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Abstract

This paperexplicatestheinteractionbetweertheimplicit
andexplicit learningprocesse skill acquisition,con-
traryto thecommontendenyg in theliteratureof studying
eachtype of learningin isolation. It highlightstheinter
action betweenthe two typesof processesandits vari-
ouseffectsonlearning,includingthesynegy effect. This
work advocatesanintegratedmodelof skill learningthat
takes into accountboth implicit and explicit processes;
moreawer, it embodiesa bottom-upapproact(first learn-
ing implicit knowledge and then explicit knowvledgeon
its basis)towardsskill learning. The papershavs that
this approachaccountdor variouseffectsin the process
controltaskdata,in additionto accountingor otherdata
reportedelsevhere.

I ntroduction

Therole of implicit learningin skill acquisitionandthe
distinction betweenimplicit and explicit learninghave
beenwidely recognizedin recentyears(see,e.g., Re-
ber 1989, Stanlg et al 1989, Willingham et al 1989,
Proctorand Dutta 1995, Anderson1993), Althoughim-

plicit learning hasbeenactively investigated,complex

andmultifacetednteractionbetweertheimplicit andthe
explicit andthe importanceof this interactionhave not
beenuniversallyrecognizedio a large extent, suchin-

teractionhasbeendownplayedor ignored,with only a
few notableexceptions. Researchhasbeenfocusedon
shawing the lack of explicit learningin variouslearning
settings(seeespeciallyLewicki et al 1987)and on the
controversiesstemmingfrom suchclaims. Similar over-

sightis alsoevidentin computationakimulationmodels
of implicit learning(with few exceptionssuchasCleere-
mansl1994).

Despitethe lack of studiesof interaction,it hasbeen
gainingrecognitionthatit is difficult, if notimpossible,
to find a situationin which only one type of learning
is engagedReber1989, Seger 1994, but seeLewicki
et al 1987). Our review of existing data(seeSunet al
2001)hasindicatedthat, while onecanmanipulatecon-
ditionsto emphasizeneor the othertype,in mostsitu-
ations,bothtypesof learningareinvolved, with varying
amountsof contritutionsfrom each(see,e.g.,Sunetal
2001;seealsoStanle etal 1989,Willinghametal 1989).

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

distinction betweenproceduraland declaratve knowl-
edgehasbeenproposedor a long time, andadwcated
or adoptedby mary in the field (seeespeciallyAnder
son 1993). The distinction mapsroughly onto the dis-
tinction betweenthe explicit and implicit knowledge,
becauseroceduraknowledgeis generallyinaccessible
while declaratve knowledgeis generallyaccessiblend
thus explicit. However, in work on cognitive architec-
tures,focushasbeenalmostexclusively on “top-down”
models (that is, learning first explicit knowledge and
thenimplicit knowledgeon the basisof the former), the
bottom-updirection(thatis, learningfirstimplicit knowl-
edgeand then explicit knowledge, or learningboth in
parallel)hasbeenargelyignored parallelingandreflect-
ing the relatedneglect of the interactionof explicit and
implicit processed the skill learningliterature. How-
ever, thereare a few scatteredpiecesof work that did
demonstrat¢he paralleldevelopmenif thetwo typesof
knowledgeor the extractionof explicit knowledgefrom
implicit knowledge(e.g,Rabinavitz andGoldbeg 1995,
Willingham et al 1989, Stanle et al 1989), contraryto
usualtop-dovn approachedn developing cognitive ar-
chitectures.

Many issuesarisewith regardto the interactionbe-
tweenimplicit and explicit processes(1) How canwe
bestcapturemplicit andexplicit processesomputation-
ally? (2) How do the two typesof knowledgedevelop
alongside eachotherandinfluenceeachother’s devel-
opment? (3) How is bottom-uplearning possibleand
how canit berealizedcomputationally?4) How do the
two typesof knowledgeinteractduring skilled perfor
manceandwhatis theimpactof thatinteractionon per
formance?For example,the synegy of the two may be
producedasin Sunetal (2001). In this paper we will
focuson the interactionandthe synegy resultingfrom
theinteraction.

A Modé€

Let uslook into a modelthatincorporateshoth implicit
andexplicit processes.

Representation. The inaccessiblenatureof implicit
knowledgemay be capturedoy subsymboliadistributed
representationprovided by a backpropagatiometwork
(Rumelhartetal 1986). This is becauseepresentational
units in a distributed representatiorare capableof ac-
complishingtasksbut aresubsymboliandgenerallynot



individually meaningful(seeRumelhartet al 1986,Sun
1995); thatis, they generallydo not have an associated
semanticlabel. This characteristicof distributed rep-
resentatioraccordswell with the inaccessibilityof im-
plicit knowledge. *  In contrast,explicit knowledge
may be capturedin computationaimodelingby a sym-
bolic or localist representation¢Clark and Karmiloff-
Smith 1993), in which eachunit is easily interpretable
andhasa clearconceptuameaning,i.e., a semantida-
bel. This characteristicaptureshe propertyof explicit
knowledgebeing accessibleand manipulable(Smolen-
sky 1988, Sun1995). This radical differencein the
representationsf the two typesof knowledgeleadsto
atwo-level model CLARION (which standsfor Connec-
tionist Learningwith AdaptiveRule Induction ON-line;
proposedin Sun 1997), wherebyeachlevel using one
kind of representatiomapturesone correspondingype
of procesgeitherimplicit or explicit). 2

Learning. The learningof implicit action-centered
knowledgeatthebottomlevel canbedonein avariety of
waysconsistentvith thenatureof distributedrepresenta-
tions. In thelearningsettingswherecorrectinput/output
mappingsare available, straightbackpropagatiorfa su-
pervisedearningalgorithm)canbe usedfor the network
(Rumelhartetal 1986). Suchsupervisedearningproce-
duresrequiretheapriori determinatiorof auniquelycor-
rectoutputfor eachinput. In thelearningsettingswhere
thereis noinput/outputmappingexternally provided, re-
inforcementlearning can be used (Watkins 1989), es-
pecially Q-learning(Watkins 1989) implementedusing
backpropagatiometworks. Suchlearningmethodsare
cognitively justified: e.g., Shanks(1993) shaved that
humaninstrumentakonditioning(a simpletype of skill
learning)was bestcapturedby associatie models(i.e.,
neuralnetworks), whencomparedvith avariety of rule-
basedmodels. Cleeremang1997) arguedthat implicit
learningcouldnot be capturecby symbolicmodels.

Specifically Q(x,a) is the “quality value” of actiona
in statex, outputfrom a backpropagatiometwork. Ac-
tions can be selectedbasedon Q values,for example,
usingthe Boltzmanndistribution (Watkins1989).

We learnthe Q valuefunctionasfollows:

AQ(Xv a) = a(r +ymbaXQ(yv b) - Q(Xv a)) = G(r - Q(X7 a))

wherex is thecurrentstate a is oneof theaction.r is the
immediatereward, and ymax, Q(y,b) is setto zerofor
the processcontrol taskwe tacklein this paper because
we rely on immediatereward in this particulartask (de-
tailsbelow). AQ(x,a) providestheerrorsignalneededy
thebackpropagatioalgorithmandthenbackpropagation

IHowever, it is generallynotthe casethatdistributedrepre-
sentationsare not accessiblat all but they are definitely less
accessiblenot as direct and immediateas localist represen-
tations. Distributed representationmay be accessedhrough
indirect, transformationaprocesses.

23un (1995, 1997), and Smolensk (1988) contain more
theoreticahrgumentdor suchtwo-level models(whichwe will
notgetinto here).

takesplace.Thatis, learningis basedon minimizing the
following errorateachstep:

efrr; ={ {)_ Q(X7a)

wherei is the index for an output node representing
the actiona. Basedon the above error measurethe
backpropagatiomlgorithmis appliedto adjustinternal
weights(whicharerandomlyinitialized beforetraining).
The action-centeredexplicit knowledge at the top
level canalsobe learnedin a variety of waysin accor
dancewith the localist representationsised. Because
of the representationatharacteristicspne-shotlearn-
ing basedon hypothesistesting (Nosofsky et al 1994,
Sun 1997) is needed. With suchlearning, individuals
explore the world, and dynamicallyacquirerepresenta-
tionsandmodify themasneededreflectingthe dynamic
(on-going)natureof skill learning(Sun1997,Sunetal
2001). The implicit knowledgealreadyacquiredin the
bottomlevel canbe utilized in learningexplicit knowl-
edge(throughbottom-uplearning;Sunetal 2001).
Initially, we hypothesizeulesof a certainform to be
tested(Dienesand Fahey 1995, Nosofsky et al 1994).
Whena measureof a rule (the IG measurefalls below
the deletionthreshold we deletethe rule. Whenever all
therulesof a certainform aredeleted a new setof rules
of a differentform are hypothesizedand the cycle re-
peatstself. In hypothesizingules,we progressrom the
simplestrule form to the mostcomple, in the orderas
shavn in Figurel, in accordancevith thosenumerical
relationsusedin humanexperimentgBerry and Broad-
bent1988, Stanlg et al 1989). (Otherrule forms can
be easilyaddedto the hypothesigestingprocess.Since
rulesaretestedin a parallelfashion,addingmorerules
will notdrasticallychangeheworking of themodel.)
The |G measuref aruleis calculatedin this process
controltask)basedntheimmediateewardatevery step
whentherule is applied. Theinequality r > threshot,
determineghe positiity/negativity of a stepandof the
rule matchingthis step.® Then,PM (positive match)and
NM (negative match)countsof the matchingrules are
updatedIG is thencalculatecbasedon PM andNM:

if gg=a
otherwise

PM(C) +c1

16O =l sy TaMO T 6

whereC is the currentrule andc; andc, (where2xc; =
cp) areLaplaceestimationparametersThus, |G essen-
tially measureshe positive matchratio of arule.

Simulation of human skill learning data

Simulation Focus. A numberof well known skill learn-
ing tasksthatinvolve bothimplicit andexplicit processes
werechoserto besimulatedhatspanthespectrunrang-
ing from simplereactve skills to more complex cogni-
tive skills. The tasksinclude serialreactiontime tasks,

3In the processcontrol task, r = 1 if process-outcome=
target+/-1 andr = 0 otherwiseandthreshot = 0.9.



P=aW+b
P=aM+b
P=awWw+ch
P=aw;+ bk

Figure 1: The order of rulesto be tested. a = 1,2,
b=-1,-2,0,1,2,c=-1,-2,1,2,Pisthedesiredsys-
temoutputlevel (the goal),W is the currentinput to the
system(to be determined) W, is the previous input to
thesystemp is the previoussystemoutputlevel (under
W), and P, is the systemoutputlevel at the time step
beforeP;.

processcontrol tasks,the Tower of Hanoitask,andthe
minefieldnavigationtask.

We focus on simulating processcontrol tasksin this
paper We areespeciallyinterestedn capturingtheinter-
actionof thetwo levelsin the humandata,wherebythe
respectie contributionsof thetwo levelsarediscernible
throughvariousexperimentalmanipulationsof learning
settingsthat placedifferentialemphasesn the two lev-
els. Thesedatacanbe capturedusingthetwo-level inter-
active perspectie.

We aim to capture(1) the verbalizationeffect, (2) the
explicit (how-to) instructioneffect, and (3) the explicit
searcheffect. Throughthesimulationsjt will beshavn
thatthedivision of laborbetweenandtheinteractionof,
thetwo levelsis important.

To captureeachindividual manipulation,we do the
following: (1) The explicit (how-to) instructionscondi-
tion is modeledusingthe explicit encodingof the given
knowledgeat the top level (prior to training). (2) The
verbalizationcondition (in which subjectsare asked to
explain their thinking while or betweenperformingthe
task) is capturedin simulationthroughchangesn pa-
rametervaluesthat encouragemoretop-level actiities,
consistentwith the existing understandingf the effect
of verbalization(thatis, subjectsbecomemore explicit;
Stanle et al 1989, Sunet al 1998). (3) The explicit
searchcondition (in which subjectsaretold to perform
an explicit searchfor regularitiesin stimuli) is captured
throughrelying more on the (increased)op-level rule
learning,in correspondencwith whatwe normally ob-
senein subjectainderthekind of instruction. (4) Many
of theseafore-enumerateghanipulationgeadto whatwe
called the synengy effect betweenimplicit and explicit
processeghatis, the co-existenceandinteractionof the
two typesof processegeadsto betterperformanceahan
either one alone (Sunet al 2001). By modelingthese
manipulationswe at the sametime capturethe synegy
effectaswell.

General Model Setup. Many parameterg themodel
were set uniformly asfollows: Network weightswere
randomlyinitialized between0.01and0.01. Percentage
combinationof the two levels (througha weightedsum)
is used:thatis, if thetop level indicatesthatactiona has
an activation valuel, (which shouldbe O or 1 asrules

arebinary) andthe bottomlevel indicatesthat a hasan
activationvalueds (the Q-value),thenthefinal outcome
IS Va = W1 * |5+ Wp % 3. Thecombinationweightsof the
two levelsweresetatw; = 0.2 andw, = 0.8. Stochastic
decisionmakingwith the Boltzmanndistribution (based
ontheweightedsums)is thenperformedo selectanac-
tion out of all the possibleactions. The Boltzmanndis-
tributionis asfollows:

eva/cx
Plah) = 5T
Herea controlsthe degreeof randomnesgtemperature)
of thedecision-makingrocesslt wassetat0.01. (This
methodis alsoknown as Luce’s choiceaxiom.) Other
parametergcludenumbersof input, output,andhidden
units,theexternalreward,therule deletionthresholdthe
backpropagatiofearningrate,andthemomentumMost
of theseparametersvere not free parametersbecause
they weresetin ana priori manner(basedon our previ-
ouswork), andnotvariedto matchthe humandata.

For modeling eachof thesemanipulations,usually
only oneor afew parametervaluesarechanged.These
parameterare changedasfollows. To capturethe ver-
balizationeffect, we raisethe rule deletionthresholdat
thetoplevel. Thehypothesiss that,asexplainedearlier,
verbalizationtendsto increaseop-level actities, espe-
cially rule learningactiities. To capturethe explicit
searcheffect, we increasgheweightingof thetop level
in addition to raising the rule deletionthreshold. The
hypothesids thatexplicit searchinstructionstendto in-
creaseherelianceontop-levelrulelearning. To capture
theexplicit instructioneffect, we simply wire up explicit
apriori knowledgeatthetop level.

Simulating Stanley et al (1989)

Thetask. Two versionsof the processontroltaskwere
usedin Stanle et al (1989). In the “person” version,
subjectsvereto interactwith acomputeisimulated‘per-
son” whosebehaior rangedfrom “very rude” to “lov-
ing” (overatotal of 12 levels)andthetaskwasto main-
tainthebehavior at“veryfriendly” by controllinghis/her
own behaior (which could alsorangeover the 12 lev-
els,from “veryrude”to “loving”). In the sugarproduc-
tion factoryversion,subjectsvereto interactwith a sim-
ulatedfactoryto maintaina particularproductionlevel
(out of atotal of 12 possibleproductionlevels),through
adjustingthesizeof theworkforce(whichhas12 levels).
In eithercase the behaiior of the simulatedsystemwas
determinedby P = 2xW — P, + N, whereP wasthe cur-
rentsystermoutput,P; wastheprevioussystenoutput,W
wasthe subjects’input to the system,andN wasnoise.
Noise(N) wasaddedto the outputof the system sothat
therewasa chanceof beingup or down onelevel (a33%
chanceespectiely).

There were four groups of subjects. The control
groupwasnot givenary explicit how-to instructionand
not asled to verbalize. The “original” group was re-
quiredto verbalize:Subjectsvereaskedto verbalizeaf-
tereachblock of 10trials. Othergroupsof subjectavere



humandata

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

Figure2: 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 modeldatafor the task of Stanle et al
(1989).

given explicit instructionsin variousforms, for exam-

ple, “memory training”, in which a seriesof 12 correct
input/outputpairswas presentedo subjectsor “simple

rules”, in which a simple heuristicrule (“always select
theresponséevel half way betweerthe currentproduc-
tion level andthe tamget level”) was given to subjects.
The numbersof subjectsvariedacrossgroups.12to 31

subjectaveretestedn eachgroup.All thesubjectsvere
trainedfor 200trials (20 blocksof 10trials).

Thedata. Theexacttargetvalueplus/minusonelevel
(that is, “friendly”, “very friendly”, or “affectionate”)
wasconsideren target. The meanscoregnumbersof
on-tagetresponsesper trial block for all groupswere
calculated. Analysis shoved the verbalizationeffect:
Thescorefor the original groupwassignificantlyhigher
thanthecontrolgroup(F(1,73) =5.20, p < 0.05). Anal-
ysis also shaved the explicit instruction effect: The
scoredor the memorytraininggroupandfor the simple
rule groupwerealsosignificantlyhigherthanthecontrol
group.SeeFigure?2.

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. Eachgroup of input units contained24 units,
in which half of themencodedl2 systemoutputlevels
andthe other half encodedl2 systeminput levels at a
particularstep. The 12 outputunitsindicated12 levels
of subjects’input to the system. The learningrate was
0.1. ThemomentumvasO0.1.

Therule deletionthresholdwas setat 0.15 for simu-
lating controlsubjects.To capturethe verbalizationcon-
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 P, — W); in

the“simple rule” condition,thesimplerule (asdescribed
earlier) was wired up at the top level. A reward of 1
wasgivenwhenthe systemoutputwaswithin the target
range.In simulatingthe persontask (a common,every-
daytask),we usedpre-trainingof 10 blocksbeforedata
collection,to captureprior knowledgesubjectdikely had
in thistype of task.

Thematch. Oursimulationcapturedheverbalization
effectin the humandatawell. SeeFigures2 and3. We
usedat testto comparethe “original” group with the
controlgroupin the modeldata,which shaved a signif-
icantimprovementof the original groupoverthe control
group(p < .01),the sameasthehumandata.

Our simulationalso capturedthe explicit instruction
effect,asshovn in Figure3. We usedpair-wiset tests
to comparethe “memory training” and “simple rule”
groupswith the control groupin the modeldata,which
shawed significantimprovementsof thesetwo groups
overthecontrolgroup,respectiely (p < .01).

Both effectspoint to the positive role of thetop level.
Whenthetop level is enhancedgitherthroughverbaliza-
tion or throughexternallygivenexplicit instructionsper
formanceis improved,althoughsuchimprovements not
universal(Sunet al 2001). They both shaved synegy
betweerthetop-level explicit processeandthe bottom-
level implicit processes.

Simulating Berry and Broadbent (1988)

The task. The task was similar to the computer“per-
son”taskin Stanleg/ etal (1989). Subjectswereto inter-
actwith a computersimulated‘person”whosebehavior
rangedfrom “veryrude”to “loving” andthe taskwasto
maintainthe behaior at “very friendly” by controlling
his/herown behavior (which couldalsorangefrom “very
rude”to “loving”). In the salientversionof thetask,the
behavior of the computer‘person” was determinedby
the immediatelyprecedinginput of the subject: It was
usuallytwo levelslowerthantheinput (P =W — 2+ N).
In thenon-salientersion,it wasdeterminedy theinput
beforethatandwasagaintwo levelslower thanthatin-
put(P =W, — 2+ N). Noise(N) wasaddedo theoutput
of the computer‘person” so that therewas a chanceof
beingup or down onelevel (a 33%chancerespectiely).

Four groupsof subjectavereused:salientexperimen-
tal, salientcontrol, non-salientexperimental,and non-
salientcontrol. The experimentalgroupsweregiven ex-
plicit searchinstructionsafter the first setof 20 trials,
and after the secondsetof 20 trials were given explicit
instructionsin the form of indicatingthe relevantinput
that determinedhe computerresponsegW or Wy). 12
subjectpergroupweretested.

Thedata. Theexacttargetvalueplus/minusonelevel
(that is, “friendly”, “very friendly”, or “affectionate”)
wasconsideredn target. The averagenumberof trials
ontargetwasrecordedor eachsubjectfor eachsetof 20
trials. Figure4 shavsthedatafor thefour groupsof sub-
jectsfor thethreesetsof trials. Analysisshavedthaton
thefirst set, neitherof the two experimentalgroupsdif-
fered significantly from their respectie control groups.



Plot from Berry and Broadbent experiment
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Figure4: Thedataof Berry andBroadben(1988).

However, on the secondset, the salient experimental
group scoredsignificantly higher than the salientcon-

trol group (p < 0.01), but the non-salientexperimental
groupscoredsignificantlylessthanthe non-salientcon-

trol group(p < 0.05). On thethird set,both experimen-
tal groupsscoredsignificantly higherthan their respec-
tive controlgroups(p < 0.01). The dataclearly shaved

(1) the explicit searcheffect: improving performancen

the salientconditionand worseningperformancen the
non-salientcondition; (2) the explicit instructioneffect:

improving performancen all conditions;aswell as(3)

the saliencedifferenceeffect (during the 2nd set,under
theexplicit searchcondition).

The modéd setup. Themodelwassetup similarly as
describecearlierfor simulatingStanley et al (1989),ex-
ceptthefollowing differences. Therule deletionthresh-
old wassetat0.1linitially. To capturethe explicit search
effect (during the secondtraining set), the rule deletion
thresholdwas raisedto 0.5 (for increasedearningac-
tivities in the top level), and the weighting of the two
levelswas changedo 0.5/0.5(for morerelianceon the
top level). To capturethe explicit instructionsgivenin
thistask(duringthethird trainingset),only rulesthatre-
latedthegivencritical variableto the systemoutputwere
hypothesizedndtestedatthetoplevel thereafterin cor
respondencevith the instructions(thatis, P = aW + b,
whereW is the critical variableindicatedby theinstruc-
tions). Thelearningratewas0.04. The momentunwas
0.

Thematch. We capturedn our simulationof thistask
the following effects exhibited in the humandata: the
saliencedifferenceeffect, the explicit searcheffect, and
the explicit instructioneffect. Theresultsof the simula-
tion areshaowvn in Figure5. On thefirst set, neitherof
the two experimentalgroupsdiffered significantly from
their respectie control groups;however, on the second
set,the salientexperimentalgroupscoredslightly higher
thanthe salientcontrolgroup, but the non-salienexper
imental group scoredslightly lessthan the non-salient
controlgroup.Onthethird set,bothexperimentaroups
scoredsignificantly higherthantheir respectie control

Plot from CLARION simulation
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Figure5: Thesimulationof BerryandBroadben(1988).

groups(p < 0.01).

The datademonstratedlearly the explicit instruction
effect (improving performancein all conditions), and
shavedto someextenttheexplicit searcteffect (improv-
ing performancen the salientconditionandworsening
performancen the non-salientondition),aswell asthe
saliencedifferenceeffect alongwith the explicit search
effect. The datashaved the extentandthe limit of the
synegy effect (in thatthe non-salientonditiondiscour

agedsynengy).

General Discussions

Although implicit learningis a controversialtopic, the
existenceof implicit processe skill learningis notin
question— whatis in questionis their extent andim-
portance We allow for the possibility that both typesof
processeandbothtypesof knowledgecoexist andinter-
actwith eachotherto shapelearningand performance,
so we go beyond the controversiesand the studiesthat
focusedmostly ontheminutedetailsof implicit learning
(Gibsonetal 1997).

The incorporationof both processesllows usto ask
the questionof how synepy is generatecbetweenthe
two separatejnteractingcomponentsof the mind (the
two typesof processes). The model may shedsome
light on this issue. Sunand Petersor(1998)did a thor-
oughcomputationahnalysisof the sourceof thesynegy
betweenthe two levels of CLARION in learningandin
performance.The conclusion,basedon the systematic
anaylsiswasthattheexplanationof thesynegy between
thetwo levelsrestsonthefollowing factors:(1) thecom-
plementaryepresentationsf thetwo levels: discretevs.
continuous;(2) the complementanjearning processes:
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 thatthe correspondingynegy in humanperfor
manceresultsalsofrom thesesamefactors(in themain).

4Dueto lengths,we will not repeatthe analysishere. See
SunandPetersor{1998)for details.



As a result of its distinct emphasis, CLARION
is clearly distinguishablefrom existing unified theo-
ries/architecturesf cognition,suchasSQAR, ACT, and
EPIC. For example, SQAR (Rosenbloonet al 1993)is
differentfrom CLARION, becausé&SQAR 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 becausdra-
ditionally it focusesmainly on top-dawn learning(from
declaratve to proceduraknowledge).

Concluding Remarks

Thiswork highlightstheimportanceof theinteractionof

implicit andexplicit processe# skill learning. It cap-
turestheinteractionthrougha modelthatincludesboth

typesof processes. This modelingwork revealssome-
thing new in the existing data (cf. Gibsonet al 1997,
Lebiereetal 1998). Thecontribution of thismodelliesin

capturinghumandatain skill learningthroughthe inter-

actionof thetwo typesof processesandalsoin demon-
stratingthe computationafeasibility and psychological
plausibility of bottom-uplearning(Sunetal 2001).
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