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Chapter 2

Scientific Discovery as Problem Solving

1t is understandable, if ironic, that “normal” science fits pretty well the de-
scription of expert problem solving, while “revolutionary” science fits the de-
scription of problem solving by novices. It is understandable because scientific
activity, particularly at the revolutionary end of the continuum, is concerned
with the discovery of new truths, not with the application of truths that are al-
ready well known. While it may incorporate some expert techniques in the ma-
nipulation of instruments and laboratory procedures, it is basically a journey
into unmapped terrain. Consequently, it is mainly characterized, as is novice
problem solving, by trial-and-error search. The search may be highly selective—
the selectivity depending on how much is already known about the domain—
but it reaches its goal only after many halts, turnings, and backtrackings.
(Simon, Langley, and Bradshaw, 1981, p. 5)

What does it mean to claim, as do Simon, Langley, and Bradshaw, that
scientific discovery is a type of problem solving? The claim is neither
controversial nor informative unless we go beyond a generic interpre-
tation of “problem solving” as a synonym for “thinking,” for it is un-
questionable that scientific discovery involves some sort of thinking,
Therefore, this chapter begins with a brief overview of some widely ac-
cepted (by cognitive psychologists) definitions and terminology associ-
ated with problem solving. This is followed by a description of the
theoretical unification of the areas of problem solving and rule induc-
tion that was first suggested by Simon and Glen Lea (1974). Finally, I de-
scribe an extension of the Simon and Lea theory to the domain of
scientific reasoning in which scientific discovery is characterized as a
problem-solving process that involves search in two spaces: a space of
hypotheses and a space of experiments.

Problem Solving, Search, and Weak Methods

Newell and Simon (1972) define a problem as consisting of an initial
state, a goal state, and a set of permissible transformations from one
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state to another (called “operators”) that, when executed in a correct se-
quence, resultina solution path from the initial state to the goal state, via
a series of intermediate states and subgoals. Operators have constraints
that must be satisfied before they can be applied. The set of states, oper-
ators, goals, and constraints is called a “problem space,” and the prob-
Jem-solving process can be conceptualized as a search for a path that
links the initial state to the goal state.

This formal characterization can be applied to an extremely broad
range of situations from laboratory puzzles to everyday situations and
contexts. We begin with an example of the former type of problem, and
then later in this section we provide an example of a naturally occurring
problem-solving situation. Consider the well-known Tower of Hanoi
puzzle. It consists of a stack of n disks of different size and three pegs (A,
B, and C) on which they can be stacked. In the initial state, all the disks
are stacked—in order of decreasing size—on peg A. That is, the largest
disk is on the bottom of the stack, followed by the second largest, and so
on. The goal state is to get them all stacked—in the same size order—on
peg C. The only legal move (that is, the “move operator”) is to take the
top-most disk from the peg itisonand to place it on one of the other two
pegs. The constraints on the move operator are (1) that a disk can only
be moved if there is nothing on top of it and (2) that a larger disk can
never be placed above a smaller disk. Although simply stated, this puz-
zle can be quite difficult for novices: the length of the most efficient so-
lution is 2" — 1 moves. Thus, a three-disk problem can be solved in no
fewer than seven moves, and a four-disk problem in no fewer than fif-
teen. (See Simon, 1975, for an elegant analysis of different strategies for
solving this puzzle; see also Klahr and Robinson, 1981.)

Each of the basic components in a problem—initial state, goal state,
operators, and constraints—can vary along a continuum from well- to
ill-defined. For example, one could have a well-defined initial state and
an ill-defined goal state and set of operators (e.g., make something with
these materials), or one could have an ill-defined initial state and a well-
defined final state (e.g., provea particular mathematical conjecture). Sci-
entific problems are obviously much less well defined than the Tower of
Hanoi. Nevertheless, they can be characterized in the terms used here.
Interestingly, the degree of well-definedness depends on the knowledge
that is available to the problem-solver. For that reason, much of the train-
ing of scientists is aimed at increasing the degree of well-definedness of
problems with respect to the scientists working on them.

In all but the most trivial problems, the problem solver is faced with a
large set of alternative states and operators, so the search process can be
quite demanding. For example, if we represent the problem space as a
branching tree of m moves with b branches at each move, then there are b
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moves to consider in the full problem space. As soon as m and b get beyond
small values, exhaustive search for alternative states and operators is be-
yond human capacity.' Thus, effective problem solving depends in large
part on processes that judiciously constrain search to the explofation ofa
few branches. These search constraint processes can be placed into two
broad categories: weak methods and strong methods. Weak methods are

so called because they require relatively little knowledge of the
problem structure for their application, but are correspondingly
unselective in the way in which they search through the problem
space. One mark of expertise is the possession of strong methods
specifically adapted to the problem domain, which may allow so-
lutions to be found with little or no search. For example, if some-
one who knows the calculus is asked to find the maximum of a
function, he or she applies a known algorithm (taking the deriva-

tive and setting it equal to zero), and finds the answer without
search. (Simon, 1986, p. 162)

Scientific practice involves a plethora of strong methods, such as sta-
tistic_al tools, standard experimental paradigms, routine instrumenta-
tion processes, and even highly constrained publication formats. In this
book we do not address those aspects of scientific discovery other than
to acknowledge that they can be viewed, as in the maximization ex-
ample earlier, as the direct application of a method with little or no
search. Of more interest to us are the ways in which weak methods are
ggefl in scientific discovery. They are of interest because they are, by def-
inition, heuristic: they may work, or they may not, but they are applica-
ble in a wide variety of contexts. Unlike the strong methods, which are
only acquired after extensive formal training, the weak methods are
easily acquired (indeed, some may be innate), and they are domain-
general. We will describe five major methods: generate and test, hill
climbing, means-ends-analysis, planning, and analogy. ,

Generate and Test

This rr_lethod is commonly called “trial and error” It consists of simply
applymg some operator to the current state and then testing to deter-
mine if the goal state has been reached. If it has been, the problem is
solved. If it has not been, then some other operator is applied. In the
most primitive types of generate-and-test methods, the evaluation func-
Ellon is binary: either the goal has been reached or it has not, and the next

move” does not depend on any properties of the discrepancy between
the current state and the goal state, or the operator that was just unsuc-
Cessfully applied. An example of a “dumb” generating process would be
one in which you are searching in a box of keys for a key to fit a lock, and
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you sample with replacement: tossing failed keys back into the box with-
out noting anything about the degree of fit, the type of key that seems to
fit partially, and so on. A slightly “smarter” generator would, at the least,
sample from the key box without replacement.

Hill Climbing
This method gets its name from the analogy to someone attempting to
reach the top of a hill whose peak cannot be directly perceived (imagine
a foggy day with severely limited visibility). One makes a tentative step
in each of several directions, and then heads off in the direction that has
the steepest gradient. More generally, the method computes an evalua-
tion function whose maximum value corresponds to the goal state. Po-
tential moves are generated and the evaluation function is applied to
each potential state. The state that maximizes the increment to the eval-
uation function is chosen, that move is made, and then the process iter-
ates from the new state. Hill climbing utilizes more information than
generate-and-test about the discrepancy between the current state and
the goal state. Instead of a simple all-or-none evaluation, it computes a
measure of goodness of fit between the two, and uses that information
to constrain search in the problem space. For the Tower of Hanoi, the
hill-climbing evaluation function might be a simple count of the number
of disks currently on the goal peg. The problem with this method is that
it would be reluctant to remove any disks from the goal peg, even though
that is a necessary part of the solution, as disks are temporarily placed
there so that others can be moved.

Means-Ends Analysis
Of all the weak methods, perhaps the best known is means-ends analy-
sis (Dunker, 1945; Newell and Simon, 1972). Means-ends analysis com-
pares the current state and the goal state, and it produces a description
of what differences exist. Then it searches for an operator that can re-
duce those differences. This search is effective only to the extent that the
system already has indexed operators in terms of the types of differ-
ences they can reduce. It selects an operator that is designed to reduce
the most important differences, and it attempts to apply that operator to
the current state. However, it may be the case that the operator cannot be
immediately applied, because the conditions for its applicability are not
met. Means-ends analysis then formulates a subproblem in which the
goal is to reduce the difference between the current state and a state in
which the desired operator can be applied. Then it recursively attempts
to solve the subproblem.
For the Tower of Hanoi, this method might define the most important
difference between the initial state and the goal state as getting the
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largest disk (at the bottom of the initial stack of n disks) to the goal peg
?ut this move cannot be made unless the largest disk has nothing above:
it, anc! the goal peg is empty. The only state that fits this situation is one
in which a stack of n — 1 disks is on the “other” peg, and the biggest disk
is on the start peg. Thus, means-ends analysis would establish this con-
figuration as a subgoal and then attempt to achieve that subgoal.

Means-ends analysis is often used in everyday situations. Consider
the problem faced recently by an unnamed psychologist in getting from
an office at Carnegie Mellon University to a conference room at a Col-
: ora‘do resort in order to present a talk about scientific reasoning. The
”dlfferfence” was one of distance, and among the set of distance-
reduction operators were flying, walking, biking, and so forth. Flying
was the operator that would most rapidly reduce distance, but it could
not be applied to the initial condition: that is, one could not fly directl
from _the office to the conference site. This presented the subproblem o};
creating conditions for flying (i.e., getting to an airport). Getting to the
airport could best be done via taxi, but there was no taxi at Carnegie
Mellon. The sub-subproblem involved making a phone call to the cab
company. Butall the university phones were out of order for the day dur-
ing a transition to a new system: only the pay phones worked. An even
figeper subproblem: make a call on a pay phone. But a lack of coins made
itimpossible to apply that operator (no pun intended). However, a Coke
machine was handy, and it accepted dollar bills and gave change. So the
problem solver bought and discarded a Coke in order to get on the so-
lution path to transport himself to Colorado.

The hierarchy of goals and subgoals generated by this method is
called the “goal tree” At any point in the goal tree, if you asked how a
goal was going to be achieved, the answer could be found in the sub-
goals (or, if possible, the immediately applied operators). If you asked
why a goal was being attempted, the answer would lie in the parent goal
for that subgoal. Thus: “Why do I need change?” “To make a phone
lcall.” (Or, more obscurely, because it skips a few levels in the goal tree:
“To get to the airport.”) “How will I get change?” “By using a vendin :
machine.” ®

.One would not usually think of a vending machine as an means for
distance reduction. However, as illustrated by this example, means-
ends analysis can, in the process of proliferating subgoals, take the prob-
lem solver along unexpected paths into situations that might, at first
blush, seem unlikely to bear any relevance to the initial goal. The nature
of these paths can change so much that, in some cases they are more ap-
prppriately characterized as distinct problem spaces. Indeed, the deter-
mination of the number of distinct problem spaces involved in solving
complex problems remains an unresolved issue, to which we will return
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at the end of this book. Later in this chapter we will characterize scien-
tific discovery in terms of just two spaces, but that will be expanded
later.

Planning

Newell and Simon (1972) define planning? as another problem-solving
method consisting of (1) forming an abstract version of the problem
space by omitting certain details of the original set of states and opera-
tors, (2) forming the corresponding problem in the abstract problem
space, (3) solving the abstracted problem by applying any of the methods
listed here (including planning), (4) using the solution of the abstract
problem to provide a plan for solving the original problem, (5) translat-
ing the plan back into the original problem space and executing it.

For example, if we apply the planning method to the Tower of Hanoi
puzzle we might get the following three-step plan: (1) Move the small-
est disk to the intervening peg, (2) move a stack of n - 1 disks to the goal
peg, (3) move the smallest disk to the goal peg. Or for the Colorado prob-
lem, we might get (1) taxi to airport; (2) fly to Denver; (3) drive to Breck-
enridge. Because planning suppresses some of the detail in the original
problem space, it is not always possible to implement the plan, for some
of the simplifications result in planned solution paths that cannot be ef-
fected. For example, moving a stack of n -1 disks isnot a legal move, so
more problem solving is required to execute that part of the plan. Or, for
the Colorado plan, there might be no rental cars at the Denver airport.

Analogy
Analogy involves a mapping between a new target domain (i.e., the
current problem) and a previously encountered base domain (i.e., some
similar, previously solved, problem). The mappings may vary in their
complexity from surface mappings—involving only the simple recogni-
tion that the current problem can be solved by a known procedure—to re-
lational mappings, to complex structural mappings (Forbus and Gentner,
1991; Gentner and Jeziorski, 1989; Halford, 1992). Although the potential
power of solving a novel problem via analogy toa previously solved prob-
lem is obvious, the mapping process itself may fail. Thus, like the other
weak methods, analogy is not guaranteed to produce a solution.
Although analogy is not included in Newell and Simon's list of prob-
lem-solving methods,? in the past twenty-five years, analogy has as-
sumed a central role in theories of problem solving and scientific
discovery and its underlying mechanisms have been studied in great de-
tail. Keith Holyoak and Paul Thagard (1995) provide several examples of
analogical problem solving in major scientific discoveries, ranging from
a first-century analogy between sound and water waves to Turing’s
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mind/computer analogy. Holyoak and Thagard also emphasize the role
of analogical thinking in cognitive development. (See Goswami, 1996, for
an extensive review.) Analogical reasoning also plays a central role ir; re-
cent analysis of the thinking processes of contemporary scientists work-
ing in their labs (Dunbar, 1997; Thagard, 1997; Ueda, 1997), and, as we
will argue in later chapters, it is often the method of choice for formulat-
ing initial hypotheses and experiments in a variety of discovery contexts.

Analogical mappings thus provide the principal bridge between
weak and strong methods when the source of the analogy is a well-
defined procedure. Used in conjunction with domain-specific knowl-
edge, analogy may enable the search process to be greatly abridged
when patterns are noticed in the current problem state. Prestored
knowledge can be evoked and used to plan the next steps toward solu-
tion of the problem, provide macros to replace whole segments of step-
by-step search, or even suggest an immediate problem solution. The
recognition mechanism (with its associated store of knowledge) is a key
weapon in the arsenal of experts and a principal factor in distinguishing
their performance in the domain of expertise from that of novices.

Scientific Reasoning: Problem Solving or Concept Formation?

The problem-solving view of scientific discovery has its roots in the
Gestalt tradition. For example, Wertheimer (1945) implicates search
processes in his historical anecdotes about Einstein and Gauss, and
Bartlett (1958) is quite explicit in structuring his discussion of the ”ti\ink-
ing of the experimental scientist” in terms of search through a set of
%(nowledge states.* Simon (1977) elaborates this position in characteriz-
ing scientific reasoning as a search process, similar in structure to any
problem-solving task, albeit within a complex search space. Simon’s
contribution to the discovery-as-problem-solving view is to demon-
strate how one could go beyond the search metaphor by explaining the
fllscovery process in terms of an explicit theory of human problem solv-
ing (Newell, Shaw, and Simon, 1958). This basic idea has since been ex-
tended substantially by Simon and his colleagues in the computational
models described in chapter 1.

There is another characterization of the process of scientific reasoning
t.hat was considered in the initial period when cognitive psychologists
first began to study the topic. This view, exemplified by the Bruner and
Wason tasks described in chapter 1, we call the concept-formation view.
The argument here is that much of scientific reasoning consists of form-
Ing new concepts—via induction—on the basis of experimental evi-
dence. This view tended to dominate the early laboratory investigations
of the scientific discovery process.
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Although the concept-formation and problem-solving views appear
to be radically different characterizations of the scientific reasoning pro-
cess, both traditions can be organized into a coherent theory of scientific
reasoning. The key to this integration comes from Simon and Lea’s
(1974) insight that both concept learning and problem solving are infor-
mation-gathering tasks and that both employ guided search processes.
Simon and Lea have shown how a single information-processing sys-
tem—called the Generalized Rule Inducer—can account for perform-
ance in problem-solving tasks and a range of rule-induction tasks,
including concept attainment, sequence extrapolation, and grammar in-
duction. The Generalized Rule Inducer uses the same general methods
for both problem-solving tasks and rule-induction tasks. The main dif-
ference between problem solving and rule induction lies in the problem
spaces that are used in the two tasks.

Consider a rule induction task such as the 2-4-6 task (Wason, 1960). In
this task, the experimenter tells subjects that their goal is to figure out
what rule the experimenter has in mind, and he tells them that 2-4-6 is
an instance of that rule.5 Subjects then propose a series of triads—such
as 8-10-12 or 3-4-5—one at a time and, for each triad, the experimenter
says whether or not it is an instance of the to-be-discovered rule. When-
ever subjects are ready, they also can state what they think the ruleis. (In
the original form of this experiment, the rule was simply “increasing
numbers,” so that both of the triads proposed above would be positive
instances of the rule.) Subjects typically start out with much more lim-
ited hypotheses about the rule, such as “increasing evens” or “the third
is the sum of the first two.”

This kind of task requires search in two problem spaces: a space of
rules and a space of instances. That is, subjects have to search for hy-
potheses about what the rule underlying all the triples is, and they also
have to search for a good instance—a particular triple—to test their
hypotheses. Problem-solving search, however, takes place in a single
space: a space of rules.

Thus, the distinctive feature of rule-induction tasks is that proposed
rules (hypotheses) are never tested directly, but only by applying them
to instances and then testing whether the application gives the correct
result. In rule-induction tasks the participant selects (or is shown) an in-
stance and checks to see whether the instance confirms or disconfirms
the rule. Instance selection requires search of the instance space, and
changing from one rule to another requires search of the rule space. Be-
cause rule induction requires two spaces, the tests operate in a different
space from the hypothesis (rule) generator. Simon and Lea’s analysis il-
lustrates how information from each space may guide search in the
other space. For example, information about previously generated rules
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may influence the generation of instances, and information about the
classification of instances may determine the modification of rules.

The Generalized Rule Inducer view makes it possible to characterize
some further differences between the previous research on cdncept for-
mation and problem solving. Because the concept-learning research is
concerned with rules derived from well-defined instances, the rule
space is usually very simple: it consists of all possible combinations of
the values and attributes in the instance space. Even when participants
have some control over instance selection, as in the Bruner, Goodnow,
and Austin (1956) work, the full set of permissible instances is predeter:
mined. In problem-solving experiments, the structure of the problem
space is usually much more complicated. Rather than being merely the
concatenation of a new set of given features, it consists of a series of

knowledge states that the participant can generate by following a wide
variety of strategies.

The Goal Structure of the Scientific Discovery Process

The Generalized Rule Inducer was designed to account for the results of
traditional laboratory studies of problem solving and rule induction.
Recall that, in the Wason 2-4-6 task, participants have to search both a
space of instances and a space of rules that might account for how the
e>fperimenter is classifying number triples. Analogously, in scientific
discovery, one has to search both a space of observations or experiments

and a space of hypotheses that can account for them—*Nature’s rules .
in effect. In considering the complexity of the mental processes that su;’)-
port this kind of thinking, we applied one of the standard tools of cog-
nitive psychology—task analysis—to the domain of scientific discovery.

We formulated a framework that expands the top-level discovery goal

into a hierarchically organized goal structure that elucidates the nature

of this dual search and shows the relations among the components and

subcomponents. In this chapter, we introduce that goal structure and in

subsequent chapters we use it to account for people’s behavior in a vari-

ety of scientific discovery tasks.

.We start by summarizing the key features of our model of scientific
d'lscovery as dual search (SDDS). There are two parts to the presentation.
First, we give a very broad overview of the model’s main phases and then
we give an elaborated description of its goal structure.

Dual Search

Searching .the Hypothesis Space The process of generating new hy-
potheses is a type of problem solving in which the initial state consists
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of some knowledge about a domain, and the goal state is a hypothesis
that can account for some or all of that knowledge in a more concise or
universal form. Once generated, hypotheses are evaluated for their ini-
tial plausibility. Expertise plays a role here, as participants’ familiarity
with a domain tends to give them strong biases about what is plausible
in the domain. Plausibility, in turn, affects the order in which hypothe-
ses are evaluated: highly likely hypotheses tend to be tested before un-
likely hypotheses (Klayman and Ha, 1987; Wason, 1968). Furthermore,
participants may adopt different experimental strategies for evaluating
plausible and implausible hypotheses.

Searching the Experiment Space One of the most important constraints
on this search is the need to produce experiments that will yield inter-
pretable outcomes. This requires domain-general knowledge about one’s
own information-processing limitations, as well as domain-specific
knowledge about the pragmatic constraints of the particular discovery
context. As we will see, there are important developmental differences
in people’s ability to constrain search in the experiment space.

Evaluating Evidence Search in the two spaces is mediated by the evi-
dence evaluation process. This process both assesses the fit between the-
ory and evidence and guides further search in both the hypothesis space
and the experiment space. In contrast to the binary feedback provided
to participants in the typical psychology experiment, real-world evi-
dence evaluation is not very straightforward. Relevant features must
first be extracted, potential noise must be suppressed or corrected (Gor-
man, 1992; Penner and Klahr, 1996), and the resulting internal represen-
tation must be compared with earlier predictions. When people are
reasoning about real world contexts, their prior knowledge imposes
strong theoretical biases (Brewer and Chin, 1994). These biases influence
not only the initial strength with which hypotheses are held—and hence
the amount of disconfirming evidence necessary to refute them—but
also the features in the evidence that will be attended to and encoded.

The Goal Structure of SDDS

This model is intended to depict the goal structure that is generated ina
broad range of scientific reasoning contexts. The fundamental assump-
tion is that scientific discovery involves search in problem spaces. In the
case of scientific discovery, there are two primary spaces to be searched:
a space of hypotheses and a space of experiments. Search in the hy-
pothesis space is guided both by prior knowledge and by experimental
results. Search in the experiment space may be guided by the current
hypothesis, and it may be used to generate information to formulate
hypotheses.
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Before presenting the model, we need to briefly describe the format
we use to depict the mental representation of hypotheses. We use Mar-
vin Minsky’s “frame” notation: data structures that have a set of ele-
ments with slots whose values can vary according to context, and whose
set of elements bear fixed relations to one another. Initial hypotheses are
constructed by a series of operations that result in the instantiation of a
frame with default values. Subsequent hypotheses within that frame are
generated by changes in values of particular slots and new frames are
generated either by a search of memory or by generalizing from experi-
mental outcomes.

SDDS consists of a set of basic components that guide search within
and between these two problem spaces. In the following description of
SDDS we sometimes refer to the components as goals and subgoals, and
at other times as processes and subprocesses, depending on the cor;text.
Because we are proposing SDDS as a general framework within which
to interpret human behavior in any scientific reasoning task, we intro-
duce it at a very general level without reference to any particular dis-
covery domain.

The full model is complex, so perhaps an advance organizer will help.
The target we are aiming for in the next several pages is the fully-
elaborated structure depicted in figure 2.9 (see page 37). Our approach
is to describe various subcomponents of the full model in a piecemeal
fashion—from left to right, and from top to bottom. Then, at the end of
the chapter, we put it all together. So let us begin.

Three main components control the entire process from the initial for-
mulation of hypotheses, through their experimental evaluation, to the
decision that there is sufficient evidence to accept an hypothesis. The
three components, shown in figure 2.1, are Search Hypothesis Space, Test
Hypothesis, and Evaluate Evidence. The output from Search Hypothesis
Space is a fully specified hypothesis, which provides the input to Test Hy-
pothesis. The output of Test Hypothesis is a description of evidence for
or against the current hypothesis, based on the match between the pre-
diction derived from the current hypothesis and the actual experimental

SDDS
Search ] Test Evaluate
Hypothesis Hypothesis Evidence
Space
Figure 2.1

The three top-level components of SDDS.
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result. Next, Evaluate Evidence decides whether the cumulative evi-
dence—as well as other considerations—warrants acceptance, rejection,
or continued consideration of the current hypothesis. Each of these
three top-level components will be described more fully in the follow-
ing paragraphs.

Search Hypothesis Space

This process, depicted in figure 2.2, has two components. One compo-
nent generates the broad scope of a new hypothesis, and the second
component refines it and further specifies it. Because we represent hy-
potheses as frames, we show this as first Generate Frame and then Assign
Slot Values. Where do these initial frames and their associated slot values
come from? We propose two different types of sources for new hy-
potheses. One source comes from prior knowledge stored in memory,
and the other source comes from experimental (or observational) data.
The two different sources are evoked in both Generate Frame and in As-
sign Slot Values.

Generate Frame Depicted in figure 2.3, Generate Frame has two compo-
nents corresponding to the two ways that a frame may be generated. The

Search Hypothesis
Space

Generate Assign
Frame , Slot Values

Figure2.2
Top-level structure of Search Hypothesis Space.

Generate
Frame
Evoke Induce
Frame Frame
Generate Generalize
Outcome Qutcomes

Figure 2.3
The structure of Generate Frame.
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first component to be activated, Evoke Frame, is a search of memory for
information that could be used to construct a frame. Prior knowledge
p?ays an important role here. In cognitive psychology, several mecha-
nisms have been proposed to account for the way in which initial hy-
potheses are generated, including analogical mapping (Gentner, 1983;
Gick and Holyoak, 1983), heuristic search (Kaplan and Simon’ 1990f
Klahr and Dunbar, 1988), priming (Dunbar and Schunn, 1990; S’chunr;
and Dunbar, 1996), remindings (Ross, 1984), and conceptual combina-
;ion (Shrager, 1985, 1987). Each of these mechanisms emphasizes a dif-
iflli'teix;:e;:;pect of the way in which search in the hypothesis space is
But it is not always possible to evoke a new hypothesis from memory.
In such cases, it is necessary to induce a frame from data. Thus, the sec:
ond component of Generate Frame is Induce Frame. It generates a new
frame by induction from a series of outcomes. The first subprocess in In-
fiuce Frame generates an outcome, and the second subprocess general-
izes over the results of that (and other) outcomes to produce a frame
Generate Outcome will be described later. '
Tpe result from Generate Outcome is a data pattern that is input to Gen-
eralize Outcomes, which then attempts to generalize over the outcomes in
order to produce a frame. The difference between Evoke Frame and In-
c{uce Frame is important. It corresponds to the difference between situa-
tions in which participants are able to recall similar situations and use
them as the basis for constructing initial frames, and situations in which

participants must observe some results before they can venture even an
initial hypothesis.

Assigr? Slot Vah'tes. The second major component of Search Hypothesis
Space is shown in figure 2.4. Its purpose is to take a partially instantiated

Assign
Slot Values
Use Prior Use Experiment
Knowledge Outcomes
Use Oid Generate
Outcomes Outcome

Figure 2.4
The structure of Assign Slot Values.
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frame and assign specific values to the slots so that a fully specified hy-
pothesis can be generated. Like Generate Frame, it also has two subcom-
ponents corresponding to memory search or induction over data. Slot
values may be assigned by using prior knowledge (Use Prior Knowledge)
or by using specific experimental outcomes (Use Experimental Outcomes).
As noted, the distinction here is parallel to the earlier distinction be-
tween evoking and inducing a frame, but now it is with respect to filling
in slot values in an existing frame rather than generating a new frame. If
there are already some experimental outcomes, then they can be exam-
ined to determine specific slot values (Use Old Outcomes). Alternatively,
the system can use Generate Outcome to produce some empirical results
solely for the purpose of determining slot values, that is, for refining a
partially specified hypothesis.

In the early phases of the discovery process, Use Prior Knowledge plays
the major role in assigning values, whereas later in the course of experi-
mentation, Use Experimental Outcomes is more likely to generate specific
slot values. If the system is unable to assign slot values to the current
frame (because they have all been tried and rejected), then the frame is
abandoned and the system returns to Generate Frame (see figure 2.3).

In figure 2.5, we have assembled all of these components of Search
Hypothesis Space to show its full structure. The end result of Search Hy-
pothesis Space is a fully specified hypothesis which is then input to
Test Hypothesis (to be described in the next few paragraphs). Note that
Generate Outcome occurs in two different subcontexts in the service of
Search Hypothesis Space. This requires the running of “experiments”
even though neither of these contexts involve the evaluation of an hypoth-
esis, for it is still being formed. We will return to this point.

Search Hypothesis Space

T

Generate Assign
Frame Slot Values
Evoke Induce Use Prior Use Experiment
Frame Frame Knowledge Outcomes
Generate Generalize Use Old Generate
Outcome Outcomes Outcomes Outcome
Figure 2.5

The full structure of Search Hypothesis Space.
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Test Hypothesis

Now we describe the second of the three main components shown in
figure 2.1: Test Hypothesis (figure 2.6). It generates an experiment (Search
E-Space) appropriate to the current hypothesis, makes a predfction, runs
the experiment, and matches the outcome to the prediction. Test Hy-
pothesis uses three subcomponents. The first, Search E-Space, produces
an experiment. It will be described later, as it is used in several places in
the model. The second, Make Prediction, takes the current hypothesis and
the current experiment and predicts specific results, centered on the
current focal values. The third component, Run, executes the experi-
ment, and then Match produces a description of a discrepancy between
the prediction and the actual outcome. As depicted here, the expected
outcome is generated prior to the running of the experiment (during Pre-
dict). However, SDDS allows the computation of what “should have hap-
pened” to occur following the running of the experiment, during the
Match process. Match requires descriptions of both the expectation and
the observation as input. When completed, Test Hypothesis outputs a
representation of evidence for or against the current hypothesis; this
repFesentation is then used as input by Evaluate Evidence.

Evaluate Evidence

Evleuate Evidence (figure 2.7) determines whether or not the cumulative
evidence about the experiments run under the current hypothesis is

Test Hypothesis

Search E-Space Predict Run Match

Figure 2.6
Test Hypothesis.

Evaluate Evidence

Review Decide

Outcomes accept
reject
continue

Figure 2.7

Evaluate Evidence.
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sufficient to reject or accept it. It is possible that the evidence is incon-
clusive and neither situation obtains, in which case Evaluate Evidence
loops back to Test Hypothesis. Note that the input to the review process
consists of an accumulation of output from earlier Test Hypothesis cycles.
The scope of this accumulation could range from the most recent result,
to the most salient ones, to a full record of all the results thus far. The
content of this record could be one of either consistency or inconsistency.
"Additional factors may play a role in Evaluate Evidence, for example,
plausibility, functionality, or parsimony. Although these factors appear
to influence evidence evaluation, we do not yet have a general under-
standing of how they work, and we will return to them in subsequent
chapters describing the results of specific studies.

Generate Outcome

This process, depicted in figure 2.8, starts with a Search E-Space, which
produces an experiment. Once produced, the experiment is Run and the
result is Observed. Generate Outcome occurs twice in the subgoal hierarchy
of Search Hypothesis Space: (1) when outcomes are being generated in or-
der to induce frames and (2) when they are being run to refine hypothe-
ses by assigning slot values (see figure 2.5). As noted, each time that
Generate Qutcome is invoked, so is Search E-Space, which we describe next.

Search E-Space Experiments are designed by Search E-Space. The most
important step is to Focus on some aspect of the current situation that the
experiment is intended to illuminate. “Current situation” is not just a
circumlocution for “current hypothesis,” because there may be situa-
tions in which there is no current hypothesis, but in which Search E-Space
must function nevertheless. (This is an important feature of the model,
and it will be elaborated in the next section.) If there is an hypothesis,
then Focus determines that some aspect of it is the primary reason for the
experiment. If there is a frame with open slot values, then Focus will se-

Generate Outcome

Search E-Space Run Observe

Focus Choose & Set

Figure 2.8
Generate Qutcome.
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lect any one of those slots as the most important thing to be resolved. If
there is neither a frame nor an hypothesis—that s, if Search E-Space is be-
ing called by Induce Frame, then Focus makes an arbitrary decision about
what aspect of the current situation to focus on. Once a focal aspect has
been determined, Choose sets a value in the experiment space that will
provide information relevant to it, and Set determines the values of the

remaining, but less important, experimental features necessary to pro-
duce a complete experiment.

The Multiple Roles of Experimentation in SDDS

Examination of the relationship among all these processes and sub-
processes, depicted in figure 2.9, reveals both the conventional and
unconventional characteristics of the model. At the top level, the discov-
ery process is characterized as a simple repeating cycle of generating
hypotheses, testing hypotheses, and evaluating the accumulated
evidence. Below that level, however, we can begin to see the complex
interaction among the subprocesses. Of particular importance is the way
in which Search E-Space occurs in three places in the hierarchy: (1) as a
subprocess deep within Generate Frame, where the goal is to generate a
data pattern over which a frame can be induced, (2) as a subprocess of
Assign Slot Values where the purpose of the “experiment” is simply to re-
solve the unassigned slots in the current frame, and (3) as a cbmponent
of Test Hypothesis, where the experiment is designed to play its conven-
tional role of generating an instance (usually positive) of the current

SDDS
“Search Hy?hesls Space Test Hypothesis Evaluate Evidence
“Generate “Assign *Search  Make
?n\ SI}\IaI\uas E-Space  Pradiction Aun Mateh
Evoke Induce Use Prior Use Experiment
Frame  Frgme Knowledge Outcopes Review Decide
/\ Outcomes accept
Generdle Generalize Use Oid Generate reject
O O o Outcome continue
“Search Run Observe *Search Run Observe
E-Space E-Space
Focus  Choose & Set Focus Choose & Set
Figure 2.9

Complete SDDS Goal Structure. Components connected by an arrow are usually executed

in the order shown. Component names preceded by an asterisk include conditional tests
that subcomponents execute.
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hypothesis. Note that the implication of the first two uses of Search E-
Space is that, in the absence of hypotheses, experiments are generated
atheoretically, by moving around the experiment space.

SDDS also elaborates the details of what can happen during the Eval-
uate Evidence process. Recall that three general outcomes are possible:
The current hypothesis can be accepted, it can be rejected, or it can be
considered further. In the first case, the discovery process simply stops,
and asserts that the current hypothesis is the true state of nature. In the
second case—rejection—the system returns to Search Hypothesis Space,
where two things can happen. If the entire frame has been rejected by
Evaluate Evidence, then the model must attempt to generate a new frame.
If Evoke Frame is unable to generate an alternative frame, then the system
will wind up in Induce Frame and will ultimately start to run experiments
(in Generate Outcome) in order to find some empirical elements over
which to do the induction. Having induced a new frame, or having re-
turned from Evaluate Evidence with a frame needing new slot values (i.e.,
a rejection of the hypothesis but not the frame), SDDS executes Assign
Slot Values. Here, too, if prior knowledge is inadequate to make slot as-
signments, the system may wind up making moves in the experiment
space in order to make the assignments (i.e., Generate Outcome under Use
Experimental Outcomes). In both these cases, the behavior we would ob-
serve would be the running of “experiments” without fully specified hy-
potheses. This is precisely what we see in several of the studies to be
described later in this book. It is particularly common in children’s ex-
perimentation. In the third case, SDDS returns to Test Hypothesis in order
to further consider the current hypothesis. The experiments run in this
context correspond to the conventional view of the role of experimenta-
tion. During Move In E-Space, Focus selects particular aspects of the cur-
rent hypothesis and designs an experiment to generate information
about them.

Conclusion

In this chapter we have elucidated our general claim that scientific dis-
covery is a type of problem solving involving search in problem spaces.
We then summarized the important weak methods used to control that
search. Next, we argued that scientific discovery requires search in (at
least) two problem spaces: a space of hypotheses and a space of experi-
ments. Finally, we described a detailed goal structure consisting of three
main components that coordinate the search in two spaces.

Each of these three components is a potential source of developmen-
tal change and, as indicated by the taxonomy presented in table 1.1,
most psychologists have studied them in isolation. But such decompo-
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sition begs the very question of interest: the coordination of search in
two spaces. We wanted to try a different approach in which we could
study discovery behavior in situations that required coordinated search
in both the experiment space and the hypothesis space. In order to do
this, we set up laboratory situations that were designed to place partici-
pants in various parts of this framework and then look at how they man-
aged the dual search process. In the next chapter, we describe our basic
paradigm for such investigations.

Notes

1. For example, Newell and Simon (1972) note that in chess “there are something like 10"
continuations to be explored, with much less than 10% nanoseconds available in a cen-
tury to explore them” (p. 669).

2. Planning has had a very wide variety of definitions, ranging from “little computer pro-
grams that program the mind to perform certain cognitive tasks, such as long division,
brushing your teeth, or generating a sentence” (Wickelgren, 1974, p. 357) to “any hier-
archical process in the organism that can control the order in which a sequence of
operations is to be performed” (Miller, Galanter, and Pribram, 1960, p. 16) to “the
predetermination of a course of action aimed at achieving a goal” (Hayes-Roth and
Hayes-Roth, 1979, p. 275). An elaboration and discussion of the many definitions can be
found in Scholnick and Friedman (1987). We use the Newell and Simon definition here
because (1) it is much better defined than the others, and (2) it fits nicely in the set of
weak methods.

3. Instead, it is characterized by them as one of several sources of information that could
be used to create a representation for the problem space. “If the given task bears a sim-
ilarity to another task with which the problem solver is already familiar, then he may at-
tempt to use the problem space and programs from the familiar one. To do so requires
that the knowledge and structures be adapted to the new task. The result will be useful
only if the initial recognition of similarity reflects fundamental isomorphisms between
the stx;uctures of the tasks and if the adaption is successful. (Newell and Simon, 1972,
p. 851

4. Inaremarkably prescient inquiry in 1932, Erika Fromm, then a young graduate student
of Max Wertheimer, asked a sample of famous scientists and philosophers to reflect on
their own “productive thinking processes” and to “write a few lines about the begin-
ning and the course of a cognitive process from your concrete scientific research”
(Fromm, 1998, p. 1194). Among the replies she received was one from Albert Einstein,
who, in reflecting on the thinking that led to his special theory of relativity, said, “The
psychological situation is comparable with the attitude of somebody who wants to
solve a puzzle or a chess problem, who is convinced that the solution exists, because the
creator of the problem possess the solution” (Einstein, 1932, quoted in Fromm, 1998,
p. 1198).

5. There is an extensive literature on this task. See Klayman and Ha (1987) for an excellent
review and theoretical reformulation.
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own strengths and limitations, and a complete account of the discovery
process will include findings from all of them. Fortunately, the strengths
of one approach tend to offset the weaknesses of another, and some im-
portant convergent findings are emerging from the full set (Klahr and Si-
mon, 1999). In this volume I have tried to demonstrate the strengths and
contributions of the discovery microworld approach.

This book will have achieved its aims if it convinces the reader that,
rather than being an impenetrable mystery, the psychology of scientific
discovery can be studied by using the same methods that apply to the
study of any other natural or behavioral phenomena. It will have been
even more successful if the particular findings reported here are taken as
acceptable explanations for certain behaviors associated with the dis-
covery process and if the methods used here are extended to explore fur-
ther the many remaining questions. For example, one aspect of scientific
practice that I have not dealt with at all in this book is collaboration. Ob-
viously, this is an important factor in scientific discovery, as well as many
other forms of problem solving, and it has generated an extensive liter-
ature in cognitive and developmental psychology (e.g., Azmitia, 1988;
Castellan, 1993; Resnick, Levine, and Teasley, 1991). The microworld
studies described in this volume have proven to be easily extended to in-
vestigations of collaborative discovery (e.g., Teasley, 1995; Okada and Si-
mon, 1997). Given the important role of collaboration in science, I hope
that others interested in the problems addressed here will join my col-
leagues and me in an extended collaboration as we continue to search
for ways to advance our knowledge of the discovery process.

Notes

1. Some computational models focus mainly on search in the hypothesis space: for ex-
ample, the BACON models and variants (Langley et al., 1987), IDS (Nordhausen and
Langley, 1993), PHINEAS (Falkenhainer, 1990), COPER (Kokar, 1986), MECHEM
(Valdés-Pérez, 1994), HYPGENE (Karp, 1990, 1993), AbE (O’'Rorke, Morris, and Schu-
lenburg, 1990), OCCAM (Pizzani, 1990), and ECHO (Thagard, 1988). Other models fo-
cus mainly on the process of experiment generation and evaluation: for example, DEED
(Rajamoney, 1993) and DIDO (Scott and Markovitch, 1993). A few deal with both
processes: for example, KEKADA (Kulkarni and Simon, 1988), STERN (Cheng, 1990),
HDD (Reimann, 1990), IE (Shrager, 1985), and LIVE (Shen, 1993).

2. Indeed, some studies (Sloutsky, Rader, and Morris, 1998) demonstrate that children
prefer to seek evidence even when it is unnecessary, such as when they are asked to
evaluate the truth or falsity of tautologies or contradictions.
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