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Abstract—Psychological theories of problem solving have
largely focused on explicit processes that gradually bring the
solver closer to the solution step-by-step in a mostly explicit and
deliberative way. This approach to problem solving is typically
inefficient or ineffective when the problem is too complex, illunderstood, or ambiguous. In such a case, a ‘creative’
approach to problem solving might be more appropriate. We
propose a computational psychological model implementing the
Explicit-Implicit Interaction theory of creative problem solving
(i.e., the CLARION theory of creative problem solving) that
centers on the interaction of implicit and explicit processing.
The model based on the CLARION theory has been used to
simulate a variety of empirical psychological data sets.

I. INTRODUCTION
ccording to Wallas, a “single achievement of thought”
is a four stage process [1]. The first stage, preparation,
is the accumulation of knowledge that allows for
directly solving the problem at hand (i.e., in a sequential,
logical way). However, this approach to problem solving
sometimes fails to provide a satisfying solution and an
impasse is reached. Surprisingly, if the problem solver puts
the problem aside and directs his/her attention to some other
task, s/he is more likely to later find the correct solution [2][3]. This phenomenon, which has been the topic of countless
anecdotes in the history of science, is thought to result from
Wallas’ second stage: incubation. Because the solution often
comes as a surprise to the solver, the stage following the
incubation period was called illumination (or insight), during
which the problem solver has the impression that the
solution completely elucidates the problem. However, the
quality of the solution remains to be evaluated by the fourth
stage: the validation process.
This paper focuses on the incubation and insight stages. A
connectionist model of creative problem solving based on
the Explicit-Implicit Interaction (EII) theory [4]-[5]
(resulting from the CLARION cognitive architecture [6][10]) is sketched, and example psychological simulations are
presented to show the ability of the model to simulate
incubation and insight data.

A

II. THE CLARION COGNITIVE ARCHITECTURE
CLARION is a cognitive architecture that is, in part,
based on two basic assumptions: representational differences
and learning differences of two different types of
knowledge: implicit versus explicit [5]-[8]. These two types
of knowledge differ as to their accessibility and attentional
requirements. The top level of CLARION (as in Fig. 1)
contains explicit knowledge (easily accessible, requiring
more attentional resources) whereas the bottom level
contains implicit knowledge (harder to access, mostly
automatic). Because knowledge in the top and bottom levels
is different, Sun et al. have shown that integrating the results
of top- and bottom-level processing captures the interaction
of implicit and explicit processing in humans [5]-[8].
CLARION is further divided into two different
subsystems (see Fig. 1): the Action-Centered Subsystem and
the Non-Action-Centered Subsystem. The Action-Centered
Subsystem (with both levels) contains procedural knowledge
concerning actions and procedures (i.e., it serves as the longterm procedural memory), while the Non-Action-Centered
Subsystem (with both levels) contains declarative
knowledge [6], [8]. The Non-Action-Centered Subsystem is
controlled by the Action-Centered Subsystem and
constitutes another long-term memory (semantic/episodic).
The Non-Action-Centered Subsystem is also used for
reasoning [5], [9].
The second assumption in CLARION concerns the
existence of different learning processes in the top and
bottom levels [6]-[8]. In the bottom level, implicit
associations are learned through gradual trial-and-error
learning. In contrast, learning of explicit rules is often “oneshot” and represents the abrupt availability of explicit
knowledge following “explicitation” or newly acquired
linguistic information in the top level. The inclusion and
emphasis on bottom-up learning (i.e., the transformation of
implicit knowledge into explicit knowledge) is, in part, what
distinguishes CLARION from other cognitive models.
III. THE EXPLICIT-I MPLICIT INTERACTION (EII) THEORY
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The Explicit-Implicit Interaction theory [4]-[5] is a
psychological theory of creative problem solving derived
from CLARION that relies mainly on the following
principles: (a) there are two types of knowledge, namely
explicit and implicit (a well established distinction in
psychology: see, e.g., [8], [11]-[12]), that are simultaneously
involved in most tasks [6]. (b) Explicit and implicit
knowledge are often “redundant” [7], and the results of
explicit and implicit processing are often integrated to
provide a response [6]. In psychology, implicit knowledge
refers to knowledge that affects behavior without the

Fig. 1. A high-level representation of CLARION.

awareness of the participant while explicit knowledge may
(potentially) come with the accompanying awareness [6],
[10]-[11]. (For details and justifications of the principles, see
[5]-[6].)

powerful iterative theory has been formalized into a
connectionist model that was used to simulate a variety of
tasks [5]. The model, implemented in the CLARION
cognitive architecture, is described in Section IV.
Simulations examples are presented in Sections V and VI:
One for incubation and the other for insight.
IV. A CONNECTIONIST MODEL FOR CREATIVE PROBLEM
SOLVING

Fig. 2. Information flow in the EII theory. The grey sections are implicit
while the white sections are explicit.

In the Explicit-Implicit Interaction theory, the preparation
and verification stages of problem solving are mostly
captured by explicit processing, while incubation
corresponds mostly to implicit processing (see Fig. 2).
According to this theory, Wallas’ third stage, insight,
involves an “explicitation” process of implicit processes and
consequently produces a solution in an explicit form (with
the integration of the two kinds of information). In addition,
the Explicit-Implicit Interaction theory assumes the presence
of activation thresholds that control the Internal Confidence
Level (ICL) necessary to come up with a solution to the
problem. If a threshold is not crossed after the results of
explicit and implicit processing have been integrated,
another iteration of processing is performed. This simple yet

The general structure of the model resulting from EII
(implemented in the Non-Action-Centered Subsystem of
CLARION) is shown in Fig. 3. The model is composed of
two major modules, representing explicit and implicit
knowledge respectively. These two modules are connected
through bidirectional associative memories (i.e., the E and F
weight matrices; [13]). In each trial, the task is
simultaneously processed in both modules, and their outputs
(response activations) are integrated in order to determine a
response distribution. Once this distribution is specified, a
response is stochastically chosen and the statistical mode of
the distribution is used to estimate the ICL. If this measure is
higher than a predefined threshold, the chosen response is
output; otherwise, another iteration of processing is done in
both modules, using the chosen response as the input.
In the model, explicit processing is captured using a twolayer linear connectionist network while implicit processing
is captured using a non-linear attractor neural network
(NDRAM: [14]). The inaccessible nature of implicit
knowledge may be captured by distributed representations in
an attractor neural network, because units in a distributed
representation are capable of accomplishing tasks but are
less individually meaningful [8]. This characteristic
corresponds well with the relative inaccessibility of implicit
knowledge [11]-[12]. In contrast, explicit knowledge may be
captured in computational modeling by localist
representations, because each unit in a localist representation
is more easily interpretable and has a clearer conceptual
meaning. This characteristic captures the property of explicit
knowledge being more accessible and manipulable [6]. This

difference in the representation of the two types of
knowledge leads to a dual-representation, dual-process
model. Theoretical arguments for such models are presented
in, e.g., [8].1

Bottom-level activation (z) is modified through a settling
process using the NDRAM transmission rule [14]:
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where z[t] = {z1, z2, …, zr}is the bottom-level activation after
t iterations in the network, W is the bottom-level weight
matrix, and 0 < δ < 0.5 is the slope of the transmission
function. This settling process amounts to a search through a
soft constraint satisfaction process, where each connection
represents a constraint and the weights represent the
importance of the constraints [16]. Note that it was estimated
psychologically that each iteration in this network takes
roughly 350 ms of psychological time (for justifications, see
[5], [8]).
Once the response activations have been computed in both
levels, they are integrated using the Max function:
r
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Fig. 3. General architecture of the connectionist model. The model is
implemented in the Non-Action-Centered Subsystem of CLARION [5], [8][9].

Specifically, explicit knowledge is localistically
represented in the top level using binary activation. The left
layer in Fig. 3 (denoted x) is composed of n units while the
right layer (denoted y) is composed of m units. These layers
are connected using the binary weight matrix V, and the
information is transmitted using the standard weighted sum
(dot product, i.e., y = NVx, where N is a diagonal matrix
normalizing the activation of y).2
In the bottom level, implicit knowledge is represented
!
using r bipolar units (denoted z). Specifically, z = t1 + t2,
where t1 represents the first s units in z, which are connected
to the left layer in the top level using the E weight matrix.
Meanwhile, t2 represents the remaining r – s units in z,
which are connected to the right layer in the top level using
weight matrix F. In words, the E and F weight matrices are
used to ‘translate’ explicit knowledge into implicit
knowledge (i.e., ‘implicitation’) and vice-versa (i.e.,
‘explicitation’).

1
Note that Section IV proposes an algorithmic model [15]. Hence, the
units do not represent biological neurons. The model serves as a
constructive proof of the network/representation properties.
2
In the model, all the weight matrices are learned using Hebbian
learning. This type of learning has the advantage of psychological and
biological plausibility. The V, E, and F weight matrices are learned using
regular Hebbian learning (i.e., the outer matrix product). The bottom-level
weight matrix (W) is learned using a contrastive Hebbian learning rule [14].
More details can be found in the appendix of [5].

(1)

(2)

where o = {o1, o2, …, o m} is the integrated response
activation, y = {y1, y2, …, ym} is the result of top-level
processing, λ is a scaling parameter specifying the relative
weight of bottom-level processing, ki is the number of nodes
in the bottom level (in z) that are connected to yi (ki ≤ r - s),
and F = [fij] is a weight matrix. The integrated response
activation is then transformed into the Boltzmann response
distribution:
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where α is a noise parameter (i.e., the temperature). Note
that low noise levels tend to exaggerate the probability
differences, which lead to a narrow search of possible
responses and favors stereotypical responses. In contrast,
high noise levels tend to minimize the probability
differences, which leads to a more complete search of the
response space.
A response is stochastically chosen based on the response
distribution (3) and the statistical mode of the distribution is
computed to estimate the ICL. This measure represents the
relative support for the most likely response (which may or
may not be the stochastically selected response). In the
current model, the chosen response is output if the ICL is
higher than threshold ψ. However, if the ICL is smaller than
ψ, the search process continues with a new iteration using
the chosen response to activate the left layer (x = VTo; z =
Ex).
The algorithm specifying the complete process is
summarized in Table I. More details of the computational
model can be found in [5]. Section V presents an example
simulation of incubation while Section VI presents an

example simulation of insight. Note that in all the
simulations, the parameters were set to reasonable values to
qualitatively reproduce the human data. No optimization
technique was used.
1.
2.
3.
4.

5.

TABLE I: ALGORITHM OF THE CONNECTIONIST MODEL
Observe the current state of the environment;
Compute the response activations;
Compute the integrated response activation and the
resulting response distribution;
Stochastically choose a response and compute the
statistical mode of the response distribution:
a. If the mode is higher than ψ, output the response;
Else, if there is time remaining, go back to step 2.

V. INCUBATION IN A FREE RECALL TASK
A. Experiment
Smith and Vela [17] studied the effect of incubation on
the number of new words recalled during a second free
recall test in a two-phased free recall experiment. This
measure is referred to as ‘reminiscence’ in experimental
psychology.
The participants had five minutes to memorize 50 line
drawings. Following this study phase, the participants took
part in the first free recall test, which lasted 1, 2, or 4
minutes. Once the first free recall test was completed, the
participants had a 0-, 1-, 5-, or 10-minute break (which
constituted the incubation phase). After the incubation
phase, all the participants took part in a second free recall
test. The length of the second free recall test was the same as
the first (and based on the same set of line drawings seen
earlier, without re-studying them). 221 participants were
tested in this 3 × 4 design and the dependant variable was
the reminiscence score.
B. Empirical Results
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A Test Duration × Incubation Interval ANOVA was
performed on reminiscence (see Fig. 4). There was no effect
of Test Duration, F(2, 209) = .27, p > .7, but Incubation
Interval had a significant effect on reminiscence, F(3, 209) =
9.4, p < .01. The mean reminiscence scores for each
incubation interval were 2.90, 3.15, 3.72, and 5.00. Post hoc
tests (α = .05) showed that the first two incubation intervals
(0 and 1 minute) yielded similar reminiscence scores, and
that these scores were smaller than those obtained for longer
incubation intervals (5 and 10 minutes respectively, which
did not differed statistically). Subsequent experiments
showed that the effect of Incubation Interval on
reminiscence was significant only during the first minute of
the second free recall test [17].
C. Simulation
To simulate this task with EII, only the right layer was
used in the top level of the CLARION model (see Fig. 3)
and each node represented a different line drawing (word).3
In the bottom level, all the concepts (each represented by a
top-level node) were encoded with a common pool of nodes
using distributed representations (r = 500 and s = 0), and a
different bottom-level distributed representation was
randomly generated for each line drawing (word).4
To simulate the first free recall test, a random pattern
activated the bottom level, and the activations were
propagated within the bottom level until convergence of the
attractor neural network. The resulting stable activation state
activated the top-level right-layer nodes through bottom-up
“explicitation”, and the top-level activations were
transformed into a distribution as explained before (as
activations of the corresponding top-level right-layer nodes;
α = 0.06). The statistical mode of the distribution was used
to estimate the ICL, which was compared with the threshold
value ( ψ = 0.896). If the ICL was sufficiently high, a word
(node) was stochastically chosen for recall. Otherwise, no
response was output, and a new random pattern was used to
activate the bottom level and start the process again. Each
spin in the bottom level was estimated to take 350 ms of
psychological time. Hence, the durations of recall were 171,
343, and 686 spins (for 1, 2, and 4 minutes respectively).
Simulation of the incubation period was basically the
same as that of the first recall test except for the following:
(a) recall was noisier (αinc = 0.085). (b) If an item was
recalled, it was stored in a buffer memory [5], [8]. The
incubation intervals were 0, 171, 857, and 1714 spins (for 0,
1, 5, and 10 minutes respectively).
The second free recall test was identical to the first, except
that items in the buffer memory were output at the beginning
of this period. This represented the fact that in [17], most
words were recalled during the first minute of the second
test (see Section IV.B).
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Fig. 4. Reminiscence effect found in [17]. The black bars represent 1minute tests, the white bars represent 2-minute tests, and the grey bars
represent 4-minute tests.

3
This can be accomplished by setting the number of nodes in the left
layer to zero (i.e., n = 0 and m = 50) and the knowledge integration
parameter to a large value (causing top-level rules to be ignored; e.g., λ =
50).
4
The bottom level was pre-trained to encode the random representations
for 15 epochs with: η = 0.001, ζ = 0.9999, δ = 0.49, and p = 10. For an
explanation of the parameters, see [14].

D. Simulation Results
Twelve thousand simulations were run (1,000 in each of
the 12 conditions). A Test Duration × Incubation Interval
ANOVA was performed on the reminiscence scores (see
Fig. 5). As in the analysis of the human data, the incubation
length had a significant effect on reminiscence F(3, 11988)
= 1661.34, p < .0001. The mean reminiscence scores were
1.73, 2.03, 3.04, and 3.80 for the 0-, 1-, 5-, and 10-minute
incubation intervals respectively, which is similar to the
human data. Post hoc Tukey analyses showed that all
incubation levels were statistically different (p < .05). The
interaction between the factors also reached statistical
significance F(6, 11988) = 57.70, p < .0001). This
interaction indicates that the effect of test duration is
different for short and long incubation intervals. Yet, the
statistical significance of the difference is mainly due to the
large number of degrees of freedom in the statistical analysis
(i.e., number of simulations), because the biggest group
difference within each incubation level is smaller than 1
word (i.e., the biggest difference between any pair of test
lengths within the same incubation length is 0.739). Finally,
the main effect of Test Duration did not reach statistical
significance F(2, 11988) = 0.78, p = 0.46, as in the human
data.
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Fig. 5. Simulated reminiscence effect. The x-axis is the incubation length
and the y-axis is the mean reminiscence score. The black bars represent 1minute tests, the light gray bars represent 2-minute tests, and the dark gray
bars represent 4-minute tests.

E. Discussion
The model was able to reproduce the effect of incubation
on reminiscence reported in [17]. The main difference
between the human data and the simulation data was the
interaction between test duration and incubation interval.
This difference could have been fixed by modeling more
accurately the working memory capacity (e.g., by using an
upper limit on memory capacity). However, the focus of this
simulation was not to capture the minute details of the free
recall data but to show that a general integrative model could
account for the qualitative patterns in the human data.
Overall, the model was successful in achieving this goal of
capturing the data concerning the effect of incubation in a
free recall experiment.

VI. INSIGHT IN A DISCOVERY TASK
A. Experiment
In their Experiment 3A, Bowers and his colleagues [20]
tried to assess the continuous nature of the implicit processes
leading to insight. To test this hypothesis, fifteen clue-words
were presented sequentially to the participants, and their task
was to find a word (the target) that was associated with all of
them. First, a single clue-word was displayed, and the
participants had 15 s to generate a potential solution (i.e., a
word associated with the clue-word). Following this 15 s
period, a second clue-word was added and the participants
had 14 s to generate a word associated with the two cluewords. Each time a new clue-word was added, all the
previous clue-words remained on the screen, and the time
allowed to generate a potential solution (i.e., a word
associated with all the available clue-words) was shortened
by one second until it reached the sixth clue-word. From that
point on, the participants had ten seconds to generate a
potential solution after every additional clue. Note that cluewords thirteen to fifteen were on average thirteen times more
frequently associated to the target than the other clue-words
according to the Kent-Rosanoff word association test [21].
At any moment, if the participant thought that s/he might
have generated the correct solution, s/he was to mark it as a
‘hunch’; if s/he was convinced that s/he had generated the
correct associate, s/he was to mark it as a ‘solution’. 100
participants solved sixteen different problems. The
dependant variables were the number of clue-words needed
to find a hunch and the number of additional clue-words
required to turn a hunch into a solution.
B. Empirical Results
The results showed that the mean number of clue-words
required to generate a hunch was 10.12 (SD = 4.55) and that
only 1.79 (SD = 0.96) additional clue-words were required to
produce a solution (no statistical test was provided). These
results were interpreted as showing that continuous
processes are involved in this discovery task, and that the
suddenness of insight simply reflects the reach of a
“conscious” threshold. Also, the authors further speculated
that hunches were implicitly generated, and explicitly tested.
Hence, hunches should be the result of implicit processing
while solutions should be found explicitly.
C. Simulation
In the top level, the left layer contained the clue-words
while the right layer contained the targets (see Fig. 3). Each
clue-word and each target word was represented using a
different node (n = 240, m = 16). Also, the top-level
associations between clue-words thirteen through fifteen and
their associated target were strengthened to reproduce the
experimental manipulation of word associations.5 In the
bottom level, each clue word in the sequence was associated
to a different subset of units (using distributed
representation); all the target words also shared a common
subset of units (r = 160, s = 150). The increased associations
5

In the pre-training, these clue-words were presented thirteen times
each, whereas other clue-words were presented only once.

of clue-words thirteen through fifteen with the target words
was (redundantly) encoded in the bottom level by adjusting
relevant frequencies during the training of the bottom-level
network (just like in the top level).6
To simulate this task, a stimulus (clue-word) first
activated the top-level’s left layer and the corresponding part
of the bottom level. The activation was simultaneously used
to seek explicit and implicit associations. (When multiple
clue-words
were
presented
simultaneously,
the
representations were simply superposed using summation,
emulating the simultaneous presentation of several cluewords.) Because each iteration in the bottom level was
assumed to takes 350 ms of psychological time (as in the
previous simulation), 43 iterations were allowed for the first
clue-word (15 s), and there was a decrement of 3 iterations
for each subsequent clue-word until the fifth (a decrement of
1 s). From the sixth to the fifteenth, 28 iterations were
allowed (10 s). Once the processing in the bottom level was
completed, this information was sent back to the top level
(through “explicitation”) and integrated with the top-level
activation (λ = 1). This integrated activation was further
transformed into a Boltzmann distribution and the mode of
the distribution was used to estimated the ICL. If the ICL
was higher than a lower threshold (ψ1 = 0.959), the output
was marked as a hunch. If a hunch had already been
identified and the ICL was higher than a higher threshold
(ψ2 = 0.961), the output was identified as a solution.7
D. Simulation Results

Fig. 6. Mean raw activation in the top and bottom levels after the
presentation of each clue-word. The dashed line represents the bottom-level
activation while the full line represents the top-level activation. The model
response results from the integration of top- and bottom-level activation
using a Max function.

One hundred simulations were run, each representing a
different human participant (the same number as in the
human experiment).8 The mean number of clue-words
needed to identify a hunch was 9.8 (SD = 4.4), and only 2.0
(SD = 3.0) additional clue-words were needed to correctly
identify the solution, which is well inside the confidence

interval of the human data (10.12±0.46 and 1.79±0.1,
respectively). Fig. 6 shows the activation present in the top
(the full line) and bottom (the dashed line) levels of the
model. Because the model uses Max in integrating the
results from the two levels after the presentation of each
clue-word (2), hunches were on average generated by
implicit processing (i.e., the dashed line is above the full line
after 9.8 clue-words), while solutions were the results of
explicit associative retrieval (i.e., the full line is above the
dashed line after 11.8 clue-words). All these simulation
results are in line with Bowers and his colleagues’ data and
predictions [20].
E. Discussion
CLARION successfully reproduced the empirical data.
The activation in the model increased continuously, and
“hunches” were generated mostly by the bottom level.
‘Solutions’ were mostly produced by the top level. This
process is in line with (a) Bowers and his colleagues’
speculations [20], (b) Evans’ heuristic-analytic theory of
reasoning [22], and (c) the EII theory [4]-[5]. Hence,
CLARION captures data related to insight in the discovery
task.
VII. CONCLUSION
In this paper, a connectionist model of creative problem
solving has been proposed. The connectionist architecture is
simple and yet powerful enough to capture psychological
data related to incubation in free recall [17] and insight in
the discovery task [20]. These simulations suggest that, in
line with existing psychological theories and human data, the
performance in different psychological tasks is affected by
implicit processing even when attention is diverted, and that
insight might be the result of a continuous process that
appears to be sudden.
Other simulations supporting the presence of other stages
of Wallas’ analysis of creative problem solving [1] have
been run using CLARION-based models (e.g., [4]-[5]).
These additional simulations suggest that performance in
insight problem solving (e.g., [23]-[24]) rely on the same
basic processes as the tasks simulated in this paper (e.g.,
implicit processing and knowledge interaction [5]). Also,
analysis of creative performances suggest that the ExplicitImplicit Interaction theory may provide an integrative
framework relating all of these phenomena [5]. Future work
should be devoted to the simulation of many more such
tasks/problems, as well as the simulation of regular problem
solving to further substantiate CLARION [8]-[9].
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