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Abstract

CELIA is a computational model of how a novice
student can quickly become competent at a proce-
dural task through observing and understanding an
expert’s problem solving. This model was inspired
by protocol studies, and implemented in a com-
puter program. This model of a student’s effective
learning suggests some implications for teaching
novices in a new domain. These may be relevant
for both human teaching and intelligent tutoring.
The implications include: encourage the student
to predict, interactive step-by-step presentation of
example steps, encourage self-explanation by the
student, order example steps to match their logical
order, give a variety of examples in early instruc-
tion, allow flexible interaction with the student,
and present basic background concepts prior to ex-
amples. These implications represent hypotheses
that follow from the learning model; they suggest
further research.

Introduction

Redmond (1992, 1989) presented a computational
model, CELIA, (Cases and Explanations in Learning;
an Integrated Approach) showing how a student can
profit from observing an expert solve example problems.
CELIA was inspired and influenced by protocol studies
of students in a trade school learning to be automobile
mechanics (Lancaster and Kolodner 1987,1988). By ex-
plaining the significance of each of the instructor’s ac-
tions and the relationships between the actions, a stu-
dent is able to detect parts of his knowledge which are
lacking and also retain the example as an understood
case (Kolodner and Simpson 1984; Hammond 1986; Ries-
beck and Schank 1989) for future use. CELIA was imple-
mented as a computer program, showing how, through
this type of learning experience, a student can rapidly
becomes reasonably competent at the observed task.
This working model of a student’s effective learning sug-
gests some prescriptive implications for teaching novices.
These teaching implications follow from the completed
model of learning, and represent hypotheses that can be
tested with future research.

Overview of CELIA

An overview of CELIA is necessary for understanding its
implications for teaching. For CELIA to get something
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out of observed problem solving, CELIA must make an
active effort to understand. Then it can make use of
what it understands in its later problem solving. If
CELIA is unable to explain part of the problem solving
it can ask the instructor questions during the presenta-
tion. The instructor can interrupt his presentation of
his problem solving and respond with a hint. Learning
can be even more effective if CELIA takes a more active
role; it should do more than just explain the instructor’s
actions. As part of understanding, a student can set up
expectations of what the instructor will do. As long as
those expectations are met, the student has an adequate
understanding. When the student’s expectations fail,
this failure indicates to the student that he must learn
something. CELIA makes use of this strategy as well.

In addition, an effective student tries to explain the
instructor’s actions. This not only helps the student
identify the need to learn, it gives the student an under-
standing of the expert’s problem solving. Thus, CELIA
tries to explain the instructor’s actions.

Several failures can occur in understanding an expert’s
actions; these indicate the need to learn. Once the need
to learn has been identified, CELIA must be able to rec-
ognize a useful method to try, and carry out that learn-
ing method. Given that a great number of things can be
learned and that experience provides a rich set of meth-
ods and materials to use, the learning process must be
controlled and biased. Having the understanding process
drive learning is a first step in that direction.

Retaining Example. Explaining the instructor’s
problem solving also helps CELIA remember the exam-
ple for future use. This remembered episode, or case, is
very useful to a novice. It shows how a problem can
be successfully solved. Case-based Reasoning (CBR)
(Kolodner and Simpson 1984) is a method of using previ-
ous episodes to suggest solutions to new problems. CBR
allows a reasoner to solve problems efficiently when pre-
vious similar experiences are available. A student can
make use of remembered cases to become functional long
before he has a deep understanding of the domain and
task.

One of the things discussed in Redmond (1992) is that
early in apprenticeship, acquisition of cases is a most
powerful learning method. This holds for at least two
reasons. First, the knowledge that a case provides is
operational — it shows how successful problem solving
can be done (rather than being disconnected expertise).
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Second, a single new case provides a wealth of informa-
tion that can provide much useful guidance, whereas a
typical single piece of knowledge about a relevant device
has limited and infrequent impact on problem solving.
As discussed in Redmond (1990), CELIA stores cases
in pieces, or snippels (Kolodner 1988). This allows the
reasoner direct access to small fragments of cases rather
than always having to wade through large monolithic
cases.

CELIA’s Model of a Student

This discussion sets the stage for a brief overview of the
model (presented in greater detail in Redmond (1992)).
Figure 1 shows our model of explanatory apprenticeship.
The boxes show processes and subprocesses, with thin
arrows showing their decomposition. The bold arrows
show the sequence in which subprocesses are carried out.
The learner carries out two processes — understanding
the instructor’s problem solving, and learning. The fo-
cus here is on the process involved in understanding a
teacher’s actions. Space considerations preclude discus-
sion of the learning methods used once the student has
identified the need to learn. The learning process is pre-
sented in Redmond (1992).

As can be seen in Figure 1, the understanding process
is broken down into three subprocesses:

1. Predict - CELIA predicts the instructor’s next rea-
soning goal, and how it will be carried out. This helps
focus CELIA’s understanding process.

2. Observe - CELIA observes the expert’s actions, com-
paring to the prediction.
3. Explain - CELIA explains the expert’s actions — in-

cluding recognizing what type of goal the instructor
is pursuing, organizing actions within the goal, rec-
ognizing what previous goal it follows from (drawing
connections), and how it affects the problem solving
context. These steps also combine to enable the stu-
dent to create a new case.

Through this process, and with the instructor’s help
when necessary, a novice can come to understand the
expert’s problem solving — what the goals are, what
goals follow from each other, etc.

Explanation There are several steps that need to be
taken in order to understand the instructor’s actions.
We will discuss three:

1. clustering actions into goals.
2. drawing connections between goals.
3. updating understanding of problem solving context

Failures in these or other parts of understanding can
drive CELIA’s learning.

Clustering Actions. When the instructor is solving
a problem, his actions combine to serve different goals.
A cluster of actions may serve one goal. In order for
CELIA to truly explain the instructor’s actions, CELIA
needs to be able to cluster those actions together and
determine what goal they serve. It also needs to be able
to explain the role of each action with respect to the
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pursuit of its goal. Failure to make inferences of these
types helps CELIA recognize the need to learn.

Drawing Connections. During the course of ob-
serving an instructor solving a problem, the most impor-
tant step for the student is drawing connections between
the instructor’s goals. A diagnosis has structure, and
part of understanding is determining that structure. A
major part of the structure is the connections between
goals — what goal instance follows from what other goal
instance. Although the expert must perform his prob-
lem solving steps in some sequential order, that order
does not necessarily reflect the relationships between the
actions and goals. The instructor’s goals usually will
not have a purely linear set of relationships. One goal
can suggest more than one later goal. The instructor
may return to follow up a goal after a different path
has proven unfruitful. Thus, many circumstances exist
in which the sequence of actions taken by the instruc-
tor does not match the underlying relationships between
goals. Therefore, the student cannot merely infer the
connections between goals by their temporal proximity.

Updating Context. Another type of inference
needed for CELIA to explain the instructor’s actions is
updating CELIA’s understanding of the problem solv-
ing context. As the instructor takes actions, the results
of those actions affect what the instructor will do next.
Therefore, inferring the effects of the instructor’s actions
helps CELIA explain the instructor’s later actions.

For example, suppose CELIA knows that the instruc-
tor has tightened the spark plugs prior to the test of
whether the car still stalls. That knowledge helps CELIA
explain the instructor’s interpretation that the spark
plugs being loose was not the problem. CELIA, in fol-
lowing along with the instructor, can keep track of the
problem solving context. To keep up and understand,
CELIA needs to infer the effects of the instructor’s ac-
tions on the problem solving context.

This understanding process drives learning. Through
the understanding process, CELIA both comes to under-
stand the expert’s actions, and also detects the need to
learn. An early learner will have many failures when try-
ing to understand the expert’s problem solving. When
CELIA makes an incorrect prediction, cannot recognize
the instructor’s reasoning goal, cannot connect it to some
previous goal, or is unfamiliar with something mentioned
by the instructor, then it recognizes the need to learn. !

It would be meaningless to look at the implications
for teaching of a model that does not achieve success-
ful learning. To demonstrate that the model embodied
in CELIA shows a powerful approach to learning, Fig-
ure 2 is repeated from Redmond (1992). CELIA was
presented a sequence of 24 examples of expert problem
solving involving 8 distinct faults, mostly in the auto fuel
system. Ten random orders of the examples were pre-

!Figure 1 also shows the different kinds of knowledge
used in understanding the expert’s actions, including device
knowledge, process knowledge (knowledge of goals involved in
the task), and other cases. Through the learning process, the
same types of knowledge can be acquired.
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Shows the decomposition of the tasks involved in early apprenticeship. The rectangular boxes represent processes. The bold
lines represent the sequence of tasks. Ovals represent knowledge structures. The dashed lines represent knowledge flow to and
from tasks. The thin lines indicate the subtasks that a task is decomposed into.

Figure 1: Process model.

sented. The performance measure was the accuracy of
the system’s predictions of the expert’s actions. The im-
provement comes through acquisition of new cases and
improvements in the access of cases based on the experi-
ence. As can be seen, CELIA dramatically improves its
performance after only a few examples have been seen.

Educational Implications

CELIA was developed as a computational model of how
a novice student could effectively learn from observed
examples. Besides modeling characteristics of learning,
CELIA also has implications for teaching. Since the
model focuses on how a student can learn from instruc-
tion (in the form of worked out examples), what it has to
say about when learning is easy or hard can be equally
revealing of what aspects will make teaching effective or
ineffective. By analyzing the reasons for the success of
CELIA, we have generated some prescriptive guidelines
for tutoring.

CELIA is built around the observation that examples
help students learn. This is not a unique observation.
For instance, Reder, Charney and Morgan (1986) found
that instruction that included examples was more effec-
tive, and LeFevre and Dixon (1986) found that students
prefer examples to written text in learning a procedural
task. Thus, examples should be presented to students.
CELIA’s implications for instruction mainly have to do
with how the examples are presented:

1. The student should be encouraged to make predictions
of the instructor’s actions.

2. The examples should be presented in a slow-paced,
interactive, step-by-step manner.

3. The student should be encouraged to try to explain
how the example’s steps follow from each other (self-
ezplanation (Chi, Bassok, Lewis, Reimann, and Glaser
1989)).

4. Stepg )of examples should be presented such that the
order of steps as closely as possible matches the logical
order.

5. When possible, present an initial set of examples such
that they cover a wide range of the problem-solving to
be learned.

6. The instructor should be available for unplanned in-
teraction with the student.

7. The student should receive some background instruc-
tion prior to presentation of examples.

Encourage Prediction. The model suggests that
the student benefits from actively processing the ex-
amples. This follows from a tradition of failure-driven
learning in Al (Schank 1982; Kolodner 1987; Hammond
1986). The model suggests that when tutoring, the stu-
dent should be encouraged to set up predictions. When
the prediction fails then the student knows that he needs
to learn.

Predictions of an expert’s actions helps a student iden-
tify their weaknesses and gaps in their knowledge. When
a student incorrectly predicts the expert’s actions, that
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Improvement in accuracy for reasoner predicting observed expert problem solving actions.

Figure 2: CELIA: Results of exposure to sequence of examples.

very directly shows the student that he would have done
something incorrect if he were on his own.

Incorrect predictions of an expert’s actions help a stu-
dent recognize the need to learn. Prediction is useful in
detecting failures even when the student is doing self-
explanation; it provides an extra level of checking of
one’s knowledge. It is one thing to be able to under-
stand why an observed action was done; it takes greater
understanding to actually come up with the correct ac-
tion on one’s own. Prediction gives the student a test of
their operational or procedural knowledge.

Thus, when tutoring, our model suggests that the stu-
dent should be encouraged to actively process the ex-
ample, including setting up predictions. This helps the
student recognize the need to learn.

Interactive Step-by-Step Presentation. It is for
the above reason that the examples should be presented
in a slow-paced, interactive, step-by-step manner. This
gives the student time to make predictions about what
will happen next, and to recognize reasoning failures as
they are happening, when they can be isolated to a sin-
gle step. By presenting the solution steps one at a time,
the student’s failures are isolated. This helps blame as-
signment.

This suggestion is not without controversy. Ander-
son’s group’s work with their lisp tutor has suggested
that immediate feedback may not provide a benefit
(Schooler and Anderson 1990). By a method called
model tracing (Anderson, Conrad, and Corbett 1989),
the tutor determines immediately when a student has
made an error (and why). Anderson et al (1989) found
that students who did not receive immediate feedback
took longer to solve problems, but did as well on a post-
test. Corbett and Anderson (1990) likewise found no
impact on a post test from immediate feedback. They
believe that the students can learn equally from the suc-
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cessful completed solution regardless of the path they
took to get there. This finding may not be applicable
in all domains/tasks. In particular, in CELIA’s domain,
part of the solution and thus part of what needs to be
learned is the most appropriate path to the diagnosis.

In addition, Corbett and Anderson (1990) found that
the student’s who didn’t receive immediate feedback
incorrectly believed that the material was easier and
they had learned the material better than did students
who received immediate feedback. Thus, besides having
a more difficult time doing blame assignment (if they
choose to do it), the students who do not receive immedi-
ate feedback will be less motivated to do self-explanation.

Encourage Self-Explanation. The student should
also be encouraged to try to explain the steps taken by
the expert to himself. The student should be asked to
explain how the example’s steps follow from each other.
One difference between good students and poor students
is that good students more frequently attempt to explain
worked out examples to themself (Chi et al 1989). The
model embodied in CELIA predicts this as well. By
encouraging students to actively process examples it is
more likely that they will recognize when they don’t un-
derstand something. Thus, they will know to try to learn
something.

Self-explanation (Chi, et. al. 1989) involves the stu-
dent trying to explain how the current expert’s action
fits into the overall problem solving. Self-explanation
helps a student in at least two ways. First, if the stu-
dent is unable to explain the expert’s action, that, like an
incorrect prediction, shows the student that he doesn’t
know something. Chi et al (1989) found in studies of
people that good students identified a lack of knowledge
more frequently than did poor students, who remained
unaware of what they didn’t know. Prompting the stu-
dent to do self-explanation increases the possibility that



the student will recognize the gaps in their knowledge,
and try to learn something. Second, successful explana-
tion of the expert’s actions allows the student to come to
a better understanding of the expert’s problem solving.
This in turn may do three things. First, it may help the
student remember this example for future use, through
developing more or better cues or indices to the exam-
ple. Also, if the student does recall the example, it is
a more fully understood example being recalled. In ad-
dition, this successful explanation process may help the
student add to or correct previous knowledge about the
domain and the task.

Thus, by encouraging students to actively process ex-
amples, carrying out self-explanation, the students can
enhance their learning in two ways. It is more likely that
they will recognize when they don’t understand some-
thing. Thus, they will know to try to learn something.
Also, self-explanation can help the student better under-
stand the expert’s actions.

Order Example Steps to Match Logical Order.
CELIA has other implications for presentation of exam-
ples. In some examples, the order of problem solving
steps may be somewhat flexible. One possible order may
be easier for the student to understand. OQur model sug-
gests one factor that makes a solution easier or harder to
understand — whether the temporal order of steps pre-
sented is the same as the logical order.

The logical order is the order in which steps are sug-
gested to the problem solver. If step A suggests step C,
then step C logically follows from step A. If the steps are
partially ordered (the problem solving can be successful
with more than one order of steps), than an instructor
may present step B between steps A and C. In that in-
stance, the logical and temporal order differ.

To ease the process of drawing the connections be-
tween goals, when possible the teacher should make the
temporal order of the actions pursued correspond to the
logical order of problem solving actions. (e.g. when
proving a geometry theorem, in some instances it may
be better to not do it from beginning to end, since the
logical order may be to work both from the given and
the conclusion to be proven.)

Presenting problem solving in its natural order pre-
serves the underlying structure of the reasoning needed
to solve the problem. When steps follow from recent
steps, and from steps taken in the current direction of
problem solving, the example is more coherent than oth-
erwise. Such an ordering of steps makes the observed
problem solving easier to explain. This implication fol-
lows from the process of explaining observed examples
specified in the model. CELIA first tries to see if an ac-
tion follows from the most recent previous action. If that
isn’t the case, then CELIA considers other possibilities.
Thus some orders of steps in an example will be easier for
CELIA to explain. When steps of possible solutions are
partially ordered, the instructor should present the steps
in the order that is the most coherent and the easiest to
explain.

Variety of Early Examples. CELIA also has im-
plications for the order of examples that should be pre-
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sented to the student. The instructor may not always
have a lot of control over this. However, when he does,
the model suggests some advice. Early experience with a
variety of different problems provides a good foundation
for future learning. These provide a base of examples
that can be remembered to make predictions, explain
new examples, and to help distinguish what features are
particularly salient indicators of the appropriateness of a
case. The student will make errors during this early time
but will have previous cases that would have suggested
the correct action available that can aid learning.

This is a direct contrast from the prediction made by
VanLehn'’s SIERRA (1987). In SIERRA, the student
tries to generate a correct general procedure for solving
a problem. This requires that each example differ from
the procedures followed for previous examples by just a
single difference (a single disjunct in the procedure). In
CELIA, the learner is accumulating examples or cases
for future use rather than inducing a general procedure.
Thus, he wants a set of examples that cover a wider
space, giving a starting point for more different future
problems.

Interaction with Student. In teaching through ap-
prenticeship, the teacher can do more than just present
example solutions. The teacher should do other things
to aid the student as well. The teacher should gives hints
to help the student see the relationships between steps
in the examples. Also, when an opportunity arises that
could help the student learn something that would have
avoided an earlier failure, the teacher should point out
the opportunity. In addition, the teacher needs to be
able to answer questions when the student makes an in-
correct prediction or is unable to draw the connections
between problem solving steps.

The model suggests that these are important learn-
ing methods. They particularly help CELIA acquire de-
vice knowledge, which in turn helps future prediction,
drawing connections, learning distinguished indices and
censors, even carrying out plausible inference to learn
additional device knowledge. These are relatively easy
learning methods, so they should be taken advantage of
whenever possible.

Present Some Background Knowledge First.
Lastly, the model has something to say about back-
ground knowledge needed. Though we suggest that ex-
posure to examples allows a student to start becom-
ing proficient without a complete knowledge of the rel-
evant device(s), CELIA depends on the learner having
some knowledge of the device. A student without any
knowledge will be hopeless in trying to draw the connec-
tions between the instructor’s goals and will be unable
to ask focussed questions. Thus, the student needs to
have some background knowledge. This contrasts with
purely empirical models of learning. The instructor does
not need to ensure that the student understands the do-
main completely before presenting examples. However,
the most common basic concepts should be understood.
Thus, the model suggests presenting the student with
background information prior to working through exam-
ples. This can come from assigned reading or knowledge



presented by a tutorial. If a domain is simple enough, the
background knowledge may be common sense knowledge
that the student already has.

Summary

CELIA is a computational model which shows how a
novice can quickly become fairly competent by observ-
ing and understanding examples. In the model, the
learner predicts the expert’s actions, observes them, and
then explains the actions and how they relate to each
other. The explanation includes inferring what type of
goal the instructor is pursuing, organizing his actions to
determine which aspect of the goal they serve, drawing
connections between the instructor’s goals, and keeping
track of the effects of the actions on the problem solving
context.

This model suggests several implications for teaching
novice students. The student should be encouraged to
make predictions of the instructor’s actions. The ex-
amples should be presented in a slow-paced, interactive,
step-by-step manner. The student should be encouraged
to try to explain how the example’s steps follow from
each other. Steps of examples should be presented such
that the order of steps as closely as possible matches
the logical order. When possible, present an initial set
of examples such that they cover a wide range of the
problem-solving to be learned. The instructor should
be available for unplanned interaction with the student.
The student should receive some background instruction
prior to presentation of examples. These implications
should be considered hypotheses that can be tested with
further research.
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