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Abstract

Thispaperexplicatestheinteractionbetweentheimplicit
andexplicit learningprocessesin skill acquisition,con-
trary to thecommontendency in theliteratureof studying
eachtypeof learningin isolation. It highlightsthe inter-
action betweenthe two typesof processesand its vari-
ouseffectsonlearning,includingthesynergy effect. This
work advocatesanintegratedmodelof skill learningthat
takes into accountboth implicit and explicit processes;
moreover, it embodiesa bottom-upapproach(first learn-
ing implicit knowledgeand then explicit knowledgeon
its basis)towardsskill learning. The papershows that
this approachaccountsfor variouseffectsin the process
control taskdata,in additionto accountingfor otherdata
reportedelsewhere.

Introduction
Therole of implicit learningin skill acquisitionandthe
distinction betweenimplicit and explicit learninghave
beenwidely recognizedin recentyears(see,e.g., Re-
ber 1989, Stanley et al 1989, Willingham et al 1989,
ProctorandDutta1995,Anderson1993),Although im-
plicit learninghasbeenactively investigated,complex
andmultifacetedinteractionbetweentheimplicit andthe
explicit and the importanceof this interactionhave not
beenuniversallyrecognized;to a large extent, suchin-
teractionhasbeendownplayedor ignored,with only a
few notableexceptions. Researchhasbeenfocusedon
showing the lack of explicit learningin variouslearning
settings(seeespeciallyLewicki et al 1987)andon the
controversiesstemmingfrom suchclaims.Similar over-
sight is alsoevidentin computationalsimulationmodels
of implicit learning(with few exceptionssuchasCleere-
mans1994).

Despitethe lack of studiesof interaction,it hasbeen
gainingrecognitionthat it is difficult, if not impossible,
to find a situation in which only one type of learning
is engaged(Reber1989, Seger 1994, but seeLewicki
et al 1987). Our review of existing data(seeSunet al
2001)hasindicatedthat,while onecanmanipulatecon-
ditions to emphasizeoneor theothertype,in mostsitu-
ations,both typesof learningareinvolved,with varying
amountsof contributionsfrom each(see,e.g.,Sunet al
2001;seealsoStanley etal 1989,Willinghametal 1989).

Likewise, in the developmentof cognitive architec-
tures(e.g.,Rosenbloomet al 1993,Anderson1993),the

distinction betweenproceduraland declarative knowl-
edgehasbeenproposedfor a long time, andadvocated
or adoptedby many in the field (seeespeciallyAnder-
son1993). The distinctionmapsroughly onto the dis-
tinction betweenthe explicit and implicit knowledge,
becauseproceduralknowledgeis generallyinaccessible
while declarative knowledgeis generallyaccessibleand
thus explicit. However, in work on cognitive architec-
tures,focushasbeenalmostexclusively on “top-down”
models (that is, learning first explicit knowledge and
thenimplicit knowledgeon thebasisof theformer), the
bottom-updirection(thatis, learningfirst implicit knowl-
edgeand then explicit knowledge,or learningboth in
parallel)hasbeenlargelyignored,parallelingandreflect-
ing the relatedneglect of the interactionof explicit and
implicit processesin the skill learningliterature. How-
ever, thereare a few scatteredpiecesof work that did
demonstratetheparalleldevelopmentof thetwo typesof
knowledgeor theextractionof explicit knowledgefrom
implicit knowledge(e.g,Rabinowitz andGoldberg1995,
Willingham et al 1989,Stanley et al 1989),contraryto
usualtop-down approachesin developingcognitive ar-
chitectures.

Many issuesarisewith regard to the interactionbe-
tweenimplicit andexplicit processes:(1) How canwe
bestcaptureimplicit andexplicit processescomputation-
ally? (2) How do the two typesof knowledgedevelop
alongsideeachotherandinfluenceeachother’s devel-
opment? (3) How is bottom-uplearningpossibleand
how canit berealizedcomputationally?(4) How do the
two typesof knowledgeinteractduring skilled perfor-
manceandwhat is theimpactof that interactionon per-
formance?For example,thesynergy of thetwo maybe
produced,asin Sunet al (2001). In this paper, we will
focuson the interactionandthe synergy resultingfrom
theinteraction.

A Model
Let us look into a modelthat incorporatesboth implicit
andexplicit processes.

Representation. The inaccessiblenatureof implicit
knowledgemaybecapturedby subsymbolicdistributed
representationsprovidedby a backpropagationnetwork
(Rumelhartet al 1986).This is becauserepresentational
units in a distributed representationare capableof ac-
complishingtasksbut aresubsymbolicandgenerallynot



individually meaningful(seeRumelhartet al 1986,Sun
1995); that is, they generallydo not have an associated
semanticlabel. This characteristicof distributed rep-
resentationaccordswell with the inaccessibilityof im-
plicit knowledge. 1 In contrast,explicit knowledge
may be capturedin computationalmodelingby a sym-
bolic or localist representations(Clark and Karmiloff-
Smith 1993), in which eachunit is easily interpretable
andhasa clearconceptualmeaning,i.e., a semanticla-
bel. This characteristiccapturesthepropertyof explicit
knowledgebeing accessibleandmanipulable(Smolen-
sky 1988, Sun 1995). This radical differencein the
representationsof the two typesof knowledgeleadsto
a two-level modelCLARION (which standsfor Connec-
tionist Learningwith AdaptiveRuleInductionON-line;
proposedin Sun 1997), wherebyeachlevel using one
kind of representationcapturesonecorrespondingtype
of process(eitherimplicit or explicit). 2

Learning. The learning of implicit action-centered
knowledgeat thebottomlevel canbedonein avarietyof
waysconsistentwith thenatureof distributedrepresenta-
tions. In thelearningsettingswherecorrectinput/output
mappingsareavailable,straightbackpropagation(a su-
pervisedlearningalgorithm)canbeusedfor thenetwork
(Rumelhartet al 1986).Suchsupervisedlearningproce-
duresrequiretheapriori determinationof auniquelycor-
rectoutputfor eachinput. In thelearningsettingswhere
thereis no input/outputmappingexternallyprovided,re-
inforcementlearning can be used(Watkins 1989), es-
pecially Q-learning(Watkins1989) implementedusing
backpropagationnetworks. Suchlearningmethodsare
cognitively justified: e.g., Shanks(1993) showed that
humaninstrumentalconditioning(a simpletypeof skill
learning)wasbestcapturedby associative models(i.e.,
neuralnetworks),whencomparedwith a varietyof rule-
basedmodels. Cleeremans(1997)arguedthat implicit
learningcouldnot becapturedby symbolicmodels.

Specifically, Q
�
x � a� is the “quality value” of actiona

in statex, outputfrom a backpropagationnetwork. Ac-
tions can be selectedbasedon Q values,for example,
usingtheBoltzmanndistribution (Watkins1989).

We learntheQ valuefunctionasfollows:

∆Q
�
x � a��� α

�
r � γmax

b
Q
�
y� b��� Q

�
x � a����� α

�
r � Q

�
x � a���

wherex is thecurrentstate,a is oneof theaction.r is the
immediatereward, and γmaxbQ

�
y� b� is set to zero for

theprocesscontrol taskwe tacklein this paper, because
we rely on immediatereward in this particulartask(de-
tailsbelow). ∆Q

�
x � a� providestheerrorsignalneededby

thebackpropagationalgorithmandthenbackpropagation

1However, it is generallynot thecasethatdistributedrepre-
sentationsarenot accessibleat all but they aredefinitely less
accessible,not as direct and immediateas localist represen-
tations. Distributedrepresentationsmay be accessedthrough
indirect,transformationalprocesses.

2Sun (1995, 1997), and Smolensky (1988) containmore
theoreticalargumentsfor suchtwo-level models(whichwewill
notgetinto here).

takesplace.Thatis, learningis basedon minimizing the
following errorateachstep:

err i �
	

r � Q
�
x � a� if ai � a

0 otherwise

where i is the index for an output node representing
the action ai . Basedon the above error measure,the
backpropagationalgorithm is appliedto adjustinternal
weights(whicharerandomlyinitializedbeforetraining).

The action-centeredexplicit knowledge at the top
level canalsobe learnedin a variety of ways in accor-
dancewith the localist representationsused. Because
of the representationalcharacteristics,one-shotlearn-
ing basedon hypothesistesting (Nosofsky et al 1994,
Sun 1997) is needed. With such learning, individuals
explore the world, anddynamicallyacquirerepresenta-
tionsandmodify themasneeded,reflectingthedynamic
(on-going)natureof skill learning(Sun1997,Sunet al
2001). The implicit knowledgealreadyacquiredin the
bottomlevel canbe utilized in learningexplicit knowl-
edge(throughbottom-uplearning;Sunet al 2001).

Initially, we hypothesizerulesof a certainform to be
tested(Dienesand Fahey 1995, Nosofsky et al 1994).
Whena measureof a rule (the IG measure)falls below
thedeletionthreshold,we deletethe rule. Whenever all
therulesof a certainform aredeleted,a new setof rules
of a different form are hypothesized,and the cycle re-
peatsitself. In hypothesizingrules,weprogressfrom the
simplestrule form to the mostcomplex, in the orderas
shown in Figure1, in accordancewith thosenumerical
relationsusedin humanexperiments(Berry andBroad-
bent 1988, Stanley et al 1989). (Other rule forms can
beeasilyaddedto thehypothesistestingprocess.Since
rulesaretestedin a parallel fashion,addingmorerules
will not drasticallychangetheworking of themodel.)

TheIG measureof a rule is calculated(in this process
controltask)basedontheimmediaterewardateverystep
whentherule is applied.The inequality, r 
 threshold,
determinesthe positivity/negativity of a stepandof the
rulematchingthisstep.3 Then,PM (positivematch)and
NM (negative match)countsof the matchingrules are
updated.IG is thencalculatedbasedonPM andNM:

IG
�
C ��� log2

PM
�
C ��� c1

PM
�
C �
� NM

�
C �
� c2

whereC is thecurrentruleandc1 andc2 (where2 � c1 �
c2) areLaplaceestimationparameters.Thus,IG essen-
tially measuresthepositivematchratioof a rule.

Simulation of human skill learning data
Simulation Focus. A numberof well known skill learn-
ing tasksthatinvolvebothimplicit andexplicit processes
werechosento besimulatedthatspanthespectrumrang-
ing from simplereactive skills to morecomplex cogni-
tive skills. The tasksincludeserial reactiontime tasks,

3In the processcontrol task, r � 1 if process-outcome�
target+/-1 andr � 0 otherwise,andthreshold � 0 � 9.



P � aW � b
P � aW1 � b
P � aW � cP1

P � aW1 � bP2

Figure 1: The order of rules to be tested. a � 1 � 2,
b ��� 1 ��� 2 � 0 � 1 � 2,c ��� 1 ��� 2 � 1 � 2,P is thedesiredsys-
temoutputlevel (thegoal),W is thecurrentinput to the
system(to be determined),W1 is the previous input to
thesystem,P1 is theprevioussystemoutputlevel (under
W1), andP2 is the systemoutput level at the time step
beforeP1.

processcontrol tasks,the Tower of Hanoi task,andthe
minefieldnavigationtask.

We focuson simulatingprocesscontrol tasksin this
paper. Weareespeciallyinterestedin capturingtheinter-
actionof the two levels in thehumandata,wherebythe
respectivecontributionsof thetwo levelsarediscernible
throughvariousexperimentalmanipulationsof learning
settingsthatplacedifferentialemphaseson the two lev-
els.Thesedatacanbecapturedusingthetwo-level inter-
activeperspective.

We aim to capture(1) theverbalizationeffect, (2) the
explicit (how-to) instructioneffect, and (3) the explicit
searcheffect. Throughthesimulations,it will beshown
thatthedivisionof laborbetween,andtheinteractionof,
thetwo levelsis important.

To captureeachindividual manipulation,we do the
following: (1) The explicit (how-to) instructionscondi-
tion is modeledusingtheexplicit encodingof thegiven
knowledgeat the top level (prior to training). (2) The
verbalizationcondition (in which subjectsare asked to
explain their thinking while or betweenperformingthe
task) is capturedin simulationthroughchangesin pa-
rametervaluesthat encouragemoretop-level activities,
consistentwith the existing understandingof the effect
of verbalization(that is, subjectsbecomemoreexplicit;
Stanley et al 1989, Sunet al 1998). (3) The explicit
searchcondition(in which subjectsare told to perform
an explicit searchfor regularitiesin stimuli) is captured
throughrelying more on the (increased)top-level rule
learning,in correspondencewith what we normallyob-
servein subjectsunderthekind of instruction. (4) Many
of theseafore-enumeratedmanipulationsleadto whatwe
called the synergy effect betweenimplicit and explicit
processes:thatis, theco-existenceandinteractionof the
two typesof processesleadsto betterperformancethan
either one alone(Sun et al 2001). By modelingthese
manipulations,we at thesametime capturethe synergy
effectaswell.

General Model Setup. Many parametersin themodel
were set uniformly as follows: Network weightswere
randomlyinitializedbetween-0.01and0.01.Percentage
combinationof thetwo levels(througha weightedsum)
is used:thatis, if thetop level indicatesthatactiona has
an activation value la (which shouldbe 0 or 1 as rules

arebinary) andthe bottomlevel indicatesthat a hasan
activationvalueqa (theQ-value),thenthefinal outcome
is va � w1 � la � w2 � qa. Thecombinationweightsof the
two levelsweresetat w1 � 0 � 2 andw2 � 0 � 8. Stochastic
decisionmakingwith theBoltzmanndistribution (based
on theweightedsums)is thenperformedto selectanac-
tion out of all the possibleactions.TheBoltzmanndis-
tribution is asfollows:

p
�
a � x��� eva � α

∑i e
vai � α

Hereα controlsthedegreeof randomness(temperature)
of thedecision-makingprocess.It wassetat 0 � 01. (This
methodis alsoknown asLuce’s choiceaxiom.) Other
parametersincludenumbersof input,output,andhidden
units,theexternalreward,theruledeletionthreshold,the
backpropagationlearningrate,andthemomentum.Most
of theseparameterswere not free parameters,because
they weresetin ana priori manner(basedon our previ-
ouswork), andnot variedto matchthehumandata.

For modeling eachof thesemanipulations,usually
only oneor a few parametervaluesarechanged.These
parametersarechangedasfollows. To capturethe ver-
balizationeffect, we raisethe rule deletionthresholdat
thetop level. Thehypothesisis that,asexplainedearlier,
verbalizationtendsto increasetop-level activities, espe-
cially rule learningactivities. To capturethe explicit
searcheffect, we increasetheweightingof thetop level
in addition to raising the rule deletionthreshold. The
hypothesisis thatexplicit searchinstructionstendto in-
creasetherelianceontop-level rule learning. To capture
theexplicit instructioneffect, wesimplywire upexplicit
a priori knowledgeat thetop level.

Simulating Stanley et al (1989)
The task. Two versionsof theprocesscontrol taskwere
usedin Stanley et al (1989). In the “person” version,
subjectswereto interactwith acomputersimulated“per-
son” whosebehavior rangedfrom “very rude” to “lov-
ing” (overa total of 12 levels)andthetaskwasto main-
tain thebehavior at“veryfriendly” by controllinghis/her
own behavior (which could alsorangeover the 12 lev-
els, from “very rude” to “loving”). In thesugarproduc-
tion factoryversion,subjectswereto interactwith asim-
ulatedfactory to maintaina particularproductionlevel
(out of a total of 12 possibleproductionlevels),through
adjustingthesizeof theworkforce(whichhas12levels).
In eithercase,thebehavior of thesimulatedsystemwas
determinedby P � 2 � W � P1 � N, whereP wasthecur-
rentsystemoutput,P1 wastheprevioussystemoutput,W
wasthe subjects’input to the system,andN wasnoise.
Noise(N) wasaddedto theoutputof thesystem,sothat
therewasachanceof beingupor down onelevel (a33%
chancerespectively).

There were four groups of subjects. The control
groupwasnot givenany explicit how-to instructionand
not asked to verbalize. The “original” group was re-
quiredto verbalize:Subjectswereaskedto verbalizeaf-
tereachblockof 10 trials. Othergroupsof subjectswere



humandata
sugartask persontask

control 1.97 2.85
original 2.57 3.75
memorytraining 4.63 5.33
simplerule 4.00 5.91

Figure 2: The humandatafor the processcontrol task
from Stanley etal (1989).

modeldata
sugartask persontask

control 2.276 2.610
original 2.952 4.187
memorytraining 4.089 5.425
simplerule 4.073 5.073

Figure 3: The model datafor the task of Stanley et al
(1989).

given explicit instructionsin variousforms, for exam-
ple, “memory training”, in which a seriesof 12 correct
input/outputpairswaspresentedto subjects,or “simple
rules”, in which a simpleheuristicrule (“alwaysselect
theresponselevel half way betweenthecurrentproduc-
tion level and the target level”) was given to subjects.
Thenumbersof subjectsvariedacrossgroups.12 to 31
subjectsweretestedin eachgroup.All thesubjectswere
trainedfor 200trials (20blocksof 10 trials).

The data. Theexacttargetvalueplus/minusonelevel
(that is, “friendly”, “very friendly”, or “affectionate”)
wasconsideredon target. Themeanscores(numbersof
on-target responses)per trial block for all groupswere
calculated. Analysis showed the verbalizationeffect:
Thescorefor theoriginal groupwassignificantlyhigher
thanthecontrolgroup(F

�
1 � 73��� 5 � 20� p � 0 � 05). Anal-

ysis also showed the explicit instruction effect: The
scoresfor thememorytraininggroupandfor thesimple
rulegroupwerealsosignificantlyhigherthanthecontrol
group.SeeFigure2.

The model setup. Themodelwassetup asdescribed
earlier. We used168input units,40 hiddenunits,and12
outputunits.Therewere7 groupsof inputunits,eachfor
a particular(past)time step,constitutinga moving time
window. Eachgroupof input units contained24 units,
in which half of themencoded12 systemoutput levels
and the other half encoded12 systeminput levels at a
particularstep. The 12 outputunits indicated12 levels
of subjects’input to the system. The learningratewas
0.1.Themomentumwas0.1.

The rule deletionthresholdwassetat 0.15 for simu-
latingcontrolsubjects.To capturetheverbalizationcon-
dition, the rule deletionthresholdwasraisedto 0.35(to
encouragemorerule learningactivities). To capturethe
explicit instructionconditions,in the“memorytraining”
condition,eachof the 12 exampleswaswired up at the
top level assimplerules(in the form of P1 ��� W); in

the“simplerule” condition,thesimplerule(asdescribed
earlier) was wired up at the top level. A reward of 1
wasgivenwhenthesystemoutputwaswithin thetarget
range.In simulatingthepersontask(a common,every-
daytask),we usedpre-trainingof 10 blocksbeforedata
collection,to captureprior knowledgesubjectslikely had
in this typeof task.

The match. Oursimulationcapturedtheverbalization
effect in thehumandatawell. SeeFigures2 and3. We
useda t test to comparethe “original” group with the
controlgroupin themodeldata,which showeda signif-
icantimprovementof theoriginalgroupover thecontrol
group(p ��� 01), thesameasthehumandata.

Our simulationalso capturedthe explicit instruction
effect, asshown in Figure3. We usedpair-wise t tests
to comparethe “memory training” and “simple rule”
groupswith the control groupin the modeldata,which
showed significant improvementsof thesetwo groups
over thecontrolgroup,respectively (p ��� 01).

Both effectspoint to thepositive role of thetop level.
Whenthetoplevel is enhanced,eitherthroughverbaliza-
tion or throughexternallygivenexplicit instructions,per-
formanceis improved,althoughsuchimprovementis not
universal(Sunet al 2001). They both showed synergy
betweenthetop-level explicit processesandthebottom-
level implicit processes.

Simulating Berry and Broadbent (1988)
The task. The task wassimilar to the computer“per-
son” taskin Stanley et al (1989).Subjectswereto inter-
actwith a computersimulated“person”whosebehavior
rangedfrom “very rude” to “loving” andthetaskwasto
maintainthe behavior at “very friendly” by controlling
his/herown behavior (whichcouldalsorangefrom “very
rude” to “loving”). In thesalientversionof thetask,the
behavior of the computer“person” was determinedby
the immediatelyprecedinginput of the subject: It was
usuallytwo levelslower thantheinput (P � W � 2 � N).
In thenon-salientversion,it wasdeterminedby theinput
beforethatandwasagaintwo levels lower thanthat in-
put (P � W1 � 2 � N). Noise(N) wasaddedto theoutput
of the computer“person” so that therewasa chanceof
beingup or down onelevel (a33%chancerespectively).

Fourgroupsof subjectswereused:salientexperimen-
tal, salientcontrol, non-salientexperimental,and non-
salientcontrol. Theexperimentalgroupsweregivenex-
plicit searchinstructionsafter the first set of 20 trials,
andafter the secondsetof 20 trials weregiven explicit
instructionsin the form of indicatingthe relevant input
that determinedthe computerresponses(W or W1). 12
subjectspergroupweretested.

The data. Theexacttargetvalueplus/minusonelevel
(that is, “friendly”, “very friendly”, or “affectionate”)
wasconsideredon target. The averagenumberof trials
ontargetwasrecordedfor eachsubjectfor eachsetof 20
trials. Figure4 showsthedatafor thefour groupsof sub-
jectsfor thethreesetsof trials. Analysisshowedthaton
the first set,neitherof the two experimentalgroupsdif-
feredsignificantly from their respective control groups.
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However, on the secondset, the salient experimental
group scoredsignificantly higher than the salientcon-
trol group(p � 0 � 01), but the non-salientexperimental
groupscoredsignificantlylessthanthenon-salientcon-
trol group(p � 0 � 05). On thethird set,bothexperimen-
tal groupsscoredsignificantlyhigherthantheir respec-
tive controlgroups(p � 0 � 01). Thedataclearlyshowed
(1) theexplicit searcheffect: improving performancein
the salientconditionandworseningperformancein the
non-salientcondition; (2) the explicit instructioneffect:
improving performancein all conditions;aswell as(3)
the saliencedifferenceeffect (during the 2nd set,under
theexplicit searchcondition).

The model setup. Themodelwassetup similarly as
describedearlierfor simulatingStanley et al (1989),ex-
ceptthefollowing differences.Theruledeletionthresh-
old wassetat 0.1 initially. To capturetheexplicit search
effect (during the secondtraining set), the rule deletion
thresholdwas raisedto 0.5 (for increasedlearningac-
tivities in the top level), and the weighting of the two
levels waschangedto 0.5/0.5(for morerelianceon the
top level). To capturethe explicit instructionsgiven in
this task(duringthethird trainingset),only rulesthatre-
latedthegivencritical variableto thesystemoutputwere
hypothesizedandtestedat thetoplevel thereafter, in cor-
respondencewith the instructions(that is, P � aW � b,
whereW is thecritical variableindicatedby theinstruc-
tions). The learningratewas0.04. Themomentumwas
0.

The match. Wecapturedin oursimulationof this task
the following effects exhibited in the humandata: the
saliencedifferenceeffect, the explicit searcheffect, and
theexplicit instructioneffect. Theresultsof thesimula-
tion areshown in Figure5. On the first set,neitherof
the two experimentalgroupsdifferedsignificantlyfrom
their respective control groups;however, on the second
set,thesalientexperimentalgroupscoredslightly higher
thanthesalientcontrolgroup,but thenon-salientexper-
imental group scoredslightly lessthan the non-salient
controlgroup.Onthethird set,bothexperimentalgroups
scoredsignificantlyhigher than their respective control
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Figure5: Thesimulationof BerryandBroadbent(1988).

groups(p � 0 � 01).
Thedatademonstratedclearly theexplicit instruction

effect (improving performancein all conditions), and
showedto someextenttheexplicit searcheffect(improv-
ing performancein the salientconditionandworsening
performancein thenon-salientcondition),aswell asthe
saliencedifferenceeffect alongwith the explicit search
effect. The datashowed the extent andthe limit of the
synergy effect (in that thenon-salientconditiondiscour-
agedsynergy).

General Discussions
Although implicit learningis a controversialtopic, the
existenceof implicit processesin skill learningis not in
question— what is in questionis their extent and im-
portance.We allow for thepossibility thatboth typesof
processesandbothtypesof knowledgecoexist andinter-
act with eachotherto shapelearningandperformance,
so we go beyond the controversiesand the studiesthat
focusedmostlyon theminutedetailsof implicit learning
(Gibsonet al 1997).

The incorporationof both processesallows us to ask
the questionof how synergy is generatedbetweenthe
two separate,interactingcomponentsof the mind (the
two types of processes). The model may shedsome
light on this issue.SunandPeterson(1998)did a thor-
oughcomputationalanalysisof thesourceof thesynergy
betweenthe two levels of CLARION in learningandin
performance.The conclusion,basedon the systematic
anaylsis,wasthattheexplanationof thesynergybetween
thetwo levelsrestsonthefollowing factors:(1) thecom-
plementaryrepresentationsof thetwo levels:discretevs.
continuous;(2) the complementarylearningprocesses:
one-shotrule learningvs. gradualQ-value approxima-
tion; and(3) the bottom-uprule learningcriterion used
in CLARION. 4 It is very likely, in view of the match
betweenthe model and humandataas detailedin this
paper, that the correspondingsynergy in humanperfor-
manceresultsalsofrom thesesamefactors(in themain).

4Due to lengths,we will not repeatthe analysishere. See
SunandPeterson(1998)for details.



As a result of its distinct emphasis, CLARION
is clearly distinguishablefrom existing unified theo-
ries/architecturesof cognition,suchasSOAR, ACT, and
EPIC. For example,SOAR (Rosenbloomet al 1993) is
differentfrom CLARION, becauseSOAR makesno dis-
tinction betweenexplicit and implicit learning, and is
basedon specialization,using only symbolic forms of
knowledge. Although ACT (Anderson1993) makes
thedistinction,it is differentfrom CLARION becausetra-
ditionally it focusesmainly on top-down learning(from
declarative to proceduralknowledge).

Concluding Remarks
Thiswork highlightstheimportanceof theinteractionof
implicit andexplicit processesin skill learning. It cap-
turesthe interactionthrougha modelthat includesboth
typesof processes. This modelingwork revealssome-
thing new in the existing data (cf. Gibsonet al 1997,
Lebiereetal 1998).Thecontributionof thismodelliesin
capturinghumandatain skill learningthroughtheinter-
actionof thetwo typesof processes,andalsoin demon-
stratingthe computationalfeasibility andpsychological
plausibilityof bottom-uplearning(Sunet al 2001).
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