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Sudden and Gradual Processes of Insight Problem Solving:
Investigation by Combination of Experiments and Simulations

Hitoshi Terai and Kazuhisa Miwa({terai, miwa}@cog.human.nagoya-u.ac.jp)
Graduate School of Information Science, Nagoya University
Furo-cho, Chikusa-ku, Nagoya, 464-8601 Japan

Abstract ple screenshot of the task is shown in Figure 1. The display
The insight process is generally characterized by suddenly CONSists of three slots, and in each slot a single digitestat
finding a solution in problem solving. On the other hand, re-~ a speed that prevents the subjects from perceiving eadh digi
cent cognitive studies have indicated that the insight process A history data window indicates the instances of the past fou
'QV%'VeS a gradtia' process r?fbafpproialclp]lng ”t"e _S?_'Ut'orf‘-”']“ this trials. The digit in the third slot is controlled by an unknow
stuay, we investigated suci Ifaclal characteristics o e In- : -
sight process from the viewpoint of a hypothesis search pro- rule (targgt rule). I_f t_h_e SUbJeC.tS find the targ_et r_ule, then they
cess by psychological experiments, and tried to explain how C€an predict the digit in the third slot. The mission of thesub

these characteristics arise using a computer simulation model. jects is to find the target rule and predict the digits in thidth
In the computer simulation model, we assumed that the insight  g|ot.
process consists of two qualitativelyfidirent types of hypoth-

esis search processes in which reinforcement and chunking ireutios TEESIot
learning methods are used. The results of computer simula- 1 S 6
tion models indicated that both sudden and gradual character- Setony Stot

istics arose from the interaction of these processes in problem 2 1 3
solving.

Keyword: cognitive science; creativity; problem solving; hu-

man experimentation; symbolic computational modeling. 0o 0 O

N History Data
Window

Introduction 7

Bifacial Characteristics of the Insight Process

Insight problem solving is dierent from normal problem
solving in many aspects. In normal problem solving, we ap-
proach to a solution through incremental steps. On the other Figure 1: Screenshot of discovery task used in this study.

hand, in insight problem solving, we meet an impasse be- g ot are required to predict the digit in the third slot

. . . Mfter the two digits in the first and second slots stop rogatin
factors and then suddenly find a solution (Metcalfe & Wlebe,A series of the procedure, stopping the first and second slots

1987; Smith, 1995). In contrast to the sudden attainment of 4 yhen, predicting and confirming the third digit, is called

a solution, the process of insight problem solving develops, iz A history data window below the three slots shows

:jhrougl? %r?dualhsteps. In this fcontextl, the insight plroce_s;s the results of the past four trials as history data. The rules
escribed from the viewpoint of mental constraint reld@tl - o ted in each trial by the subjects are called hypotheses

First, mental constraints arise from past experiences lzend t which are proposed in the process of hypothesis formation
structures of problems, and we meet an impasse because th testing.

constraints prevent us from reaching a solution. Gradually This is a discovery task that requires insight. Therefore,

these mental constraints are relaxed. Therefore a seath thy,e 55) js manipulated to lead the subjects to find a sham
does not follow these mental constraints gradually in@8as 1 called ablocking hypothesis, which differs from the tar-
gnd V\E fSChHa S(I)(I_ugo&.(Knotl)(lllcgc,)é)shlsson, & Raney, 2001get rule. The target rule: “the third digit in theth trial is
UZuKi, Abe, Hiraxl, & Miyazaki, )- determined by adding three to the third digit in théth (pre-
Purpose vious) trial” with a vertical relation. The blocking hypasis:
“the third digit is equal to the sum of the first and second dig-

How can we systematically explain such bifacial character-its., with a horizontal relation.

istics of the insight process? The purpose of this study is to Subjects are required to predict the digit in the third slot

construct a computational model for the insight processifro C . ,
a viewpoint where it consists of both sudden and gradual prozzlfter the two digits in the first and second slots stop rogatin

cesses. In this study, we attempt to understand the insig In the initial eight trials, by controlling the first and sewxb

, ; : 2 digits, the third digit is consistent with the sum of the first
E(r)cr)r?[e)a?e%iﬁqoqutlijgggg psychological experiments and USINGnd second digits while maintaining the target rule exigtin

across the vertical row (see the example display in Figure 1;
; this rule is confirmed as follows: $3=4,6+1=7,0+
. Insight Task 0=0,2+1=3,1+5=6in each column, and a series of
Overview 4,7, 0, 3, 6 from bottom to top in the third row). Therefore,
In this study, we proposed and used a discovery task thahe subjects are guided to the blocking hypothesis with the
asked subjects to find a rule for predicting a digit. An exam-horizontal relation as a sham rule. After the first eightdtia

4
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digit predicted by the blocking hypothesis gradually die@g  discontinue the third slot to confirm the hypothesis. Such hy
with an actual third digit. Consequently, from the nintlakri pothesis proposing and testing as a trial lasted for a maximu
subjects begin to receive negative instances calkgdtive  of 55 minutes until finding the target rule.
feedback that disconfirm the blocking hypothesis. R "

esults

Definition of Types of Hypothesis Spaces We excluded eight of the twenty-four subjects because they
The process through which subjects find the target is considcould not form a blocking hypothesis through the initialreig
ered as a process of searching for a hypothesis space. A grotfj@ls or could not provide any fine eye movement data. In
of hypotheses that have a common regularity constitutes a hyhis paper, we are only concerned with the results of the five
pothesis space; therefore the target rule and the blocking h successful subjects who found the target rule (for detais s
pothesis belong to ffierent problem spaces. In this study, the Terai and Miwa (2003)).

relation between hypotheses and hypothesis spaces isadlefing., sition of Proposed Hypotheses Figure 2 shows the

as follows. transition of the proposed hypotheses in successful sishjec
Blocking Hypothesis Space A set of hypotheses character- The horizontal axis indicates the number of trials, and #ire v
ized by a horizontal relation is defined as a blocking hypothAical axis indicates each type of hypothesis and the hygséthe

esis space. space described above.

Blocking Hypothesis. as described above. Figure 2 shows that all successful subjects found the block-
Horizontal Hypotheses: rules characterized by a horizontal ing hypothesis by the time they reached the ninth trial. Afte
relation other than the blocking hypothesis. the ninth trial, the subjects began to receive negativaintss

for the blocking hypothesis, proposing other hypothesas th
the blocking hypothesis. However, hypotheses that existed
outside of theblocking hypothesis space were almost never

: ) _ . . proposed, confirming that the subjects continued to search f
Vertical Hypotheses: rules characterized by a vertical relation the blocking hypothesis space. This result indicates tiat t

other tha_n_ the target rule. . subjects had encountered an impasse. Figure 2 shows that the
In addition to these hypotheses, subjects reported hypotheiiscovery of the target rule seemed to occur suddenly from
ses characterized by both horizontal and vertical relation the state where subjects were searching for the blocking hy-

which are involved neither in the blocking hypothesis space,sihesis space, rather than by a gradual shifting through po
nor in the target space, such as the same digits arranged digg i hypothesis spaces.

onally.

Target Space A set of hypotheses characterized by a verti-
cal relation is defined as a target space.
Target Rule: as described above.

subjects: ©—11 —E5-12 —A—I3 %14 KI5

Target

Psychological Experiments

In psychological experiments, we requested subjects t@sol
the discovery task as described above and analyzed the pro-
cess of the subjects stumbling into insight.

Vertical [

Target Space

Vertical &
Proposed Hypothesis and Hypothesis Search Horizona
The subjects repeated the following procedures to find the
target rule. First, they predicted the digit in the thirdtdlg
proposing a hypothesis (we call this procégpothesis pro-
posal), and second they stopped the third slot to confirm this
hypothesis. In this study, we capturbgpothesis proposals
by using subjects’ verbal reports.

However, verbalized hypotheses do not indicate all hyFigure 2: Transition of proposed hypotheses in successful
potheses searched by the subjectéiypothesis search phase  groups.
of searching for a huge variety of hypotheses, that is, agphas . )
of seeking various possibilities, would probably existiunt Transition of Hypothesis Search Next, we analyze the
a hypothesis is proposed by thgpothesis proposal phase. Process of subjects searchlng_for hypothe3|s spaces tpadin
In this study, such non-verbalizdypothesis search in solv- 10 finding the target rule by using their eye movement data,
ing the task became apparent by capturing subject eye movéhich were obtained as transition patterns of the fixation of
ments. For example, searching for thlecking hypothesis ~ €ye movement. . .
space is identified from horizontal eye movements and the The transition of the horizontal and vertical eye movements

Horizontal @AAA

Blocking sy

Hypotheses and Hypothesis Space

Blocking Hypothesis Space

target space from vertical eye movements. of successful subjects is shown in Figure 3. The horizontal
axis shows the number of trials: the first nine trials, three
Method trials after negative feedback was given, and four triafeige

0f'stnd after the target rule was discovered. The vertical axis
indicates the ratio of each type of eye movement to all types
of eye movement (horizontal, vertical, diagonal, and fixed)

Procedure The subjects start a trial, report a predicted rule Figure 3 shows that the horizontal eye movement, corre-
as a hypothesis after the first and second slots stopped, asgonding to search for the blocking hypothesis space, domi-

Subjects Twenty-four undergraduate students participate
in this experiment.
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nated until the subjects reached the ninth trial. By coftras data indicates the positional relation of the associated digits
after they were given negative feedback, the ratio of horizo in Figure 1. In this casesequence of data horizontally indi-

tal eye movement gradually decreased whereas the ratio ahtes “slot 1, slot 2, slot 3.” This attribute correspondsto
vertical eye movement gradually increased. This result ind manner of search: how subjects search for the experimental
cates that the search for the blocking hypothesis space gradtimulus of the task and obtain data from it.

ually decreased and the search for the target space gnaduall On the other handyumerical relation corresponds to a nu-

increased. merical rule existing among data involved in tseguence of
_ ) data. In this case, theumerical relation is “addition.” This
—o— Horizontal —H&— Vertical . . .
06 attribute corresponds to numerical knowledge retrievethfr

the long-term memory of the subjects.

In this study, we captured the insight process by focusing
on the searching hypothesis spaces. The attribute that cor-
responds to search for hypothesis spacegsence of data;
therefore in the following, we focus only aequence of data.

05
04

0.3

Adaptive Process and Knowledge Driven ProcessThe
learning of sequence of data is performed through confir-
mation or disconfirmation of the formed hypotheses. In the

S N model, hypothesis formation is conducted by assuming two
0 N different processes: adaptive and knowledge driven.

Before Solution  After Solution

02 -

0.1

Ratio of Each Type of Eye Movement

Trials

Adaptive Process The adaptive process performs hy-
othesis formation using reinforcement learning. Pastefm
sequence of data that constitute hypotheses are learned as ob-
Summary taining data behaviors in reinforcement learning. To beemor

] ) - precise, the model forms hypotheses based on botlsethe

In psychological experiments, we captured the transit@ins  guence of data obtained from reinforcement learning and the
hypothesis search and hypothesis proposal in the process of  nymerical relation retrieved from the long-term memory that
hypothesis formation and testing by using subjects’ vemal  satisfy sequence of data. In the adaptive process, obtaining
ports and eye movement analysis. From the viewpoint of th@jata behavior from the stimulus of the task changes based on

former, regarding their hypotheses lagothesis proposal,  the experiences of confirmation or disconfirmation of the hy-
the discovery of the target rule seemed to occur suddenlyptheses.

from falling into an impasse. On the other hand, the analysis
of subject eye movement &gpothesis search revealed that . )
searching hypotheses gradually varied with the developmen Knowmedge Driven Process In the adaptive process, a

Figure 3: Transition of hypothesis search in successfub
groups.

of problem solving after negative feedback was given. generated_hypothe5|s is gradually adopted based on the suc-
cess or failure of forming hypotheses. On the other hand,
Computer Simulation Model in the knowledge driven process, past experiences are ex-
i ) i ploited aschunks to form hypothesesChunks are success-
Process of Insight Problem Solving as a Hybrid ful instances in thedaptive process: in this case, particular
Model sequence of data patterns. For example, when a hypothesis

The suddenness and gradualness of insight problem sol{s formed using data acquired in a sequence of “slot 1, slot
ing are confirmed through psychological experiments in thig» Slot 3" and confirmed repeatedly in thdaptive process,
study. In this section, we explain how such bifacial charachis sequence of data is extracted as a specific pattern, i.e., a
teristics of the insight process arise by using a computer si chunk, that will be exploited in thé&nowledge driven process.
ulation. In the adaptive process, when such data acquisition pat-
In our model we assumed that the insight process consist§ns become irféective in hypothesis formation, the patterns
of two different processes. One tries to form hypotheses b§annot be kept by relearning because learning the obtaining
exploiting past experiences. This process is calledtoa- data be_h_awor is probabilistic. By qqntradhunkscorresppnd
edge driven processin this model. Another tries to form hy- 0 Specific patterns of data acquisition, such as obtainétg d
potheses according to feedback from the environment. Thi§0m horizontal or vertical directions, and so on. Thus,enc
process is called thadaptive process in this model. In this & data acquisition pattern is learned ahank, then this pat-
study, we will explain the bifacial characteristics of tme | {€rn is maintained even if it becomes ffegtive in hypothesis
sight process as a phenomenon arising from interaction bdormation.
tween theadaptive process and theknowledge driven process.

. I nteraction Between the Adaptive Process and the Knowil-
Outline of the Model edge Driven Process The adaptive process and theknowl-
Attributes of a Hypothesis A hypothesis formed in the edge driven process interact with each other in interactions
task used in the psychological experiments consists of twthat consist of bottom-up and top-down learning. The for-
attributes:sequence of data andnumerical relation. Consider  mer corresponds to extractirhunks that develop from the
rule “slot 3= slot 1 + slot 2” as an exampleSequence of  adaptive process to theknowledge driven process. Top-down

836



ORandom M Adaptive [JHybrid

0.8

learning corresponds to adjusting the parameters of neiefo
ment learning that develop from tlk@owledge driven pro-
cess to theadaptive process.

Hypothesis Search and Hypothesis ProposalThe rule
discovery process consists lofpothesis search and hypoth-

esis proposal. Hypothesis search is carried out through the
adaptive process and theknowledge driven process as de-
scribed above. The model searches for hypotheses while al-
ternating between the two processes that occur in a certain
probability. When an appropriate hypothesis is discovered Insight Problem  Non-Insight Problem
g]o&ygéhg?cfaﬂp?fghﬁs ﬁ;%p;shaé,s\gh:;hgﬂ:;)&/\t/,sgﬁd th@gure 4. Models’ performances of discovering the target
model moves to the next trial after discontinuing the thirdUle-

slot. On the other hand, if an appropriate hypothesis is not |nggnt Task Figure 4 shows that when solving the in-
discovered irhypothes's search, thenknowledge driven pro- — gjgpt task, the performance of the random model is the high-

cess proposes a hypothesis as output that was formed using&. second is the adaptive model, and the worst is the hybrid

chunk. model. In the adaptive model, performance apparently de-
; : creases more than in the random model because, when this

Computer Slmulatlon§ ] model found the blocking hypothesis in the initial eighaksi

We used three alternative models and twiiedlent tasks t0  an jnvalid sequence of data constituting this hypothesis was

estimate the validity of these models in computer simutestio  reinforced. Furthermore, in the hybrid model, performance

Models The hybrid model is as described above. As an in-2iS0 apparently further decreases becaustuak, blocking
sight model we compared it with both the adaptive and ran?he dlscovery_ of the target, was formed due to finding a block-
dom models to indicate the validity of the hybrid model. Theing hypothesis.

adaptive model is a model in which tkeowledge driven pro-

cessin the hybrid model is replaced by tlaglaptive process; Non-insight Task By contrast, when solving the non-

in other words, this model forms a hypothesis by only us-insight task this pattern is reversed. For the non-insiasit .t

ing reinforcement learning. In the random model, both thethe performance of the hybrid model is the highest; second
knowledge driven process and theadaptive processin the hy- s the adaptive model, and the worst is the random model. In
brid model are eliminated; data acquisition and hypothesishe non-insight task, apparently the experience of distoye
formation are performed randomly. the blocking hypothesis by the eighth trial, where the targe
rule exists in the same problem space as the blocking hypoth-
?sis space, which facilitated the discovery of the targlet ru

in the hybrid model, ahunk was learned from this experi-
gnce that workedfBectively. Although learning also occurs

In the adaptive model, its performance is lower than the hy-
brid model because relearning occurs whenever hypotheses
e disconfirmed, increasing the search for other hypathesi
spaces more than the blocking hypothesis space. The perfor-
mance of the random model was the lowest because it does
not learn.

Ratio of Discovering Target Rule

Tasks We used two tasks, insight and non-insight, to esti-
mate the three models above and to indicate the validity o
the hybrid model as an insight model.

The insight task was identical to the task used in the abov
psychological experiments. On the other hand, the non

blocking hypothesis in the non-insight task is identicahtat
in the insight task. The target rule is, “the third digit isets-
tent with the sum of the units’ and tens’ digits of the additio
of the first and second slots.” For example, when the first antHypothesis Search and Hypothesis Proposallt is con-
second slots are nine and eight, the third slot becomes eigfitmed that the performance of the hybrid model for the in-
as an addition of seven (i.e., the units’ digit) and one,({t®  sight task decreased as well as in the above psychological

tens’ digit). experiments. Next, we focus on the process of searching for
hypothesis spaces and proposing hypotheses in each model
Results that solves the insight task.

Performances of Models Figure 4 shows the ratio of dis-  Figure 5 shows the transition of the hypothesis search and
covering the target rule by the fortieth trial where each elod the proposed hypotheses in each model solving for the in-
solves two types of experimental tasks. Each ratio is thesight task. The transition of the hypothesis search ind&cat
average of discovering the target rule, calculated througla change in the formed hypothesis in thgothesis search

one thousand simulations. The performances of the randoiphase. This data correspond to the psychological data cap-
model were the same when solving either the insight task otured using eye movement analysis in the psychological ex-
the non-insight task. This happened because tfferdhce periments. The transition of proposed hypotheses indicate
in the structures of the two tasks did not influence the perthe change of an output hypothesis in bypothesis proposal
formance of discovering the target rule since the hyposhesiphase. This data correspond to the psychological data cap-
search was performed randomly in the random model. Thugured by subject verbal reports in psychological experitsien
the random model can be considered a model in the control In the results of the transition of the hypothesis searodr(Fi
condition. ure 5 (a)), the horizontal axis shows the number of trials tha
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Figure 5: Transition of Hypothesis Search and Proposed thgses.

indicate the first nine trials, the following three trialseaf  This similarity was also observed in the behavior of the ran-
negative feedback was given, and the three trials before ardbm model.
after the target rule was discovered. The vertical axis-indi

cates the ratio of the number of hypotheses searched for in Hybrid Model On the other hand, the hybrid model
each hypothesis space in thypothesis search process to the  spqueqd a qualitatively dierent pattern from those shown by

number of hypotheses searched for in all hypothesis spacesiher models. In théaypothesis search, after negative feed-

e oo, oo VPl 5€Back was ghen searing o th bcking ypofess space
' dually d d. As fort thesi sal, hy-
as Figure 5(a); the vertical axis indicates the ratio of thvan bradually decrease s for tfigpothes's propo y

X . potheses were proposed while being fixated from the block-
ber of hypotheses proposed in tgpothesis proposal phase  jng hynothesis space even after negative feedback was, given
to the number of all proposed hypotheses.

) - ) confirming that the discovery of the target rule occurred sud
In the hypothesis proposal, it is confirmed that each model denly. This means that tHe/pothesis proposal pattern was

Next we will discuss the behaviors of each model after nega-

tive feedback was given. Summary

The bifacial characteristics of insight process, gradesgn
in hypothesis search and suddenness hypothesis proposal,

Random Model After negative feedback was given, - - —
searching for the blocking hypothesis space drastically de/Vere confirmed by the hybrid model through computer simu

creased. and the model moved to a random search Corrlaftions‘ These results imply that such bifacial charasties
o AT ! ) of the insight process arise from the interaction between th
spondingly, in thehypothesis proposal, the random model adaptive process and theknowledge driven process.

proposed a wide variety of hypotheses without fixating on a

search for the blocking hypothesis space. Discussion

In this section, we discuss the elements that characterize i
Adaptive Model After negative feedback was given, sight: fixedness and suddenngsadualness in the insight
searching for the blocking hypothesis space gradually deprocess.
creased. Correspondingly, in thgpothesis proposal, other .
hypotheses than those in the biocking hypothesis space if-ixedness
creased. The transition patternhypothesis searchis almost  In psychological experiments, after negative feedback was
identical to thehypothesis proposal in the adaptive model. given, although searching for hypothesis spaces gradually
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varied, hypotheses were fixatedly proposed from the blgckin Weak Constraint: This constraint appears in hypothesis for-
hypothesis space. Such fixedness is one of the representatimation based on reinforcement learning in #uaptive pro-
phenomena characterizing insight, and this leads impasses cess.

Fixedness is also generally found in daily life. Referred These two qualitatively dierent constraints are considered
to as functional fixedness, problem solving is inhibited bycritical for adapting to environments in parallel while ex-
the constraints of the daily usage of objects, even though weloiting past experiences. Our computer simulations demon
are not compelled to do so (Duncker, 1945). Moreover, suclstrated that suddenness and gradualness in the insigletssroc
fixedness occurs not only in functional aspects but alsoén tharise from these two constraints.
strategy selection of problem solving and memory retrieval )

(Luchins & Luchins, 1950; Smith & Blankenship, 1991). Conclusion

This phenomenon was also confirmed in the computer simi this study, we discussed the insight process from falling
ulation results of this study. When solving the insight task,into an impasse to sudden discovery in both psychological
if the blocking hypothesis existing in afthrent hypothe- experiments and computer simulations. Proposed hypothe-
sis space than the target space was given, the hybrid modsés by subjects in psychological experiments showed sudden
produced fixedness on searching for the blocking hypothesishanges at the moment of discovering the target rule. By
space. Moreover, the results clearly showed that the perforcontrast, searching for hypotheses captured by eye motemen
mance of the hybrid model was the lowest in solving the in-analysis showed a gradual transition after negative fegdba
sight task becausghunks formed by bottom-up learning lead was given. Even if in the final selection phase captured by
the model to search for blocking hypothesis spaces. verbal reports, representation suddenly changes with diaish

The simulation results suggest that fixation arises from théduminance at the moment of finding the solution; in the pro-
accumulation of past experiences as chunks. However, iness of achieving insight, blocking constraints are griglua
many cases such a human though process facilitates probelaxed after receiving feedback from the environment. In
lem solving— for example non-insight problems, where suchhis study, it was confirmed that the bifacial characterssti
a nature #ectively promotes the discovery of target rules. of the insight process arise from the interaction between th
In short, in non-insight problems, searching for hypothe-adaptive process guided by a weak constraint and tkreowi-
ses in the target space is facilitated by chunks formed fronedge driven process by a strong constraint.
past experiences. When the non-insight task was given to
each model in the simulations, the performance of the hybrid Acknowledgment
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