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Abstract

Computationamodelsareimportantfor guiding andinterpretingmolecularstudiesof learningandmemorybecause
they provide a bridgebetweerbiologicalandbehavioral levels of analysis.Thesemodelsfacilitatethe identification
of centralunderlyingprinciplesthatspandifferentlevels,andthey canaccommodatthe mary complexities of eachof
thesdevelsandtheirinterrelationshipsWe presentinoverview of ourcomputationahpproachowardsunderstanding
the differentcontributions of the neocorte and hippocampusn learningandmemory The approachs basedon a
setof principlesderived from corverging biological, psychologicaland computationatonstraints.This framework
providesinsightinto: (a) which behavioral paradigmsaremostappropriatefor dissociatingcorticalandhippocampal
learningcontributions; (b) effects of selectve impairmentson hippocampakreas;(c) effectsof synapticmodifica-
tion (LTP/LTD) impairmentson various pathways within the hippocampakystem;(d) effects of manipulationsof
hippocampahctivation parametersand (e) effectsof manipulationghat selectively impair differentcomponentsof
learning(Hebbianversuserror-driven). We hopethattheseinsightsprovide fruitful avenuedor furtherresearchusing
moleculartechniquego inform ourunderstandingf exactly how learningandmemoryphenomenamegefrom their
biologicalbasis.
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Introduction

Computationamodelscanprovide animportanttool
for linking dataacrossmultiple levels of analysis. The
cognitive implicationsof findingsaboutthe cellularand
molecularpropertiesof neuronsare often not immedi-
ately apparent— thereis simply too much compleity
for verbal theoriesto accommodate. The situation is
analogougo having a humantry to predictthe weather
by looking at a numberof satellite measurements—
thereis simply too muchinformationat mary different
levels, which needgo be integratedin complex waysto
malke senseof the phenomenaA computationamodel,
of the weatheror of the brain, canhelp by providing a
way to exploretheemegentpropertiesof acomplex sys-
tem. Modelsmust,of necessityabstracaway from some
of the underlyingcompleity. By formulating specific
groundsfor the abstraction— thatis, by articulatinga
setof principlesthatguidethe constructiorof themodel
— agoodmodelbecomes vehiclefor exploringthe ad-
equag of a particularview of the fundamentahatureof
thecomplex systemthatdependsiponall theunderlying
details.Onceamodelis formulatedjs canprovideanex-
plicit, formaltool for exploringhow behavior arisesrom
the molecularand neurophysiologicasubstrateandfor
understandingvhy manipulationsof underlyingmecha-
nisms(e.g.,geneticknockoutsor lesions)giveriseto the
obsenedbehaioral effects.

Althoughthereis clearly greatpromisefor computa-
tional models,they facea numberof seriousobstacles.
Perhapamostimportantly modelsare only asgood as
the validity of the principlesthey embody(“garbage-in,
garbage-out”).In addition, it is essentiathatthe oper
ation of the modelbe intelligible, sowe canunderstand
why it beharesasit does. To dealwith theseproblems,
it is essentiato developa detailedunderstandingf the
modelthatgoesbeyonda merereportingof theresultsof
particularsimulations.

This paperpresentsa computationalapproachto-
wards understandinghe different contributions of the
neocort& and hippocampusin learning and memory
This approachusesbasic principles of computational
neuralnetwork learningmechanismso understandboth
whatis differentaboutthe way thesetwo neuralsystems
learn,andwhythey shouldhave thesedifferencesThus,
thecomputationahpproacttangobeyondmeredescrip-
tion towardsunderstandinghe deepemprinciplesunder
lying the organizationof the cognitive system. These
principles are basedon an corvergenceof biological,
psychologicaland computationaktonstraintsandsene
to bridge betweenthesedifferentlevels of analysis.We
thensuggesthow this computationaframewnork canbe
usedto make senseof molecularandcellular manipula-
tionsto thesebrainareas.

Thesetof principlesdiscussedh this paperwasfirst
developedin O'Reilly and McClelland (1994)and Mc-
Clelland, McNaughton,and O'Reilly (1995), and they
have beenrefinedandelaboratedn 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
learningandmemoryphenomenacrossseveral species
(rats, monkeys and humans). For example, they can
accountfor impairedand presered learning capacities
with hippocampallesionsin conditioning, habituation,
contextual learning,recognitionmemory recall,andret-
rogradeamnesia.

ThePrinciples

Thereareseverallevelsof principlesthatcanbedis-
tinguishedby their degreeof specificityin characteriz-
ing the natureof the underlying mechanisms.We be-
gin with the mostbasicprinciplesand proceedtowards
greaterspecificity

LearningRate Overlap,andinterference

Themostbasicsetof principlescanbe motivatedby
consideringhow subsequentearningcaninterferewith
prior learning.A classicexampleof thiskind of interfer
encecanbefoundin the AB — AC associatie learning
task (e.g.,Barnes& Underwood, 1959). The A repre-
sentsone setof wordsthat are associatedvith two dif-
ferentsetsof otherwords, B andC. For example,the
word windowwill be associatedvith theword reasonin
the AB list, andassociatedvith locomotiveon the AC
list. After studyingthe AB list of associatesubjectsare
testedby askingthemto givetheappropriateB associate
for eachof the A words. Then, subjectsstudythe AC
list (oftenover multiple iterations),andaresubsequently
testedon bothlists for recall of the associateafter each
iterationof learningthe AC' list. Subjectsexhibit some
level of interferenceon the initially learnedAB asso-
ciationsasaresultof learningthe AC list, but they still
remembeareasonableercentagéseerigurelafor rep-
resentatie data).

Thefirst setof principlesconcerrthe effectsof over
lapping representationgi.e., sharedunits betweentwo
different distributed representationsand rate of learn-
ing ontheability to rapidly learnnew informationwith a
level of interferencecharacteristiof humansubjects:

e Overlapping representationdead to interference
(corversely separatedepresentationgreventinter-
ference).



a) AB-AC List Learning in Humans b) AB-AC List Learning in Model
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Figure 1: Humanand model datafor AB-AC list learning.
a) Humansshov someinterferencefor the AB list itemsasa
functionof new learningonthe AC list items. b) Model shavs
acatastrophidevel of interference(datareproducedrom Mc-
Closkey & Cohen,1989).

e A faster learning rate causesmore interference
(corversely a slower learningrate causedessin-
terference).

Themechanistibasisfor theseprincipleswithin aneural
network perspectie is straightforvard. Interferenceis
causedvhenweightsusedto encodeoneassociatiorare
disturbedby the encodingof another(Figure2a). Over-
lapping patternssharemoreweights,andthereforelead
to greateramountsof interference. Clearly, if entirely
separateepresentationareusedto encodawo different
associationsthentherewill be no interferencewhatso-
ever (Figure 2b). The story with learningrateis simi-
larly straightforward. Fasterlearningratesleadto more
weight change andthusgreaterinterferencgFigure 3).
However, afastlearningrateis necessarfor rapidlearn-

ing.

Integration and Extracting StatisticalStructue

Figure3 shavstheflip sideof theinterferencestory,
integration. If thelearningrateis low, thenthe weights
will integrateover mary experiencesreflectingthe un-
derlyingstatisticsof the environment(\White, 1989;Mc-
Clellandet al., 1995). Furthermore pverlappingrepre-
sentationdacilitatethis integrationprocesspbecauséehe
sameweightsneedto be reusedacrossmary different
experienceso enabletheintegrationproducedy a slow
learningrate. Thisleadsto the next principle:

e Integrationacrossexperienceso extractunderlying
statisticalstructurerequiresaslow learningrateand
overlappingrepresentations.

EpisodicMemoryand Genealization: Incom-

patible Functions

Thus, focusingonly on patternoverlap for the mo-
ment,we canseethatnetworks canbe optimizedfor two
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List 1: A—>B List 2: A—>C

a) Remembering specifics using same
representations causes interference.

List 1: A—>B List 2: A—>C

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

Figure 2: Interferenceas a function of overlapping(same)
representationgersusseparatedepresentationsa) Using the
samerepresentatioto encodawo differentassociationgA —
B andA — C) causesnterference— thesubsequeriearning
of A — C interfereswith theprior learningof A — B because
the A stimulusmusthave strongerweightsto C' thanto B for
thesecondassociationasis reflectedn theweights.b) A sepa-
ratedrepresentationyhere A is encodedseparatedor thefirst
list (A1) versusthesecondist (A2) preventsinterference.
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Figure 3: Weightvaluelearningabouta singleinput unit that
is eitheractive or not. The weight increasesvhenthe input
is on, anddecreasavhenit is off, in proportionto the size of
the learningrate. The input hasan overall probability of be-
ing active of .7. Larger learningrates(.1 or 1) leadto more
interferenceon prior learning,resultingin a weightvaluethat
bouncesaroundsubstantiallywith eachtraining example. In
theextremecaseof alearningrateof 1, theweightonly reflects
what happenean the previous trial, retainingno memoryfor
prior eventsatall. As thelearningrategetssmaller(.005),the
weight smoothlyaveragesover individual eventsand reflects
theoverall statisticalprobability of theinput beingactive.
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different,andincompatible functions:avoiding interfer
enceor integratingacrossexperienceso extractgeneral-
ities. Avoiding interferenceequiresseparatedepresen-
tations,while integrationrequiresoverlappingrepresen-
tations. Thesetwo functionseachhave clearfunctional
adwantagesleadingto afurthersetof principles:

¢ Interference avoidance is essentialfor episodic
memorywhichrequiredearningaboutthespecifics
of individualeventsandkeepingthemseparatérom
otherevents.

e Integration is essentialfor encodingthe general
statisticalstructureof the ervironment,abstracted
away from the specificsof individual events,which
enablegienerlizationto novel situations.

The incompatibility betweenthesefunctionsis fur-
therevidentin thesedescriptiongi.e.,encodingspecifics
versusabstractingaway from them). Also, episodic
memory requiresrelatively rapid learning— an event
mustbe encodedasit happensanddoesnottypically re-
peatitself for further learningopportunities. This com-
pletesa patternof oppositionbetweenthesefunctions:
episodiclearningrequiresrapid learningwhile integra-
tion and generalizatiorrequiresslow learning. This is
summarizedn thefollowing principle:

e Episodicmemoryandextractinggeneralitiesarein
opposition. Episodicmemoryrequiresrapid learn-
ing andseparateghatternswhile extractinggener
alities requiresslow learningand overlappingpat-
terns.

TheHippocampusndNeocorte

Armed with theseprinciples,the finding that neural
network modelsthat have highly overlappingrepresen-
tations exhibit catastophic levels of interference(Mc-
Closkey & Cohen,1989, Figure 1b) shouldnot be sur
prising. A numberof researchershowved that this in-
terferencecanbereducedy introducingvariousfactors
that result in less patternoverlap (e.g., Kortge, 1993;
French,1992; Sloman& Rumelhart,1992; McRae &
Hetherington,1993). Thus, insteadof concludingthat
neuralnetworks arefundamentallyflawed in someway,
McClelland et al. (1995) argued that this catastrophic
failure senesasanimportantclue into the structureof
the humanbrain.

Specifically we argued that becauseof the funda-
mental incompatibility betweenepisodic memory and
extractinggeneralitiesthe brainshouldemploy two sep-
aratesystemghateachoptimizethesetwo objectvesin-
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

hippocampusindneocortg, respectiely. Thedetailsof

thisfit in variouscontetsis summarizedriefly in what
follows, but thegeneraideais that:

e The hippocampugapidly binds togetherinforma-
tion usingpattern-separate@presentationto min-
imizeinterference.

e Theneocorta slowly learnsaboutthe generalsta-
tistical structureof the environmentusing overlap-
ping distributedrepresentations.

(seealso Sherry& Schacter1987for a similar conclu-
sion).

This view of hippocampalfunction is consistent
with the conjunctiveor configuial representationtheory
(Sutherland& Rudy, 1989; Rudy & Sutherland,1995;
Wickelgren,1979; O'Reilly & Rudy, in press). A con-
junctive/configuralrepresentations one that binds to-
gether(conjoinsor configures)multiple elementdnto a
novel unitary representation.We have shown that pat-
tern separatiorand conjunctie representationare two
sidesof the samecoin, andthat both are causedby the
useof sparserepresentationthaving relatively few ac-
tive neurons}thatareaknown propertyof thehippocam-
pus(O'Reilly & McClelland,1994;0O'Reilly & Rudy; in
press).To summarize:

e Sparsehippocampatepresentationkeadto pattern
separation(to avoid interference)and conjunctive
representation&o bind togetheifeaturesnto a uni-
tary representation).

Pattern completionis an additionalprinciple that is
requiredfor recallinginformationfrom conjunctie hip-
pocampatepresentation@icNaughton& Morris, 1987,
Rolls, 1989; Treves& Rolls, 1994),yet it conflictswith
the processof patternseparatiorthat forms theserep-
resentationsn the first place (O’'Reilly & McClelland,
1994). Pattern completion occurswhen a partial in-
put cue drives the hippocampudo completeto an en-
tire previously-encodedet of featuresthat werebound
togetherin a conjunctve representationfor a givenin-
put pattern,a decisionmustbe madeto recognizeit as
a retrieval cuefor a previous memoryand perform pat-
tern completion, or to perform patternseparationand
storethe input asa newv memory This decisionis of-
tendifficult given noisy inputsand degradedmemories.
The hippocampusmplementsthis decisionas the ef-
fects of a setof basic mechanismperatingon input
patterns(O’Reilly & McClelland, 1994; Hasselmo&
Wyble, 1997), and it doesnot always do what would



seemto betheright thing to do from anomniscientper
spectve knowing all therelevanttaskfactors— this can
complicatethe involvementof the hippocampusn vari-
ousproblems.

Learning Medhanisms: Hebbian and Error
Driven

To more fully explain the roles of the hippocam-
pus and neocorte we needto understanchow learn-
ing works in thesesystems. Among the basicclasses
of learningmechanismshat have beendiscussedn the
literature, two of the most prominentare Hebbianand
errordrivenlearning(e.g.,Marr, 1971; McNaughton&
Morris, 1987; Gluck & Myers, 1993; Schmajuk& Di-
Carlo, 1992). Briefly, Hebbianlearning (Hebb, 1949)
works by increasingweightsbetweenco-actve neurons
(and usually decreasingveightswhen a recever 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),and hastherefore
beenwidely suggestedsa hippocampalearningmech-
anism(e.g.,Marr, 1971;McNaughton& Morris, 1987).

Error-drivenlearningworks by adjustingweightsto
minimize the errorsin a network’s performance.Error-
drivenlearningis sensitve to taskdemandsn away that
Hebbianlearningis not, andthis makesit a muchmore
capabldorm of learningfor actuallyachie/ing somede-
sired outputfor giveninputs. Thus, it may be natural
to associatehis form of learningwith the kind of pro-
ceduralor task-drven learningthat the neocorta is of-
tenthoughtto specializein. The bestexampleof anal-
gorithm of this typeis the error badkpropagation algo-
rithm (RumelhartHinton, & Williams, 1986),in which
the discrepanyg betweerthe desiredoutputandthe out-
put that is actually producedis computed,and is then
back-propagatethroughthe network, allowing the cal-
culationof how muchandin whatdirectioneachweight
in the network should be changedto move the entire
setof weightsin the directionthatreduceghe error the
mostquickly. Althoughthebackpropagatiomechanism
hasbeenwidely challengedas biologically implausible
(e.g.,Crick, 1989; Zipser & Andersen,1988),thereare
a numberof othermeangto allow outcomeinformation
to affect the adjustmenbf connectionweights. For ex-
ample,O’'Reilly (1996)shavedthatrecurrentactivation
propagationn abidirectionally-connectedetwork com-
municatesbackpropagatiorerror gradientsin a local,
biologically-plausiblefashion. Alternatively, outcome
information can be usedto modulateHebbianlearning
in avariety of waysthat canleadeffective learning.One
methodof this type is known asreinforcementearning
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(e.g.,Mazzoni,Andersen& Jordan,1991).

Although the associatiornof Hebbianlearningwith
the hippocampusnderrordrivenlearningwith the cor
tex is appealingin someways, it turns out that both
kinds of learningcan play importantrolesin both sys-
tems(O'Reilly & Rudy; in press;O’Reilly & Munakata,
2000;0'Reilly, 1998). Thus,thespecificlearningprinci-
plesadoptecherearethatbothforms of learningoperate
in bothsystems:

e Hebbianlearningbindstogetherco-occurringfea-
tures (in the hippocampus)and generally learns
about the co-occurrencestatisticsin the erviron-
mentacrosamary differentpatterngin neocorts).

e Error-drivenlearningshapedearningaccordingto
specifictask demandqshifting the balanceof pat-
ternseparatiormandcompletionin thehippocampus,
and developing task-appropriateepresentations
theneocortg).

A Summanyof Principles

The above principles can be summarizedwith the
following three general statementsof neocorticaland
hippocampalearning properties(O’'Reilly & Rudy in
press):

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

Componential vs conjunctiverepresentation. The
cortical systemhasa biastowardsintegrating over
specificinstancego extract generalitiesbut using
representationdn which particular components
of the input are representedsimilarly wheneer
they occur The hippocampalsystemis biased
by its intrinsic sparsenesso develop conjunctve
representationsof of environmental inputs in
which the individual elementsare not indepen-
dently represented. However, this conjunctive
bias trades-of with the countenailing processof
patterncompletion, so the hippocampusdoesnot
always develop new conjunctve representations
(sometimest completedo existing ones).

L earning mechanisms. Both cortex and hippocampus
useerrordriven and Hebbianlearning. The error
driven aspectrespondgo task demandsand will
causethe network to learnto representvhaterer is
neededo achieve goalsor ends. Thus, the cortex
canovercomats biasanddevelopspecific,conjunc-
tiverepresentationi$ thetaskdemandsequirethis.
Also, errordrivenlearningcanshift the hippocam-
pusfrom performingpatternseparatiorio perform-
ing patterncompletion or vice-versaasdictatedby
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Hippocampus

Cortex

Figure4: The O'Reilly andRudy (in press)model, shaving
both corticalandhippocampatomponentsThe cortex has12
differentinputdimensiongsensonypathways),with 4 different
valuesper dimension. Thesearerepresentedeparatelyin the
elementakortex (Elem). Higherlevel associatiorcortex (As-
soc)canform conjunctve representationsf theseelementsif
demandedby thetask. Theinterfaceto the hippocampuss via
the entorhinalcortex, which containsa one-to-onenappingof

the elemental associationandoutputcortical representations.

The hippocampuscan reinstatea patternof actiity over the
cortex viathe EC.

the task. Hebbianlearningis constantlyoperating,
andreinforcingtherepresentatiornthatareactivated
in thetwo systems.

Theseprinciplesare focusedon distinguishingneo-
cortex and hippocampus— we have also articulateda
more completeset of principlesthat are largely com-
monto bothsystemgMcClelland,1993;0’Reilly, 1998;
O'Reilly & Munakata,2000). Models incorporating
theseprincipleshave beenextensively appliedto a wide
rangeof differentcorticalphenomenancluding percep-
tion, languageand higherlevel cognition. In the next
section, we highlight the applicationof the principles
presentedhereto understandingnow learningandmem-
ory phenomenamegefrom their biologicalbasis.

Applicationsof the Principles

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 transitvity (O'Reilly & Rudy; in
press). In humanlearning, we have explored cued-
recallanddual-procesgcortex and hippocampusjmnod-
els of recognitionmemoryappliedto paired-associates,
list length/strengtleffects,andstimulussimilarity effects
(Norman,0O’'Reilly, & Huber, 2000;0'Reilly etal.,1998;
O'Reilly & Munakata2000).In all of thesecasesessen-
tially the samemodelwasused,providing a compelling
demonstratiomhatthe principlesaresufiicientto account
for awide rangeof findings.

To set the stagefor subsequentliscussionof the
implicationsof thesemodelsfor molecularstudies,we
briefly review someof the key animallearningsimula-
tions. Perhapghe mostimportantmessagdrom these
simulationsis that one mustbe carefulin selectingbe-
havioral tasksto assessippocampalearning function
— the cortex alonecanmake importantcontributionsto
learningand memory andthe distinction betweenhip-
pocampusndcortex is notasclearcutasit mightseem.
Then,thesubsequergectionprovidesarangeof sugges-
tionsasto how thesemodelscouldinform futuremolec-
ular studies.

ExistingAnimalLearningSimulations

Oneof themostimportantcontributionsof the mod-
els has beento reconcilerecentnonlinear discrimina-
tion learningdatawith thewidely-heldview thatthehip-
pocampusontributesto memoryby bindingtogetherel-
ementsof an experienceinto a unitary episodicmem-
ory. SutherlancandRudy (1989)postulated¢hatnonlin-
eardiscriminationlearningproblemsprovide adirecttest
of this kind of conjunctie binding theory Theseprob-
lemsrequireconjunctive representationsecauseachof
the individual stimuli is ambiguous(equally often re-
wardedandnotrewarded).Thenegative patterningprob-
lem, A+, B+, AB— (whereA and B represenstimuli
suchasalight andatone,and(+) indicatesrewardwhile
(-) indicateslack of reward) is a good example. This
problemrequiresthat the conjunctionof the two stim-
uli (AB-) be treateddifferently from the two stimuli
separatelf{A+, B+). A conjunctive representatiothat
forms a novel encodingof the two stimuli togethercan
facilitatethis form of learning.Therefore |t follows that
thehippocampushouldplayacritical rolein thesekinds
of tasks.However, it is now clearthata numberof non-
linear discriminationlearning problemsare unimpaired
by hippocampatlamaggRudy & Sutherland1995).

Thegenerakexplanationof theseresultsaccordingo
thefull setof principlesoutlinedaboveis that:

e The explicit task demandspresentin a nonlinear
discriminationlearning problem causethe cortex



alone (with a lesionedhippocampus}o learnthe
taskvia errordrivenlearning.

¢ Nonlineardiscriminationproblemstake mary trials
to learneven in intact animals,allowing the slow
corticallearningto accumulate solution.

e Theabsencef hippocampalearningspeedadvan-
tagesin normal rats, despitethe more rapid hip-
pocampalearningrate,canbeexplainedby thefact
thatthehippocampuss engagingn patterncomple-

tionin theseproblemsjnsteadof patternseparation.

Patterncompletionis triggeredby thevery highlev-
elsof stimulusoverlapacrosdrainingitemsin these
problems.

The resultsof the simulation models supportthis ex-
planation,demonstratinghat the cortex alonecanlearn
a numberof nonlineardiscrimination problemsat the
samerate as the intact model (O'Reilly & Rudy; in
press).Therearesomeinterestingwrinklesto thissimple
story, wheresomenonlineardiscriminationproblemsdo
shav sensitvity to hippocampatiamaggseeO’Reilly &
Rudy in pressfor details),but the clearmessages that
tasksthat seemon the surfaceto provide good indica-
tors of hippocampafunction are not actually very use-
ful whenthefull setof computationaprinciplesoutlined
aboveis takeninto account.

Theseprinciplesdo however suggestanotherset of
tasksthat shouldprovide a muchbettermeasureof hip-
pocampallearning comparedto the nonlineardiscrim-
ination problems. As we just saw, the very fact that
these problemsrequire conjunctve representationss
whatdrivesthe cortex aloneto be ableto solve themvia
errordrivenlearning. Therefore,O’Reilly andRudy (in
press)suggesthatincidentalconjunctive learningtasks,
whereconjunctive representationarenot forcedby spe-
cific taskdemandsmay provide a muchbetterindex of
hippocampafunction. Furthermorethetaskshouldonly
allow for arelatively brief periodof learning,which will
emphasizéherapidlearningof thehippocampusscom-
paredto the slow learningof the cortex. Thesetasks
canthusbe characterizeds rapid, incidental conjunc-
tive learningtasks

There are several recent studies of tasks that fit
the rapid, incidentalconjunctive characterizatior{Save,
PoucetfForemang& Buhot,1992;Honey, Watt, & Good,
1998;Honey & Good,1993;Good& Bannermanl997;
Hall & Honey, 1990; Honey, Willis, & Hall, 1990). In
someof thesetasks,for example,subjectsare exposed
to asetof featuresn a particularconfigurationandthen
the featuresare rearranged.Subjectsare thentestedto
determindf they detecttherearrangementf thetestin-
dicateghattherearrangemenwasdetectedthenonecan
infer the subjectlearneda conjunctie representatiomf
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the original configuration. The literatureindicatesthat
the incidentallearningof stimulusconjunctions,unlike
mary nonlineardiscriminationproblems,is dependent
on the hippocampusO’Reilly andRudy (in press)have
showvn thatthe sameneuralnetwork model constructed
accordingto our principlesandtestedon the nonlinear
discriminationlearningproblemsasdescribedabore ex-
hibits a clearhippocampakensitvity in theserapidinci-
dentalconjunctivelearningtasks.

Evidencdor theinvolvemenbf thehippocampator-
mation in the incidentallearning of stimulus conjunc-
tions has also emeged in the contextual fear condi-
tioning literature. This examplealso providesa simple
demonstratiorof the widely-discussedole 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 & Fanselav, 1992;Phillips & LeDoux,1994; but
seeMaren, Aharonos, & Fanselav, 1997). Rudy and
O'Reilly (1999)recentlyprovidedspecificevidencethat,
in intact rats, the context representationare conjunc-
tive in nature, which has beenwidely assumede.g.,
Fanselov, 1990; Kiernan & Westbrook,1993; Rudy &
Sutherland,1994). For example,we comparedthe ef-
fectsof preexposureto the conditioningcontext with the
effectsof preexposureto the separatdeaturegshatmade
up the context. Only preexposureto the intact context
facilitated contextual fear conditioning, suggestinghat
conjunctive representationgicrossthe contet features
werenecessaryWe alsoshovedthatpatterncompletion
of hippocampakonjunctive representationsanleadto
generalizedearconditioning.Our modelalsoappearso
becompatiblewith recenffindingsby FranklandCestari,
Filipkowski, McDonald,andSilva (1998),in which they
shavedthatanimalswith hippocampalesionswerenot
impairedin contectual fear conditioningin caseswvhere
the context wasidentifiablewith a simple,salientcue.

O’Reilly andRudy(in presshave simulatedheinci-
dentallearningof conjunctive contet representations
fearconditioningusingthe sameprinciplesasdescribed
above. Oneimportantresultfrom thesemodelsis thatit
is possiblefor the cortex aloneto exhibit contextual fear
effects,suchthatmorespecifictestsof conjunctiverepre-
sentation®f context asperformedoy RudyandO’Reilly
(1999) shouldbe usedto more specificallyidentify the
contribution of the hippocampus.

Finally, we note that we have not yet applied our
modelto thewidely-usedMorris watermazetask(Mor-
ris, 1984),becaus¢his taskinvolvesmary complex nav-
igational processes.lt is for this samereasonthat we
do not considerthis taskto be a goodindicator of hip-
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Figure 5: Schematicof the principal hippocampalareas.
Adaptedirom Figure5B (p. 300)of McNaughtonB. L. (1989),
NeuronalMechanismdor Spatial Computationand Informa-
tion Storage.In L. Nadel,L. A. Cooper P. Culicover, andR.
M. Harnish(Eds.)Neural ConnectionsMental Computations
CambridgeMA: MIT Press.

pocampalfunction. Specifically thereare likely mary
redundantways to solve the task, biological interven-
tions canhave their effectson large numberof different
systemgelevantto taskperformanceandit is proneto
mary kindsof performancesonfounds.

Implicationsof the Modelsfor Future
MolecularStudies

The existing applicationsof the models reviewed
above provide onekey implication for future molecular
studiestestinggeneticor othermanipulationgo thehip-
pocampusshouldbe doneusing appropriatebehaioral
tasksthat directly measurethe unique contributions of
the hippocampus.Here, we suggest numberof more
detailedimplicationsof the modelsthat could be tested
in futuremolecularstudies.

Functional Contributions of HippocampalAr-
eas

In most biological intervention studies, the hip-
pocampuss treatedlike a unitary black-box, with ge-
netic or othermanipulationsdesignedo simply impair
its overall function. In contrast,computationaimodels
malke much morefine-grainedpredictionsregardingin-
terventionsin differenthippocampalareas. The struc-
ture of the hippocampabystemdoeslimit our ability to
independenthassesshe contributionsof differentareas
somavhat,however, becausenostareasareon acritical
pathof informationflow throughthe system(figure 5).
The only areathat is not is the dentategyrus. How-
ever, molecularmethodshold out the promiseof induc-
ing synapse-specifimterventions(i.e., that affect only
onetype of projectionwithin the hippocampakystem),
which would allow moreinterestingquestiongo be ad-
dressedWe outlinethreespecificideashere.

First, we considerthe dentategyrus (DG). Accord-
ing to our models thevery sparseactivationsin thisarea

producesubstantiakmountsof patternseparationand
not much patterncompletion,makingit moreimportant
for encodingnew memorieghanretrieving existing ones
(O'Reilly & McClelland, 1994). Thus,the DG canbe
thoughtof as establishinga well-separatedepresenta-
tion in CA3, andthis representatioris encodedargely
throughsynapticchangesn CA3 thatenablesubsequent
patterncompletion.Furthermorewe have suggestethat
the DG maynot be engagedy partial cuesduringcued-
recall (O'Reilly & McClelland,1994). Thus,we make
thefollowing predictions:

e Complete,selectie lesionsof the DG shouldim-
pair learning of highly similar stimuli (which de-
pendcritically on patternseparation)but notof dis-
similar stimuli (which do not).

e Selectve impairmentof synaptic modification in
the perforantpathinputsto the DG, andpossiblyto
a lesserextentthe mossyfiber outputsto the CA3,
shouldnot impair learning of even highly similar
stimuli. Specifically directneuralrecordingof CA3
cells (e.g., placecells), or recognition-like beha-
ioral testswherethe entire original stimulusis re-
presentedshouldbe normal. To the extentthatthe
DG doesnotparticipaten pattern-completiobased
cued-recall(e.g., presentinga partial cue at test),
suchtestsshouldalsobe relatively unimpaired.In
short,knockingout learningin the DG shouldhave
relatively little effect, asits contribution is mostly
duringinitial encoding.

These predictions could be tested using (rapid-
incidental-conjunctie) habituationstudieswith stimuli
composedf a numberof featureswheresimilarity can
be manipulatedas a function of numberof featuresin
common.Cued-recaltouldbetestedby presentingsub-
setsof featuresattest.

Projection-specifitechniquesould alsobe applied
to understandinghe function of the CA3 andCAL1. Our
models posit that the CA3 is the primary site of new
memory encoding,in that it encodesa novel, pattern-
separatedepresentatiorf an event or stimulus. This
representatiors encodedicrossa numberof active neu-
rons, which are boundtogethervia synapticmodifica-
tion within the CA3 collaterals andsynapticchangesn
the perforant-pathafferentsfacilitate subsequentecall
of this encodingthroughpatterncompletion.This novel
pattern-separategtpresentatiomustsomehav be able
to reactvatecorrespondingorticalrepresentation.g.,
of the componenstimulusfeatures)Xuring recall— we
think the CA1 providesa meansof translatingthe CA3
encodingbackinto the languageof the cortex. Thus,
synapticchangesn the Schafer collateralsconnecting



the CA3 andCA1 arecritical for enablingsubsequente-
call. Therefore althoughcompletedamageto eitherthe
CA3 or CA1 would be devastatingfor the overall mem-
ory performancef thehippocampusprojection-specific
knockout of synapticmodificationin the interconnected
pathwayscould have aninterestingpatternof effects:

e Selectve impairmentof learningin the CA3 collat-
eralsshouldsignificantlyimpair pattern-completion
basedcued-recallwhile not altering the encoding
propertiesof the CA3 (e.g.,asmeasuredy neural
recordinguponrepresentationf the entireoriginal
stimulus).

e Selectve impairmentof learningin the Schafer
collateralsshouldimpairall functionaluseof subse-
qguentlyacquiredhippocampamemoriesn the cor
tex, while not altering the encodingpropertiesof
CA3 (againas measuredy neuralrecordings).A
complicationherewould be any CA3 outputsvia
the fornix or subiculum— thesewould needto be
neutralized.

Although these studieswould be ambitious, and
would requirethe use of good behaioral measureof
cued-recalperformancethey would tell usa greatdeal
abouthow the hippocampusgunctions. The clearfailure
of ary of thesepredictionswould requirerethinking of
how the hippocampugunctions.

Manipulationsof Activation Dynamics: Spar
sity

Our modelsdepenccritically on theideathat sparse
activations producepatternseparationand conjunctive
representations the hippocampus.This ideacould be
easily testedby developing interventionsthat alter the
overall activation level of different hippocampalareas
(without causingepileptiform activity). We would pre-
dict that increasingthe activation of hippocampaheu-
rons,particularlyin theDG andCA3, shouldmuchmore
substantiallyaffect the ability to discriminatebetween
similar stimuli relative to dissimilar ones. Neural net-
work modelershave longrealizedthatactivationdynam-
ics areasimportantto learningassynapticmodification
mechanismare— establishindherelevanceof theseac-
tivation dynamicsin behavioral studiescould help con-
vey the importanceof this point to a muchlarger audi-
ence.

HebbianversusError-Driven LearningManip-
ulations

Another category of possiblemolecularmanipula-
tionsconcernshedifferentialrolesof Hebbiananderror
driven learningmechanisms.As we mentionedearlier,
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therearevariousproposalgegardingthe detailednature
of biologically-basecerrordrivenlearningmechanisms,
andconclusve evidencein supportary of themdoesnot
yet exist. Therefore,testingfor ways of isolating and
furthercharacterizinghe errordrivenmechanismsising
molecularmethodswould be a promisingareaof future
study

For example,one specificproposalregardingthe bi-
ological basisof errordriven 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 the LTD neededo decreaseaveights
after an erroris producedby aninitial elevation of cal-
cium concentration(associatedwith an expectedout-
come)thatthendecreasegvhenthatoutcomeis not re-
alized, i.e., an error). EXxisting evidencesuggestghat
this middling level of calcium should producelLTD,
while higherlevelsproducd TP (e.g.,Artola, Brocher &
Singer 1990; Lisman, 1989; Bear & Malenka, 1994).
Thusit is possiblethat errordrivenand Hebbianlearn-
ing mechanismsould be dissociatedy selectvely al-
teringvariousstepsn thesynapticmodificationcascade.
OnecouldsearcHor suchdissociationdy examiningthe
rapid-incidental-conjunctie learning tasks (which de-
pendmostly on Hebbianlearning) as comparedto the
nonlineardiscriminationlearning tasks (which depend
critically on errordrivenmechanisms)Establishinghat
thesetwo formsof learningreally exist andaredissocia-
ble, andfurtherunderstandinghe underlyingmolecular
basisfor sucha dissociationwould constituteanimpor-
tantadvancein our mechanistiaunderstandin@f learn-
ing andmemory

Summary

We have showvn that a small setof computationally-
motivatedprinciplescanaccounffor awide rangeof em-
pirical findings regardingthe differential propertiesof
theneocorte andhippocampugn learningandmemory
The detailed propertiesof thesemodelsmake a num-
ber of specificpredictionsand raisea numberof addi-
tional questionghat could potentially be testedthrough
molecularmethods Althoughmary of thesetestswould
require sophisticatedprojection-specifiamanipulations,
the resultswould further constrainthe efforts of model-
erssuchasourselhes,leadingultimately to a deepeun-
derstandingf the mechanism®f learningandmemory
in thebrain.
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