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ABSTRACT

We review currentcomputational models of hippocampal function in learning
andmemory, concentrating on thosethat makestrongestcontact with psycho-
logical issuesandbehavioral data.Somemodelsbuild uponMarr’s early theories
for modeling hippocampal field CA3’s putative role in the fast, temporary
storageof episodic memories.Other models focusonhippocampal involvement
in incrementally learned associations, such as classical conditioning. More
recent efforts have attempted to bring functional interpretations of thehippo-
campal region in closer contact with underlying anatomy andphysiology. In
reviewing these psychobiological models, three major themes emerge. First,
computational models provide theconceptual glue to bind together data from
multiple levelsof analysis.Second,models serveasimportanttoolsto integrate
datafrombothanimal andhumanstudies.Third,previouspsychological models
that capture important behavioral principlesof memory provide an important
top-downconstraint for developing computational models of theneural bases
of thesebehaviors.
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INTRODUCTION

Many modelsandtheorieshavebeenproposedover thepastfew decadesthat
attemptto characterizethe role of the hippocampalregion in learning and
memory.Most of thesetheoriesarequalitative,consistingof a centralconcept
or metaphorthatattemptsto capturetheessenceof hippocampal-regionfunc-
tion. We focushereon moreformal computationalnetworkmodelsof hippo-
campalfunction in learningandmemory.Suchmodelshavean advantagein
thattheycanberigorouslytestedwith computersimulationsand,occasionally,
formal mathematical analysis.

Giventhebreadthanddiversityof currenthippocampalmodels,weconcen-
trateon just that subsetof hippocampaltheoriesthat makestrongestcontact
with psychological issuesand data from behavioralstudiesof learningand
memory.Giventhispsychobiologicalperspective,weomit morephysiological
modelsthat makelesscontactwith behavioralaspectsof learningandmem-
ory. Among the theoriesthat do addressobservablememorybehaviors,we
emphasizethosethat relatemost strongly to traditional theoriesand models
within theliterature.

Our purposein the first part of the review is to providea generalunder-
standingof theaims,successes,andlimitationsof thecomputationalapproach
to understandinghippocampal functionin learningandmemorybehavior.The
emphasisis on describingthespirit andbehaviorof themodels,ratherthanon
their exact mathematical underpinnings. A few mathematicalequationsare
given wherecritical to this description.For a full exposition on implementa-
tion details,see theoriginal journalarticles.

The remainderof the review is organizedas follows. We presenta brief
summaryof the major points of hippocampal anatomyand a review of the
empiricaldataon memorydeficits producedby hippocampal damagein ani-
mals and humanbeings.We then provide someimportant historical back-
ground, discussingDavid Marr’s early theoriesof the hippocampusas an
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autoassociativememorystoragedevice.In the sectionentitled “Autoassocia-
tive Models of CA3 and Episodic Memory” we show how Marr’s earlier
theorieshaveinfluencedcurrentcomputationalmodelsof hippocampal region
CA3 andits role in episodicmemory.Next we turn tomore incrementalforms
of associativelearning,reviewingmodelsof conditioning andhippocampus.
Thenext two sectionsillustratehow someof thesemodels,at different levels
of analysis,arebeginning to convergeinto integratedtheoriesincorporatinga
wider range of behavioraland biological detail.

THE HIPPOCAMPAL REGIONIS CRITICAL FOR
LEARNING AND MEMORY

Thehippocampalregion(Figure1) is comprisedof a groupof brainstructures
locateddeepinsidethebrainthatform partof what(in humanbeings)is often
calledthemedial-temporal lobe.The regionincludesthehippocampusandthe
nearbydentategyrus, subiculum,and entorhinal cortex. The outermostof
thesestructures—theentorhinalcortex—receiveshighly processedinforma-
tion from theentirespectrumof sensorymodalitiesaswell asfrom multimodal
associationareas.Informationflows in a roughly unidirectional fashionfrom
theentorhinalcortexto the dentategyrus,to thehippocampus, to thesubicu-
lum, and back to the entorhinalcortexbeforereturningto the samesensory
areaswhereit originally arose.In additionto thisbasicpathwayof information
flow, therearemanydirect connectionsbetweenthe structuresof the region.
The hippocampus  alsohas anotherinput and output  pathwaythrough the
fornix, a fiber bundle connectingit with subcorticalstructuresthat provide
modulation.

Hippocampal Damage ProducesAmnesiain HumanBeings

Damageto thehippocampalregionin humanbeingsproducesa characteristic
anterogradeamnesiasyndrome,whichstronglyimpairstheacquisition of new
information (Squire 1987). Human hippocampaldamagecan result from a
variety of causes,including aneurysmsto the arteriesthat vascularizethe
hippocampus,anoxia,and epileptic seizures(Zola-Morgan& Squire1993).
Thehippocampal region isalsoamongthefirst structuresto bedamagedin the
course of Alzheimer’s disease andnormalaging(de Leon et al 1993). Damage
to otherrelatedstructures,suchasthebasalforebrain,canalsocauseamnesic
syndromesthatshare featureswith hippocampal amnesia,presumablybecause
suchdamageindirectly interfereswith normalhippocampal-region processing
(Volpe & Hirst 1983).

The anterogradeamnesiathat follows humanhippocampal-regiondamage
is mostsaliently characterizedby aninability to acquirenewepisodicinforma-
tion, the kind of informationaboutindividual eventsandexperiencesthat is
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accessibleto consciouscontrol.Patientswith this debilitation may alsoshow
somedegreeof retrogradeamnesia—disruption of previouslyacquiredinfor-
mation—but this is usuallylimited to information acquiredshortlybeforethe
traumaandtendsto lessenin a time-gradedfashionfor information acquired
longerago(Squire1987).This relationshipbetweenhippocampal damageand
anterogradeamnesialed to the idea that the hippocampus is a specialized
memoryprocessor needed tolay down new episodic memories.

Figure 1 The structuresof the hippocampal region. CA3, hippocampalfield CA3; CA1, hippo-
campalfieldCA1. [Adaptedfrom Myersetal (1996).]
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Hippocampal Damage ProducesVariedMemoryDeficits in
Animals

Animal modelsof hippocampal amnesiahave had an obvious difficulty in
addressingthis lossof episodicinformation in nonverbalsubjects;animalsare
unableto tell theexperimenterdirectly whattheycanremember.However,by
usingindirectmemorytestsin which theanimalis challengedto usememory
of specificevents,hippocampal-regiondamagein animalshasbeenshownto
causelearningdeficits broadlysimilar to theepisodicmemorylossin human
hippocampalamnesics(Eichenbaum1992).Animal studieshavealso docu-
mentedthat certainkinds of learningcapabilitiesdo survivehippocampal-re-
gion damage.For example,theacquisitionof learnedresponsesin elementary
associativeconditioning tasks  islargely unimpaired (Gabrieli et al 1995).
Humanhippocampalamnesicsshowsimilar residuallearningabilitiesin mo-
tor-reflex conditioning, cognitive skill learning, and simple categorization
tasks(Cohen1984).All thesetasksarelearnableovermanytrials anddo not
require the formationof singleepisodicmemories.

However,eventhesimple iterativetaskssuchasconditioningaredisrupted
in hippocampal-damaged animals iftheyinvolveadditional complexities,such
as requiring comparisonsor configurations of multiple stimulus cues,or if
attentionto theexperimentalcontextis important(seesectionentitled“Stimu-
lus Representationin AssociativeLearning”;Hirsh 1974;Rudy& Sutherland
1989,1995).

MARR’S AUTOASSOCIATIVE MEMORY STORE

Oneof the earliestandmost influential modelsof hippocampal-regionproc-
essingwas proposedby David Marr (1971).Startingwith what was known
then about hippocampal anatomyand physiology, Marr sought to infer an
emergentinformation-processingcapability. His ideasgave rise to a broad
classof models,often termedHebb-Marr modelsbecausethey incorporate
Hebb’s (1949)ideason how associationsareacquiredbetweengroupsof cells
in the brain (McNaughton& Nadel1990).SinceMarr’s original publication,
newempiricaldatahaveshownthatsomeaspectsof his modelareincomplete
or incorrect(seee.g.Wil lshaw& Buckingham1990).Nonetheless,manyof
thebasicideasin theHebb-Marrmodelof hippocampus havewithstoodcon-
tinuing empiricalandtheoreticaltestsandremainthe basisfor manycurrent
modelsandtheories.This sectionreviewsa generalizedversionof theHebb-
Marr model.Latersectionsdescribeseveralmorecurrentmodelsthatbuild on
Marr’s originalspecification.

Marr’s basic idea was to distinguish separableroles in memory for the
archicortex,including hippocampus, and for the neocortex.He assumedthat

PSYCHOBIOLOGICAL MODELSOFLEARNING 485



the chief role of neocortex was to store large complex event memo-
ries—broadly equivalentto what today are usually called episodicmemo-
ries—composed of severalintegratedassociations. For example,the event
memoryof a mealmight includeassociationsaboutthefood eaten,themeal’s
location and time, and the companysharingit. In Marr’s model, an event
memoryis definedasa patternE of activitiesovera largenumberof neocorti-
cal cells, evokedby a particularset of sensoryinputs (Figure 2A). Sucha
patternis storedby associatingits elementsso that activationof someof the

Figure 2 Storage of aneventmemory asa patternof cell activations in neocortex, according to
Marr’s (1971) model. (A) Initially, the event memory simply evokes a pattern of activations
(darkenedcircles) acrossa group of unrelatedcells.(B) As the pattern isstored,various elements
of the patternareassociatedby weightedconnections (lines). (C) Later, if a partial version of the
original patternis presented(darkenedcircles), activationspreadsalongtheassociationsto activate
thecompletepattern(D).

486 GLUCK & MYERS



cells representingelementsin E can activateother elementsin turn (Figure
2B). Later,if a subsetof E is presentedto theneocortex,theneocortexshould
be  ableto  retrievethe  full pattern E (Figure 2C).  This  ability is pattern
completion.Onedifficulty in implementing this function in the neocortexis
that a largenumberof very preciseconnectionsis requiredto associateeach
elementin E with everyotherelementin E. Further,theassociations required
to store E may well disrupt preexistingassociationscreatedto store other
patternswith commonelements.Worse, if anotherstoredpatternF shares
commonelementswith E, thenF mayinterferewith attemptedretrievalof E:
If a subsetof E is presented,activationwill spreadto thesecommonelements,
which will then begin to retrieveF as well as E. At the extreme,if many
overlappingpatternsarestored,an attemptto retrieveany storedpatternwill
resultin a patternof activationthat shareselementswith all storedpatterns but
is identical to none.This situation is calledcatastrophic interference(Hether-
ington1990).

Becauseof this potentialfor interferencein recall, Marr suggestedthat it
would beusefulto havea separateprocessor—suchasthehippocampus—that
could rapidly storeeventmemories,and then allow gradualtransferof this
patternto neocortex,which would reorganizeand classify this information,
incorporatingit with existing knowledgeto reduceinterference.More specifi-
cally, Marr proposedthat the hippocampus is able to rapidly storenew pat-
terns,holding themin a temporarymemorystore,but is not ableto integrate
themwith the larger bodyof existing knowledge.

Marr imaginedthehippocampusasfunctionallyconsisting of two layersor
groupsof cells (Figure3A). Inputscauseactivity on the first A layerof cells,
which projectontothe secondB layer ofcells. TheB cellsin turn projectback
to theA cells.All synapsesbetweencellsaremodifiable,but theyaresimpli -
fied toallow only binary on oroff values. Similarly, cell activityis assumedto
beeitheronor off. Thisnetworkis essentially thesameasthatshownin Figure
2, exceptthatcellsaredifferentiatedaccordingto whethertheydirectlyreceive
externalinput (A cells) or not (B cells).A storedpatterncanbe retrievedif,
whenpart is presentedto theA cells, theevokedactivity on theB cells feeds
back to complete the original firing patternon the A cells. As shownin the
next section,Marr’s patternassociatormodel forms the basisfor manysub-
sequent—andmore detailed—modelsof hippocampalphysiology and func-
tion.

AUTOASSOCIATIVE MODELSOFCA3 AND EPISODIC
MEMORY

The networkdescribed byMarr is aform of autoassociator. An autoassociator
network learnsto associatean input patternwith an identical output pattern
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(Anderson1977,Hinton1989,Kohonen1984).A generalform of autoassocia-
tor is shownin Figure 2B and consists of a single layer of nodesreceiving
excitatory connectionsfrom external sourcesas well as from each other.
Nodesareassumedto havebinarystates: eitheractiveor firing (representedby
anoutputvalueof 1), or quiescent(representedby anoutputvalue of0). Node
j becomesactiveif thesumof inputsexceedssomefiring threshold(cf Gross-
berg 1976,Kohonen1984,McCulloch& Pitts 1943,Rosenblatt 1962):

1.

else= 0.

In Equation1, yj is theoutputor activation of cell j, wij is theweightof the
synapseon j from anothercell i, andθj is cell j’s threshold.This threshold,θj,
is thensetsothatj will becomeactiveif theweightedsumof its inputsexceeds
someproportionof the total inputs active in the original pattern.Additional
inhibitory processes,notshownin Figure2B, mayberequiredto determinethe
threshold.More complexnetworksmay also allow continuous (real-valued)
inputsandoutputs,but thecentral ideasarethesame.

A binary patternE is storedin this network by presentingE as external
input. The nth elementof E is presentedto the nth nodein the networkand
forcesthatnodeto outputthesamevalueasthatelement.For this reason,the
externalinputsareoftentermedforcing inputs,andtheonesynapseeachnode
receivesfrom theforcing input is oftencalleda forcing synapse.Thenetwork
then undergoessynapticplasticity at the feedbackconnections, so that syn-
apsesfrom active presynapticcells have excitatory effects on other active
postsynaptic cells.This canbeaccomplishedby a Hebbian learningruleof the
form:

2.

whereyi andyj aretheactivitiesof presynapticcell i andpostsynapticcell j, α
is a constantterm,andwij is the weightof thesynapsebetweeni and j. Note
that synapticmechanismsof long-termpotentiation anddepression(LTP and
LTD) areHebbianin nature(Levy et al 1983,McNaughton& Morris 1987).
Later,if somesubsetof E is presentedto thenetwork,activity in therecurrent
collateralswill iterate through the network and activatethe cells neededto
completethemissing partsof E. Thus,this networkperformspatterncomple-
tion.

ThreeCommon Features of AutoassociatorsandField CA3

Marr’s important contribution was to conceptualizethe hippocampus as an
autoassociatornetworkthatperformspatternstorageandretrieval.Many sub-
sequentmodelshaveelaboratedon this idea(Hasselmo1995,Hasselmoet al

y w yj ij j j
i

= >∑1 if f θ ,

w y yij i j= αc h.
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1996,McNaughton& Morris 1987,McNaughton& Nadel1990,Rolls 1989,
Treves& Rolls 1992).An autoassociatorsuchastheoneshownin Figure3B
hasthreebasicrequirements:(a) a high degreeof internalrecurrencyamong
the principal cells; (b) strong,sparsesynapsesfrom externalafferents,which
could functionasforcing synapses;and(c) plasticity at thesynapsesbetween
co-active cells.

Theserequirementssuffice to allow the functionsof patternstorage,com-
pletion,andretrieval.Hippocampalfield CA3 satisfiesall threerequirements
(Figure3C). First, the principal neuronsof CA3—pyramidal cells—areper-
hapsuniquein thebrainfor theirhighdegreeof internalrecurrency:EachCA3
pyramidalmayreceive contact fromabout4% of otherpyramidalsin thefield,
a high enoughcontactprobability to allow autoassociation(Rolls 1989).Sec-
ond, in addition to recurrentcollateralsandsparseentorhinalafferents,CA3
pyramidalsreceivea small numberof inputs from mossyfibers, containing
entorhinalinformation that reachesCA3 via the dentategyrus. While each
CA3 pyramidalin rat may receive12,000synapsesfrom recurrentcollaterals
and4000synapsesfrom directentorhinalafferents,it mayonly receiveabout
50 mossyfiber synapses(Treves& Rolls 1992).However,the mossyfiber
synapsesare very largeand presumablyalso very strong,so that coincident
activity on a relativelysmallnumberof mossyfiber synapsescouldactivatea
CA3 pyramidal(Rolls 1989).Themossyfiber synapsesarethusgoodcandi-
dates  forforcing  synapsesin  an  autoassociator  (Marr  1971,  McNaughton
1991,McNaughton& Morris 1987).Third, plasticity in the form of LTP has
beendemonstratedat the synapsesof recurrentcollateralsin CA3 (Bliss &
Lomo 1973,Kelso et al 1986).LTP involves strengtheningof synapsesbe-
tween coactivepre- and postsynaptic cells; this could implementHebbian
learningas defined inEquation2 above.

In summary,CA3 seemsto bea likely candidateto implementautoassocia-
tive memoryin the brain. Patternswould be storedby presentationover the
mossyfibers,which would force CA3 pyramidaloutput. Recurrentcollateral
synapsesbetweencoactivepyramidals would thenundergoLTP to storethe
pattern.Later,if a partialversionof thatpatternis presentedalongtheweaker
entorhinalafferents,someCA3 pyramidals would becomeactive.After sev-
eral iterationsof activity throughtherecurrentcollaterals,moreCA3 pyrami-
dalswould be activateduntil theentirestoredpatternis retrieved.Additional
inhibitory units are also generallyassumedto allow implementationof the
firing thresholds.

AutoassociativeNetworksImplementHippocampal-Dependent
MemoryBehaviors
This typeof autoassociative networkcanbeusedto implementvariousforms
of memory,many of which are much like thosethat appearto be impaired
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following hippocampaldamagein animalsand humanbeings.For example,
autoassociativememoriescan createunified memoriesfrom severalcompo-
nent features andthen retrievethe entirememoryfrom a partialinput.

SEQUENCE LEARNING Many modelsof hippocampalfunctionhavedrawnon
thedetailsof its anatomyandphysiology to arguethat it hasthecapacityfor
learningsequencesof inputpatterns.Thesemodelsareoftengenerallybasedon
the recurrentarchitecturesof autoassociative networks:Given a partial input
consistingof thepresentstate,anautoassociative networkcanperformpattern
completionandretrievethepredictednextstate.Levy (1996)presentedamodel
of hippocampalregionCA3 asasequencepredictorandarguesthatthisgeneral
sequencepredictionparadigmcan provide a computational unification of a
varietyof putativehippocampal-dependentfunctions, includingcontextualsen-
sitivity, configuration,andcognitive mapping(seealsoLevy et al 1995,Prep-
scius& Levy 1994). Grangeret al (1996) presenteda model of field CA1
incorporatinganLTP learningrulein whichtheamountof potentiationdepends
ontheorderof arrivalof afferentactivity toatargetneuron.Theyshowthatwith
this temporallydependentLTP learning,theCA1 networkmodelcanlearnto
store brief simulated temporalsequencesof inputs.Liaw & Berger (1996) also
describeda model of hippocampalneuronsin which they arguedthat the
dynamic interplay of hippocampalsynapticmechanismsfor facilitative and
inhibitoryprocessesresultsin anemergent“temporalchunking”mechanismfor
sequentialpatternrecognition.In this model,eachdynamicsynapselearnsto
respondtoasmallsub-patternof inputs,andthepostsynaptic neuronlearnshow
to properlycombinethesesubpatterns.

SPATIAL MEMORY AND NAVIGATION This aspectof autoassociativememory
systemsseemsideal for implementinga spatialprocessor,in which thebroad
memoryof a placeshouldbeevokedby anyof severalviewsof thearea,even
if someof the usualcuesare missing. In fact, spatialmemoryis extremely
hippocampaldependentin rats(e.g.O’Keefe& Nadel1978),andmanyconnec-
tionist modelsof hippocampal-processing in spatiallearninghavebeenbased
onautoassociativemodelsof thehippocampalregion(Burgessetal 1994,Levy
1989,McNaughton& Morris 1987,McNaughton& Nadel1990,Muller et al
1987,Muller & Stead1996,Recce& Harris1996,Sharp1991,Sharpetal1996).
One possibility is to define spatial mapsas composedof setsof complex
configuralassociationsrepresentingplaces(McNaughton1989,McNaughton
& Nadel1990).In oneplace,theremay bemanyviews,dependingon which
way the animal is facing, the location of landmarks,etc. The hippocampal
autoassociatorwould be able to map from one of theseviews to the full
representationof thecurrentplace.With this interpretation,placelearningneed
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notbefundamentally differentfromanyotherkind of representationallearning.
However,becauseof theneedfor suchcomplexrepresentationsin spatialtasks,
these behaviorsmight be especiallysensitiveto hippocampaldamage.

EPISODIC MEMORY AND CONSOLIDATION Perhapsmostpervasiveis the idea
that thefast, temporary storagein anautoassociator is animportant component
of an episodicor declarativememorysystem,in which arbitrarypatternsare
stored(Alvarez& Squire1994,Hasselmoet al 1996,McClelland& Goddard
1996,Murre 1996,O’Reilly & McClelland1994,Treves& Rolls 1992).It is
generallyassumedin thesemodelsthatarelativelysmalltemporarystorein the
hippocampusinteractswith a relatively large neocorticalsystem(Figure 4).
Suchanassumptionwasmadeby Marr (1971),andmanyconnectionistmodels
of amnesiacenteron similar assumptions(e.g.Alvarez& Squire1994,Lynch
& Granger1992,McClellandet al 1994,Murre 1996,O’Reilly & McClelland
1994,Treves& Rolls1992).Manypreconnectionistmodelsassumethisgeneral
organizationaswell (e.g.Mishkin 1982,Teyler& DiScenna1986,Wickelgren
1979).

In thesemodels,the centralassumption is that a stimulus entersthe neo-
cortexvia the sensorysystemand subsequentlyactivatescells in the hippo-
campus.The hippocampus in turn feedsback to the neocortexand initiates
activationpatternsthere.It mayactivatenewcell populations,which arethen
addedto the representation,or it may allow connectionsto form between

Figure 4 Generalformat ofmanyconnectionist models ofamnesia.The neocortex is assumedto
be a large-capacity, permanent store for memoryassociations, and to be able to integrate new
information with old associations.However, learning is assumedto beslow andpossibly require
severaliteratedpresentations.Thehippocampusis assumedtobecapableof storing memory within
asli ttle asa single exposure, but oldermemoriesareliable to beoverwrittenby newerones. The
hippocampusthereforecapturesepisodic memoriesanditeratively allowstheneocortexto integrate
these memorieswith existingassociations.
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active cells in the neocortex.The hippocampusmay be requiredto present
memoriesto the neocortexrepeatedly,over someperiod, to allow the neo-
cortexto integratenewknowledgewithout overwritingtheold (McClellandet
al 1994). This processis termedmemoryconsolidation. Over time, as this
consolidation occurs,thesensoryinput is ableto activatethesecellsdirectly,
without hippocampalintervention.At this point, the hippocampushascom-
pletedits function ofhelping tobind togetherdisparatecorticalactivitiesinto a
coherentpattern,andmemoriesaresafefrom subsequenthippocampaldam-
age.However,amorerecentmemory, whichis notyet fully consolidated,may
be disrupted.The probability of such disruption is higher for more recent
memories,which havehadlesstime to beconsolidated,thanolderones.This
is consistentwith datashowingthatwhile hippocampaldamageleadsto severe
anterogradeamnesia,there is only temporally gradatedretrogradeamnesia
(Squire& Alvarez1995).This inverserelationshipbetweenmemoryageand
hippocampalindependenceis knownastheRibotgradientof retrogradeamne-
sia(Ribot 1882;seealsoAlvarez& Squire1994).Examplesfrom animaland
humanexperimentsareshownin Figures5A and5B (Kim & Fanselow1992,
Squire &Cohen1979).

Figure 5 Examplesof Ribot gradients,which il lustratehow oldermemoriesarelesslikely to be
disrupted by hippocampal damage than arenewermemories.(A) Ribot gradient in animal data.
Behavioralresponsesof animalsreceivingextensivehippocampalsystemlesions(circles) orcontrol
lesions (squares) asa function of the numberof days elapsing betweenexposureto the relevant
experiencesandtheoccurrenceof thelesion. Fearresponse(freezing) behavior shown by ratswhen
returnedto anenvironment in which they hadexperiencedpairedpresentationsof toneswith foot
shock. Barssurrounding eachdatapoint indicatethe standarderror (from Kim & Faneslow 1992).
(B) Ribot gradient in humandata.Recallby depressedhumansubjectsof detailsof televisionshows
aired different numbersof yearsbefore the timeof test,after electroconvulsive treatment (circles)
or justbefore treatment(squares) (from Squire & Cohen1979).
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Note that a modelconsisting of an autoassociatoralonewould predict the
oppositeeffect: namely,that older memorieswould be increasinglysuscepti-
ble tointerference from newer memories.The additionof a “remote” neocorti-
cal storagesite allows the modelsof hippocampal-cortical interactionto ac-
countfor both theanterogradeandretrogradeaspectsof hippocampal amnesia.
Furtherelaborationsmay be assumedon this generalmodelscheme,suchas
nonspecificmodulatory influencesthat determinethe storageratesin CA3
(Grossberg1976,Hasselmoet al 1995,Murre 1996,Treves& Rolls 1992),or
additional preprocessing in dentate gyrus and postprocessing in CA1
(Hasselmo& Schnell1994,Levy 1989,McNaughton1991,Treves& Rolls
1992).

OpenIssue: How and When Does ConsolidationTakePlace?

A major challengeconfronting thesemodelsof anterogradeamnesiais to
specify in detail just how consolidation of memories from hippocampus to
neocortexmight take place.One small-scaleimplementationis providedby
Alvarez& Squire(1994),whosuggested thatmostmemory consolidationmay
occurduringsleep(seealsoBuzsaki1989,Crick & Mitchison 1983,McClel-
landet al 1994).This is consistentwith recentdatashowingthathippocampal
activity duringslow-wavesleep echoesspecific patterns recordedearlierwhile
the animal was exploring its environment(Wilson & McNaughton1994).
Alvarez & Squiresuggestedthat this activity reflectsa processduring which
the  hippocampusreinstates  patterns  it  stored  earlierand presentsthem  to
neocortex  forconsolidation.  The electrical  activity  in the hippocampusis
markedly different during waking explorationand slow-wavesleep,which
further suggeststhat the hippocampusis operatingin two different modes
(informationstorageandinformationreinstatement) during thesetwo behav-
ioral states(Buzsaki1989).Otherpossible mechanismsof consolidation may
includeconsciousand unconsciousrehearsal (Murre 1996). All thesehypothe-
ses await thorough verification through combinedneurophysiological and
neuropsychological studies.

OpenIssue: The Problem of Interferencein MemoryNetworks

Another issueconcernsthe problem of interference.One constrainton the
utility of an autoassociativenetwork is that it hasvery limi ted capacity.A
networkof n nodesis ableto storeonly about0.15n randompatternsbefore
theybeginto interferewith oneanother (Hopfield1982).Interferencerefers to
the likelihoodthat patternsoverlapsufficiently suchthat retrievalof onewill
activateretrievalof partor all of additionalpatterns,andtheresultingnetwork
outputwill containelementsof multiple storedpatterns.In the extreme,in a
net that is filled to capacity,additionof a singlenew patterncandisrupt the
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ability to correctlyretrieveanypreviouslystoredpattern.As describedabove,
this phenomenonis calledcatastrophicinterference(Hetherington1990),and
it is ageneralfeatureof all connectionist networks thatperformfaststorage,as
thehippocampalauto-associative networkis assumedto do (McClellandet al
1994).Oneway to increasecapacityandavoidcatastrophicinterferenceis to
explicitly decreasetheoverlapbetweenpatterns.It hasbeensuggestedthatthis
is oneeffectof thesparseconnectionsfrom dentategyrusto CA3: Sinceany
onemossyfiber contactsonly about14 of the 3× 105 CA3 cells inrat, thereis
very little probability thattwo patternsof mossyfiber activity will activatethe
same patternof CA3 activity(Rolls 1989). Inaddition,plasticity in the dentate
gyrusmay further help to sparsifyCA3 inputs (Hasselmo1995,O’Reilly &
McClelland1994,Treves & Rolls 1992). Even with suchpatternseparation,a
patternstoredin thehippocampuswill only remainintact for a limitedperiod
before  it is overwritten by  storageof  newer  memories.  Thisimplies that
memoriesstoredin thehippocampusmustbetransferredelsewhereto survive
for longperiods.

STIMULUSREPRESENTATION IN ASSOCIATIVE
LEARNING

Themodelsdescribedabovefocuson theability of thehippocampal regionto
performfast, temporary storage, andthey suggest that thisunderliesthehippo-
campal region’s role in episodic memoryformation. Thisis consistentwith the
basicideathatepisodicmemoryimpairmentsarethemostobviousbehavioral
effectsin humanamnesiafollowing hippocampalregiondamage.Nondeclara-
tive learning(including proceduralor implicit learning)often survivessuch
damage.For example,animalswith hippocampal-region damagecan often
shownormalacquisitionof classicallyconditionedresponding(e.g.Solomon
& Moore 1975) or discrimination of successivelypresentedodors (Eichen-
baumet al 1988).Similarly, humanhippocampal-damagedamnesicsarenot
impairedat acquiringconditionedmotor reflex responses(Daumet al 1989,
Gabrieli et al 1995,Woodruff-Pak 1993),learningsimpleclassificationtasks
(Knowlton et al 1994),or learningnew motor skills suchasmirror drawing
(Cohen1984).All thesetaskscanbesolvedby incrementalformationof habits
or tendencies,without requiringepisodicmemoriesof any individual learning
session.

However,thereareothertasksthat seemsuperficiallyto be just asnonde-
clarative butthat areimpaired afterhippocampal-regiondamage. Forexample,
althoughthe simplestacquisition of a classicallyconditionedresponseis not
impairedby hippocampal-regiondamage,theremaybesevereimpairmentsin
classicalconditioning tasksthat require learningaboutunreinforcedstimuli
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(Kaye & Pearce1987, Solomon& Moore 1975), configurationsof stimuli
(Rudy & Sutherland1989),contextualinformation(Hirsh 1974),or relation-
shipsthatspanshort delays (Moyer etal 1990, Portet al1986). These findings
imply that thehippocampal regiondoesparticipatein information processing
during proceduraltasks,althoughthis participation may not necessarilybe
evidentin the simplestkinds of learning.Thesefindings also indicatethat a
conceptionof the hippocampalregion as a purely passivestorefor episodic
memoriesis insufficient.

Severalrecentqualitative theoriesandcomputational modelshavefocused
on possibleinformation processingroles for the hippocampalregion, espe-
cially in incrementallyacquired(nondeclarative)learning(e.g.Eichenbaumet
al 1992b;Gluck & Myers 1993,1995;Hirsh 1974;Moore & Stickney1980;
Myersetal 1995,1996;Schmajuk& DiCarlo1992;Sutherland& Rudy1989).
In turn, thesemodelsare less concernedwith the issuesthat motivate the
above-describedmodelsof consolidation. A full accountof hippocampal-re-
gion functionwould,of course,addressits role in bothinformation processing
and theconsolidation of declarativememories.

Most of  theseassociativetheoriesof  incremental  learning  assume  that
while the hippocampus is requiredfor somecomplicatedforms of stimulus
association,theneocortexis sufficient for simpler stimulus-responseassocia-
tions suchas thosethat underlieclassicalconditioning (e.g.Gluck & Myers
1993;Myerset al 1995;Schmajuk& DiCarlo 1990,1992).Herewe focuson
onerepresentativecomputational model,which incorporatessomeof theear-
lier ideasregarding hippocampal autoassociation (Gluck &Myers1993).

Hippocampal FunctionandStimulus Representations

Gluck & Myers (1993)presenteda computational theoryof hippocampal-re-
gion function in associativelearning,which arguedthat the hippocampalre-
gion is critical during learning for recodingneural representationto reflect
environmentalregularities.Centralto this theory isthedefinitionof astimulus
representationasapatternof activitiesoverasetof elements(neurongroupsin
a brainor nodesin a connectionist network)evokedby thestimulus.Learning
to makea responseto thatstimulusinvolvesmappingfrom thatrepresentation
to appropriatebehavioraloutputs.Learning about one stimulus will trans-
fer—or generalize—tootherstimuli asa function of how similar their repre-
sentationsare.Therefore,theparticularrepresentationscanhaveagreatimpact
on howhard a taskis to learn.

The key ideaof Gluck andMyers’s (1993)cortico-hippocampalmodel is
that the hippocampalregion is able to facilitate learningby adaptingrepre-
sentationsin two ways. First,it is assumed to compress, ormake more similar,
representationsof stimuli thatco-occur;second,it is assumedto differentiate,
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or make  less  similar, representationsof stimuli that are to  be mapped  to
differentresponses. This kindof function canbeimplementedin aconnection-
ist model that is relatedto the autoassociators describedabovebut that in-
cludesa middle(oftentermedhidden)layerof nodes.Sucha network,termed
anautoencoder(Hinton 1989),is shownon the left in Figure6. It mapsinput
activationsrepresentingstimulus inputsthroughweightedconnectionsto acti-
vatethemiddle layerof nodesthat in turn feedthroughweightedconnections
to activatethe outputlayerof nodes. The networkis trainedto produceoutputs
that reconstructthe inputsaswell aspredictthebehavioralresponse.Because
the autoencoderhas a narrow hidden layer of nodes,this task can only be
accomplishedby compressingredundantinformation, while preservingand
differentiatingenoughpredictive information to allow reconstructionat the
output layer. Although the detailsof the modelarenot biologically realistic
(especiallytheuseof backpropagationerror-correction for updatingtheauto-
encoderweights), the model neverthelessis a useful tool for exploring the

Figure6 Thecortico-hippocampalmodel(Gluck& Myers1993). (A) Theintactsystemisassumed
toincludeapredictiveautoencoder,representinghippocampal-regionprocessingthatconstructsnew
stimulus representations in its internal layer that are biasedto compress redundancieswhile
differentiating predictive information. Thesestimulus representations areacquired by long-term
storagesitesin thecortex,representedasamultilayernetwork that learnsto predict USarrival.The
cortical network usesthe Rescorla-Wagnerrule to mapfrom inputs to the hippocampal-mediated
internal representations, and again to map from the  internal layer to output activations. (B)
Hippocampal-region lesion is assumedto disablethe hippocampal network, in which casethe
cortical network cannolongeracquire newinternal representationsbut canacquire newbehavioral
responsesbasedonitspreexisting(andnow fixed) internal representations.(Reprintedfrom Myers
& Gluck 1995.)
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kinds of representationsthat might evolve under the constraints of the two
biasesdescribedabove(for amorebiological instantiation of thesesameideas,
seesectionon “Dissociating Parahippocampaland HippocampalContribu-
tions” and Myerset al 1995).

This network is incorporated into the full cortico-hippocampal model
shownin Figure6 (Gluck & Myers1993).A corticalnetworkis shownon the
left, which is assumedto mapfrom stimulus inputsto outputsthatdetermine
the behavioralresponse.However,this network is assumedto be unableto
constructhiddenlayer representationson its own. Instead,it canadoptthose
representationsformed inthehiddenlayer ofthe hippocampalregionnetwork.
It can then learn to map from theseto the correct responses.Hippocampal
lesion is simulatedin this modelby disabling the hippocampalnetwork,and
assumingthatthehiddenlayerrepresentationsin thecorticalnetworkarenow
fixed. Thosealreadyacquiredaremaintained,so litt le retrogradeamnesiais
expectedafterhippocampal-regiondamage(althoughthemodeldoesnot rule
out theideaof anindefinitely longconsolidation periodduringwhich informa-
tion is transferred,as suggestedby the modelsof McClelland, Murre, and
othersreviewedabove).Further,the cortical network can still learn to map
from theexistingrepresentationsto newbehavioralresponses.All that is lost
is thehippocampal-dependent abilityto modify thoserepresentations.

Application to Behavioral Data

Gluck & Myers’s (1993) model can be appliedto classicalconditioning by
assumingthat the inputs are conditioned stimuli, and that the output is a
conditionedresponsethat is expectedto anticipate the reinforcing uncondi-
tioned stimulus. The model then capturesmany aspectsof the behaviorof
intactandhippocampal-region–damagedanimals(Gluck& Myers1993,1996;
Myers & Gluck 1994,1996).For example,the model correctlyexpectsthat
hippocampal-regiondamagecausesnoparticularimpairment—orevenaslight
facilitation—in learninga conditionedresponse.For sucha simpletask,new
adaptiverepresentationsareprobablynotneeded,and even the lesioned model
can learnto mapfrom its existingrepresentationsto the correctresponse.In
fact,becausetheintact modelis slowedby constructing newrepresentations,it
may often be slower thanthe lesionedmodel.This is consistentwith similar
effectsoftenseenin animals(e.g.Eichenbaumet al 1988,Schmaltz& Theos
1972,etc).

However, latent inhibition—the slower learningafter unreinforcedexpo-
sureto the to-be-conditionedstimulus (Lubow 1973)—isdisruptedby broad
hippocampal-regiondamage(Figure 7A) (Kaye & Pearce1987,Solomon&
Moore1975). The model correctly shows theseeffects(Myers& Gluck1994).
During theexposurephase,thestimulus is partially redundantwith theback-
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Figure 7 Behavioral results from intact andhippocampal-lesioned animalscompared with simu-
lation results from intactandlesionedcortico-hippocampalmodel. (A) Latent inhibition. In intact
animals, unreinforcedpreexposure toa cueA slows later acquisition of conditioned responding to
A (Lubow 1973). This is reflected inlonger training timesuntil criterion is reachedon responding
to A. Broad hippocampal-region lesion eliminatesthis effect (Kaye & Pearce1987, Solomon &
Moore1975). (Figureplottedfrom datapresentedin Solomon& Moore1975.) (B) Theintactmodel
correctlyshowslatentinhibition,whereasthelesionedmodeldoesnot. (FigurereprintedfromMyers
etal 1995.) (C) In normalanimals,aconditionedresponseto A mayshow adecrement if A is then
presentedin a new context (Hall & Honey1989). Hippocampal-lesioned animals donot show this
responsedecrement after a context shift (Honey& Good 1993, Penick & Solomon1991). (Figure
replottedfrom data presentedin Penick & Solomon1991.) (D) The intactbut not lesionedmodel
correctlyshowsthis responsedecrement withcontextshift (Myers& Gluck1994). (Figurereprinted
from Myersetal 1995.)
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groundcontext.Neither predictsany reinforcingevent, so thehippocampal-re-
gion network compresses  theirrepresentations.  Later,when the task is to
respondto the stimulus but not the contextalone,this compressionmustbe
undone,which resultsin slowedlearningin the intact model (Figure7B). In
contrast,the lesionedmodelhasno compressionduring theexposure phase, so
learningis notretarded inthe subsequentlearning phase(Figure 7B).

Many of the learningdeficits associatedwith hippocampaldamagecanbe
describedascontexteffects(Hirsh 1974).For example,humanhippocampal-
damagedamnesicsmay be ableto rememberan experiencebut not whereor
when that information was acquired—andthey may evenbe unawarethey
know the informationitself until indirectly promptedfor it (Haist et al 1991,
Weiskrantz& Warrington1979).Animals showrelatedeffects.For example,
under someconditions, an animal trained to respondto a stimulus in one
environmentgivesa decrementedresponsewhenthatstimulus is presentedin
anotherenvironment(Figure 7C) (Hall & Honey 1989). A hippocampal-le-
sionedanimaldoesnot showthis decrementbut respondsjust asstrongly in
the new environment(Honey& Good 1993,Penick& Solomon1991).The
cortico-hippocampalmodel implies a similar effect (Figure 7D) (Myers &
Gluck 1994) becausethe hippocampal-regionautoencoderis assumedto re-
constructnot only theconditionedstimuli but alsoanybackgroundor context
cuesthatarepresentduringlearning.Thus,astheautoencoderlearnsto repre-
senta conditionedstimulus, informationaboutthecontextis includedin that
representation.As a result, if the stimulus is presentedin a new context,the
representationof thatstimuluswill belessweaklyactivatedthanusual,andin
turn the conditionedresponsewill be decremented,just asobservedin intact
animals.In contrast,thelesionedmodel does not formnew, compressed repre-
sentations,and so respondingdoes notdropin a new context.

In thesameway that thecortico-hippocampalmodelcanaccountfor latent
inhibition andcontextshift phenomena,it cansimilarly addressresultsfrom a
rangeof conditioning studies(Gluck & Myers 1993,1996; Myers & Gluck
1994,1996).It providesa computational instantiation of severalprior qualita-
tive theoriesthat positedhippocampal regionrolesin contextlearning(Hirsh
1974), configural learning (Sutherland& Rudy 1989), and representational
learning(Eichenbaum& Bunsey1995).

OpenIssues and AlternativeApproaches

Themostobviouslimitationof thecortico-hippocampalmodel,like othersin
thesamedomain,is thatit doesnot makeanyparticularattemptto addressthe
episodicmemorydeficits that arethe mostobvious featureof humanhippo-
campalamnesia.This is theconverseof the limitation of modelsthataddress
episodicmemorybut not informationprocessingin the hippocampalregion.
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Eventually,a completemodel of hippocampal-region function will have to
account for both these aspectsof hippocampal-regiondamage.For now,
though,thesemodelsshouldbe judgedon thebasisof how well theyaccount
for the circumscribedsetof data theyattemptto address.

Therearealsoseverallimitationsof Gluck & Myers’s cortico-hippocampal
model.As a trial-levelmodel,it cannotcaptureanyof the intricaciesof timing
within a trial—such astheeffectsof varyingstimulus scheduling,the latency
of onsetof theconditionedresponse,andsoon.Othermodels(e.g.Schmajuk
& DiCarlo 1990,1992)do includereal-timeeffectsin their models,andthey
capturetheseaspectsof animal learning.In the next sectionwe considerin
moredetail anothermodelof Schmajukandcolleagues thataddressesasimilar
bodyof behavioralconditioning data.

A more generallimitation of this entire classof modelsis the restricted
degreeof physiological realismthey involve. The networkarchitecturesand
learningalgorithmsare determinedmoreby functional(behavioral)considera-
tions than by biological properties.In fact, most of thesemodels include
propertiesthat are clearly unrealistic, e.g. full or near-full connectivity be-
tweensetsof nodes.Someattemptshavebeenmadeto addressthis limi tation.
Thesearereviewedin thenextsection,which considersmorerecentattempts
to take abstracttheoriesof hippocampal region function and clarify more
preciselythe functional role of the different anatomical componentsof this
region.

DISSOCIATING PARAHIPPOCAMPAL AND
HIPPOCAMPAL CONTRIBUTIONS

Recentrefinementsin lesion techniquesindicatethat the extentof memory
impairmentoftendependscritically on exactlesionextent.This suggeststhat
thedifferentsubstructuresof thehippocampalregionhavedifferentiablecon-
tributions to the processingof the region as a whole. However,the precise
assignmentof functionto substructure,andthewaysin which theyinteract,are
asyet poorly understood.Oneexampleis thelatentinhibition effectdescribed
earlier,in which prior unreinforcedexposureto a stimulus retardslater learn-
ing to respondto that stimulus (Lubow 1973).Latentinhibition is attenuated
by  broadhippocampal-region  damage(Kaye  & Pearce1987, Solomon &
Moore  1975)  but  not  bydamagestrictly  limited to  the hippocampus  and
sparingentorhinalcortex(Honey& Good1993,Reilly et al 1993).Similarly,
odor discrimination reversalis impairedby hippocampal lesion but actually
facilitatedafter entorhinallesion(Otto et al1991).

Although therepresentationaltheoryof hippocampalfunctionproposedby
Gluck & Myers (1993)treatedthehippocampalregionasa singleprocessing
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system,subsequentwork by theseresearchershavesuggestedhow their basic
representationalprocessesmight besubdivided,andthesubfunctionslocalized
in differentanatomicalsitesaroundthe region(Myers et al 1995).In particu-
lar, Myers et al (1995)proposedthatstimulus-stimulus redundancycompres-
sioncouldemergefrom theanatomyandphysiology of superficialentorhinal
cortex.

Parahippocampal Functionin Stimulus Compression and
Clustering
TheMyerset al modelof entorhinal(andparahippocampal) functionin learn-
ing is derived from an earlier physiologically realistic model of superficial
piriform (olfactory) cortex by Ambros-Ingersonet al (1990), which argued
that the anatomyand physiology of this cortical structureare sufficient to
implementhierarchicalclusteringof odorinputs.In brief, Ambros-Ingersonet
al proposeda competitive networkmodel in which local recurrentinhibition
silencesall but themoststronglyrespondingpyramidalcells.Theseso-called
winning cells cometo respondto a family or clusterof inputs with similar
features.Recurrentfeedbackfrom thepiriform cortexto olfactorybulb is also
assumedto allow iterativeresponsesto odors,from which successivelyfiner-
grained(hierarchical)classificationscan be constructed.One aspectof this
model is that, sincesimilar inputs tend to be clusteredto similar output re-
sponses,the network performsredundancycompression of exactly the sort
previouslyproposedby Gluck & Myers (1993) to occur in the hippocampal
region(Myers et al 1995). In particular,if two inputs co-occur,they will be
treatedas asingle compoundinput. Later, ifoneof theinputsoccursalone,the
networkwill tendto treatthisasadegradedversionof thecompoundinputand
assignit to thesame clusteras thecompound.

Thepiriform cortexandentorhinalcortexelide in rat, andtheir superficial
layers are closely related anatomically and physiologically, suggesting the possi-
bility of relatedfunctionality (Price1973,vanHoesen& Pandya1975,Wood-
hamsetal 1993).Specifically, superficialentorhinalcortexcontainspyramidal
cells with sparsenontopographic connectionswith afferentsin layer I (van
Hoesen& Pandya1975)with denserfeedbackconnectionsto local inhibitory
cells (Kohler 1986), and showsNMDA-dependent,theta-inducedlong-term
potentiation (LTP) (deCurtis & Llinas 1993).Noting this similarity, Gluck &
Granger(1993) suggestedthat entorhinalcortex could perform a similarity-
based clusteringoperationsimilar tothat proposedto occur inpiriform cortex.

In sum,then,Myers et al (1995)haveproposedthat the entorhinalcortex
would be sufficient to implementthe redundancycompressionaspectof the
representationalchangesthatGluck & Myers(1993)ascribeto thehippocam-
pal regionasa whole (Myers et al 1995).A model implementingthesepro-
posedprocesses,andbasedon thephysiologically andanatomicallymotivated
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model ofAmbros-Ingersonetal (1990), isshown in Figure 8A. One difference
betweenthepiriform andentorhinal models isthatthepiriform modelassumes
repetitivesamplingand input masking,basedon recurrentconnectionsfrom
piriform cortexto olfactorybulb. Myerset al (1995)havenot assumedthis in
the entorhinalmodel,andso it only performsa single-stage,similarity-based
clusteringor compressionof its inputs.Theresultingnetworkis similar to the
unsupervised,competitive-learningsystemsdevelopedby Kohonen(1984),
Rumelhart& Zipser(1985),Grossberg(1976),andothers.A secondimportant
differencebetweenthepiriform andentorhinalcorticesis that,while thepiri-
form cortexis primarily anolfactoryarea,theentorhinalcortexreceivesinput
from a broadspectrumof polymodal cortices,as well as from the piriform
cortex.Thus,Myerset al (1995)havesuggestedthatwhile thepiriform cortex
mightbesufficient to implementredundancy compression withinthe olfactory
domain, the entorhinalcortex might be requiredto implement redundancy
compressionbetweenstimuli from differentmodalities,or acrossthepolymo-
dal features of a single stimulus (Myers etal 1995).

Thismodel can becompared with a lesion that selectively damages thehippo-
campusand dentategyrus butthatleaves intacttheentorhinal cortex. Asnoted
above,suchlesionsoften producedifferent resultsfrom lesionsof the entire
hippocampalregion. For example,such a restrictedlesion doesnot disrupt
latent inhibition, althoughasdescribedabovea larger lesiondoes(Honey&
Good 1993,Reilly et al 1993).The selectivelylesionedmodelproducesthe
sameeffect (Figure8B). The redundancycompressionin the entorhinalnet-
work is sufficient to mediatelatentinhibition. Themodelaccountsfor several
other selective-lesioneffects (Myers et al 1995), as well as makesspecific
novel predictionsthat  other  behaviors,  which  areinterpreted  as  reflecting
stimuluscompression, arelikely to dependmoreon theentorhinalcortexthan
on hippocampus proper, andso shouldsurvive sucha localizedlesion.

Theidea thatthe entorhinalcortex is involvedin stimulus compressionalso
relatesto a suggestion by Eichenbaum& Bunsey(1995) that the entorhinal
cortexperforms“fusion” of coincidentor nearlycoincidentstimuli, basedon
thetendencyof animalswith selectivehippocampal (but not entorhinal)dam-
age to overcompressstimulusinformation.

This hypothesisregardingtheselectivecontribution of entorhinalprocess-
ing to hippocampal-regionfunctionassumesthattheremainingsubfunctionof
predictivedifferentiationcouldbeimplementedelsewherein thehippocampal
region.Onepossibility is that thedentategyrusor hippocampus propercould
performthis subfunction.This ideais consistentwith severalsuggestionsthat
the hippocampusis involved in predictingfuture events(suchasUS arrival)
given current inputs (e.g. Gray 1985, Levy 1985, Lynch & Granger1992,
McNaughton& Nadel 1990,Treves &Rolls 1992).
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Figure8 (A) In theentorhinalmodel,targetcellsareexcitedbysparseafferents,andin turnactivate
local inhibitory feedback interneurons.Feedbacksilences allbut themoststrongly activatedtarget
cells. Synaptic plasticity makesthese“winning” target cells more likely to “win” in response to
similar inputs in the future. The resulting network activity is constrained by stimulus-stimulus
redundancycompression. (B) TheH-lesionedmodel,in whichanentorhinalcortexnetworkprovides
new compressedrepresentations to the internal layer of a long-term memory network. (Adapted
from Myersetal 1995.)
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Parahippocampal Functionin Configural Associations

In an alternativeapproachto modeling entorhinal function, Schmajukand
Blair (Schmajuk1994,Schmajuk& Blair 1993)havesuggestedtheparticular
contribution of the entorhinalcortex to the Schmajuk-DiCarlo (Schmajuk&
DiCarlo 1992)modelof hippocampal-regionfunctionis stimulus competition,
while thehippocampusproperis responsible for configuralassociation.They
thereforepredictthat localizedhippocampallesion,which doesnot otherwise
damageentorhinalcortex,shouldeliminatetheconfiguralbut not thestimulus
competition function. Empirical dataaresomewhatconsistentwith this idea
(seeSchmajuk1994), althoughfurther empirical studiesare certainly indi-
cated,asmentionedabovein thecontextof testingour own modelof entorhi-
nal function. The stimulus competition function proposedby Schmajuk&
Blair is quitedistinct from thestimulus-stimulusclusteringwe haveproposed
asanentorhinalfunction.In fact,ourentorhinalstimulus-stimulusclusteringis
probablymorecloselyrelatedto theconfiguralfunctionthatSchmajuk& Blair
assignnot to theentorhinalcortexbut to thehippocampus proper.Until such
time asmoreempiricaldatabecomeavailable,it maybedifficult to providea
definitive discriminationbetweenthesetwo accounts.However,futureexperi-
ments that addressthe selectiverole  of  theentorhinal cortex  in stimulus
competitionandin stimulus-stimulusclusteringarerequiredto properlyevalu-
ate these twomodels.

In a more recentpaper,Buhusi & Schmajuk(1996)presenteda different
modelof hippocampalfunctionin conditioning thatattributesbothattentional
andconfigural mechanisms to specific components of thehippocampal region.
Buhusi& Schmajukproposedthat theentorhinalandparahippocampalcorti-
ceshavea uniquerole in error-correction in which expectedreinforcementis
comparedwith actual reinforcement.In contrast,we havearguedthat these
sameoverlying corticesareessentialfor stimulus-stimulus redundancycom-
pression.This is consistentwith studiesshowingthat latentinhibition, a result
Myers et al (1995)haveinterpretedasbeingmediatedby stimulus compres-
sion, is sparedafter hippocampallesions that do not extendto entorhinal
cortex (Honey &Good1993,Reilly etal 1993).

INCORPORATING SUBCORTICAL CHOLINERGIC
MODULATION

Themodelsof episodic memoryandconsolidation reviewedin thesectionon
“AutoassociativeModelsof CA3 andEpisodicMemory” arefairly abstractin
that thereis no particularmappingof nodesandconnectionsto neuronsand
synapses.As Hasselmoandcolleagueshaveshown,however,it is possible to
constructautoassociative modelsthataremuchmorephysiologically realistic.
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In this vein, Hasselmo& Schnell(1994;seealsoHasselmoet al 1995)have
developeda model of laminar connectionsin the hippocampus to study the
possiblefunction of the strong cholinergic input from the medial septum.
Theseauthorshavesuggestedthat the function of this cholinergicinput is to
allow thehippocampusto switchbetweenpatternstorageandpatternretrieval
states.When a new patternis presentedto an autoassociative network as a
forcing input, it will activatesomeof the nodesin the network. Activation
from thesenodeswill travel through the recurrentfeedbackconnectionsto
activateothernodes,andafter severaliterations,this runawayexcitationmay
result in the entire network becomingactive, rather than just thosenodes
associatedwith the patternto be stored.To avoid this runawayexcitation,an
autoassociativenetworkis usuallyassumedto operatein two modes,a storage
mode during which forcing inputs are presentbut feedbackcollateralsare
suppressed,and a recall mode,during which there is no forcing input, and
recurrentcollateralsareallowedto activatenodes.In thecontextof a network
model,it is easy to definetwo suchdisparatestates.

If  hippocampal  field CA3 is assumedto  operate  asan  autoassociative
network,with mossy fiberafferentsproviding theforcing inputs,theremustbe
a physiological mechanismto suppressactivity on the recurrentcollaterals
during storage.Hasselmo(Hasselmo1995,Hasselmo& Schnell1994) pro-
posedthat the septalcholinergic input can provide this switch. Briefly, he
suggestedthat cholinergicinput suppressesthe recurrentcollateralsto allow
storageof thenew pattern without runawayexcitation. Whencholinergic input
is absent,andentorhinal inputs activateafew CA3 cells,feedbackconnections
recruitmorecells to activity, until a storedpatternis recalledandinstatedon
the CA3nodes.Hasselmo(Hasselmo 1995, Hasselmo& Schnell1994) further
proposeda schemewhereby CA3  canself-regulatethis cholinergic input,
allowing thehippocampusto recognizewhena newpatternshouldbestored,
and signal the septumto sendthe cholinergic input that allows storageto
proceed.In model simulations,suchself-regulatedsuppressionof recurrent
collateralsdoessufficeto allow switchingbetweenstorageandrecallstatesin
an autoassociative network(Hasselmo& Schnell1994).In empiricalsupport
of thishypothesis,Hasselmoetal (1995)haveshownthatacholinergicagonist
carbacholdoessuppressactivity of CA3 cells in slice more in the stratum
radiatum,wherethe recurrentcollateralsafferentCA3 dendrites,than in the
stratumlucidum, wherethemossyfibersafferentCA3 dendrites.Furthersup-
port comesfrom findings of anterogradeamnesiaafter medial septallesion
(Berry & Thompson1979)or pharmacologicaldisruption throughanticholin-
ergic drugs such as scopolamine (Solomon et al 1983), consistent with
Hasselmo’s predictionthat cholinergicinput is necessaryfor storageof new
informationin thehippocampus(Hasselmo1995,Hasselmo& Schnell1994).
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In thenextsubsection,wediscusshowthischolinergicmodelof Hasselmocan
be related to independentlydevelopedmodelsof hippocampalfunction in
classicalconditioning (Myers etal 1996)reviewed above.

SeptohippocampalCholinergicModulationin Conditioning

MyersandGluck, in collaboration with Hasselmoand Solomon,have recently
shownhow a simplifiedversionof Hasselmo’s cholinergichypothesiscanbe
instantiated within the Gluck & Myers model,to providean interpretation of
Solomon’s dataon the behavioralconsequencesof anticholinergic drugson
classical conditioning. Inbrief, theintegrated modelassumes thatthetendency
of the hippocampal-regionnetwork to storenew information, as opposedto
simplyprocessing it andrecalling old information, isdeterminedby thehippo-
campal-regionnetwork’s learningrate (Myers et al 1996).Disrupting septal
input can thereforebe approximatedwithin the Gluck & Myers model by
lowering this learningrate—althoughnot therateat which this informationis
transferredto the cortical network,nor the rateat which cortical associations
develop.The consequenceof this depressedhippocampallearningrate is to
prolongtheinitial nonrespondingphasebeforeonsetof theinitial conditioned
responses(Figure8B), muchasis seenin the experimentaldata(Figure8A).
This computational modelof cholinergic function in conditioning is broadly
consistentwith  an  earliersuggestion  byThompson & Berry (1979), who
arguedthatthemedial-septum is involvedprimarily in earlyattentional stages
of learningrather than subsequentassociationalprocesses.

With this interpretationof cholinergic function,Myerset al (1996)showed
that theGluck & Myers modelcorrectlyexpectsthat hippocampal disruption
retardsconditioning eventhoughoutright hippocampal lesiondoesnot. This
apparentparadoxhaspreviouslybeennotedin theanimalliterature(Solomon
etal 1983),andthemodelprovidesinsight into why it might beso.Further,the
model predictsthat if lowering hippocampallearningratesretardslearning,
increasinglearningratesmay speedit (Myers et al 1996).This is consistent
with datashowingthat cholinergicagonistscanimprovelearningin subjects
with abnormallyreducedlevels ofbrain acetylcholine (fora review,seeMyers
et al 1996). However, in the model, increasinghippocampallearning rates
beyondsomeoptimal level actually resultsin degradedlearning,as the net-
work becomesunstable(Myerset al 1996).Therefore,themodelpredictsthat
cholinergictherapyshouldonly betransientlyeffectivein normalsubjects.In
fact, this is the case:While cholinergicagonistsat moderatedosestend to
improvelearning,higherdosesmay eitherresult in no facilitation or actually
impair learning (for a review, seeMyers et al 1996). The model therefore
providesanaccountfor this empiricalphenomenon,which hasbeenproblem-
atic inthe clinicalpharmacologyliterature.
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An alternativeapproachto modelingseptohippocampalcholinergic path-
waysis themodelof Buhusi & Schmajuk(1996).Theseauthorsinterpretthe
septohippocampal cholinergic pathways as providing an error-signal that
driveslearning.In contrast,Myerset al (1996)arguedthatthesepathwayscan
be functionally interpretedas providing modulation of learningrates,which
builds upon similar argumentsby Hasselmo(seeHasselmoet al 1996).De-
spitedifferent functional interpretations of the medialseptalinputs, both the
Buhusi& Schmajuk(1996)andtheMyersetal (1996)modelscorrectlyexpect
that cholinergic antagonists (suchasscopolamine) shouldimpair acquisition,
but notlatentinhibition. Buhusi & Schmajuk havenot,however,addressedthe
detailedaspects of learningcurves thatare analyzed byMyers etal (1996).

SUMMARY AND GENERALDISCUSSION

We havereviewedseveralcomputationalmodelsof hippocampalfunction in
learningandmemory,concentratingon thosethatmakestrongestcontactwith
psychologicalissuesand data from behavioralexperiments.Many of these
modelscanbetracedto theinfluential earlymodel ofMarr (1971)that,in turn,
built upon Hebb’s (1949) ideason how associationsare acquiredbetween
groupsof cell assembliesin the brain. The basic network architecturede-
scribedby Marr’s theoryis knownasanautoassociatorthatlearnsto associate
all components of an input patternwith all other components of the same
pattern.

ManysubsequentresearchershaveusedMarr’s basicframeworkfor model-
ing episodicor eventmemoriesin thehippocampus,especiallywithin hippo-
campalfield CA3 thatsharesmanyof thebasicconnectivity requirementsfor
an autoassociator (Hasselmo et al 1996, McNaughton & Nadel 1990,
McNaughton& Morris 1987,Rolls 1989).Thesemodelsfocuson theability
of thehippocampalregionto performfast,temporarystorage,which suggests
that this underliesthe hippocampalregion’s role in episodicmemoryforma-
tion. This is consistentwith the neuropsychologicaldata showing that episodic
memoryimpairmentsarethemostobviousbehavioraleffectsin humanamne-
sia following hippocampal region damage.Variations on the hippocampal
autoassociatormodelhavebeendevelopedto explainsequentiallearning(for
reviews,seeGrangeret al 1996, Levy 1996, Liaw & Berger1996), spatial
navigation(Burgesset al 1994, Levy 1989, McNaughton& Morris 1987,
McNaughton& Nadel 1990, Muller 1987, Muller & Stead1996, Recce&
Harris1996,Sharpet al 1996,Sharp1991),andtheconsolidation of episodic
memories(Alvarez& Squire1994,McClelland& Goddard1996,Murre1996,
O’Reilly & McClelland1994,Treves &Rolls 1992).

Another classof hippocampalmodelshave focusedon hippocampalin-
volvementin incrementallylearnedassociativehabits,suchasclassicalcondi-
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tioning or probabilistic patternclassification. Many recentqualitativetheories
andseveralcomputationalmodelshavefocusedon possibleinformationproc-
essingroles for the hippocampal region that aremostevidentfrom studying

Figure 9 Experimental data and modeling of the effectsof the anticholinergic drug scopolamine
on acquisition of a conditioned eyeblink response. (A) Systemic application of scopolamine
(Solomonet al 1983) in which it is shown that the effectof scopolamine is to delay the onsetof
conditioning,ratherthanpreventing it. (B) Learningcurvesfor threedifferent hippocampal learning
ratesin theMyersetal (1996) modelshowinghow loweredlearning ratesshift theacquisition curve
to the right, delaying the onsetof learning, muchas seenin Figure9A.

PSYCHOBIOLOGICAL MODELSOFLEARNING 509



complex training procedurein  incrementallyacquired  learning  (Buhusi&
Schmajuk1996;Eichenbaumet al 1992b;Gluck & Myers 1993,1995,1996;
Hirsh 1974;Moore & Stickney1980;Schmajuk& DiCarlo 1992;Sutherland
& Rudy 1989).More recentmodeling efforts haveattemptedto makecloser
contactwith theunderlying anatomyandphysiology. This includesmodelsof
parahippocampalfunction (Myers et al l995, Schmajuk& Blair 1993) and
modelsof the subcorticalinfluencesof cholinergic modulation (Buhusi &
Schmajuk1996,Myers et al1996).

In reviewing thesepsychobiological modelsof hippocampalfunction in
learningandmemory,threemajor themeshaveemerged.First, we haveseen
how computational modelscan provide the “glue” to bind togetheranalysis
anddataat multiple levelsof analysisincluding cellular, physiological, ana-
tomical, andbehaviorallevels.In particular,we notedhow somemodelsare
developedin a top-downfashion,beginning with detailedbehavioralanalyses
andthenseekinga mappingto underlyingbiological substrates.Othermodels
aredevelopedin a morebottom-up fashion,beginningwith biologicaldetails
and, via computational simulations, seekingto identify emergentfunctional
propertiesof thesesubstrates(for further discussionof thesedistinctions in
learningmodels,see Gluck& Granger 1993).

A secondthemethat emergedwas the importanceof modelsas tools to
integratedatafrom bothanimaland humanstudiesof hippocampalfunctionin
learningandmemory.Although thesetwo bodiesof researchhaveoftenbeen
quiteseparateanddisconnected,it seemsclearthatultimately theymustcon-
vergeso that eachbody of literatureandtheorycaninform the other,which
will hopefully leadto a moregeneralandbroadlyapplicableunderstandingof
the hippocampal regionin all species.

Finally, a third themethat emergedfrom reviewing thesemodelsis the
importanceof relating currentcomputational modelsto earlier traditions in
memoryresearch,especiallythe manyearlierpsychological modelsthat cap-
tureimportantbehavioralprinciplesof memory.In drawingtheseconnections
betweencurrent models,and earlier qualitative theoriesin psychology and
neurobiology,one can seeto what extent the modelsrepresentcumulative
progress.

All themodelsreviewedhererepresentpreliminaryattempts to incorporate
both biological dataand behavioralanalysiswithin formal computationally
definedtheories.Crudeapproximationsat best,thevalueof thesemodelswill
becomemostclearlyapparentif they leadto importantnewempiricalstudies
thatwill inform and constrainfuture generationsof modelsand theories.
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