ITSsten

in general of a representation of the knowledge in a special domain, a diagno
tic procedure to determine the knowledge of a student working Wehsystem,
teaching material, and a procedure for adaptive teaching. This chapter demon-
strates how an extension of the theory of knowledge spaces can be used for th
design of a domain-independent ITS. The main components of this IT& are
representation of the skills necessary in the knowledge domain and épand
dencies as a surmise system, a set of questions related through a gkilireesst

to the skill states used for knowledge diagnosis, and a rule that reldliestates

to teaching operations. The ITS is adaptive with respect to the consaleti

the prior knowledge a student possess and with respect to the leapsiad of

a student. The strict formalized description of the systems compoaedtheir
interactions during the teaching process guarantees that an ITS with thibeéscr
properties can be implemented easily.
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INTRODUCTION

One of the research topics discussed in artificial intelligence is the appmasé
computers in education for diagnosing knowledge (for example BrowBugon,
1978) or teaching (e.g., Mandl & Hron, 1985; Okamoto & Matsuda, 198%-S
man & Brown, 1982).

Intelligent tutorial systems (ITS) differ from other forms of congryassisted-
instruction (e.g., drill-programs, electronic textbooks, ordation programs) in
being “intelligent” with respect to two criteria. First, the system nhestable to
diagnose the status of the student’'s knowledge in the underlyiogledge do-
main. Second, the tutorial strategy must be adaptive to the priavlikdge of the
student and must be able to improve the learner’s knowledge.

There exists a variety of architectures for ITS in different knowledgealps.

Most of the constructed systems work in highly formalized domaiks, dub-
disciplines of mathematics, for example, symbolic logic (Matsuda &i@éto,
1992), arithmetic (Takeuchi & Otsuki, 1994), fraction calculation (HonfWatan-
abe, Takeuchi, & Otsuki, 1990), integration (Kimball, 1982), pby¢Ploetzner
& Spada, 1993), language acquisition (Kunichika, Takeuchi, & Otsukd4)9
or the usage of software systems or programming languages (Heinesh&&)’S
1985; Yasuda & Okamoto, 1991).

Most of these architectures are highly specialized in their specific knowledge
domain and it is, therefore, not possible to use them in other domains.

There is a wide agreement in literature that an ITS must contain at least four
basic components, that interact during the teaching process. These coisponen
are aknowledge base student modela teaching componenand adiagnostic
component Existing ITS differ in the way in which these components are con-
ceptualized, especially in their in general domain specific student models.

The knowledge base contains all relevant knowledge of the domain iohwh
the ITS is constructed. This component represents the knowledge opart &x
the domain and is often realized as an expert system.

The student model is a representation of the cognitive abilities ds ki
students in the knowledge domain. It consists, in general, of a stteEsEach
state represents a special state of knowledge in which a student maylybssib
during the learning process, that is during his or her interactiontWwéhTS. The
learning process is represented by a sequence of states of the student model.

The teaching component consists of teaching materials (instructions, exer
cises, or demonstrations) and a rule that determines for each state aidbatst
model, which part of this material is relevant for a student who is inghegtcular
state.

The state of knowledge of a student is, in general, not directly obderisab
cause the student model contains hypothetical assumptions about necegsary co
nitive abilities or cognitive procedures. The diagnostic comporsamgeéd to infer
this state from the interaction of the student with the ITS.
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The goal of the teaching process is to enable the student to learn all relevant
information of the knowledge domain (or, at least, a sufficient lar¢psetof this
information), so that her or his knowledge after the teaching processes is
more or less equal to the knowledge contained in the knowledge basedi3h

We want to show how the theory of knowledge spaces (Doignon & Falmagne,
1985, 1998) and skill assignments (Doignon, 1994a; Lukas & Ali&@3; Ko-
rossy, 1993) can be used to develop a general architecture of an ITS. Taralgen
architecture is domain independent. Therefore it can be used for the concrete
construction of ITS’s in different knowledge domains.

Two properties of the theory of knowledge spaces and skill assignments ar
especially important for this approach. First, the theory of knowlesfzpees
allows the formulation of effective and adaptive procedures for the dsigrof
knowledge (see Falmagne & Doignon, 1988; Doignon, 1994b). Secikilt,
assignments allow a precise description of the connection between observabl
behavior in problem solving and underlying cognitive abilitieslalts (Doignon,
1994a; Korossy, 1993, 1997).

In the following section, we describe the basic ideas of an ITS basedeon th
theory of knowledge spaces and skill assignments. Then, we show rebatic
system can be generalized by incorporating some important new components.
In the last section possibilities for further developments are sketahddbpen
questions leading to further research are discussed.

BASIC IDEASOF AN ITSBASED ON SKILL
ASSIGNMENTS

In this section, we develop the basic architecture of an ITS based oassidn-
ments. This basic architecture is very simple and therefore limited apiplica-
bility because the main goal of this section is to clarify the basic idedsnlying
our approach.

For the formal description of our basic architecture we have to intedome
notations. We write in the following PouX) for the power set, the set of all
subsets of a seX. SedX) denotes the set of all tuples of elements of a’set
with Sed X) := {(z1,...,zn) [ RENAZ,...,2, € X}.

We divide the components of our ITS irgtaticalanddynamicakomponents.
A component is called dynamical if it is updated during the teaching protess, t
being adaptive to the student’'s behavior, and statical if this is rot#ise. We
begin with the description of the statical components.
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Knowledge Base

The knowledge necessary in the domain is represented througtbao$ekills.
Dependencies between these skills are described by a surmise functi®n-
Pow(Pow(S)). A surmise function assigns to each skill the different sets of pre-
requisites of this skill. We interpret(s) = {51, ...,S,} as “Every student has

to master all skills from at least one of the subs#ts.. ., S, of S to be able to
reach mastery of". The surmise functiow is used during the teaching process to
determine an optimal learning path. The surmise sysi&m) can be considered
as theknowledge basef the system.

Student M oddl

GivenS ando, we can define thstudent mode$ by:
S§:={S'CS|VseS3IS" €o(s)(S"CS")},

S is the set of all subsets éfthat contain with every skil at least one sef” of
prerequisites of. S is the set of all subsets 6fconsistent with the dependencies
of skills described by. Therefore, the knowledge of every student working
with the system can be described by an elemersf,of we presuppose thef
contains all the skills relevahin the knowledge domain and thatdescribes
the dependencies between these skills correctly. If the knowledge ofensisd
described bys’ € S we call.S’ thecompetence statsf that student.

Diagnostic Component

The skills inS are hypothetical and are not directly observable constructs. There-
fore, our system must contain a possibility to infer the skillsualsht possess, the
student’s competency, from his or her solving-behavior.

Let () be a set of questions or problems in the underlying knowledge domain
We assume in the following that the questiongjmre especially constructed for
the diagnosis of the skills i§. Thus, we can assume that the mastery of all skills
in S is sufficient for the ability to solve all questionsdh None of the questions
in @ require a skills ¢ S. The systematical construction of questions for a given
set of skills is discussed for example in Lukas and Albert (1993), E@3),
Albert, Schrepp, and Held (1994), or Korossy (1993, 1997).

Because we want to diagnose the skills a student possesses from her or hi
solving behavior, we have to relate the skillsSitio the ability of students to solve
the questions i). This is done by &kill assignmenty : Q — Pow(S). For a

1 Relevant skills are the skills that form the specific bodyméledge in the underlying knowledge
domain. The ability to add two integers is an example of sueklevant skill in the domain of
elementary arithmetic. General skills that are necessamyrfderstanding the instructions or problems
of the domain, such as the ability to read, are presuppostdairconsidered as memberssf
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questiong, we interpretw(q) = {S1, ..., S, } as “A student answering correctly
to questiong must master all skills from at least one of the s8fs...,S,".
Because of this interpretation we can assume that the states., S,, of the
student model contained im(g) are minimal with respect ta, for all S;, S; €
a(g) we haveS; € S;. For a more detailed discussion of the dependency between
the skills possessed by a student and her or his solving behavioKosessy
(1993, 1997).

The skill assignment determines for each siflte= S of the student model
the answer behavig#(S’) consistent with this state by

B(S") :={alqe QNS €alg)},

B(S") is the set of all questions i@ that can be answered correctly by a student
with competencys’.

Teaching Component

To allow teaching operations, the system must contain materials that caa-be pr
sented to students in order to improve their knowledge Ilked a set of instruc-
tions, like examples, facts, informational texts, or exercises. Wesept/ as a
union of pairwise disjointsets = I; U ... U I,,, with I; N I,,, # 0 if and only if

I = m. Each of these sefs represents a special type of instruction.

The teaching operations should be adaptive to the prior knowledgestof a
dent. Therefore, we have to relate them to the skill§.inrhis relation is estab-
lished by a functiordy : S x Pow(S) — SedI), which relates skills and their
prerequisites to an instructional sequence. We inteiieetS’) = (i1,...,in)
forn € N as “The instructional sequenée . . ., i, should be presented to a stu-
dent who masters all skills if" \ {s} and who does not mastet. (I,J) can be
considered as theaching componemif the system.

Hypothetical Student States

To enable an adaptive teaching strategy, the system must also contain dginami
components, that is components that change during the interactionsunfesnts
with the system.

The actual information of the system about the knowledge of a studmit w
ing with it can be represented as a suh&¢tof S. This subsetM consists of
all states ofS that are consistent with the previous answers of the student on
the presented questions. We call the set of hypothetical student state$f
q,.--,q, € @ are the questions already answered correctly by a student and
q,- - -, q., the questions answered incorrectly by that student we have:

M={Se€S|Vi=1,...,n (g €BS)) AVi=1,...,m (q, & B(S"))}.
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Storage of I nformation

The interactions between student and system must be stored to use theaclor

ing decisions. For example, which questions the student has already adswer
must be stored and also which information was already presented to him or her
This is done in the histor# of the teaching processH is a list of all previ-
ously presented questions, obtained answers, and presented instrugtoIss

H is an element of S€¢@ x R) U I), whereR = {correctfalse}. For ex-
ampleH = ((q1,71), (g2,72),%1, 12,13, (g3,73), .. .) means that first questian

was presented and answerwas obtained, second questignwas presented
and answer, was obtained. Afterwards, instructiois i, i3 were presented to
the student, followed by a presentation of questipnon which answers; was
obtained, and so on.

Teaching Process

Up to this point, we have described only the components of the sgsaechi-
tecture. Now, we describe how these components interact during the teaching
process. The teaching process can be considered as an interaction between five
modes of the system.

The first mode is the START mode. Here the system 4éts- S because, up
to this point, no information about the students knowledge isiobd. Then, the
system changes into the second mode, called DIAGNOSIS mode.

The DIAGNOSIS mode consists of three steps. In the first step,y$ters
tries to determine a questighfor which an obtained answer guarantees an opti-
mal reduction of the set of hypothetical student states consistent witibthined
answer of the student. This can be done by the half-split proceduhe idiag-
nostic algorithm described in Falmagne and Doignon (1988).

For the setM of hypothetical student states and a questgian(), we define
Mg € M as the set of all elements gff that are consistent with the fact that
the student solves questigmnd M, o C M as the set of all elements 8f( that
are consistent with the fact that the student fails in solyingormally, we have
Mgi1={M eM|qep(M)}andM,o={M € M | q ¢ B(M)}. The sets
M, 1 and M, o are pairwise disjoint, that is we havel, ; N M, o = 0 and we
haveM, o U M, 1 = M.

We define a questiog’ € @) as beingoptimal for diagnosisf the value of
| card M, 1) —card M, o) | is minimal over ally € (). For an optimal question
¢' the cardinality of the set81,, , and M, , is optimal balanced, that is the sets
Mg 1 and M o differ in cardinality as little as possible.

The described procedure can be regarded adittgmostic componerf the
system. Notice that a question already answered (correct or incorrect) by the
student can not be optimal as long as the.setof hypothetical student states
contains at least two elements.
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In the second step, an optimal questigndetermined by the first step, is
presented to the student. If the answer of the studentds {0,1} (where 1
represents “correct” and 0 “false”) thewt is replaced by\,, ...

The third step tests if there exists a skilhot mastered by the student, (for-
mally: VM € M(s ¢ M)), for which a set of prerequisites is completly mastered,
(formally: there exists &’ € o(s) with VM € M(S'\ {s} C M)). Ifthisis
the case, then the system changes to the TEACH mode. If this is not thelzase, t
system continues with the first step of the DIAGNOSIS mode.

The TEACH mode starts if the DIAGNOSIS mode has detected askitit
mastered by a student who masters for &53eif prerequisites of all skills from
S"\ {s}. Formally, this means that\/ e M (s¢ M) andVM e M(S"\ {s} C M).

Itis possible that the DIAGNOSIS mode has detected more than oheihil
this properties. If this is the case, the system has to decide which &f shidls
should be taught first. We discuss this problem in the followigtien. For the
moment, it is sufficient to assume that the decission is made by chance.

The TEACH mode then presents the instructional sequéfges’) to the
student. After the presentation of this instructional sequence themnsyshanges
to the TEST mode.

The TEST mode consists of three steps. In the first step the systensdheck
the student has reached mastery of the last sklught by the TEACH mode.
Therefore, a question is presented for which skiis necessary and only skills
from S’ are required, wher§’ denotes the set of prerequisitesstdetected in
the third step of the DIAGNOSIS mode. Formally, this means that yiseem
presents a questiagnwith VS” € a(q)(s € S" A S" C S').

In the second step, the system checks if the presented question is answered
correctly by the student, indicating that he or she had learned the reguilledf
the student fails in answering correct, that i8 i 1, the system goes back to the
TEACH mode and starts the presentationd of, S’) again. If the student gives
the correct answer to the presented questidiis replaced by{M U {s} | M €
M A MU {s} € §} and the third step of the TEST mode checkdAf = {S},
indicating that the student masters all skills required in the dométhislis the
case the system changes to the END mode, if not the system changes todthe thi
step of the DIAGNOSIS mode.

The END mode informs the student that he or she had reached the learning
goal and finishes the process.

The teaching process is depicted in Fig. 1 as a flow chart.

GENERALIZATIONSOF THE BASIC SYSTEM

In the previous section, we introduced an architecture for an ITS basdukon t
theory of knowledge spaces. Because our main goal in this section is tcowbrk
the general ideas underlying an application of knowledge space theoryfialthe
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| Select optimal questiog -
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FIG. 1. Teaching process described as an interaction betthedive modes of the system.
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of computerized teaching, this basic architecture is very simple and is ¢dheref
restricted in its applicability. In this section, we try to clarify timitations of the
basic architecture and work out methods to overcome them. So, at the émsl of t
section, we are able to formulate a generalization of our basic architecture.

In our basic architecture, we have considered only two possible anspes ty
of a student to a presented question by assuming that such an answer is@ither
rect or incorrect. This approach has the advantage of simplicity, but dbes@o
the whole information about the student’s competency contained iolitagned
answer.

To use this information completely we have to introduce the answdren
skill assignment and clarify the role of the answer in the update ok#teof
hypothetical student statégl within the first and second step of the DIAGNOSIS
mode.

Therefore, we introduce the sBtof all possible answers (possible inputs to
the system) a student can give to the question3.iWe relate the skills irb to
the questions i) and possible answers by askill assignmerita : Q x R —
Pow(S). The interpretation of(q,r) = {51, .., S, } is “A student who answers
r to questiony must at least master all skills from one of the sgts. .., S,,”. As
in the previous section, we can assume that the $gts. ., S, in a(q,r) are
minimal with respect ta@_, i.e.VS;, S; € a(q,r) (S; £ S;).

As in the previous section, the skill assignmentietermines for each state
S’ € S the answer behavigi(S’) consistent with this state by

B(S") ={(g,7) |a€e QAS" € a(q,r)},

B(S") is the set of all tuples of questions and obtained answers that can be pro-
duced by a student with competengy

Now, we have to generalize the half-split procedure in the first stepeof
DIAGNOSIS mode. For the se¥t of hypothetical student states and a question
q € @, we defineM, ,, C M as the set of all elements gff, that are consistent
with the fact that the student gives answesn questiory, M, , = {M € M |
(g,7) € B(M)}. We define a questiofl € @ as beingoptimal for diagnosisf
the valug max, , ¢ (card M, ) —card M, ,)) | is minimal over ally € Q.
This means that for the optimal questigrthe cardinality of the set$1, .. is for
all possible answersoptimal balanced, that is the setd, ,. differ in cardinality
as little as possible. The setg,, , must not be pairwise disjoint, we can have
My N Mg # 0forr # r', and they can be empty, that is we can have
Mg . = 0 for somer.

As before in the second step of the DIAGNOSIS mode, an optimal quéstion
presented to the student and if the answerdsR, thenM is replaced by\ ...

2 In the following we denote concepts that are proper germtioins of concepts introduced earlier
by the same symbols as in the previous section. Since, fanglea the generalized concept of a
skill assignment is folR = {correctincorrect identical with the concept of a skill assignment as
introduced in the previous section, it is denoted by the sgieek lettera.
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To make things easy, in the formulation of the basic architecture we hav
drawn implicitly the unrealistic assumption that a student answessyal accord-
ingly to her or his competency described by a state of the student moded. T
assumption ensures that our rules governing the updaté iof the DIAGNOSIS
mode do not end with an empty!. Remember that the teaching process starts
with M = § and that after each obtained answeaf a student to a questian
the setM is replaced by, . C M.

But if, as a result of a lucky guess or a careless error, the students antwer
guestiong is not consistent with one of the states/n, that is with the students
previous interactions with the system, we can receive an effty. In this case,
we have to find a new rule for the update/of in step two of the DIAGNOSIS
mode.

We distinguish between two cases. M, . # () we replace just as before
M by M, .. If converselyM,, = 0 we replaceM by MU {S" € S |
AM e M (| (M\S)U(S"\ M) |=1)}, enlargingM by considering all states
of the student model that differ only in one skill from the statesvin The en-
largement ofM is necessary because we have to consider the possibility that the
obtained answer on ¢ is in accordance with the competency of the student and
M. is empty as a result of a lucky guess or careless error to one of the peviou
guestions, that leaded to an elimination of the correct state of the student

To ensure that a wrong assumption concerning the students’ compedtancy,
example, resulting from a careless error, can be corrected, we have to akatime t
S iswell-gradedFalmagne & Doignon, 1988). This means that for two arbitrary
statesS’, S"" € S, there exists a chaifi’ = S; C S, C ... C S, = S" of states
in S with card S; \ S;—1) = 1fori = 2,...,n. EachS; contains exactly one
skill more than his predecessor in the chain.

This assumption is necessary because we en)&tge the case of an error in
diagnosis only by the states that differ in only one element from titesinM.

If in a not well-gradedS one stateS’ differs in at least two skills from all other
states, this state can not be reached by the described rule if it is onceatdichin
from M, for example as a result of a careless error.

One important restriction of the basic architecture is that, givenlashiot
mastered by a student who masters all skills from aSéét{s}, whereS’ is a
set of prerequisites of, there is only one sequendés, S’) = (iy,...,i,) of
instructions that lead to the masterysafy the student. Generally one would ex-
pect many such instructional sequences having all the same intended effezt on th
students’ knowledge. For example, a missing skill may be taught atteety by
presenting some examples, some instructional texts, or a mixtiaio. Which
of these alternatives is best for a particular student may depend on tleatsud
personality.

We include the possibility of alternative instructional sequences figaisg
to a skills and a sefb’ of prerequisites of a set of instructional sequences through
a functiond. So we regard as a functiord : S x Pow(S) — Pow(SedI)). The



8. INTELLIGENT TUTORIAL SYSTEM 189

interpretation 0b(s, S’) = {I1, ..., I, } is “To a student mastering all skills from
S’ and not mastering, one of the instructional sequencks. . ., I,, should be
presented to reach masterysof

Because we had assumed in our basic architecturé that’) contains only
one instructional sequence, we must assume that this instructionareexis
repeated until the student masters skilllf the TEST mode finds that a student
has not learned the last skill taught by the TEACH mode by presentengdah
quenced(s, S'), this sequence is presented again. This may be problematic for
two reasons. First, the instructional sequedice S') may be inappropriate for
the student, so that a repetition of this sequence makes no sense. Seep®d, a r
tition of informations already presented may lead to a motivational decrease.

We can overcome this limitation by assuming that solely such instnaitse-
quences can be presented to a student that have not been presented before as long
asd(s,S’) contains at least one informational sequence not already presented.
Formally, this means that to a student, who had already received the if@talct
sequenced,, ..., I, (these sequences are stored in the history of the teaching
process), only instructional sequences fréfs, S’) \ {I1,...,I,} can be pre-
sented if this setis not empty.dfs, S")\ {11, ..., I, } is empty, then an arbitrary
element ofé(s, S") determined by chance should be presented again to the stu-
dent.

Now the problem arises which of these sequedg¢es ., I,, € d(s,S’) should
be presented to a student during the TEACH mode of the system. Thisecan
solved by achoice ruley which chooses one of these sequences with respect to
the previous interactions between system and student.

Such a choice rule can be implemented in several ways. In the following,
we discuss one such possibility. We divide the set(Heof instructional se-
guences into a finite number of pairwise disjoint subggts. ., C,, that is we
have Se@/) =C,U...UC,andC; NC; =0 fori #j € {1,...,n}.

These subsets; represent instructional types, for example instruction by ex-
amples, or instruction based on texts. For the classification of sequerioes i
types, the description df as a union of pairwise disjoint sets of different instruc-
tions introduced in the previous section can be used.

We can expect that students differ in the type of instruction they pesfer
with which they learn best. So the choice ruleshould ensure that a student
receives the type of instruction which is most effective for her or hirat ts~
should be adaptive to the success of a special instructional type indhioys
interactions between system and student.

We define theeffectivitye(C;) of an instructional typ€; as the relative fre-
guency of already presented instructional sequences@rdeading to a mastery
of the intended skill. The effectivity(C;) can be measured by the TEST mode.
So the effectivitye is a functione : {C1,...,C,} x H — [0, 1].

We use the effectivity for the construction of an adaptive choice rulassy
suming that the probability(C;) for the presentation of a sequengec (s, S')
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increases with the effectivity(C;) of the instructional type to whic; belongs.

If I, € C1,I, € C2 € 4(s,S") we should havey(I;) > p(Iz) if and only if
e(C1) > €(C2). The decision between members of the same instructional type is
drawn by chance as before.

Another limitation of the basic architecture is that the goal of the teachi
process is mastery of all skills i§1 by the student, the teaching process terminates
only if M = {S}. In a practical application it may be for two reasons necessary
to define subgoals of the teaching process.

First, for some students the mastery of a subsef afiay be sufficient, for
example, if they need only basic knowledge in the domain and do not want t
become experts there. Second, the teaching process may have taken too much
time for one session, so we have to formulate points where an pitenumakes
sense.

Such subgoals can be introduced by marking a subs#tS. An element of
G is called asubgoalof the teaching process.

Which elements of are suitable as subgoals? A subgoal should be a closed
piece of knowledge, all skills in it should be connected. If we interfpresurmise
functiono on S as a description of the contentual dependency of the skills the
optimal candidates for subgoals are the basis elemerfis dhe reason is that
a basis elemenB includes with each skilk only such skills, which are either
elements of a set of prerequisitessadr for whichs itself is an element of one of
their sets of prerequisites. Therefore we ch@ses a subset of the badfsof S.

To make use of the subgoals for the control of the teaching processlwe o
have to change the third step of the test mode of our system. Thisestispif
M = {S}, if the student masters all skills frof} and changes to the END mode
if this is the case. This step can be easily generalized by assuming thatiftaéists
hypothetical student states include a basis elemBettiat is if the student masters
at least all skills fromB. Formally, this means that it is tested if the condition
dB € BYM € M (B C M) is fulfilled. If this is the case the student is asked
if he or she wants to interrupt the process. If the student decidesstoupt, the
history H of the teaching process is stored and can be used in the next session
to continue the process properly. If the learning goal of a particulalestt is a
proper subset of, for example, if the student only needs basic knowledge in the
domain, the process can be terminated if this special goal is fulfilledidrcéise,
we have also to ensure that skills not contained in the learning@@aalS of the
student are not taught, even if the diagnostic procedure finds ouhthatudent
does not master these skills. This can be done easily by repladiyy in all
components of the system and in the teaching process. This means thatéme sy
“forget” all information about skills inS \ G and reacts just as if the set of skills
necessary in the domain would 6e

The learning goal of a particular student may be given explicitly, fangxe,
if the system is used by students to fulfill a special course requiremeasked
interactively at the beginning of the teaching process from the student.
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The setG of subgoals of the teaching process can also be used to solve a
problem already mentioned in the previous section.

The problem arises if the DIAGNOSIS mode has detected at least two skills
s1 ands, not mastered by a student and sets of prerequisiteand .S, for s;
respectivelys, for which all skills fromS; \ {s1} and S, \ {s=} are mastered
by that student. The system has then to decide which of these skillfdsheu
taught first. In the previous section, we had assumed that this ded@sivawn
by chance.

Given a setj of subgoals we can improve the decision strategy by assuming
that skills are taught first that ensure that a subgoal is reached. Ohig ifule
is not sufficient to decide between two skills, for example if none e$#hskills
leads to a subgoal, the decision is drawn by chance by an implemented random
decision strategy. This procedure ensures that the teaching strategtotteach
first closed pieces of knowledge, i.e., subsetS of which all skills are contentual
connected by, instead of unconnected pieces of knowledge.

Another possible extension of our basic architecture is the inttamtuof the
learning speed or learning ability of students into the teaching straBiggents
clearly differ in their ability to learn new material. This difference betweter s
dents should be considered in an ITS to ensure that the strategy the syses for
the presentation of instructions reflects the learning ability of aestudorking
with the system.

For example, for a student who is able to learn fast it may be optimaésept
a number of instructional sequences during one step of the teaching prooess
der to allow the student to aquire a number of skills during that $iepa student
who learns slowly, it seems more appropriate to present only theatisins nec-
essary to learn one missing skill during one step of the teaching process

The teaching process described in the previous section considers osécthe
ond case of the example. This can be seen from the interaction of the TEACH
and the TEST mode of the system. Assume a student who does not nkdkter s
s but who masters all skills fron§” \ {s}, whereS’ is a set of prerequisites of
s. We assumed in the previous section that in such a case, the TEACH mode
presents the instructional sequen¢e S’) and afterwards the system changes to
the TEST mode to ensure that skilwas aquired by the student. Therefore, the
procedure described in the previous section seems to be optimal ostyétants
who learn slowly.

Because the learning speed of a student is not known to the ITS before the
teaching process starts, it must be measured during this process. Théesa@meb
adaptively by the TEST mode. The central idea is that the number of cases in
which the student had aquired the skill taught in the previous TEA@ is an
indicator for the learning speed of that student.

We measure the learning spegdf a particular student by an integer greater
than0, that is we can have = 1,2,3,.... At the beginning of the teaching
process we set = 1 for every student. If the TEST mode detects Buccessive
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steps, wheréis a fixed level, that all skilfstaught in the previous step are aquired
by the student, then is replaced by + 1. If the TEST mode detects conversly
that a student has not aquired the skills taught in the previous FE®€p andy

is greater than, theng is replaced by — 1.

Now, we have to describe how the learning spgedfluences the choice
of skills that will be taught during the TEACH mode. Assume that fi-
AGNOSIS mode had detected a skilhot mastered by a student who masters
all skills from S’ \ {s}, whereS’ is a set of prerequisites of If ¢ = 1,
then the TEACH mode presents just as before an elei{ens’) and changes
to the TEST mode. Iy = m > 1 then the TEACH mode checks if there
exists skillss = si,s2,...,8m, With S" U {s1,...,s,} € 0(spt1) forp =
1,...,m — 1. This means tha$’ U {s1,...,s,} is a set of prerequisites of the
skill s,+1. If such skills exists, then the system presents instructional segaen
fromd(s1,S"),0(s2,S" U {s1}),...,0(sm,S" U{s1,...,5m-1}), i.e. gives the
student the possibility to aquire all the skillg, . . ., s,, in one step. If such skills
does not exist, the system choses the maximal numbkenn, of skills with the
described properties and presents instructional sequences correspontesgto
skills. We have to ensure in this case that an aquisition ofgthis m skills by
the student does not lead to an increase of the v@alugo only such cases are
considered in the update gf where the number of skills presented during the
TEACH step is equal to the actual value of the learning sgeed

DISCUSSION

The ITS described in this article consists of several structures, éonpleS, Q, I,

o, , ¢, which interact during the teaching process. The design of these s&sictur
influences the performance and effectivity of the system. We illustradihan
example.

The effectivity of the system depends on its ability to diagnose whiils 1
student does not master. Especially the speed of the diagnosis is vaamyp
since it may be demotivating for a student if a lot of questions véilpbesented to
her or him until a lacking skill is diagnosed and teaching materials are fgegsen
The speed of the diagnosis depends on the functoaada. For example a
strictero results in a faster diagnosis.

Thus, it may be adequate to chaesas strict as possible, even if this may result
in an elimination of some true states frasnwhich occur with low frequency in
the intended population. This approach increases the speed of the diaghibsi
it decreases its accuracy. Such manipulations of the components must bechand|
carefully. Their efficiency can be evaluated only in a concrete application.

3 We assume here that the TEACH mode can teach more than ohia slith step. How this can
be realized is described later.
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The described ITS contains no procedure for the repetition of already mas-
tered skills. We have not introduced such a procedure since we assushéueth
skills are teached in increasing sequence concerning their difficultyerefore
we can assume that the skills which are teached first, i.e. the easy ones, are prac-
ticed again during the aquisition of the skills which require them asgguisites.

But if we assume that the teaching process may be interupted, for exartgple af
a subgoal is reached, for a long period of time it seems necessary to icgradu
procedure for the repetition of skills. Such a procedure requiresdaukelect-

ing the skills mastered in the previous session which should be ezbaathe
beginning of the new session. How such a rule can be formulated agtaned
into the teaching process is at the moment an open question.

We have formulated our ITS domain independent. For a concrete application
of the ITS in a special knowledge domain several steps are necessarytheirst,
skills relevant in the domain, i.e. the s&t must be found and the dependencies
between these skills, i.e. the surmise functigmrmust be formulated. Second,
questions must be constructed which can be used for diagnosis of tsgoski
sessed by students. Then their connection to the skills, i.e. theaskitjnment
«, must be formulated. Third teaching materials, i.e. the/sebust be devel-
oped and it must be stated which instructions should be presentedudemsin
a special state of the student model by constructing the funétion

These steps should be left to experienced teachers in the domain. But even if
we assume that a group of such experienced teachers enforced such a necessary
analysis of the domain we have to be aware of the risk that some sfrtietures
o,a,d may contain errors which may influence the performance of the system
negatively.

For example an indadequate constructioa afay lead to a student mod§l
containing many states which will result in a very slow knowledge diagno

This risk can be reduced with two different approaches. One approach is to
test the assumptions containediny, 6 empirically. How this can be done is for
example described in Albert and Held (1994), Albert, Schrepp and Heldtj199
Schrepp (1993), Held (1993), or Korossy (1993, 1997). But ifribenber of
skills in .S or the number of questions @ is high this method may be problem-
atic, since to many empirical data will be necessary to draw conclusionson th
correctness of, « andd.

A second approach to reduce the influence of an incorrect formulation of the
basic structures is to make the functiansy, § adaptive. We will illustrate this
idea by an example. Assume that we héye J(s,S’), i.e. the experts assumed
that I; should be presented to a student mastering all skills f6r {s} and
not masterings. Assume further that the instructional sequerigdas not the
intended effect, i.e. only a few students show mastewyaiter /; was presented
to them. Remember that this can be recognized by the TEST mode. We can made

4 This is realized within the system since the teaching preeethakes use of the surmise function
o to chose the skills which should be teached next.
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J easily adaptive if we assume thitis eliminated if less than a percentggef
students reaches masterysoéfter I; is presented to them. We have to ensure
here thatd(s,S’) will not become empty. Another possibility is to chose the
instructional sequences accordingly to the probability of their success.

This example shows that it is relatively simple to make the system iadapt
concerning), since we have a possibility to measure the success of an instruc-
tional sequence directly. Foranda this is more complicated, because the cor-
rectness of these functions can not be observed directly. If, for exammgoa
thetical skill stateS” € S is never observed by any student this may be due to the
fact thatS contains to much states, i.€.s formulated not strictly enough, or due
to the fact that) is not constructed adequately, i.e. there is no combination of
solved and unsolved questions frégrwhich implies states’. It is at the moment
not clear hows anda can be changed adaptively due to their success to explain
the behavior of students.

We have formulated in this paper the structure of an ITS based on thg theo
of knowledge spaces and skill assignments. The next step in the dmetopf
our work should be the implementation of the ITS and its applicatianspecial
knowledge domain. Since we have described the components of our system
well as their interaction strictly formalized, the implementation of thistem
in a language of logical programming such as Prolog or Lisp should qause
problems.

A concrete application of this ITS can be used to evaluate the systems effi-
ciency and can give raise to new insights in the dynamic of the teachinggs,
which may lead to further improvement of the theoretical structures.
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