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Abstract

Computationalmodelsareimportantfor guidingandinterpretingmolecularstudiesof learningandmemorybecause
they provide a bridgebetweenbiologicalandbehavioral levelsof analysis.Thesemodelsfacilitatethe identification
of centralunderlyingprinciplesthatspandifferentlevels,andthey canaccommodatethemany complexitiesof eachof
theselevelsandtheir interrelationships.Wepresentanoverview of ourcomputationalapproachtowardsunderstanding
the differentcontributionsof the neocortex andhippocampusin learningandmemory. The approachis basedon a
setof principlesderivedfrom converging biological,psychological,andcomputationalconstraints.This framework
providesinsight into: (a) which behavioral paradigmsaremostappropriatefor dissociatingcorticalandhippocampal
learningcontributions; (b) effectsof selective impairmentson hippocampalareas;(c) effectsof synapticmodifica-
tion (LTP/LTD) impairmentson variouspathwayswithin the hippocampalsystem;(d) effectsof manipulationsof
hippocampalactivationparameters;and(e) effectsof manipulationsthat selectively impair differentcomponentsof
learning(Hebbianversuserror-driven).Wehopethattheseinsightsprovidefruitful avenuesfor furtherresearchusing
moleculartechniquesto inform ourunderstandingof exactlyhow learningandmemoryphenomenaemergefrom their
biologicalbasis.
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Introduction

Computationalmodelscanprovideanimportanttool
for linking dataacrossmultiple levels of analysis. The
cognitive implicationsof findingsaboutthecellularand
molecularpropertiesof neuronsare often not immedi-
ately apparent— thereis simply too muchcomplexity
for verbal theoriesto accommodate.The situation is
analogousto having a humantry to predictthe weather
by looking at a numberof satellite measurements—
thereis simply too muchinformationat many different
levels,which needsto be integratedin complex waysto
make senseof thephenomena.A computationalmodel,
of the weatheror of the brain, canhelp by providing a
wayto exploretheemergentpropertiesof acomplex sys-
tem.Modelsmust,of necessity, abstractawayfrom some
of the underlyingcomplexity. By formulating specific
groundsfor the abstraction— that is, by articulatinga
setof principlesthatguidetheconstructionof themodel
— agoodmodelbecomesavehiclefor exploringthead-
equacy of a particularview of thefundamentalnatureof
thecomplex systemthatdependsuponall theunderlying
details.Onceamodelis formulated,is canprovideanex-
plicit, formaltool for exploringhow behavior arisesfrom
the molecularandneurophysiologicalsubstrate,andfor
understandingwhy manipulationsof underlyingmecha-
nisms(e.g.,geneticknockoutsor lesions)giveriseto the
observedbehavioral effects.

Althoughthereis clearlygreatpromisefor computa-
tional models,they facea numberof seriousobstacles.
Perhapsmost importantly, modelsare only as good as
thevalidity of the principlesthey embody(“garbage-in,
garbage-out”).In addition, it is essentialthat the oper-
ationof themodelbe intelligible, sowe canunderstand
why it behavesasit does.To dealwith theseproblems,
it is essentialto developa detailedunderstandingof the
modelthatgoesbeyondamerereportingof theresultsof
particularsimulations.

This paper presentsa computationalapproachto-
wards understandingthe different contributions of the
neocortex and hippocampusin learning and memory.
This approachusesbasic principles of computational
neuralnetwork learningmechanismsto understandboth
what is differentabouttheway thesetwo neuralsystems
learn,andwhythey shouldhave thesedifferences.Thus,
thecomputationalapproachcangobeyondmeredescrip-
tion towardsunderstandingthedeeperprinciplesunder-
lying the organizationof the cognitive system. These
principles are basedon an convergenceof biological,
psychological,andcomputationalconstraints,andserve
to bridgebetweenthesedifferentlevelsof analysis.We
thensuggesthow this computationalframework canbe
usedto make senseof molecularandcellularmanipula-
tionsto thesebrainareas.

Thesetof principlesdiscussedin thispaperwasfirst
developedin O’Reilly andMcClelland(1994)andMc-
Clelland, McNaughton,and O’Reilly (1995), and they
havebeenrefinedandelaboratedin severalfurtherpubli-
cations(McClelland & Goddard,1996; O’Reilly, Nor-
man, & McClelland, 1998; Hasselmo& McClelland,
1999; O’Reilly & Rudy, in press,2000). The compu-
tationalprincipleshave beenappliedto a wide rangeof
learningandmemoryphenomenaacrossseveralspecies
(rats, monkeys and humans). For example, they can
accountfor impairedand preserved learningcapacities
with hippocampallesionsin conditioning,habituation,
contextual learning,recognitionmemory, recall,andret-
rogradeamnesia.

ThePrinciples

Thereareseverallevelsof principlesthatcanbedis-
tinguishedby their degreeof specificity in characteriz-
ing the natureof the underlyingmechanisms.We be-
gin with the mostbasicprinciplesandproceedtowards
greaterspecificity.

LearningRate, Overlap,andInterference

Themostbasicsetof principlescanbemotivatedby
consideringhow subsequentlearningcaninterferewith
prior learning.A classicexampleof thiskind of interfer-
encecanbefoundin the

���������
associative learning

task (e.g.,Barnes& Underwood,1959). The
�

repre-
sentsonesetof wordsthat areassociatedwith two dif-
ferentsetsof otherwords,

�
and

�
. For example,the

word windowwill beassociatedwith theword reasonin
the
���

list, andassociatedwith locomotiveon the
���

list. After studyingthe
���

list of associates,subjectsare
testedby askingthemto givetheappropriate

�
associate

for eachof the
�

words. Then,subjectsstudythe
���

list (oftenovermultiple iterations),andaresubsequently
testedon both lists for recallof theassociatesaftereach
iterationof learningthe

���
list. Subjectsexhibit some

level of interferenceon the initially learned
���

asso-
ciationsasa resultof learningthe

���
list, but they still

rememberareasonablepercentage(seeFigure1afor rep-
resentativedata).

Thefirst setof principlesconcerntheeffectsof over-
lapping representations(i.e., sharedunits betweentwo
different distributed representations)and rate of learn-
ing on theability to rapidly learnnew informationwith a
level of interferencecharacteristicof humansubjects:

	 Overlapping representationslead to interference
(conversely, separatedrepresentationspreventinter-
ference).
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Figure 1: Humanand model data for AB-AC list learning.
a) Humansshow someinterferencefor the AB list itemsasa
functionof new learningon theAC list items.b) Model shows
acatastrophiclevel of interference.(datareproducedfrom Mc-
Closkey & Cohen,1989).

	 A faster learning rate causesmore interference
(conversely, a slower learningrate causeslessin-
terference).

Themechanisticbasisfor theseprincipleswithin aneural
network perspective is straightforward. Interferenceis
causedwhenweightsusedto encodeoneassociationare
disturbedby theencodingof another(Figure2a). Over-
lappingpatternssharemoreweights,andthereforelead
to greateramountsof interference. Clearly, if entirely
separaterepresentationsareusedto encodetwo different
associations,thentherewill be no interferencewhatso-
ever (Figure2b). The story with learningrate is simi-
larly straightforward. Fasterlearningratesleadto more
weightchange,andthusgreaterinterference(Figure3).
However, a fastlearningrateis necessaryfor rapidlearn-
ing.

IntegrationandExtractingStatisticalStructure

Figure3 shows theflip sideof theinterferencestory,
integration. If the learningrateis low, thenthe weights
will integrateover many experiences,reflectingthe un-
derlyingstatisticsof theenvironment(White,1989;Mc-
Clellandet al., 1995). Furthermore,overlappingrepre-
sentationsfacilitatethis integrationprocess,becausethe
sameweightsneedto be reusedacrossmany different
experiencesto enabletheintegrationproducedby aslow
learningrate.This leadsto thenext principle:

	 Integrationacrossexperiencesto extractunderlying
statisticalstructurerequiresaslow learningrateand
overlappingrepresentations.

EpisodicMemoryandGeneralization: Incom-
patibleFunctions

Thus, focusingonly on patternoverlapfor the mo-
ment,wecanseethatnetworkscanbeoptimizedfor two
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a) Remembering specifics using same
representations causes interference.

b) Separated (conjunctive) represen−
tations and fast weight changes
enable rapid learning of specifics
without interference.

Figure 2: Interferenceas a function of overlapping(same)
representationsversusseparatedrepresentations.a) Using the
samerepresentationto encodetwo differentassociations( 
���

and 
��� ) causesinterference— thesubsequentlearning
of 
��� interfereswith theprior learningof 
�� � because
the 
 stimulusmusthave strongerweightsto  thanto

�
for

thesecondassociation,asis reflectedin theweights.b) A sepa-
ratedrepresentation,where
 is encodedseparatedfor thefirst
list ( 
�� ) versusthesecondlist ( 
�� ) preventsinterference.
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Figure3: Weightvaluelearningabouta singleinput unit that
is either active or not. The weight increaseswhen the input
is on, anddecreasewhenit is off, in proportionto the sizeof
the learningrate. The input hasan overall probability of be-
ing active of .7. Larger learningrates(.1 or 1) lead to more
interferenceon prior learning,resultingin a weightvaluethat
bouncesaroundsubstantiallywith eachtraining example. In
theextremecaseof a learningrateof 1, theweightonly reflects
whathappenedon theprevious trial, retainingno memoryfor
prior eventsat all. As thelearningrategetssmaller(.005),the
weight smoothlyaveragesover individual eventsand reflects
theoverall statisticalprobabilityof theinput beingactive.



4 A ComputationalPerspective

dif
�

ferent,andincompatible,functions:avoiding interfer-
enceor integratingacrossexperiencesto extractgeneral-
ities. Avoiding interferencerequiresseparatedrepresen-
tations,while integrationrequiresoverlappingrepresen-
tations. Thesetwo functionseachhave clearfunctional
advantages,leadingto a furthersetof principles:

	 Interferenceavoidance is essential for episodic
memory, whichrequireslearningaboutthespecifics
of individualeventsandkeepingthemseparatefrom
otherevents.

	 Integration is essentialfor encoding the general
statisticalstructureof the environment,abstracted
away from thespecificsof individualevents,which
enablesgeneralizationto novel situations.

The incompatibility betweenthesefunctionsis fur-
therevidentin thesedescriptions(i.e.,encodingspecifics
versusabstractingaway from them). Also, episodic
memory requiresrelatively rapid learning — an event
mustbeencodedasit happens,anddoesnot typically re-
peatitself for further learningopportunities.This com-
pletesa patternof oppositionbetweenthesefunctions:
episodiclearningrequiresrapid learningwhile integra-
tion andgeneralizationrequiresslow learning. This is
summarizedin thefollowing principle:

	 Episodicmemoryandextractinggeneralitiesarein
opposition.Episodicmemoryrequiresrapid learn-
ing andseparatedpatterns,while extractinggener-
alities requiresslow learningandoverlappingpat-
terns.

TheHippocampusandNeocortex

Armedwith theseprinciples,the finding that neural
network modelsthat have highly overlappingrepresen-
tationsexhibit catastrophic levels of interference(Mc-
Closkey & Cohen,1989,Figure1b) shouldnot be sur-
prising. A numberof researchersshowed that this in-
terferencecanbereducedby introducingvariousfactors
that result in less patternoverlap (e.g., Kortge, 1993;
French,1992; Sloman& Rumelhart,1992; McRae &
Hetherington,1993). Thus, insteadof concludingthat
neuralnetworksarefundamentallyflawed in someway,
McClelland et al. (1995) argued that this catastrophic
failure servesasan importantclue into the structureof
thehumanbrain.

Specifically, we argued that becauseof the funda-
mental incompatibility betweenepisodicmemory and
extractinggeneralities,thebrainshouldemploy two sep-
aratesystemsthateachoptimizethesetwo objectivesin-
dividually, insteadof having a single systemthat tries

to strike an inferior compromise. This line of reason-
ing provides a good fit to the known propertiesof the
hippocampusandneocortex, respectively. Thedetailsof
this fit in variouscontexts is summarizedbriefly in what
follows,but thegeneralideais that:

	 The hippocampusrapidly binds togetherinforma-
tion usingpattern-separatedrepresentationsto min-
imize interference.

	 The neocortex slowly learnsaboutthe generalsta-
tistical structureof the environmentusingoverlap-
pingdistributedrepresentations.

(seealsoSherry& Schacter, 1987for a similar conclu-
sion).

This view of hippocampalfunction is consistent
with theconjunctiveor configural representationstheory
(Sutherland& Rudy, 1989; Rudy & Sutherland,1995;
Wickelgren,1979;O’Reilly & Rudy, in press). A con-
junctive/configuralrepresentationis one that binds to-
gether(conjoinsor configures)multiple elementsinto a
novel unitary representation.We have shown that pat-
tern separationandconjunctive representationsare two
sidesof the samecoin, andthat both arecausedby the
useof sparse representations(having relatively few ac-
tiveneurons)thatareaknown propertyof thehippocam-
pus(O’Reilly & McClelland,1994;O’Reilly & Rudy, in
press).To summarize:

	 Sparsehippocampalrepresentationsleadto pattern
separation(to avoid interference)and conjunctive
representations(to bindtogetherfeaturesinto auni-
tary representation).

Pattern completionis an additionalprinciple that is
requiredfor recallinginformationfrom conjunctivehip-
pocampalrepresentations(McNaughton& Morris,1987;
Rolls, 1989;Treves& Rolls, 1994),yet it conflictswith
the processof patternseparationthat forms theserep-
resentationsin the first place(O’Reilly & McClelland,
1994). Pattern completionoccurswhen a partial in-
put cue drives the hippocampusto completeto an en-
tire previously-encodedsetof featuresthat werebound
togetherin a conjunctive representation.For a givenin-
put pattern,a decisionmustbe madeto recognizeit as
a retrieval cuefor a previous memoryandperformpat-
tern completion,or to perform patternseparationand
storethe input as a new memory. This decisionis of-
ten difficult givennoisy inputsanddegradedmemories.
The hippocampusimplementsthis decisionas the ef-
fects of a set of basicmechanismsoperatingon input
patterns(O’Reilly & McClelland, 1994; Hasselmo&
Wyble, 1997), and it doesnot always do what would
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seem� to betheright thing to do from anomniscientper-
spectiveknowing all therelevanttaskfactors— this can
complicatethe involvementof thehippocampusin vari-
ousproblems.

Learning Mechanisms: Hebbian and Error
Driven

To more fully explain the roles of the hippocam-
pus and neocortex we needto understandhow learn-
ing works in thesesystems. Among the basicclasses
of learningmechanismsthathave beendiscussedin the
literature, two of the most prominentare Hebbianand
error-driven learning(e.g.,Marr, 1971;McNaughton&
Morris, 1987;Gluck & Myers, 1993;Schmajuk& Di-
Carlo, 1992). Briefly, Hebbianlearning (Hebb, 1949)
worksby increasingweightsbetweenco-active neurons
(andusually decreasingweightswhena receiver is ac-
tive and the senderis not), which is a well-established
propertyof biologicalsynapticmodificationmechanisms
(e.g.,Collingridge& Bliss, 1987). Hebbianlearningis
useful for binding togetherfeaturesactive at the same
time (e.g., within the sameepisode),andhastherefore
beenwidely suggestedasa hippocampallearningmech-
anism(e.g.,Marr, 1971;McNaughton& Morris, 1987).

Error-drivenlearningworks by adjustingweightsto
minimize the errorsin a network’s performance.Error-
drivenlearningis sensitiveto taskdemandsin awaythat
Hebbianlearningis not, andthis makesit a muchmore
capableform of learningfor actuallyachieving somede-
sired output for given inputs. Thus, it may be natural
to associatethis form of learningwith the kind of pro-
ceduralor task-driven learningthat the neocortex is of-
ten thoughtto specializein. Thebestexampleof anal-
gorithm of this type is the error backpropagationalgo-
rithm (Rumelhart,Hinton, & Williams, 1986),in which
thediscrepancy betweenthedesiredoutputandtheout-
put that is actually producedis computed,and is then
back-propagatedthroughthe network, allowing the cal-
culationof how muchandin whatdirectioneachweight
in the network should be changedto move the entire
setof weightsin the directionthat reducesthe error the
mostquickly. Althoughthebackpropagationmechanism
hasbeenwidely challengedasbiologically implausible
(e.g.,Crick, 1989;Zipser& Andersen,1988),thereare
a numberof othermeansto allow outcomeinformation
to affect the adjustmentof connectionweights. For ex-
ample,O’Reilly (1996)showedthat recurrentactivation
propagationin abidirectionally-connectednetwork com-
municatesbackpropagationerror gradientsin a local,
biologically-plausiblefashion. Alternatively, outcome
informationcanbe usedto modulateHebbianlearning
in a varietyof waysthatcanleadeffective learning.One
methodof this type is known asreinforcementlearning

(e.g.,Mazzoni,Andersen,& Jordan,1991).

Although the associationof Hebbianlearningwith
thehippocampusanderror-drivenlearningwith thecor-
tex is appealingin someways, it turns out that both
kinds of learningcanplay importantroles in both sys-
tems(O’Reilly & Rudy, in press;O’Reilly & Munakata,
2000;O’Reilly, 1998).Thus,thespecificlearningprinci-
plesadoptedherearethatbothformsof learningoperate
in bothsystems:

	 Hebbianlearningbinds togetherco-occurringfea-
tures (in the hippocampus)and generally learns
about the co-occurrencestatisticsin the environ-
mentacrossmany differentpatterns(in neocortex).

	 Error-driven learningshapeslearningaccordingto
specifictaskdemands(shifting the balanceof pat-
ternseparationandcompletionin thehippocampus,
anddevelopingtask-appropriaterepresentationsin
theneocortex).

A Summaryof Principles

The above principles can be summarizedwith the
following three generalstatementsof neocorticaland
hippocampallearningproperties(O’Reilly & Rudy, in
press):

Learning rate. The cortical system typically learns
slowly, while the hippocampalsystem typically
learnsrapidly.

Componential vs conjunctive representation. The
cortical systemhasa biastowardsintegratingover
specific instancesto extract generalitiesbut using
representationsin which particular components
of the input are representedsimilarly whenever
they occur. The hippocampalsystem is biased
by its intrinsic sparsenessto develop conjunctive
representationsof of environmental inputs in
which the individual elementsare not indepen-
dently represented. However, this conjunctive
bias trades-off with the countervailing processof
patterncompletion,so the hippocampusdoesnot
always develop new conjunctive representations
(sometimesit completesto existing ones).

Learning mechanisms. Both cortex and hippocampus
useerror-driven andHebbianlearning. The error-
driven aspectrespondsto task demands,and will
causethenetwork to learnto representwhatever is
neededto achieve goalsor ends. Thus, the cortex
canovercomeitsbiasanddevelopspecific,conjunc-
tiverepresentationsif thetaskdemandsrequirethis.
Also, error-drivenlearningcanshift thehippocam-
pusfrom performingpatternseparationto perform-
ing patterncompletion,or vice-versa,asdictatedby
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Figure4: TheO’Reilly andRudy (in press)model,showing
bothcorticalandhippocampalcomponents.Thecortex has12
differentinputdimensions(sensorypathways),with 4 different
valuesperdimension.Thesearerepresentedseparatelyin the
elementalcortex (Elem). Higher level associationcortex (As-
soc)canform conjunctive representationsof theseelements,if
demandedby thetask.Theinterfaceto thehippocampusis via
theentorhinalcortex, which containsa one-to-onemappingof
theelemental,association,andoutputcortical representations.
The hippocampuscan reinstatea patternof activity over the
cortex via theEC.

the task. Hebbianlearningis constantlyoperating,
andreinforcingtherepresentationsthatareactivated
in thetwo systems.

Theseprinciplesarefocusedon distinguishingneo-
cortex and hippocampus— we have also articulateda
more completeset of principles that are largely com-
monto bothsystems(McClelland,1993;O’Reilly, 1998;
O’Reilly & Munakata,2000). Models incorporating
theseprincipleshave beenextensively appliedto a wide
rangeof differentcorticalphenomena,includingpercep-
tion, language,andhigher-level cognition. In the next
section,we highlight the applicationof the principles
presentedhereto understandinghow learningandmem-
ory phenomenaemergefrom their biologicalbasis.

Applicationsof thePrinciples

We have developedneuralnetwork simulationmod-
els basedon the above principles (figure 4), and used
thesemodelsto understanda numberof differentphe-
nomenain animalandhumanlearningandmemory. In
animal learning,we have explored nonlineardiscrimi-

nation learning,contextual fear conditioning,conjunc-
tive habituation,and transitivity (O’Reilly & Rudy, in
press). In human learning, we have explored cued-
recall anddual-process(cortex andhippocampus)mod-
els of recognitionmemoryappliedto paired-associates,
list length/strengtheffects,andstimulussimilarityeffects
(Norman,O’Reilly, & Huber, 2000;O’Reilly etal.,1998;
O’Reilly & Munakata,2000).In all of thesecases,essen-
tially thesamemodelwasused,providing a compelling
demonstrationthattheprinciplesaresufficientto account
for awide rangeof findings.

To set the stagefor subsequentdiscussionof the
implicationsof thesemodelsfor molecularstudies,we
briefly review someof the key animal learningsimula-
tions. Perhapsthe most importantmessagefrom these
simulationsis that onemustbe careful in selectingbe-
havioral tasksto assesshippocampallearningfunction
— thecortex alonecanmake importantcontributionsto
learningandmemory, and the distinctionbetweenhip-
pocampusandcortex is notasclear-cutasit mightseem.
Then,thesubsequentsectionprovidesarangeof sugges-
tionsasto how thesemodelscouldinform futuremolec-
ular studies.

ExistingAnimalLearningSimulations

Oneof themostimportantcontributionsof themod-
els has beento reconcilerecentnonlineardiscrimina-
tion learningdatawith thewidely-heldview thatthehip-
pocampuscontributesto memoryby bindingtogetherel-
ementsof an experienceinto a unitary episodicmem-
ory. SutherlandandRudy(1989)postulatedthatnonlin-
eardiscriminationlearningproblemsprovideadirecttest
of this kind of conjunctive binding theory. Theseprob-
lemsrequireconjunctiverepresentationsbecauseeachof
the individual stimuli is ambiguous(equally often re-
wardedandnotrewarded).Thenegativepatterningprob-
lem,

���
,
���

,
�����

(where
�

and
�

representstimuli
suchasalight andatone,and � ��� indicatesrewardwhile
� ��� indicateslack of reward) is a goodexample. This
problemrequiresthat the conjunctionof the two stim-
uli (

�����
) be treateddifferently from the two stimuli

separately(
���

,
� �

). A conjunctive representationthat
forms a novel encodingof the two stimuli togethercan
facilitatethis form of learning.Therefore,it follows that
thehippocampusshouldplayacritical rolein thesekinds
of tasks.However, it is now clearthata numberof non-
linear discriminationlearningproblemsareunimpaired
by hippocampaldamage(Rudy& Sutherland,1995).

Thegeneralexplanationof theseresultsaccordingto
thefull setof principlesoutlinedabove is that:

	 The explicit task demandspresentin a nonlinear
discrimination learning problem causethe cortex
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alone (with a lesionedhippocampus)to learn the
taskvia error-drivenlearning.

	 Nonlineardiscriminationproblemstakemany trials
to learn even in intact animals,allowing the slow
corticallearningto accumulateasolution.

	 Theabsenceof hippocampallearningspeedadvan-
tagesin normal rats, despitethe more rapid hip-
pocampallearningrate,canbeexplainedby thefact
thatthehippocampusisengagingin patterncomple-
tion in theseproblems,insteadof patternseparation.
Patterncompletionis triggeredby theveryhighlev-
elsof stimulusoverlapacrosstrainingitemsin these
problems.

The resultsof the simulation modelssupport this ex-
planation,demonstratingthat thecortex alonecanlearn
a numberof nonlineardiscriminationproblemsat the
samerate as the intact model (O’Reilly & Rudy, in
press).Therearesomeinterestingwrinklesto thissimple
story, wheresomenonlineardiscriminationproblemsdo
show sensitivity to hippocampaldamage(seeO’Reilly &
Rudy, in pressfor details),but the clearmessageis that
tasksthat seemon the surfaceto provide good indica-
tors of hippocampalfunction arenot actuallyvery use-
ful whenthefull setof computationalprinciplesoutlined
above is takeninto account.

Theseprinciplesdo however suggestanothersetof
tasksthatshouldprovide a muchbettermeasureof hip-
pocampallearningcomparedto the nonlineardiscrim-
ination problems. As we just saw, the very fact that
theseproblems require conjunctive representationsis
whatdrivesthecortex aloneto beableto solve themvia
error-drivenlearning.Therefore,O’Reilly andRudy(in
press)suggestthat incidentalconjunctive learningtasks,
whereconjunctiverepresentationsarenot forcedby spe-
cific taskdemands,mayprovide a muchbetterindex of
hippocampalfunction.Furthermore,thetaskshouldonly
allow for a relatively brief periodof learning,which will
emphasizetherapidlearningof thehippocampusascom-
paredto the slow learningof the cortex. Thesetasks
can thusbe characterizedas rapid, incidental conjunc-
tive learningtasks.

There are several recent studies of tasks that fit
the rapid, incidentalconjunctive characterization(Save,
Poucet,Foreman,& Buhot,1992;Honey, Watt,& Good,
1998;Honey & Good,1993;Good& Bannerman,1997;
Hall & Honey, 1990;Honey, Willis, & Hall, 1990). In
someof thesetasks,for example,subjectsareexposed
to asetof featuresin aparticularconfiguration,andthen
the featuresarerearranged.Subjectsare then testedto
determineif they detecttherearrangement.If thetestin-
dicatesthattherearrangementwasdetected,thenonecan
infer the subjectlearneda conjunctive representationof

the original configuration. The literatureindicatesthat
the incidentallearningof stimulusconjunctions,unlike
many nonlineardiscriminationproblems,is dependent
on thehippocampus.O’Reilly andRudy(in press)have
shown that the sameneuralnetwork modelconstructed
accordingto our principlesand testedon the nonlinear
discriminationlearningproblemsasdescribedaboveex-
hibitsa clearhippocampalsensitivity in theserapidinci-
dentalconjunctivelearningtasks.

Evidencefor theinvolvementof thehippocampalfor-
mation in the incidental learningof stimulusconjunc-
tions has also emerged in the contextual fear condi-
tioning literature. This examplealsoprovidesa simple
demonstrationof the widely-discussedrole of the hip-
pocampusin spatial learning (e.g., O’Keefe & Nadel,
1978;McNaughton& Nadel,1990). Ratswith damage
to the hippocampalformation do not expressfear to a
context or placewhereshockoccurred,but will express
fear to an explicit cue (e.g., a tone) pairedwith shock
(Kim & Fanselow, 1992;Phillips & LeDoux,1994;but
seeMaren, Aharonov, & Fanselow, 1997). Rudy and
O’Reilly (1999)recentlyprovidedspecificevidencethat,
in intact rats, the context representationsare conjunc-
tive in nature, which has beenwidely assumed(e.g.,
Fanselow, 1990; Kiernan& Westbrook,1993;Rudy &
Sutherland,1994). For example,we comparedthe ef-
fectsof preexposureto theconditioningcontext with the
effectsof preexposureto theseparatefeaturesthatmade
up the context. Only preexposureto the intact context
facilitatedcontextual fear conditioning,suggestingthat
conjunctive representationsacrossthe context features
werenecessary. We alsoshowedthatpatterncompletion
of hippocampalconjunctive representationscan leadto
generalizedfearconditioning.Ourmodelalsoappearsto
becompatiblewith recentfindingsbyFrankland,Cestari,
Filipkowski, McDonald,andSilva (1998),in which they
showedthatanimalswith hippocampallesionswerenot
impairedin contextual fear conditioningin caseswhere
thecontext wasidentifiablewith asimple,salientcue.

O’Reilly andRudy(in press)havesimulatedtheinci-
dentallearningof conjunctivecontext representationsin
fearconditioningusingthesameprinciplesasdescribed
above. Oneimportantresultfrom thesemodelsis that it
is possiblefor thecortex aloneto exhibit contextual fear
effects,suchthatmorespecifictestsof conjunctiverepre-
sentationsof context asperformedby RudyandO’Reilly
(1999)shouldbe usedto morespecificallyidentify the
contributionof thehippocampus.

Finally, we note that we have not yet appliedour
modelto thewidely-usedMorris watermazetask(Mor-
ris, 1984),becausethis taskinvolvesmany complex nav-
igational processes.It is for this samereasonthat we
do not considerthis task to be a goodindicatorof hip-
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Figure 5: Schematicof the principal hippocampalareas.
Adaptedfrom Figure5B (p. 300)of McNaughton,B. L. (1989),
NeuronalMechanismsfor SpatialComputationand Informa-
tion Storage.In L. Nadel,L. A. Cooper, P. Culicover, andR.
M. Harnish(Eds.)Neural Connections,MentalComputations.
Cambridge,MA: MIT Press.

pocampalfunction. Specifically, thereare likely many
redundantways to solve the task, biological interven-
tionscanhave their effectson largenumberof different
systemsrelevant to taskperformance,andit is proneto
many kindsof performanceconfounds.

Implicationsof theModelsfor Future
MolecularStudies

The existing applicationsof the models reviewed
above provide onekey implication for future molecular
studies:testinggeneticor othermanipulationsto thehip-
pocampusshouldbe doneusingappropriatebehavioral
tasksthat directly measurethe uniquecontributionsof
the hippocampus.Here,we suggesta numberof more
detailedimplicationsof the modelsthat could be tested
in futuremolecularstudies.

FunctionalContributionsof HippocampalAr-
eas

In most biological intervention studies, the hip-
pocampusis treatedlike a unitary black-box,with ge-
netic or othermanipulationsdesignedto simply impair
its overall function. In contrast,computationalmodels
make muchmorefine-grainedpredictionsregardingin-
terventionsin different hippocampalareas. The struc-
tureof thehippocampalsystemdoeslimit our ability to
independentlyassessthecontributionsof differentareas
somewhat,however, becausemostareasareon a critical
pathof informationflow throughthe system(figure 5).
The only areathat is not is the dentategyrus. How-
ever, molecularmethodshold out thepromiseof induc-
ing synapse-specificinterventions(i.e., that affect only
onetype of projectionwithin the hippocampalsystem),
which would allow moreinterestingquestionsto bead-
dressed.We outlinethreespecificideashere.

First, we considerthe dentategyrus (DG). Accord-
ing to ourmodels,theverysparseactivationsin thisarea

producesubstantialamountsof patternseparation,and
not muchpatterncompletion,makingit moreimportant
for encodingnew memoriesthanretrieving existingones
(O’Reilly & McClelland,1994). Thus, the DG canbe
thoughtof as establishinga well-separatedrepresenta-
tion in CA3, andthis representationis encodedlargely
throughsynapticchangesin CA3 thatenablesubsequent
patterncompletion.Furthermore,wehavesuggestedthat
theDG maynot beengagedby partialcuesduringcued-
recall (O’Reilly & McClelland,1994). Thus,we make
thefollowing predictions:

	 Complete,selective lesionsof the DG shouldim-
pair learningof highly similar stimuli (which de-
pendcritically onpatternseparation),but notof dis-
similar stimuli (whichdo not).

	 Selective impairmentof synapticmodification in
theperforantpathinputsto theDG, andpossiblyto
a lesserextent the mossyfiber outputsto theCA3,
shouldnot impair learningof even highly similar
stimuli. Specifically, directneuralrecordingof CA3
cells (e.g., placecells), or recognition-like behav-
ioral testswherethe entireoriginal stimulusis re-
presented,shouldbenormal. To theextent that the
DGdoesnotparticipatein pattern-completionbased
cued-recall(e.g., presentinga partial cue at test),
suchtestsshouldalsobe relatively unimpaired.In
short,knockingout learningin theDG shouldhave
relatively little effect, as its contribution is mostly
duringinitial encoding.

These predictions could be tested using (rapid-
incidental-conjunctive) habituationstudieswith stimuli
composedof a numberof features,wheresimilarity can
be manipulatedas a function of numberof featuresin
common.Cued-recallcouldbetestedby presentingsub-
setsof featuresat test.

Projection-specifictechniquescould alsobe applied
to understandingthefunctionof theCA3 andCA1. Our
modelsposit that the CA3 is the primary site of new
memoryencoding,in that it encodesa novel, pattern-
separatedrepresentationof an event or stimulus. This
representationis encodedacrossa numberof activeneu-
rons, which are boundtogethervia synapticmodifica-
tion within theCA3 collaterals,andsynapticchangesin
the perforant-pathafferentsfacilitate subsequentrecall
of this encodingthroughpatterncompletion.This novel
pattern-separatedrepresentationmustsomehow be able
to reactivatecorrespondingcorticalrepresentations(e.g.,
of thecomponentstimulusfeatures)duringrecall— we
think the CA1 providesa meansof translatingthe CA3
encodingback into the languageof the cortex. Thus,
synapticchangesin the Schaffer collateralsconnecting
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the
#

CA3 andCA1 arecritical for enablingsubsequentre-
call. Therefore,althoughcompletedamageto eitherthe
CA3 or CA1 would bedevastatingfor theoverall mem-
ory performanceof thehippocampus,projection-specific
knockout of synapticmodificationin the interconnected
pathwayscouldhaveaninterestingpatternof effects:

	 Selective impairmentof learningin theCA3 collat-
eralsshouldsignificantlyimpairpattern-completion
basedcued-recall,while not altering the encoding
propertiesof the CA3 (e.g.,asmeasuredby neural
recordinguponrepresentationof theentireoriginal
stimulus).

	 Selective impairmentof learning in the Schaffer
collateralsshouldimpairall functionaluseof subse-
quentlyacquiredhippocampalmemoriesin thecor-
tex, while not altering the encodingpropertiesof
CA3 (againasmeasuredby neuralrecordings).A
complicationherewould be any CA3 outputsvia
the fornix or subiculum— thesewould needto be
neutralized.

Although these studies would be ambitious, and
would require the useof good behavioral measuresof
cued-recallperformance,they would tell usa greatdeal
abouthow thehippocampusfunctions.Theclearfailure
of any of thesepredictionswould requirerethinkingof
how thehippocampusfunctions.

Manipulationsof ActivationDynamics: Spar-
sity

Our modelsdependcritically on the ideathatsparse
activationsproducepatternseparationand conjunctive
representationsin the hippocampus.This ideacouldbe
easily testedby developing interventionsthat alter the
overall activation level of different hippocampalareas
(without causingepileptiformactivity). We would pre-
dict that increasingthe activation of hippocampalneu-
rons,particularlyin theDG andCA3,shouldmuchmore
substantiallyaffect the ability to discriminatebetween
similar stimuli relative to dissimilar ones. Neural net-
work modelershavelongrealizedthatactivationdynam-
ics areasimportantto learningassynapticmodification
mechanismsare— establishingtherelevanceof theseac-
tivation dynamicsin behavioral studiescould help con-
vey the importanceof this point to a muchlarger audi-
ence.

HebbianversusError-DrivenLearningManip-
ulations

Another category of possiblemolecularmanipula-
tionsconcernsthedifferentialrolesof Hebbiananderror-
driven learningmechanisms.As we mentionedearlier,

therearevariousproposalsregardingthedetailednature
of biologically-basederror-drivenlearningmechanisms,
andconclusiveevidencein supportany of themdoesnot
yet exist. Therefore,testingfor ways of isolating and
furthercharacterizingtheerror-drivenmechanismsusing
molecularmethodswould bea promisingareaof future
study.

For example,onespecificproposalregardingthebi-
ological basisof error-driven learning could be easily
testedusing currentLTP/LTD electrophysiologymeth-
ods (O’Reilly, 1996). This proposaldependson tem-
poral propertiesof intracellular calcium dynamics, to
a greaterdegreethan establishedHebbian-like mecha-
nisms.Specifically, theLTD neededto decreaseweights
after an error is producedby an initial elevation of cal-
cium concentration(associatedwith an expectedout-
come)that thendecreases(whenthatoutcomeis not re-
alized, i.e., an error). Existing evidencesuggeststhat
this middling level of calcium should produceLTD,
while higherlevelsproduceLTP(e.g.,Artola,Brocher, &
Singer, 1990; Lisman, 1989; Bear & Malenka,1994).
Thus it is possiblethat error-drivenandHebbianlearn-
ing mechanismscould be dissociatedby selectively al-
teringvariousstepsin thesynapticmodificationcascade.
Onecouldsearchfor suchdissociationsbyexaminingthe
rapid-incidental-conjunctive learning tasks (which de-
pendmostly on Hebbianlearning)as comparedto the
nonlineardiscriminationlearning tasks(which depend
critically on error-drivenmechanisms).Establishingthat
thesetwo formsof learningreallyexist andaredissocia-
ble, andfurtherunderstandingtheunderlyingmolecular
basisfor sucha dissociation,would constituteanimpor-
tantadvancein our mechanisticunderstandingof learn-
ing andmemory.

Summary

We have shown thata small setof computationally-
motivatedprinciplescanaccountfor awiderangeof em-
pirical findings regarding the differential propertiesof
theneocortex andhippocampusin learningandmemory.
The detailedpropertiesof thesemodelsmake a num-
ber of specificpredictionsand raisea numberof addi-
tional questionsthatcouldpotentiallybe testedthrough
molecularmethods.Althoughmany of thesetestswould
requiresophisticatedprojection-specificmanipulations,
the resultswould furtherconstraintheefforts of model-
erssuchasourselves,leadingultimately to a deeperun-
derstandingof themechanismsof learningandmemory
in thebrain.
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