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EDUCATION, Al IN

The field of Al in education is concerned with development
of artificial intelligence techniques for the study of human
teaching and for the engineering of systems that facilitate
human learning. The field addresses questions that are
long term in nature: how can systems facilitate learning
and enable the measurement of learning progress
(Lesgold, 1988)? The term intelligent tutoring system
(ITS) is frequently used in regard to the engineering side
of the discipline. Computational methods are used in sup-
port of Al activities such as planning, control, knowledge
representation and acquisition, explanation, cognitive
modeling, and dialogue management. Computational
models are used to explore and evaluate alternative theo-
ries about learning. Research is motivated by the promise

of building powerful teaching systems with greatel
knowledge about a domain, increased ability to make in-
ferences about student behavior, and increased reasonin_g
ability about topic selection and response generation. This
article reviews the current state of the field and discusses
the history of the field. It addresses basic approaches t0
building teaching systems, recent developments in the
field, and open research issues.

Three research goals have become apparent. The first
is to use Al and cognitive science techniques to model
experts who problem solve in a domain, as well as tutors
teaching and students learning in that domain. Computa-
tional models facilitate a degree of explicitness about
learning theories and teaching strategies that is difﬁcul_t
to attain in classrooms. Such models encourage compari-
son of the results of using a teaching system with dat2
from classroom-style teaching and aid in refining an
evaluating a learning or problem-solving hypothesis.

The second research goal involves explaining learning
and teaching as parts of the human information-process”
ing system. Because all intelligent beings learn, differ-
ences in learning rates might be due to a level of priof
knowledge or to the quality of teaching. Teaching efforts
are often critical to learning, as when a learner makes
errors or has deep misconceptions. Modeling humant
teaching efforts should help to understand learning cha®”
acteristics such as student motivation and performancé-

The third research goal is to demonstrate completenes’
and reliability in the engineering side of the disciplin®
and to show that intelligent instructional systems car e
used effectively in training and classroom situations:
Sometimes this goal is expressed in terms of pI‘OVidlrlg
each student with a computer-based tutor that has some 0
the qualities of a master teacher, such as scope and depth
of subject matter, excellent knowledge of teaching, POWe’,
ful communication skills, and the ability to inspire an
motivate the student to learn. Clearly, researchers have @
long way to go to achieve this goal, and yet some pl'og’fes
can be shown. Subject matter expertise has been realizé
to a limited extent. Less progress has been made in mode™
ing tutoring expertise and student knowledge. Even less
progress has been made in simulating powerful communt
cation skills. Human communicators use many verbal a
nonverbal skills to convey information, including speec ¢
informal sketches, and gestures. Computers are poor g e
verbal communication. On the other hand, they ca% it
much better than (unaided) humans at visual or gr aph?
communication of ideas and time-related processes: Manz
systems exploit this ability including STEAMER (Holl2
and co-workers, 1984) and IMTS (Towne and co-worker®
1990). To increase the communication pandwidth oit
teaching systems, it may be more cost-effective to explo r
their inherent nonverbal communication strengths rathet
than to improve their poor verbal skills. The least amou?
of progress has been made in the affective area, for exa
ple, the crucial aspect of student motivation has yet 0 s-
seriously confronted. Several intelligent instruc’donal sy
tems have been used generally by many students 2 -
some systems result in significant learning gains-. do-
ever, many others provide only limited coveragé of a le
main and have, by and large, demonstrated only siPP
knowledge engineering capabilities.

’




_ Research activities in this field are important to educa-
tion, not only because such systems might someday be-
CO.me routine in classrooms but also because such systems
Might support students in activities not available in tradi-
t}onal classrooms, such as extensive one-on-one collabora-
tion with a tutor and freedom to explore hypothetical
worlds, to make conjectures, and to test hypotheses.

Intelligent instructional systems are distinquished
from earlier computer-based training (CBT) systems, in-
cluding computer aided instruction (CAI), simulations,
and microworlds, in that they dynamically reason about
and customize their response to the individual student.

aditional CAI systems are scriptlike: all machine re-
Sponses, text or graphics, are organized into screens, and
“hcoded branching instructions define both the topic and
Tesponse to be presented. Every machine response, as well
8s every path of instruction for a typical student, is prede-

Ned by the author. Simulations and microworlds of this
.ty.pe lack student monitoring capability and show few pos-
ltive learning effects (Alperson and O’Neil, 1990).

quVersely, intelligent instructional systems define a
Variety of knowledge types and then define pedagogical
l‘“}()Wledge about how to teach that knowledge; the latter
mlght contain rules of inferencing for reasoning about a
Variety of possible ways to teach the given content knowl-
edge, The system reasons about its stored knowledge and

0 dynamically generates its own path through the

Nowledge in response to student behavior.

Current systems vary in the type of knowledge they
fach. Some teach concepts, eg, velocity and acceleration,
s well ag processes within whole systems, eg, an emer-
g:ncy shut-down procedure in a boiler system (Woolf and
; "Workers, 1986) or a hydraulic process involved in fold-

€ a helicopter’s blades (Towne and co-workers, 1990).
neegr Systems teach meta-cognition, or the knowledge
1985ed to reason about learning (Richer and Clancey,
w ), and how to debug solutions (McArthur and co-

Orkers, 1987). Some teach formal logic and formal
0“°Wledge, eg, ALGEBRALAND (Foss, 1987) and the Ge-

Metry Tutor (Anderson and co-workers, 1985).

THEORETICAL BASIS

RssearChers in this field ask under what conditions a com-
mi ‘;: System might effectively teach and if such a system
eg t teach in the same way as does a talented teacher.
ionnlltlons of teaching are typically grounded in computa-
oma~ models of the human participants, including the
nitioam expert, tea}cher, and student. In addition, the defi-
cﬂtion f!‘eql'lently includes a model of effective communi-
el‘aten' Typlcally, t}}ese ff)ur models work together to gen-
typic la system’s 1ntell}gence. A model of: the expert
Cessea ly‘ represents toplcs, concepts, definitions, or pro-
inclus Wwithin the domam: A model of the teacher might
wel] € methods for providing remediation for errors as
f, as a selection of examples, analogies, and strategies
n();‘isponding to idiosyncratic student behavior, and
ent edge ab(?ut when to interrupt. A model of the stu-
torg r:)r Cognitive processes might represent general fac-
ec_essary for a person to learn in that domain, such
“Onsiderations about motivation. A general and ab-
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stract student model might be dynamically updated to in-
clude more specific attributes such as whether a particu-
lar student needs more challenges or more remedial
advice. A communication model might include dialogue
and teaching principles in the domain couched within
principles of good interface design. Building an intelligent
instructional system entails building each of these models
using a variety of Al technologies, including knowledge
representation, control, and knowledge acquisition. These
technologies are discussed below.

Knowledge Representation. In constructing intelligent
tutors, two aspects of knowledge representation (qv) are
important. First, what knowledge do teachers and train-
ers use to understand the domain, diagnose student be-
havior, and select new strategic approaches? Second, what
are good representational schemes for encoding domain
knowledge (qv)? Knowledge representation refers to how
knowledge is used to model the domain, human thinking,
learning processes, and teaching strategies. Knowledge
bases might store concepts, activities, relations between
topics, and other quantities needed to make expert deci-
sions. They might also store a variety of lessons, topics,
presentations, and response selections.

Control. Separation of the knowledge base (data struc-
ture) from the instructional strategies control (algorithms
or heuristics) is critical to expanding the power of these
systems and to enabling the author to work with each
component separately. This separation enables designers
to experiment by adding new control schemes, such as
Socratic teaching, while keeping the knowledge base
fixed. Control refers to passage of an interpreter through
knowledge bases and its selection of appropriate pieces of
knowledge for making a diagnosis, a prediction, or an
evaluation. Control structures (qv) might be defined sepa-
rately for selection of lesson, topic, presentation, and re-
sponse.

Knowledge Acquisition. Knowledge acquisition (qv) is a
difficult problem for any Al system. It requires facilitating
incremental additions to an existing knowledge base. Fre-
quently this means building an interface that enables a
domain expert to easily add new instantiations of a chosen
data structure (eg, a new frame or a new production rule)
without requiring work in the implementation language.
Knowledge acquisition requires and supports the identifi-
cation and encoding of expertise. In constructing an intel-
ligent tutor, knowledge acquisition should enable the
expert to input questions, examples, analogies, and expla-
nations; it should elicit not only tutoring primitives, such
as topics and prerequisite knowledge, but also the reason-
ing the expert uses to know how and when to present each
primitive. Tutoring knowledge might be described both in
terms of content (ie, topics, questions, and examples) and
context (ie, active tutoring strategies and current dia-
logue interventions).

Reasoning about Expert Knowledge

Building a domain or expert model requires, to some ex-
tent, specification of the relative difficulty of topics; identi-
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fication of the strategies and tactics used for tailoring in-
struction to an individual student; and a corpus of
analogies, examples, and error diagnosis techniques for
teaching in the domain. Without the aid of shells, eg, ex-
pert systems shells and authoring systems, which cur-
rently do not exist, this task is difficult. Even with such
software tools, each new domain requires identifications
of curriculum topics and prerequisite topics, causal and
temporal relations between topics, and the relative diffi-
culty of learning each topic.

Choice of representations is also a large issue. Two
roles might be played by the chosen representation: in
those systems that focus on teaching problem-solving
knowledge, the representation might first be used to solve
the given problem and, second, used to communicate
about the solution with the student. The first role sug-
gests that the representation should be powerful enough
for problem solving (eg, predicate calculus or rule-based
language), and the second suggests that the language
should be useful for explanations and should possibly con-
tain a subset of terms a person might use to think about
problems (eg, spatial or temporal relations between top-
ics). Few languages are powerful enough to include both
features.

Reasoning about Teaching Knowledge

Several styles of pedagogy or teaching knowledge have
been explored in the process of developing customized re-
sponses to student behavior. Initially many systems were
despotic in nature; incorrect student actions were quickly
identified, based on reference to an error knowledge base,
and quickly remediated. However, immediate help has
several disadvantages: it may compete for short-term
memory with newly learned material, and students might
also become dependent on it (Schooler and Anderson,
1990). Researchers have moved away from building pur-
portedly omniscient tutors and now focus on building em-
pathetic environments that allow for independent explor-
atory behavior and also elicit information about student
goals and plans. Such systems require less knowledge
about the domain and can coach rather than tutor. These
systems still reason about several forms of behavior before
taking action using reasoning based on knowledge about
how people solve problems or make inferences in the do-
main. Theoretical focus has shifted from exclusive diagno-
sis and remediation to identifying and supporting student
management of their own cognitive processes.

Mixed-initiative dialogue refers to human-computer
communication in which a student can control the conver-
sation or ask questions as desired. Such control is now
assumed in responsive instructional systems. Error diag-
nosis refers to the system’s ability to diagnose mistakes,
plausible misconceptions, overgeneralizations, and miss-
ing information. A diagnostic tutor compares student be-
havior with that of an expert before reasoning about how
to elicit better learning performance.

Tutoring style might vary across domain types. Thus it
could include explanation, guided discovery learning,
coaching, coaxing, and critiquing. Although no one style
is preferred over others, different domains will be better

addressed with different primary styles. For example, di-
dactic explanation is good for communicating a body 9f
declarative knowledge shared by some community (eg, bi-
ologists). Students must learn the community’s terminol-
ogy and are not expected to rediscover all the principles in
a field. On the other hand, more active discovery learning
helps students own knowledge and is a better interactio'n
style if students are expected to generate and test thelr
own hypotheses, eg, while troubleshooting a circuit.

Tutoring style might also vary within a tutorial do-
main. For example, a human teacher might support
guided discovery learning at first and yet change the
strategy to opportunistic one-on-one tutoring once the stu-
dent requests a specific activity or shows the need for re-
mediation. How and why human teachers change teach-
ing style is an open research question. Machine teaching
style can range from natural language discourse to men
selection, although the importance of natural language
has diminished considerably in recent years now that
structured command languages or menu selection struc
tures appear to be as effective for communication as state-
of-the-art spoken or written languages.

Reasoning about Student Knowledge

Building an intelligent instructional system requires
identifying presumed student knowledge within the do-
main as well as making inferences about the grasp o
meta-cognitive skills. Frequently, a system will use & ?tu'
dent model to represent how the student has organiz€

and incorporated new knowledge. The student mode
should dynamically indicate a system’s changing views 0
the student’s strengths and weaknesses as well as aspects
of the currently (mis)understood knowledge.

Reasoning about Communication
Building a variety of intelligent tutors has uncOVere_d
some design considerations about the model of commun}
cation between machine and student (Burton, 1988). FO
instance, extensive research is required to uncover tne
cognitive nature of the task. (See Anderson (1981) for ¥¢;
search leading up to the Geometry Tutor and Woolf an
co-workers (1986) for research leading to building a boiler
tutor.) Another design consideration results from the nee
to isolate key tools required for attaining expertise in t_he
domain. For example, the economics tutor used spect ¢
tools for selecting parameters during experimenmtwn
and scientific inquiry (Bonar and co-workers, 1986), ?n
the Geometry Tutor, further discussed in the next section
used visualization tools to foster both forward and back-
ward reasoning in the development of geometry proot®
(Anderson and co-workers, 1985). The resulting tools were
valuable motivational devices for learning even With?
help from an on-line tutor. A third consideration 15
need to attain high fidelity to the modeled world (Hollar
and co-workers, 1984). Fidelity is measured by oW

1
closely the simulated environment matches the re_z_
world, and high fidelity means the situation is almﬁst ;n-

c

distinguishable from the actual environment. Hig 3
ceptual fidelity, which is possibly the most powe!‘fu1 ?13
tribute of a communication interface, means that




Simulation reflects more a mental model used by an expert
than an exact physical model.

EXAMPLE SYSTEMS

Se}feral intelligent instructional systems are discussed in

1S section along with the theoretical issues that they
?ddl‘ess. Collections of original papers and discussions of
Individual projects have been published (Sleeman and

Town, 1982; Wenger, 1987). Conventional computer pro-
8rams for teaching have been around for decades. How-
ever, the field of Al in education is said to have begun with
Carbonell’s (1970) program.

Early Works (1970-1982)

D,‘":ing the first phase of Al in education, research was
'Mited to building illustrations that showed ideas at work
0 toy domains. Carbonell’s (1970) program SCHOLAR
taught high-school geometry and differed substantially
Tom other teaching systems of its day in that it separated
Nowledge about how to teach from the content or subject
Mmatter of teaching. Carbonell represented objects and con-
Ppts in grade-school geometry as nodes in a semantic
Retwork, suggesting that this was a feasible model of the
w?y People store and access information. SCHOLAR held
Mixed-initiative dialogues (ie, interactions initiated by ei-
€r the student or the system) by traversing the network
and agking or answering questions about the stored infor-
Mation. SCHOLAR reasoned about student answers; re-
SPonded opportunistically and, for the first time, was able
O Parse student questions.
arly research issues focused primarily on knowledge
TePresentation and grain size. Typically, ATNs (see GraM-
rAR, AUGMENTED TRANSITION NETWORK), semantic networks
9v), and rule-based systems (qv) were used. SOPHIE (qv),
3 sophisticated instructional environment for electronic
r(’ubleShooting, reasoned about a trainee’s solution for
Eb“,gging an electronic circuit and decided whether a stu-
i?ts actions were appropriate given previous informa-
19;‘2 about the circuit’s behavior (Burton and Brown,
fest ). The system used a su.nulated electrical circuit to
cay Student hypotheses, typically conjectures about the
Se of a malfunction, and refused to carry out probes
S Oalg Wwere irrelevant based on existing information.
Tai HIE was a landmark effort in the development of do-
aIn representations. It innovated the use of semantic
gzz?n}ars to parse student input and used multiple repre-
ang ations to help explain results to the student (Brown
B?ll, 1982). Syntactically meaningful categories, such
Tesistors, transistors, and measurements, were associ-
a:sd With grammar rules to parse the student’s input. It
genwel‘ed hypothetical questions about circuit values,
cuiteratEd explanations about possible faults in the cir-
» @nd used rules to solve electrical problems.
Worlzrl-y stts_ems also focused on grain size or the way the
Sche 1s dlYlded up by the knowledge representation
o8l me, Grfam size is often measured along an epistemo-
i Cal' continuum beginning with bits and pieces and end-
§ With chunked elements. At the bits-and-pieces ex-
Me, distinct and unconnected elements are used to
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represent elements in the subject area, as in WHY
(Stevens and co-workers, 1982), whereas at the chunked
extreme, relations and morphisms between elements indi-
cate temporal, logical, or pedagogic connections between
the elements. GUIDON (qv) (Clancey, 1982) used a
chunked representation to express connectedness and log-
ical precedence of elements used to reason about medical
diagnosis.

GUIDON (Clancey, 1979) is a tutor for medical stu-
dents directed at teaching the process of diagnosis of infec-
tious diseases. An early bits-and-pieces approach failed
and a later implementation, based on chunked knowledge,
succeeded. MYCIN (qv), a large medical expert system
used to diagnose and prescribe remedies for infectious dis-
ease, was the basis for the original GUIDON. MYCIN has
thousands of small rules for diagnosing diseases and was
adequate for a performance system; it worked to achieve a
diagnosis. However, it did not work as the basis for a
learning—teaching system because students need to
know the underlying deep and causal knowledge (from
which the bits-and-pieces rules are compiled). Deeper
causal knowledge is an example of the chunked elements
mentioned above. MYCIN’s rules were stripped of causal
reasoning and cross-links needed by a student to cluster
and learn the same rules. GUIDON was originally imple-
mented by reversing the rules of MYCIN. Such a method
was not effective because medical diagnosis is not taught
cookbook style and medical practitioners do not use per-
fect recall on a huge number of medical facts and rules
(Clancey and Letsinger, 1981). To teach from such rules,
GUIDON had to decompile and cross-index the stripped-
down rules to provide students with the needed general-
izations and references between the rules.

GUIDON did not communicate rules per se; rather, it
presented explicit reasoning strategies described in terms
of managing the student’s set of hypotheses during prob-
lem solving. Thus a student might be asked to justify why
an active hypothesis was pursued or might be told to con-
tinue a specific line of reasoning. The shift in GUIDON’s
knowledge base was prompted by epistemological consid-
erations, or the need to separate strategic tutoring knowl-
edge from facts and rules. The strategic knowledge was
expressed in terms of tasks that manipulated the space of
hypotheses.

Broadening Interests (1982—-1985)

During the next phase of Al in education, knowledge ba-
ses were broadened in scope, allowing systems to be ap-
plied to real problems. Gradually ideas about tutoring
were shown to be powerful enough to handle practical
teaching problems, for example, tutors in Pascal program-
ming (Johnson and Soloway, 1984). Researchers began
building systems in part as experiments to answer truly
difficult questions about cognitive processes and learning,
for example, the LISP and geometry tutor (Anderson and
Reiser, 1986; Anderson and co-workers, 1985).

PROUST was designed to aid students in understand-
ing nonsyntactic bugs in their programs (Johnson and So-
loway, 1984). It modeled the presumed intentions of the
programmer and tried to match an agenda of goals and
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Figure 1. Geometry Tutor (Anderson and co- A _ A _ ‘4/1
workers, 1985). Courtesy of IJCAL M is midpoint of AB M is midpoint of CD

es for

plans and then code which the student intended to use
with the actual code produced. PROUST successfully dis-
covered 81% of the bugs in 206 student programs. How-
ever, some students found PROUST’s explanations diffi-
cult to use, suggesting the need for improved tutoring
discourse.

Adaptive control of thought (ACT) theory, a well-speci-
fied cognitive model of learning, was used to develop ge-
ometry and LISP tutors (Anderson and Reiser, 1986; An-
derson and co-workers, 1985). These tutors demonstrated
that research in cognitive psychology can produce useful
insights for building tutoring systems. The theory states,
in part, that cognitive functions can be represented as sets
of production rules. In this context the system used model
tracing to clarify student misconceptions and to redirect
the problem-solving effort by setting new goals. It pro-
vided immediate feedback on errors and intervened as
soon as a meaningful error was detected. However, recent

work suggests that immediate feedback compet
working memory resources (Schooler and Anderson 1990)
Moreover, delayed feedback appears to foster the develop”
ment of secondary skills such as error detection and seli
correction, skills necessary for successful performf’mce
once feedback has been withdrawn. Thus Anderson Was
led to refine his cognitive model and to modify his tutorin8
systems. This hypothesize—test—evaluate cycle end 'ee
him to demonstrate improvement both in the cognit¥
theory and the building of intelligent tutors. the
Several tutors built at this time also illustrated
importance of the communication model. The Georfletr);
Tutor (Anderson and co-workers, 1985) made explicit us
of several learning characteristics in geometry F lg’l v
and enabled students to visualize features of problem s0
ing that are typically left implicit in textbooks, iﬂCludu;
graphic effects on a geometric figure; the tree-structt’
nature of geometric proof; and movement between




Possible problem-solving strategies, forward and back-
Ward reasoning. Geometric reasoning is often not a simple
linear logical chain, but rather a bushy tree, including
Many possible, and frequently not optimal, logical paths.

Y using the interface to click on relevant proof elements,
students may work from the goal backward or from the
Premises forward. These alternative paths are clearly ar-
ticulated in the Geometry Tutor’s communication model.

A Variety of Application Areas (1985-1991)

The next phase of tutor development indicated a clear
emergence of new architectures and positive training
results, leading to the belief that some progress has been
n.lade. Interest focused on communication and representa-
tion issues and on knowledge of the student. Systems were
Placed in elementary and high schools, universities, in-
dustrial sites, and military training sites.
. Several systems focused on developing sophisticated
Interfaces that allowed a student to generate and test hy-
Potheses. For instance, the Smithtown Economics Tutor
(Shute and Bonar, 1986; Bonar and co-workers, 1986) pro-
Vided students with scientific inquiry tools that enabled
them to collect, organize, and reason about data in the
Omain of economics. These tools, for example, allowed
Students to explicitly state laws such as that of supply and
€mand. After setting population and income values, the
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price of tea and coffee, and the number of outlets or
changes in the product quantity, the student made predic-
tions about changes in economic variables such as supply
and demand. Smithtown was implemented using a bite-
size tutoring architecture (Bonar and co-workers, 1986),
which organized the system around issues, called bites.
Each bite was a miniature system containing some do-
main knowledge, curriculum knowledge, and indications
about the student’s mastery of the bite. Thus the old func-
tional components, such as diagnostic or expert modules,
were still present, but distributed across the representa-
tion of the curriculum.

During this time, several intelligent tutors were devel-
oped to teach algebra, in part by displaying a student’s
solution on the trace window (McArthur and co-workers,
1987; Foss, 1987; McArthur and Stasz, 1990). In the alge-
bra tutor shown in Figure 2 (McArthur and Stasz, 1990),
the system acted as a partner and encouraged the student
to think about problem solutions at a high level, eg, using
operators such as “collect the variables,” “simplify the ex-
pression,” and “multiply both sides by?” The system could
invoke different tutoring styles and perform simple lesson
planning or task sequencing. Students could easily
change their own operations. This system provided a view
of algebra that was intuitive, motivational, and helpful to
the student. The tree representation of algebra solutions
augmented a student’s own abilities in the domain.

Reduce terns to & sfiapler form, or do arithmetic
Divide both sides dy ?

Multiply both sides by ?

Add ? to both sides

Subtract ? from both sides

Expand a * or / using the distributive rule
Collect several teras using the distributive rule

distribute ?
collect 2 ...

“2+7x = 9(- * )—4(-54»4)

-2#7x = -5449x-4 (-6+x ) -2+7x =

INEQUALITIES =2+7% = <38+8x-4x

-2+47x 1 Sx-38

Scrold Right
Scrolt Left
Scroll Down
Scroll Up

-2+7x+78 = Bx

28+7x, =z Sx
28 = Qx-7x

Ny Anguer OK?
Help Next Step \

Explain Your Step
-28

— - x
i
Login
-14 =
Erase Input v *
Move Box

Homework Problem
Student Probles
Easier Probles
Harder Problea

28 = -2x 28-Sk = -7x

N CONDITIONS:
-2¢7%=9(~6+x)-4(~6+x),
GOAL:
CPERATION:

(-6+x)

-2+7x = -38+5x

-2+7%+38 = Sx

(distribute -8+x)
(+ 30)
(simplify)

| (- 7x)
(collect x)
(/ -2)
(s1mplify)

There 18 more than one x on one side of

A useful goa) was to COLLECT the variables together.
To carry out this goa) the variables S(-6+x)-d(-6+x)

were combinad to make (9-4)(-6+x).

Figure 2. Algebra tutor interface (McArthur and Stasz, 1990).
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STEAMER also provided a sophisticated interface
(Hollan and co-workers, 1984) and supported students’ de-
velopment of an accurate mental model of a steam propul-
sion plant and related engineering principles (Fig. 3).
STEAMER provided movable and sensitive icons, which
students could insert into a simulation of the working
steam propulsion plant. In this way, students could mea-
sure the effect of their actions and, for instance, see the
change in water pressure after adding a pump or a toggle
switch. Various screen indicators were linked to an under-
lying quantitative model and updated as the simulation
proceeded. The view presented by STEAMER was meant
to reflect more a mental model (as used by an expert) than
an exact physical model of the steam propulsion plant.

An electronics troubleshooting program (White and
Frederikson, 1986) also focused on supporting develop-
ment of students’ mental models. Like STEAMER, it con-
tained an interactive graphic simulation that represented
internal knowledge about an electronic circuit, in this
case as a progression of increasingly complex qualitative
models presented to students as they moved on to more
complex topics. The authors recognized that true expertise
does not consist of a simple progression of increasingly
complex models, rather it requires sets of complementary
models that vary along a set of dimensions, such as type,
order, and degree (of sophistication).

The Intelligent Maintenance Tutoring System (IMTS)
and its successor RAPIDS, provide a set of tools for con-
structing simulation-based tutoring environments
(Towne and co-workers, 1990). Object and scene editors,
such as that shown in Figure 4, allow an author to use
graphics of generic objects, including switches, pumps,

motors, lamps, and toggle switches to capture both the
appearance and the behavior of the objects used in prob-
lem-solving environments. Authors enter rules to express
the relationship between input and output values of an
object and indicate the appearance (eg, light on, switch
up) that objects should display under different conditions.
Numerous simulations have been built using these sys
tems; the largest contains more than 300 objects and rep-
resents the electrical, hydraulic, and mechanical process
of the folding of a helicopter’s blades. This system Was
used to train students to troubleshoot components of the
blades; it determined which problem the student should
solve next, kept track of how much time was taken to
solve each problem, and maintained a model of the stu-
dent’s presumed learning.

Another simulation-based tutor is currently in use in
more than 100 industrial sites in the United States. The
Recovery Boiler Tutor (RBT) was built for a type of boiler
found in paper mills throughout the United States (Woolf
and co-workers, 1986). It provided multiple explanations
and tutoring facilities geared to the individual user, an
operator in a control room. The tutor was based on a math-
ematically accurate formulation of the boiler and provide
an interactive simulation complete with help, hints, ex-
planations, and tutoring (Fig. 5). A user initiated any ©
20 training situations or emergencies, or asked that an
emergency or inefficient situation be chosen by the sys-
tem. Once a situation had been initiated, the operator Was
encouraged to adjust meters and perform any of 40 actions
on the simulated boiler to solve the emergency. The sy5”
tem identified optimal, less than optimal, and clearly 1™
relevant actions.
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Ungs puters with LISP environments have continued to
“0til rather recently, intelligent instructional systems, improve in their price-performance ratios, instructional
ke other Al systems, tended to be too computationally systems can be tested in traditional centers and evaluated
coml_’lex and memory intensive to be evaluated properly. by testing the goodness of the teaching result compared
aving been built on high performance, even special-pur- with standard lecture-style teaching. Formal evaluations
It{O S¢ LISP machines, they were not available to tradi- of performance have resulted in several systems achieving
lona] training and teaching sites. Now that personal com- the two-sigma effect (Bloom, 1984), which is the same
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improvement in learning that results from one-on-one hu-
man tutoring compared to classroom teaching. Several
success stories indicate that tutors are effectively reduc-
ing by one-third to one-half the time required for learning
(Shute, 1990).

In one special case, students working with an Air Force
electronics troubleshooting tutor for only 20 hours gained
proficiency equivalent to that of trainees with 40 months
(almost four years) of on-the-job experience (Lesgold and
co-workers, 1990). In another example, students using the
LISP tutor at Carnegie-Mellon University (Anderson and
co-workers, 1985; Anderson and Reiser, 1986) completed
programming exercises in 30% less time than those re-
ceiving traditional classroom instruction and scored 43%
higher on the final exam. In a third study, students using
Smithtown learned general scientific inquiry skills and
principles of basic economics in one-half the time required
by students in a classroom setting (Shute and co-workers,
1989).

Although limited but encouraging results have been
shown, the fact remains that classroom tests do not pro-
vide a measure of success for these systems, because often
the material presented is not the same as that taught in a
traditional classroom, and a system’s content cannot eas-
ily be integrated into a traditional curriculum. For in-
stance, both the Geometry and Algebra Tutors discussed
earlier automate much of the symbol manipulation (eg,
addition and multiplication) in the domain and provide an
environment for students to learn problem solving. The
systems have, in part, redefined the curriculum content to
focus on problem solving, and this makes evaluation of
learning outcomes difficult because the original classroom
focused on symbol manipulation.

Several aspects of evaluation remain major research
issues. For example, if a system succeeds, which models
should be assigned the credit and how might the various
models be fine-tuned to improve the next generation of
systems? Portability between domains has been shown in
only a few systems (Bonar and co-workers, 1986; Ander-
son, 1990); most systems are less effective when rebuilt in
another domain, and generalizability has yet to be demon-
strated.

RESEARCH ISSUES

Current research issues focus on traditional Al themes, ie,
knowledge representation and acquisition, control, plan-
ning and plan recognition, natural language generation
and recognition, explanation, dialogue processing, and ar-
chitectures. Ideally, cognitive and pedagogical theories
should form the basis of design for new systems to test
new Al technology, and when built, new systems should
be used to test the theory. The crucial activity is iteration
based on improved performance, which allows results
from one iteration to inform and constrain development of
the next: working tutors should foster refinement and
evaluation of Al and cognitive theories and vice versa.
There is nothing so practical as a good theory. However,
too little theory currently guides development of new sys-
tems.

Cognitive Modeling

Cognitive modeling (qv) is one research area that can
make rich contributions to progress in this field. It should
be applied at three stages of design within knowledg(?'
based instructional systems: (1) development of pedagogl-
cal and subject matter theories, (2) design of instruction,
and (3) delivery of instruction (Woolf and co-workers,
1991). Of these phases, the design of instruction is the one
that seems to have achieved the most direct benefit from
cognitive modeling thus far, including substantial bene-
fits from modeling subject matter experts. For instance,
Anderson and co-workers (1990) attributed much of the
success of their tutors to the cognitive task analysis of
experts in LISP, geometry, and algebra.

Work on modeling good teachers and tutors has only
just begun [with the exception of a few early classics, Sl}Ch
as the work of Stevens and Collins on Socratic tutoring
(1977)]. Of the three phases of pedagogical work, the ac-
tual delivery of instruction is the area where cognitive
modeling has thus far found the least fruitful application,
mostly due to a historical accident. Working with cla§5‘
room teachers and trainers seems to be a neglected act1V-
ity during research and development of these systems.

Communication Modeling

Developing systems that are sensitive to student idiosyn-
crasies and able to customize their responses to teaching
context is still a much-sought goal. Achieving flexible
mixed dialogue between human and machine, whether
text-based or visually based, is not yet possible. On the
other hand, human—human dialogue succeeds despite am-
biguity and digressions because both participants mode
the dialogue, the subject matter, and the other speaker;
both actively work toward success of the dialogue. This
suggests that continuing efforts be made to enhance t
machine’s ability to do its part to model the user an
dialogue context. Techniques such as plan recognition an
learning in active systems still play only a small role 18
current technology. Building responsive intelligent inter-
faces requires building mechanisms to support cooperd”
tive dialogue and a deeper understanding of domain per”
spectives from the viewpoint of the learner.

Research issues in communication models include
identifying new representations and control mechanisms:
Thus knowledge of didactic explanation might be repre”
sented and organized along with the basic domain know'
edge. Indexing mechanisms for accessing different _Per'
spectives of a topic should be designed using abstraction$
appropriate for the content selection task.

Choosing and organizing domain knowledge for the
communication effort provides the next set of researc
issues. Control should account for the tutor’s ability to
switch strategies dynamically according to multiple con;
straints and in a manner that is sensitive to features thﬂ}
human tutors use in tutorial interactions. Further wor” !
required here to characterize relevance for selecting

knowledge for didactic explanation, especially when mu>

tiple perspectives of the topic are available.
Other research issues center on development 0

quate model of the student and the pedagogical 0

f an ade”
ntexts




and then recognizing how a system might stimulate the
Student’s own abilities and creativity. A separate issue
toncerns how relevant knowledge should be presented
Once it has been selected. Presentations, whether explana-
tions or examples, should be delivered in a manner that
%‘e}PS the student understand new material and integrate
1t into an existing conceptual framework, or into one that
has been built up during the preceding dialogue. In sum-
mary, despite much work attempting to do so, human-—
Mmachine communication is not yet sensitive to dialogue
context and to what is known or knowable about the stu-
dent’s knowledge state.

DESIGN AND IMPLEMENTATION ISSUES

Although some success has been seen, one might ask why
more systems have not been deployed. The answer is that
de:ep design and implementation issues remain, beginning
With the lack of Al development tools, eg, shells and
ameworks, similar to those used to build expert systems.
ools would facilitate large-scale development; a simple
tool, such as a simulation tied to an expert system or to a
ock-step tutor, might be a practical way for designers to
get started on a path of incremental design through feed-
back from the expert and student. A teacher should inter-
act with a variety of tools, in much the same way that a
onductor orchestrates a suite of instruments. Another
Teason for slow development is the need to reduce cogni-
tive tagk analysis to engineering practice. An excessive
amount of time is still required to analyze each task to the
depth. required for building these systems. In addition,
m°r§ Information is needed about student motivation and
Cognitive development, specifically which activities en-
8age Particular students and how novice behavior is dis-
llélqulshed from expert behavior (Larkin and co-workers,
80; Chi and co-workers, 1981).
res ile. use of new knos.)vledge representations should
ﬁrs‘tl tin g're_ater expressive power than that offered by
ive “8eneration expert system tools. For instance, qualita-
Simulations might be used to represent domain
Nowledge (Forbus, 1986; de Kleer and Brown, 1986), as
plaen Programming is seen as a space of problem-solving
o N8 selected and executed by a student (Johnson and
o OWay, 1984). Qualitative physics might be used to rea-
n a‘bout stored stereotypical plans to explain a complex
ref}’Slcal device; these plans might then be selected and
°"TI_UIated for presentation to the student.
Oclal issues provide the final set of barriers to produc-
uger'leralizable and pervasive systems. As a result of
oncatlom}l- changes mandated by the industrial revolu-
eco’ traditional didactic, classroom-based teaching has
Worlgle a strong cultural ﬁx’Fure in many parts of the
gTess'. Current classroom environments have grown pro-
in a“’ely lecture based. Although one-on-one tutoring is
is ;’t very old (Plato, 1922), its reintroduction through
o uca‘;Chnology.represents a r?xdical change for modern
tiong] Ors and is strongly res1ste(.i.‘ Intelligent instruc-
rin, iyster.ns present_ a new tradition of one-on-one tu-
ucg ! hat is largely inquiry driven in nature. Because
ationa) change works very slowly, new systems will
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require curricula and infrastructure changes before they
can be established within education and industry.

DISCUSSION

Although much success has been evidenced, clearly much
remains to be done to support the effective use of Al tech-
nology in education. Current research has succeeded in
exploring a large number of domains and has explored
some nontraditional pedagogical strategies, such as part-
nering, mentoring, and scaffolding. However, many of the
rich and detailed tutoring methods used by talented
teachers still elude researchers, and the next generation
of systems will require development of accessible shells
and testbeds to facilitate further experimentation and de-
velopment. For some modeling tasks, notably those repre-
senting students and tutors, work is far from complete and
issues have only just been identified.

Several predictions can be made about future develop-
ment of intelligent teaching systems based on near-term
goals and long-term opportunities. As the computer price—
performance ratio continues to improve, a wide expansion
of tutoring systems will continue to be seen in new teach-
ing and training arenas. New initiatives incorporated
within these systems, such as qualitative reasoning, ma-
chine learning, case-based reasoning, general-purpose ar-
chitectures (eg, blackboards), hypertext (Yankelovich and
co-workers, 1985), and multimedia (eg, Al systems that
include videodisk, speech, or film) will further enhance
the effectiveness of these systems. Such technologies
should facilitate the study of human learning and teach-
ing as well as accelerate the emergence of new systems
and the willingness of new authors to develop them.
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