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Abstract
Cognitive skills acquisition is acquiring the ability to solve problems in intellectual
tasks, where success is determined more by the subjects' knowledge than their physical
prowess. This chapter reviews reseach conducted in the last ten years on cognitive skill
acquisition. It covers the initial stages of acquiring a single principle or rule, the initial
stages of acquiring a collection of interacting pieces of knowledge, and the nal stages
of acquiring a skill, wherein practice causes increases speed and accuracy.
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1 Introduction
Cognitive skills acquisition is acquiring the ability to solve problems in intellectual tasks,
where success is determined more by the subjects' knowledge than their physical prowess.
Frequently studied tasks include solving algebraic equations and word problems, college
physics problem solving, computer programming, medical diagnosis and electronic troubleshooting. Researchers in cognitive skill acquisition study how people learn to accomplish
such complex, knowledge-intensive tasks and how they become experts in their elds.

1.1 A brief history
Cognitive skill acquisition has its historical roots in the study of problem solving. Research
on problem solving began early in this century by studying what makes problems dicult
to solve (Duncan, 1959). In the 1960s, researchers turned to studying the process of solving
a problem. Subjects solved multistep puzzles while explaining their reasoning aloud. Transcriptions of their commentaries, called verbal protocols, provided the empirical foundations
for developing computational models of problem solving. Newell and Simon (1972) introduced most of the important theoretical concepts, including problem spaces, search trees
and production systems.
Because problem solving research emphasized the process of moving from one intermediate state to another until one nally arrived at a solution, researchers preferred to use tasks
where most intermediate states were physical states. In the Tower of Hanoi, for instance,
the subjects try to move a pyramidal stack of disks from one peg to another by moving one
disk at a time subject to certain restrictions. Solving the puzzle requires many physical
movements of disks and thus exposes the subjects' intermediate states. Problems that are
solved with a single physical action were seldom studied by problem solving researchers.
During the 1960s, two related elds developed. Decision making studied people making a choice under uncertainty, and reasoning studied people drawing a conclusion from
a combination of mental inferences. In a sense, these are also forms of problem solving.
However, perhaps because most of their intermediate states are mental and not physical,
their methodological and theoretical concerns have remained distinct from those of problem
solving.
3

In the 1970's, problem solving researchers became interested in how subjects solved problems that required much more knowledge than the simple puzzle problems that were used in
the 1960's. They studied problems in chess, physics, mathematics, computer programming,
medical diagnosis and many other elds. Whereas one could tell a subject everything they
needed to know to solve a puzzle in a few minutes, solution of even an easy problem in a
knowledge-rich task domain required many of hours of preparatory training.
The exploration of knowledge-rich problem solving began by contrasting the performance
of experts and novices. For instance, one robust nding is that experts can sort problems
into categories according to features of their solutions, while novices can only sort problems
using features of the problem statement itself. As discussed by Ericsson & Lehmann (this
volume), this and many other the ndings can be explained by assuming that whenever
mental planning of solutions is possible (e.g., because all the information required to solve
problems is present in the initial state), then experts typically develop the ability to plan
solutions in memory. This often requires the ability to envision sequences of intermediate
states, so experts develop impressive mneumonic powers, but only for intermediate states
that they typically encounter.
In the 1980's, many researchers turned to studying how people acquired expertise. Attention initially focused on the role of practice in the development of expertise. Phenomena
that were often found with motor skills, such as the power-law of practice and the identical
elements model of transfer, were found with cognitive skills as well. Most of the recent
work has focussed on the role of instruction during the early stages of skill acquisition, and
in particular, on the role of examples. In this literature, an example is a problem whose
solution is given to the student, along with the solution's derivation. Examples appear to
play a central role in the early phases of cognitive skill acquisition.
Because reviews of the early days of problem solving and cognitive skill acquisition
are available (VanLehn, 1989 Kahney, 1993), as well as reviews of expertise (Ericsson
& Lehmann, this volume) and instructional considerations (Glaser & Bassock, 1989 Voss,
Wiley & Carretero, 1995) , this review will focus exclusively on recent work in cognitive skill
acquisition. Because there is much material to cover and simply listing the major ndings
would make it impossible to assimilate them all, a loose framework has been provided.
4

1.2 A framework for reviewing cognitive skill acquisition
Fitts (1964) distinguished three phases of motor skill acquisition. His early, intermediate
and late phases also aptly describe the course of cognitive skill acquisition.
During the early phase, the subject is trying to understand the domain knowledge
without yet trying to apply it. This phase is dominated by reading, discussion and other
general-purpose information acquisition activities that lie outside the scope of this review.
Most investigations of cognitive skill acquisition do not collect observations during the early
phase.
The intermediate phase begins when students turn their attention to solving problems.
Before they begin solving problems themselves, they often study a few problems that have
already been solved (called examples henceforth). Examples may be printed in a textbook
or be presented \live" by a teacher. As they solve problems, students may refer back to the
textbook or ask a teacher for help, but their primary focus is on solving problems. This
dierentiates the intermediate phase from the early phase, where the primary focus is on
studying expository instructional material.
When subjects start the intermediate phase, they have some relevant knowledge for
solving problems but certainly not all of it. They also may have acquired some misunderstandings. Thus, the rst order of business is to correct these aws in the domain
knowledge. (For lack of a better word, aw will be used subsequently to stand both for
missing knowledge and incorrect knowledge.) The second order of business is to acquire
heuristic, experiential knowledge that expedites problem solving.
Eventually, students remove all the aws in their knowledge and can solve problems
without conceptual errors, although they may still make unintended errors, or \slips" (Norman, 1982). This capability signals the end of the intermediate phase and the beginning of
the late phase. During the late phase, students continue to improve in speed and accuracy
as they practice even though their understanding of the domain and their basic approach
to solving problems does not change. Practice eects and transfer are the main research
issues here.
This 3-phase chronology is an idealization. The boundaries between phases are not as
5

sharp as the description above would lead one to believe. Moreover, instruction on a cognitive skill is divided into courses, topics, chapters and sections. Students are introduced
to a component of the skill, given substantial practice with it, then moved on to the next
component. Thus, at any given time, students may be in the late phase with respect to some
components of their skill, but in other phases with respect to other components. Nonetheless, it is useful to make the 3-phase distinction, because dierent empirical phenomena
characterize each phase.
This review covers the intermediate and nal phases. However, much more work has
been done on the intermediate phase than the nal phase, so the review of intermediate
phase research is split into two parts. The rst part covers studies where students learned
only a single principle. These studies focussed on the basic processes of assimilating a new
principle, retrieving it from memory during problem solving, and applying it. The second
part covers studies where students learn many principles. Following this two-part discussion
of the intermediate phase is a section on the late phase.

2 The intermediate phase: Learning a single principle
Before beginning the discussion of learning a single principle, some general remarks about
the intermediate phase are necessary.
Perhaps the most ubiquitous nding of the intermediate phase is the importance of examples. Studies of students in a variety of instructional situations have found that students
prefer learning from examples than learning from other forms of instruction (e.g., Lefevre &
Dixon, 1986 Pirolli & Anderson, 1985 Chi et al, 1989). Students learn more from studying
examples than from solving the same problems themselves (Cooper & Sweller, 1987 Carroll,
1994). A 3-year program in algebra was completed in 2 years by students who only studied
examples and solved problems without lectures or other direct instruction (Zhu & Simon,
1987). Because of the importance of examples, most research on the intermediate phase
has used instructional material where examples are prominent. Sometimes, the instruction
consists only of examples, and students must infer the general principles themselves.
Most research has studied students solving problems alone. There is some research
on learning from a tutor, which is covered at the end of the intermediate phase section.
6

Learning by solving problems in small groups has not yet been studied much by cognitive
skill acquisition researchers.

2.1 Learning a single principle: Introduction
As mentioned earlier, much work on the intermediate phase has concentrated on learning
material that is about the size of a single principle, where a principle is the sort of thing that
a textbook states in a colored box and discusses for several pages. Often the instruction
includes an example illustrating the application of the principle. Table 1 shows an example,
taken from Catrambone (1994), illustrating an elementary probability principle that is often
used in cognitive skill acquisition research. Knowledge of the principle includes not only
the permutation formula, but also the meaning of the variables n and r and the kinds of
problems this formula applies to. The convergence-of-forces idea used to solve Duncker's
famous X-ray problem is another commonly used principle. One can generally teach a
subject a rudimentary version of a principle in an hour or less, in contrast to teaching a
rudimentary version of a whole cognitive skill, which might take days or months.
All the experiments to be discussed have a similar format. Subjects are trained, typically
by studying a booklet. The training material almost always includes examples, and may
consist only of examples. After the training (and sometimes after a distractor task), the
subjects are given problems to solve. The problems can be easily solved using the principle
but are dicult to solve without it.
When the training consists only of examples, then solving the test problems is sometimes
called analogical problem solving because it involves nding an analogy (correspondence)
between the example and the problem.
Although learning a principle consists of early, intermediate and late phases, these experiments focus exclusively on the intermediate phase. Students are not given enough
practice to enter the late phase. The early phase in these experiments consists of studying
the booklet or other instructional material, and observations are rarely collected during this
phase.
The intermediate phase consists of trying to solve problems by applying the new principle, example or both. Applying a principle or example consists of retrieving it, placing
7

Table 1: An example solved with the permutation principle
Problem: The supply department at IBM has to make sure that scientists get computers.
Today, they have 11 IBM computers and 8 IBM scientists requesting computers. The
scientists randomly choose their computer, but do so in alphabetical order. What is the
probability that the rst 3 scientists alphabetically will get the lowest, second lowest, and
third lowest serial numbers, respectively, on their computers?
Solution: The equation needed for this problem is
1

n (n ; 1) : : : (n ; r + 1) :
This equation allows one to determine the probability of the above outcome occurring. In
this problem, n = 11 and r = 3. The 11 represents the number of computers that are
available to be chosen while the 3 represents the number of choices that are being focused
on in this problem. The equation divides the number of ways the desired outcome could
occur by the number of possible outcomes. So, inserting 11 and 3 into the equation, we nd
that the overall probability is
1
1
=
11 10 9 990
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its parts into correspondence with parts of the problem (e.g., in the case of the permutation principle, deciding what n and r are), and drawing inferences about the problem
and its solution on the basis of the problem's correspondence with the principle or example. After applying the principle or example, subjects may generalize it. Each of these
processes|retrieval, mapping, application and generalization|will be discussed in turn.

2.2 Retrieval
There appear to be two kinds of retrieval: spontaneous and deliberate. Deliberate retrieval
often occurs after subjects are given a hint (e.g., \The examples you studied earlier will
help you solve this problem."), or when the experiment simulates an instructional situation
where students expect earlier material to be relevant to solving problems (Brown & Kane,
1988). Spontaneous retrieval, or reminding as it is more commonly known, occurs when the
experimenter hides the relationship between the training and testing phases of the experiment (typically by telling students that they are two dierent experiments), and yet subjects
nonetheless notice that the training is relevant to solving the problem. This experimental
paradigm explores why education so often creates \inert" knowledge, which students can
recall when given explicit cues but fail to apply outside the classroom (Bransford et al,
1989).
A strong but obvious eect is that deliberate retrieval is vastly more successful than
reminding. Many more subjects can retrieve a principle or example after a hint than before
a hint (e.g., Gick & Holyoak, 1980).
When reminding does occur, it often is triggered by surface similarities between the
problem and a training example (e.g., Catrambone & Holyoak, 1989 Holyoak & Koh,
1987 Ross, 1984, 1987, 1989). For instance, subjects are likely to be reminded of the
IBM example (Table 1) more by a problem that mentions Microsoft programmers designing
computer software than by the car mechanics problem of Table 2 even though the car
mechanics problem has same mathematical structure as the IBM example. Subjects can be
reminded by structural similarities, but only when the training emphasizes the underlying
structure of the examples, and the test problems are reworded to emphasize their deep
structure (Catrambone & Holyoak, 1989).
9

Table 2: A problem with the same deep structure as the IBM problem
Southside High School has a vocation car mechanics class in which students repair cars.
One day there are 15 students and 18 cars requiring repairs. The cars are assigned to
students in order of the severity of their damages (the car in the worst shape goes rst),
but the student to work on the car is randomly chosen. What is the probability that the 6
cars in the worst shape are worked on by the 6 students with the highest grades, in order
of their grades (i.e., the student with the highest grade working on the worst car, etc.)?
Although supercial reminding seems to be the population norm, it is less common
among students with high mathematics SAT scores (Novick & Holyoak, 1991 Novick, 1988).
Moreover, deliberate retrieval, particularly in instructional situations, is often guided by
structural similarity (Faries & Reiser, 1988).

2.3 Mapping
The mapping process puts parts of the principle or example into correspondence with parts
of the problem. For instance, in order to use the example of Table 1 as a model for solving
a new problem, subjects must nd values for n and r, which in turn requires nding objects
corresponding to the IBM scientists and computers.
Subjects are easily misled by surface similarities into using the wrong correspondence
(mapping). For instance, Ross (1989) found that most subjects solved the problem of
Table 2 by pairing mechanics with IBM scientists and cars with computers. This matches
the supercial characteristics of the objects, but it produces an incorrect solution to the
problem.

2.4 Application
In some cases, subjects have almost nished solving the problem after they have put the
principle or example into correspondence with the problem. For instance, once subjects
have mapped the car mechanics problem to the IBM example, the only remaining tasks
are substituting 15 for n and 6 for r in the permutation formula and doing the arithmetic.
10

However, applying the principle or example can be much more involved (Novick & Holyoak,
1991). For instance, when an example is complex, subjects usually refer back to it many
times when solving a problem (e.g., Pirolli & Anderson, 1985 Reed, Willis & Guarino,
1994 VanLehn, 1995a). They appear to use a variety of strategies for deciding whether to
refer to the example and to attempt the next step without help (VanLehn, 1995a).

2.5 Generalization
Problems and examples contain information that is not causally or logically related to
their solution. In the IBM example, the nature of the particular objects being chosen (IBM
computers) is irrelevant. Such information comprises the surface features mentioned earlier.
As discussed above, surface features can play a strong role in retrieval and mapping. Their
role in application has not yet been established, but is likely to be strong as well.
Generalization is the process of modifying one's understanding of an example or principle
in such a way that surface information does not play a role in retrieval, mapping and
application. Generalization allows one to apply the principle or example to more problems.
A variety of instructional methods for encouraging generalization have been tried. Gick,
Holyoak and others have found that simply augmenting the example with an explanation
of the principle behind it provided little generalization. Using two examples was also ineective. What does work is using two examples and some sort of \highlighting device"
that encourages subjects to compare the examples and nd their common structure (Gick
& Holyoak, 1983 Catrambone & Holyoak, 1989 Ross & Kennedy, 1990 Cummins, 1992).
Generalization causes subjects to be reminded of examples by structural features instead of
just surface features, and to be fooled less during mapping by surface features.
These results strongly suggest that generalization is not an automatic process, as assumed by earlier theories of cognitive skill acquisition (e.g., Anderson, 1983). Although
protocol-taking experiments would be necessary to conrm this suggestion, it is likely that
subjects must actively decide which propositions in an example are structural and which
are supercial. Alternatively, subjects can probably be told which aspects of an example
are general (cf. Ahn, Brewer & Mooney, 1992).
As one would predict from basic properties of memory, deciding that some propositions
11

in an example are supercial does not erase them from memory, nor does building a generalization from comparison of two examples erase the examples from memory (Bernardo,
1994 Novick & Holyoak, 1991).

2.6 Summary
This concludes the discussion of the learning of individual principles. Overall, supercial
reasoning is the norm, but subjects can be induced to use deeper reasoning under certain
circumstances. Left to their own devices, subjects typically just encode examples and
principles in memory, where they languish until retrieved deliberately or via spontaneous,
supercial association. Once retrieved, an example or principle is applied by just \plugging
in" supercially similar objects and \copying" the resulting solutions. Subjects can use more
structural features in spontaneous retrieval and mapping, but they must rst be induced to
generalize the examples, which seems to require using multiple examples and directing the
subjects to nd their commonalities.
On the other hand, when subjects suspect or are told that examples they have seen
might help them solve their problem, their retrieval is often based on structural features.
That is, they search memory or the textbook for examples whose solution might help them.

3 The intermediate phase: Learning multiple principles
Mastering a cognitive skill often requires learning more than one principle, as well as many
other pieces of knowledge that one would hesitate to call \principles." For instance, a physics
student must learn facts, such as the units for measuring force (Newtons) and mass (grams).
There are even borderline cases: Is the knowledge that mass is not the same thing as weight
a principle? Learning a cognitive skill also requires learning heuristics or experiences that
will help one select the right combination of principles for solving a problem.
Much of what has been observed in the study of single-principle learning probably
applies to the learning of all these types of knowledge. The processes of retrieval (both
spontaneous and deliberate), mapping, application and generalization probably characterize
the acquisition of minor principles (e.g., \mass and weight are dierent"), heuristics and
other generalizations. Factual knowledge may be too simple for mapping and generalization
12

Table 3: Examples and problems of solving equations for a
ab + f = g =) ab = g ; f =) a = (g ; f )=b
b(a + f ) = g =) a + f = g=b =) a = (g=b) ; f
m(ac + b) = k
f (a + b) + w = g
to apply.
However, as the quantity and complexity of the material to be learned increases, one
can expect to see eects that cannot be observed when studying the acquisition of a single
principles. This section focuses on reviewing such phenomena.

3.1 Transfer
When an example uses multiple principles in its solution, then it is possible to study an
interesting type of transfer. First students are trained with examples and problems that
use two or more principles in a certain combination, then they are tested on problems
that require using the principles in a dierent combination. For instance, consider the two
algebra examples shown on the top two line of Table 3. Their solutions require using two
principles: removing a term by subtracting it from both sides of an equation, and removing
a coecient by dividing both sides of the equation by it. These same principles can be used
to solve the problems shown on the last two lines of Table 3, but they must be used in a
dierent combination than they were used in the examples. If a student trained on the two
examples can solve the two problems, then a certain rather constrained type of transfer has
been obtained.
However, such transfer is rarely obtained. Cooper and Sweller (1987) found that many
eight-grade students trained with multiple versions of the two examples in Table 3 could not
solve the problems shown on the last two lines of the table. On the other hand, the students
had no diculty solving problems, such as ac + g = h, that could be solved by \copying"
the solution of the training examples. Similar lack of transfer has been found many times
(Reed, Dempster & Ettinger, 1982 Sweller & Cooper, 1985 Catrambone, 1994).
13

Note that this kind of transfer is dierent from the generalization discussed in the
preceding section, where copying the examples' solution was all that was expected of the
subjects. Generalizing the examples shown in the top two lines of Table 3 will solve problems
such as ac + g = h but not the ones shown in the bottom of Table 3.
Catrambone (1994a, 1994b) showed that modifying the examples' solutions in order to
highlight the application of each principle signicantly increased transfer. Training that
required students to draw contrasts among pairs of examples in order to see individual
principle applications was less successful (Catrambone & Holyoak, 1990, 1987).
Even when principle applications are not highlighted, principle-based transfer can occur,
but it requires a large number of examples and above-average students (Cooper & Sweller,
1987). This suggests that some students study examples dierently than others, and that
is the topic of the next section.

3.2 Strategy di erences in learning from examples
Examples are commonly used in two ways. Students study examples before solving problems, or they refer back to examples when they are in the midst of solving a problem. For
each of these two activities, it appears that learning is strongly aected by the students'
strategies for studying examples and for referring back to examples. Let us rst consider
the activity of studying examples before solving problems.
Chi et al (1989) found that students who explained examples thoroughly to themselves
learned much more than students who merely read the example through. Chi et al had 9
college students rst study four introductory chapters from a college physics textbook until
they could pass exams on each chapter. This insured that all students had the necessary
pre-requisite knowledge for understanding the target chapter. The target chapter taught
students about forces and Newtons' laws. The students read the target chapter, studied 3
examples, and solved 19 problems. Protocols were taken during the example studying and
problem solving phase. Students were classied via a median split on their problem solving
scores into Good learners and Poor learners. When protocols of the example studying phase
were analyzed, it was found that the Good learners uttered more self-explanations than Poor
learners, where a self-explanation is any inference about the example that goes beyond the
14

information presented in the example. For instance, given the line Fax = ;Fa cos(30 ),
a Good student might say, \So Fax must be the leg of the right triangle, and Fa is the
hypotenuse : : : yep. What's that minus sign doing there?" Poor students often just read
the line or paraphrased it, then went on to the next line.
Chi and Vanlehn (1991) analyzed the content of the students' self-explanations. The
results suggested that there were two general sources for self-explanations. One was deduction from knowledge acquired earlier while reading the text part of the chapter, usually by
simply applying a general principle to information in the current example statement. The
second source was generalization and extension of the example statement. These inferences
helped to ll gaps in the students' knowledge, most often by providing necessary technical
details that were not discussed in the text.
VanLehn, Jones and Chi (1992) constructed a computer model of the example studying
and problem solving process. In order to solve the problems correctly, the model required
approximately 60 rules. The rules represented major principles, minor principles, facts
and technical details (e.g., how to determine whether the sign of a vector's component is
positive or negative). Less than half of the rules were mentioned in the textbook.1 The
other rules were learned by the model as it studied the examples, but only if it self-explained
them. The model accounted for the aggregate results from the Chi et al (1989) study as
well as the performance of individual subjects (Vanlehn & Jones, 1993). Error patterns
and other analyses are also consistent with the hypothesis that most of the benet from
self-explanation comes from lling in gaps in the subjects' knowledge (VanLehn & Jones,
1995).
The self-explanation eect is quite general. Self-explaining examples in a variety of task
domains improves learning (Pirolli & Bielaczyc, 1989 Pirolli & Recker, 1994 FergussonHessler & de Jong, 1990 Lovett, 1992 Brown & Kane, 1988 Pressley et al, 1992). Selfexplaining expository text (Chi et al, 1994) and hyper-text (Recker & Pirolli, 1995) instead
of examples also enhances learning. Most importantly, students can be trained to selfexplain, and this improves their learning dramatically (Chi et al, 1994 Bielaczyc, Pirolli
1
Other investigators who have formalized textbook knowledge have also found that the textbook leaves
out many crucial details (e.g., Psotka, Massey & Mutter, 1988, section 1).
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& Brown, in press Bielaczyc & Recker, 1991). However, self-explanation only aects the
initial acquisition of knowledge and not subsequent improvement with practice (Pirolli &
Recker, 1994).
Several of these studies also found a self-monitoring eect (Chi et al, 1989 Pirolli &
Recker, 1994). Both Good and Poor students tended to spontaneously utter assessments
of their understanding. However, Poor students tended to utter uniformly positive selfassessments (e.g., \Yep. That makes sense.") even though their subsequent performance
indicates that they really did not understand the material. On the other hand, Good students tended to monitor their understanding more accurately, and frequently noted failures
to understand (e.g., \Wait. I don't see how they got that."). Accuracy in self-monitoring
appears to be correlated with learning.
So far, we have been discussing dierent strategies for studying examples before solving
problems. However, students also refer to examples as they solve problems, and here we
also nd correlations between learning and strategies. Both Good and Poor learners refer
to examples during problem solving (Chi et al, 1989), although more so with the rst few
problems solved than with later problems (Pirolli, 1991 Reed, Willis & Guarino, 1994).
What matters is the way students refer to examples. Protocol analyses (Chi et al, 1989
VanLehn, 1995a,1995b) and latency analyses (Pirolli & Recker, 1994) suggest that Poor
learners maximize their use of problem-solving by analogy: they refer to an example as
soon as they notice that it is relevant and copy as much of its solution as possible. On the
other hand, Good learners minimize their use of analogies to examples: they refer to the
example only when they get stuck solving a problem and need some help. That is, Good
solvers prefer to solve problems by themselves, whereas Poor solvers prefer to adapt an
example's solution.
After solving a problem, subjects often reect on the solution. Pirolli & Recker (1994)
found that good and poor learners both reect on half the problems they solve, but what
they say is dierent. Poor learners usually just paraphrased the solution. Good learners
tried to abstract general solution methods, often by comparing this problem's solution to
the solutions of earlier problems.
In all these studies, the criteria for learning included performance on problems that
16

could not be solved by merely copying the example solutions. Thus, learning requires the
kind of transfer discussed earlier (section 3.1). Strategy eects may not show up on singleprinciple experiments (covered in section 2) because learning (generalization) is assessed on
problems that can be solved by copying solutions.
In short, learners seem to use dierent studying strategies that trade o eort and
liklihood of learning. Some students exert considerable time and energy in self-explaining
examples and/or by trying to solve problems without copying the examples these students
often learn more. Other students exert less eort by merely reading the examples through
and/or by copying example solutions they learn less. As the saying goes: no pain, no gain.

3.3 Learning events
Knowledge of a complex skill is composed of many pieces of knowledge. Some represent
principles, some represent examples or generalizations thereof, and others represent technical details, heuristics and other information that could be relevant in solving a problem.
The studies reviewed earlier suggest that learning a single principle requires attention, both
during the early phase (studying a booklet, typically) and during the intermediate phase
as the principle is retrieved, mapped, applied and generalized. Moreover, it appears that
generalization of an example requires attention|it is not an automatic process nor a mere
by-product of applying the example to solve a problem. This in turn suggests that during
the intermediate phase of complex skill acquisition, new pieces of domain knowledge are
acquired one at a time, by taking time o from problem solving or example studying to
attend to the discovery of new pieces of knowledge and perhaps to generalization as well.
This hypothesis is consistent with several studies of transfer. For instance, Bovair,
Kieras and Polson (1990) taught subjects sequences of simple text-editing commands. Each
command had several steps, such as pressing a function key (copy, delete, move, etc.),
checking a prompt, selecting some text, and pressing the enter key. They represented each
command's procedure with a set of rules. Across commands, some rules were identical,
some were analogous, and some appeared in only one command. They trained subjects
on all commands, varying the order in which the commands were taught. For each order,
they calculated the number of new rules to be learned for each command, the number of
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rules that were identical to rules learned earlier, and the number of rules that were only
analogous to rules learned earlier. They found that the training time was a linear function
of the number of new rules and the total number rules. There was a 23 second cost for each
rule, because the subject had to execute every rule of the command, regardless of whether
that rule had already been learned or not. However, each new rule to be learned required
a substantial additional amount of time, about 30 seconds. This suggests that learning a
new rule requires taking time o from executing the familiar parts of a procedure. There
was no cost in training time for learning rules that were analogous to rules learned earlier,
which suggests generalization of these rules was quite easy. Singley and Anderson (1989)
also found, using text editing, programming and mathematical task domains, that training
time was a function of the number of new rules to be learned.
If learning a new principle or other piece of knowledge does take time away from executing familiar knowledge, then perhaps one will see learning events during problem solving,
wherein a subjects briey switches attention from solving the problem to reasoning about
the domain knowledge itself. Learning events should also be found during other instructional activities, such as self-explanation. As it turns out, learning events can be observed
via detailed protocol analysis.
Learning events were rst observed in discovery learning situations, wherein students
were given very little instruction and had to discover the principles of a domain during the
course of solving problems in it. Karmilo-Smith and Inhelder (1975) observed discrete
changes in children's procedures for balancing blocks on a beam, and explained them as
miniature discoveries|learning events. Kuhn and Phelps (1982) also noted discrete changes
in college students' experiment design strategies, and assumed that they were due to learning
events. Siegler and Jenkins (1989) observed children shift their strategies for adding by
counting on their ngers, and coined the term \learning event" for the brief episodes where
the changes occurred. VanLehn (1991) showed that all the changes in strategy of a subject
solving the Tower of Hanoi puzzle seemed to appear during learning events.
Discovery learning is rarely used to teach a cognitive skill. Instead, students typically
access examples, textbooks and sometimes teachers or peers. However, the instructional
material is almost always incomplete. As mentioned earlier, roughly half the pieces of
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knowledge required to solve problems were not mentioned in the college textbook used in
the Chi et al (1989) study. When faced with incomplete instructional material, students
need to discover the missing information for themselves. VanLehn (1995c) analyzed the Chi
et al (1989) protocols and found learning events in most of the places where information
that was missing from the instruction was required for solving problems and explaining
examples.
In all these studies, learning events were characterized by long pauses or verbal signs of
confusion. (All the studies were based on verbal protocols.) Subjects rarely announced their
discoveries in a clear fashion. Even when probed, their explanations were seldom coherent
(Siegler & Jenkins, 1989). Nonetheless, their problem solving behaviors changed.
As an illustration of a learning event, consider a physics student quoted in VanLehn
(1995c). The student did not know that weight is a kind of force, so he could not gure
out how to nd the weight of an object even though he had calculated that the force of
gravity on the object was 160 pounds. After pausing and complaining a bit, he recalled the
textbook equation F = (W=g )a and performed the totally unjustied substitution of g for
a, thus deriving the equation F = W , which he interpreted as meaning that the object's
weight is equal to the force of gravity on it. Amazingly, he had discovered the missing
correct principle via a specious derivation. He said, \Right? Is that right? Okay. Um,
so I'm going to get 160 pounds. That's the force. Yeah. It kind of makes sense 'cause
they, they weigh you in pounds, don't they? That's force." The learning event consisted of
reaching an impasse, using purely syntactic algebraic symbol manipulation to hypothesize
a new principle (that weight is the force of gravity on an object), then supporting the
principle with the fact that pounds is a unit of force, and that Americans express weight in
pounds. However, this is not the end of the story. On the next occasion where the subject
could use the principle, he failed to do so. This resulted in a units error, which he detected
while checking his answer. That reminded him of his new principle (he said, \Oh, wait a
minute! Oh, hold the bus. Hold the bus!"), but after a brief pause, he decided the principle
didn't apply. However, after he had failed to nd another explanation for the units error, he
changed his mind and decided the principle did apply. In short, learning a principle in the
context of problem solving is much like learning in one of the single-principle experiments
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reviewed earlier. One may not be reminded of it immediately, but when one deliberately
searches memory, the new principle can be retrieved. Yet retrieval of a new principle is not
enough. One often has to deliberate about its generality before applying it. Presumably,
this deliberation causes generalization.
Learning events can be analyzed in terms of three characteristics:


What provoked the student to switch attention from the main task to learning? In
the illustration, reaching an impasse provoked the physics student to try to derive a
new principle. In some situations, most learning events were triggered by impasses
(VanLehn, 1991 VanLehn, 1995c). However, when the student already has a correct,
operational solution procedure, improvements to the procedure are triggered by some
kind of \noticing" process (Siegler & Jenkins, 1989 VanLehn, 1991), which can be
modeled (Jones & VanLehn, 1994) but is still not well understood. After solving
a problem, some students deliberately reect on its solution in order to uncover its
overall plan or basic idea (VanLehn, 1989 Recker & Pirolli, 1994).



What kind of reasoning went on during the learning event? In the illustration, the student used both algebraic symbol manipulation and common sense reasoning to derive
his new principle. Such \educated guesses" seem often to be based on causal attribution heuristics (Lewis, 1988) or overgeneralizations (VanLehn, 1995c). However,
students often use less constrained forms of induction (VanLehn, 1995c), in which
case one can observe the prototypicality eects usually found in concept formation
experiments (Lewis & Anderson, 1985).



How easily retrieved is the new principle, and how general is it? Advocates of discovery learning often hope that because students discover principles by themselves, the
principles will be easily retrieved and adequately general. As illustrated above, this
does not seem to be the case. Principles acquired during learning events are often
dicult to retrieve and seem to require deliberate attention before they are general
enough (Siegler & Jenkins, 1989 Kuhn & Phelps, 1982 VanLehn, 1989, 1995c).

Progress on understanding learning events has been slow because it is dicult to distinguish them from ordinary problem solving even in the protocols of the most talkative
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subjects. It has been necessary to have a strong theory of the kind of knowledge that can
be learned and a long enough period of observation that one can see slow changes in the
usage of individual pieces of knowledge. Nonetheless, the observations to date support the
general hypothesis that learning a cognitive skill consists of learning a large number of small
pieces of knowledge (including principles, technical details, heuristics, etc.), and that for
each one, learning consists of a series of learning events that construct and generalize it.

3.4 Learning from a computer tutor
The discussion of the intermediate stage up to this point has assumed that the learner has
no one to talk to and only written materials to refer to. While this constraint simplies
the observation of learning, it makes the instructional situation somewhat atypical of realworld situations where learners can obtain help by raising their hands, picking up the
phone or walking down the hall to a colleague's oce. As a rst step toward understanding
cognitive skill acquisition \in the wild," researchers have studied students learning from a
very taciturn tutor, namely, a computer.
Although current technology does not allow a computer to converse with students the
way human tutors do, computer tutors do have three advantages over instruction based on
written materials:


When working with written materials, students are usually assigned to solve a x set
of problems for each chapter. A computer tutor can select a problem for the student
to solve based on the student's performance on preceding problems. Thus, dierent
students will get dierent problems to solve.



The computer tutor can point out errors to the student soon after they are committed.
Errors are overt, incorrect actions taken by the student. Although tutors can sometimes infer the aw in the student's knowledge that caused the error, many tutors
leave it to the student to nd and remedy the sources of their errors.



The computer tutor can answer certain questions and requests for help, although the
dialog is highly constrained.

The impact of each of these three features on learning is discussed in turn.
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When the tutor selects problems for the student to solve, a simple policy is to keep
giving the student problems until the student has reached mastery. Mastery can be dened
as answering the most recent N problems with a score higher than M . Some computer tutors
(e.g., Anderson et al, 1995) can monitor the usage of individual principles or steps, so they
implement a policy that keeps assigning problems until each has been mastered. Varying
the thresholds of mastery for individual pieces of knowledge can accurately predict errors
(Corbett, Anderson & O'Brien, 1995). Mastery-based tutoring generally causes higher
scores on post-tests than tutoring based on xed problem sets (e.g., Anderson, Conrad &
Corbett, 1989), which suggests that dierent students learn at dierent rates, which in turn
is consistent with their using dierent studying strategies (section 3.2), dierent kinds of
reasoning during a learning events (section 3.3), and perhaps other factors as well.
Perhaps the most hotly debated issue concerns the control of feedback on errors. The
current technology enables students to use the computer as scratch paper. Instead of simply
entering their answers to problems, as early computer tutors required, students today can
show all their work to the computer. This allows the computer to detect errors soon after
they are committed. Many tutors inform the student as soon as an error is detected and
prevent them from going on until the error is corrected. Although such feedback makes the
tutor easier to build, one wonders what eect it has on learning. Lewis & Anderson (1985)
found that immediate feedback that forced students to correct the error before moving on
was superior to delayed feedback, but the eect was quite small. Anderson et al (1995)
contrasted four feedback policies: (1) no feedback, (2) feedback when the student asked for
it, (3) immediate feedback that notied the student as soon as an error was made but did
not force the student to correct the error, and (4) immediate feedback that forced immediate
correction of the error. In conditions 2 and 3, students were forced to answer the problem
correctly before being allowed to continue to the next problem. In condition 4, the feedback
also insured that they answered the problem correctly. Only the no-feedback condition, 1,
did not force students to correct their mistakes. On post-test measures of learning, students
in the no-feedback condition did worse than those in the 3 feedback conditions, and there
were no signicant dierences among the 3 feedback conditions. Thus, it appears that
neither the timing of feedback nor its control (student vs. machine) make much dierence
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on whether a student eventually acquires the target knowledge. However, if feedback is
completely removed, then students are often unable to correct aws in their knowledge on
their own.
This result is consistent with the studies of learning events, which suggest that constructing or modifying a principle is a deliberate process that is often triggered when students
nd out they have made a mistake. It should not matter when they learn that they have
made a mistake as long as they are able to locate the missing or incorrect knowledge and x
it. However, if they are not forced to correct their errors, then the aws in their knowledge
may remain undiscovered and uncorrected.
Although control of feedback does not seem to aect the basic learning process, there
are other aspects of immediate feedback that warrant consideration by the instructional
designer. Lewis & Anderson (1985) found that their delayed feedback subjects were much
better than the immediate feedback subjects at detecting their own errors. This makes
sense, because the immediate feedback subjects had no opportunity to detect their own
errors during training. Anderson et al (1995) found that feedback that forced students
to correct their errors immediately caused them to complete their training much faster
than feedback that lets students choose when to correct their errors. Apparently, students
sometimes waste time going down garden paths when they are given the freedom to do so.
If instruction was limited to a xed amount of time, this could hurt their learning.
In the feedback studies just discussed, tutors only notied students of their errors.
They did not point out why the students' actions were incorrect nor what should have done
instead. This pedagogy is called minimal feedback. Several studies have contrasted minimal
feedback with feedback designed to be more helpful. Help that is designed to get students
to infer the correct action increases their learning rate substantially, compared to minimal
feedback (Anderson, Conrad & Corbett, 1989 McKendree, 1990 Mark & Greer, 1995).
On the other hand, adding more help that focuses on what the student did wrong does
not appear to oer any advantages (Sleeman et al, 1989). That is, if the feedback is \The
right thing to do here is X," then it does little good to add, \You did Y instead. Y is wrong
because...." This nding is consistent with studies showing that more errors are caused
by missing knowledge rather than incorrect knowledge (VanLehn, 1995c VanLehn, 1990).
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Missing knowledge often causes students to reach an impasse. Rather than seeking help,
they often invent an expedient repair, which allows them to continue but risks getting the
problem wrong (VanLehn, 1990). Moreover, they often repair the same impasse in dierent
ways on dierent occasions (VanLehn, 1990). Thus it comes as no surprise that they do not
need much convincing in order to get them to abandon the particular repair that led them
to receive negative feedback.
Although tutoring does provide a dierent context in which learning can occur, it appears that the same basic learning processes occur within it as occurred in passive, examplestudying instructional situations. However, because learning is based on noticing aws (both
incomplete and incorrect knowledge) and repairing them, tutoring can make learning substantially more ecient by helping students to detect their aws (via feedback), to rectify
the aws (via help) and to improve the generality and accessibility of the new knowledge
(by practicing it until mastery is reached).

4 The nal phase: practice eects
The intermediate phase is ocially over when students can produce error-free performances.
However, this is not the end of their learning. Continued practice causes increases in speed
and accuracy. This section reviews these phenomena.

4.1 The power law of practice and other general e ects
Perhaps the most ubiquitous nding is the famous power law of practice. The time to do a
task goes down in proportion to the number of trials raised to some power. In an inuential
review, Newell & Rosenbloom (1981) found that the power law applies to simple cognitive
skills as well as perceptual-motor skills. Several studies of complex cognitive skills (e.g.,
Anderson, Conrad & Corbett, 1989 Anderson & Fincham, 1995) found that the speed
of applying individual components of knowledge increased according to a power law, thus
indicating that practice benets exactly the pieces of knowledge used and not the skill as
a whole. Accuracy also increases according to a power law, at least on some tasks (Logan,
1988 Anderson & Fincham, 1995).
Several theories of the power law have been advanced. Anderson (1993) claims that the
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speed up is due to two mechanisms: knowledge is converted from a slow format (declarative knowledge) into a fast format (procedural knowledge), and the speed of individual
pieces of procedural knowledge also increases with practice. Newell and Rosenbloom (1981
Newell, 1990) claim that small, general pieces of knowledge are gradually composed together
(chunked) to form large, specic pieces of knowledge, thus allowing the same task to be accomplished by applying fewer pieces of knowledge. Logan (1988) advances an instance-based
theory and reviews several other proposals.
With substantial practice, perceptual-motor skills can be sometimes become automatic.
Automatic processing is fast, eortless, autonomous and unavailable to conscious awareness
(Logan, 1988). One study, using a dual-task paradigm, suggested that dierent parts of a
complex cognitive skill (troubleshooting digital circuits) became automatic after diering
amounts of practice (Carlson et al. 1990). However, the skill as a whole never became
as automatic as driving one's car despite substantial practice (347 problems) with only 3
circuits.
It is likely that other eects known to occur with perceptual-motor skills also occur
with cognitive skills (e.g., massed vs. distributed practice warm up eects randomized vs.
blocked practice). Proctor & Dutta (1995) review research on many types of skill and nd
several general eects.

4.2 Replacing mental calculations by memory retrieval
Some cognitive skills are deterministic calculations in that the answer is completely and
uniquely determined by the inputs. Mental arithmetic calculations are examples of such deterministic calculations. If subjects are given enough practice with a particular input, then
they will eventually just retrieve the output from memory rather than mentally calculate
it. This fairly uncontentious phenomenon has been found with a number of simple mental
tasks (Logan, 1988 Anderson & Fincham, 1994 Healy et al., 1995) as well as deterministic
subprocedures of complex tasks (Carlson et al, 1990). Not only do the subjects report
this change in strategy, but they are much faster in responding to practiced inputs than
unpracticed ones.
The change in strategy from calculation to retrieval could be taken as an explanation for
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power-law increases in speed an accuracy. However, Rickards (reported in Healy et al, 1995)
had subjects report after each trial whether they had calculated the answer or retrieved it.
The calculation trials' latencies t one power curve well, and the retrieval trails' latencies
t a second curve well, but the t of a power-law curve to all trials' latencies was poor.
Logan (1988) also found evidence for two power curves. Thus, it appears that power law
learning mechanisms operate separatedly on both the mental calculation and the retrieval
strategies. This hypothesis is also consistent with a study by Carlson & Lundy (1992),
who found, using relatively complicated mental calculations, that subjects sped up rapidly
when given the same inputs repeatedly, thus promoting use of retrieval. When the inputs
varied, thus blocking the retrieval strategy, they still sped up albeit more slowly. The two
aects were additive. Thus, it appears that changing from a calculation strategy to a direct
retrieval strategy is not in itself a sucient explanation for the power law of practice.

4.3 Transfer of the bene ts of practice
Although \transfer" has many meanings, it is used in this section to mean the savings
in learning on one task (the transfer task) due to earlier training on a dierent task (the
training task). Transfer is expressed as a ratio: the time saved in learning the transfer task
divided by the time spent learning the training task. Thus, if practicing the training task
for 20 hours yields equivalent improvement on the transfer task as 20 hours of practice on
the transfer task, then there is 20=20 or 100% transfer. If practicing the training task for 20
hours only saves 5 hours of practice on the transfer task, then the transfer is 5=20 or 25%.
If prior practice with the training task makes no dierence in how long it takes to learn the
transfer task, then there is no transfer. If practice on the training task increases the time to
learn the transfer task, then there is negative transfer. Singley & Anderson (1989, chapter
1) discuss several ways to measure this type of transfer.
One major, albeit uncontroversial nding is that the degree of transfer can be predicted
by the number of pieces of knowledge shared between the training and transfer tasks (e.g.,
Bovair, Kieras & Polson, 1990 Singley & Anderson, 1989). As mentioned earlier, practice
benets individual pieces of knowledge and not the skill as a whole. When practice on the
training task speeds up certain subskills, they continue to be fast when used in the transfer
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task.
However, there are sometimes limits to the amount of transfer that one can obtain
even when substantial knowledge is shared between tasks. This occurs because practice
can change subjects' strategies for solving problems. Suppose that practice causes subjects
to change from strategy A to B on the training task, and from strategy A to C on the
transfer task. A little training on the training tasks will aect only strategy A, which is
shared with the transfer task. Thus, T hours of practice on the training task will save T
hours of practice on the transfer task. However, this only occurs when T is less than the
amount of practice that will cause subjects to shift from strategy A to B. Let us suppose
this shift occurs with around 25 hours of practice. When T exceeds 25, then subsequent
practice only aects strategy B, which is not shared with the transfer task. Thus, vast
amounts of training only save 25 hours of practice on the transfer task, so the amount of
transfer is 25=T . Thus, when T is less than 25, then transfer is T=T or 100%, but when T
is greater than 25, transfer is only 25=T , which approaches zero as practice on the training
task increases. In short, the more practice on the training task, the less transfer.
One strategy change discussed earlier is that practice can cause subjects to use direct
memory retrieval instead of mental calculations. As Logan (1988) and Carlson et al (1990)
have demonstrated, this is one way that practice can cause a decrease in transfer. Suppose
the training task is to master a mental algorithm with one set of inputs, and the transfer
task is to master the same algorithm with a dierent set of inputs. As long as the subject
continues to use the algorithm during training, the eects of that training should transfer.
However, as the subject starts to use direct memory retrieval instead of executing the
algorithm, increasing the time spent in training will not reduce the time to master the
transfer task beyond a certain point. Thus, practice decreases the amount of transfer.
The practice-driven decrease in transfer can also be caused by weaning the subjects from
the instructional material, which is another kind of strategy change. As discussed earlier,
subjects in the intermediate phase of their training often refer to the instructional materials
(usually the examples) as they solve problems. However, the frequency of these references
declines with practice, and eventually subjects no longer refer to the instructional materials.
Suppose that the training and transfer tasks share some of their instructional materials
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(e.g., the examples). Even a little practice on the training task familiarizes subjects with
the shared instructional materials, and thus saves them time in learning the transfer task.
However, with increasing practice on the training task, subjects gain no further benet on
the transfer task. Thus, more practice causes less transfer. This eect has been found
in a variety of cognitive skills (Singley & Anderson, 1989 Anderson & Fincham, 1995).
Anderson and his colleagues call this phenomena the use speci city of transfer and consider
it prime evidence for the distinction between declarative and procedural knowledge.
Suppose the training task is actually a part of the transfer task, for instance, as mental
addition is a part of mental multiplication. Intuitively, it seems that transfer should be high
regardless of whether the training task is practiced for minutes or days. However, this does
not seem to be the case. For relatively small amounts of practice, the amount of overlap
between tasks accurately predicts the amount of transfer (Bovair, Kieras & Polson, 1990
Singley & Anderson, 1989). However, when the training task is practiced for hundreds of
trials, only a few trials of practice on the transfer task are saved, even though the training
task is arguably a part of the transfer task (Frensch & Geary, 1993). Needless to say, more
research is required on this important point, because whole educational systems are founded
on the premise that training on basic skills facilitates learning practical skills that employ
the basic skills as subprocedures. Frensch & Geary's result suggests that training basic
skills past a certain point is wasteful.
In short, a great deal of practice on one task (the training task) will help subjects
perform that task, but it usually only saves them moderate amounts of time in learning
a second task (the transfer task). In fact, the head start that they get on learning the
second task after a great deal of practice on the rst task is about the same as the head
start they would get if they only practiced the rst task a moderate amount. The degree
of transfer observed, and how it varies with practice on the rst task, depends on exactly
what is shared between the tasks and on when practice causes changes in problem solving
strategies.
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4.4 Negative transfer
Negative transfer occurs when the training task interferes with learning the transfer task
and slows the learning down. For instance, mastering one text editor often seems to interfere
with learning a similar text editor that has dierent commands.
The amount of transfer seems to be inversely proportional to the amount of practice
on the transfer task. Using text editors designed to interfere with each other's learning,
Singley & Anderson (1989) showed that negative transfer occurs mostly during the early
stage of learning the transfer task. If the learner learns the transfer task by receiving
immediate feedback whenever they do something wrong (including habits carried over from
the training task), then they rapidly acquire the correct responses. On the other hand,
uncorrected responses (e.g., ones that are merely inecient and not incorrect) persist and
can cause negative transfer even in the later stages of learning the transfer task.
As discussed in the preceding section, it is often the case that one gets the same time
savings in learning the transfer task regardless of the amount of practice on the training
task beyond a certain minimum. It would be interesting to see if this were true of negative
transfer as well. That is, would moderate amounts of training delay the learning of the
transfer task as much as vast amounts of training? To put it colloquially, is negative
transfer due to bad ideas, bad habits or both?

5 The frontiers of cognitive skill acquisition research
Historically, cognitive skill acquisition research started with simple knowledge-lean puzzle
tasks, moved on to problems (such as the one of Table 1) that can be solved with a single
principle from a knowledge-rich task domain, and most recently has focused on chapter-sized
slices of a knowledge-rich task domain. The next step in this progression is to study the
acquisition of even larger pieces of knowledge, such as a whole semester's worth of physics or
programming. Some early work along these lines has been done where students learned from
a tutoring system (e.g., Anderson et al., 1995), but these studies have examined acquisition
of only the procedural aspects of the skill. The next step would be to examine how concepts,
mental models and factual knowledge evolve together with the more procedural aspects.
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As done in this review, research on cognitive processing during the intermediate phase
of skill acquisition can be conveniently divided into research on the acquisition of a single
principle, and research on the acquisition of collections of principles and other knowledge.
The single-principle research seems to have answered many of the initial questions concerning retrieval, mapping and generalization. The remaining areas of uncertainty lie with
application. It is likely that the students use the same diverse set of methods for applying
principles as they use for drawing analogies to complex written examples (VanLehn, 1995a).
Learning from examples has been the focus of research on the intermediate phase of
acquisition for complex, chapter-sized pieces of knowledge. However, most studies have
focused only on passive forms of instruction, where the student studies written material
with no help from a teacher, peer or tutor. The next step would be to nd out how
students learn from more interactive forms of instruction. For instance, when students
receive feedback, it seems plausible that poor learners merely change their answer without
thinking about why they got it wrong, whereas good learners would try to nd and repair
the aw in their knowledge that caused the error.
The nal phase of skill acquisition has become a battleground for some of the major
theoretical questions of the day. The controversy between instance-based (e.g., Logan,
1988), procedural-declarative (Anderson, 1993) and other theories of memory have been
mentioned already. The debate over implicit learning (e.g., Berry & Broadbent, 1984) also
bears most strongly on the nal phase.
The rst responsibility of research on cognitive skill acquisition ought to be to account for
the dierences between experts and novices. Surprisingly, it has not done so yet. Ericsson
& Lehmann (this volume) argue that in many task domains, experts can mentally plan
solutions to problems that novices can only solve concretely. For instance, Koedinger &
Anderson (1990) found that expert geometers plan solutions to geometry proof problems
using abstract, diagramatic schemas. Even though a proof would consist of dozens of lines,
the plan might have only one or two schema applications. The experts are able to do such
planning in working memory. Novices, on the other hand, build proofs a line at a time,
writing down conclusions as they go. The ability to rapidly plan solutions seems to develop
rather quickly (Carlson et al, 1990).
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As Koedinger & Anderson point out, no existing model of skill acquisition, including
Anderson's ACT*, can account for the acquisition of domain-specic planning skill. Existing models have concentrated on explaining the power law of practice and the increasing
specicity of transfer. These results call for mechanisms that convert knowledge into ever
more specic forms. In contrast, the development of planning skill calls for converting
knowledge into more abstract forms. Articial Intelligence has produced may computationally sucient mechanisms for abstraction. What our science needs is empirical work that
discriminates among the many possible ways that planning could develop. For instance, are
novices held back by a lack of knowledge of planning schemas, or do they know the schemas
but cannot apply them mentally due to working memory limitations?
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