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Themedialtemporallobe(MTL) hasbeenstudiedextensively at all levelsof analysis,yet its
function remainsunclear. Theoryregardingthe cognitive function of the MTL hascentered
along3 themes.Differentauthorshaveemphasizedtheroleof theMTL in episodicrecall,spa-
tial navigation,or relationalmemory. Startingwith thetemporalcontext model(M. W. Howard
andM. J.Kahana,2002),adistributedmemorymodelthathasbeenappliedto benchmarkdata
from episodicrecall tasks,theauthorsproposethat theentorhinalcortex supportsa gradually
changingrepresentationof temporalcontext andthehippocampusproperenablesretrieval of
thesecontextual states.Simulationstudiesshow this hypothesisexplains the �ring of place
cells in the entorhinalcortex and the behavioral effects of hippocampallesion in relational
memorytasks.Theseresultsconstitutea �rst steptowardsa uni�ed computationaltheoryof
MTL functionthatintegratesneurophysiological,neuropsychologicalandcognitive �ndings.

Themedialtemporallobe(MTL) is a region thatincludes
thehippocampusproper, thesubicularcomplex andparahip-
pocampalcortical regions, including entorhinal,perirhinal,
and parahippocampal/postrhinalcortices. A great deal of
data from neuropsychology(e.g. Eichenbaum& Cohen,
2001;Scoville & Milner, 1957;Squire,1992)andfunctional
imaging (e.g. Fernandez,Effern, Grunwald, et al., 1999;
Stern,Corkin, Gonzalez,et al., 1996; Wagneret al., 1998)
hasconvergedontheideathattheMTL is importantin learn-
ing andmemory. In orderto bridgethegapbetweencogni-
tion and cellular-level physiology, we needa mechanistic,
mesoscopicdescriptionof MTL computationalfunction.We
alreadyhave severalsuccessfulverbally-formulatedtheories
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of the cognitive function of the MTL. Thesearedescribed
in turn in thefollowing subsections.This paperwill attempt
to draw thesemultiple verbaltheoriestogetherinto a single
computationalframework thatis consistentwith known neu-
rophysiologicalandneuroanatomicaldata.

Episodicrecall

All of thediverseskills andfactsthatdifferentiateanadult
from aninfantmustbesomeform of memory—wesaythat
onelearnsto ride a bike, or remembersthealphabet.In the
earlypartof this century, memorytheorystrove to describe
generallaws that would presumablyapply to all thesedif-
ferent typesof learning(e.g. Estes,1950; Osgood,1949).
Recentdecadeshave seenthis unitary approachto memory
fragmentinto the categorizationof multiple typesof mem-
ory, typically with separableneuralsubstratesfor each(e.g.
Eichenbaum& Cohen,2001; Nadel & Moscovitch, 1997;
Tulving & Schacter, 1991).Oneof themostfruitful of these
distinctionshasbeenthatof episodicmemory.

Episodicmemoryrefersto the ability to rememberspe-
ci�c eventsfrom one's personalexperience(Tulving, 1983,
2002). For instance,one might have an episodicmemory
of having eatena bananaat breakfast. Thememoryfor this
episode,perhapswith detailsabouttheotherobjectsandpeo-
ple presentat breakfast, with the tasteof the banana,the
soundsandsmellsthatwerepresentin the room, is in prin-
ciple quite distinct from other typesof memoryonemight
have for bananas.For instance,onecould remembermany
things about bananas—thatthey are yellow, that they are
goodto eat,thatpeopleliketo eatthematbreakfast—without
memoryfor any speci�c experiencewith a banana.Recent
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work hasarguedthat episodicmemoryrelieson the MTL,
in particularthe hippocampus(Nadel& Moscovitch, 1997;
O'Keefe& Nadel,1978;Tulving & Markowitsch,1998).

A numberof behavioral taskstestepisodicmemory. For
example,in thefreerecalltask,thesubjectis presentedwith
a list of stimuli, typically words. The task is to recall as
many wordsaspossiblefrom the list, with the subjectfree
to determinethe orderof recall. Freerecall is an episodic
task in that performancerequiresthat the subjectrecall the
wordspresentedin a particularepisodicsetting. Freerecall
is suf�ciently sensitiveto MTL damagethatit canbeusedas
a diagnostictool for MTL damagein clinical settings(Graf,
Squire,& Mandler, 1984).

Spatialnavigation

O'Keefe and Nadel (1978) proposedthat the primary
function of the hippocampusis to constructand read out
“cognitivemaps.” In thefollowing years,however, this theo-
reticalapproachhasfocusedon therole of thehippocampus
andrelatedstructuresin learningandnavigatingthroughspa-
tial environments. The most remarkablepieceof evidence
supportingthis view is theexistenceof placecells(O'Keefe
& Dostrovsky, 1971).Pyramidalcellswithin thehippocam-
pus,recordedfrom ratsmoving throughoutanenvironment,
�re selectively when the animal is in oneparticularregion
of the environment. In openenvironments,this doesn't de-
pendon thedirectiontheanimalis facing(Muller, Bostock,
Taube,& Kubie,1994),and�ring persistsin thedark(Quirk,
Muller, & Kubie,1990),ruling out anexplanationbasedon
simplevisualstimuli correlatedwith place.

Thereis an extensive literaturedescribingcharacteristics
of placecells in dorsalCA1 (e.g. Muller & Kubie, 1987;
O'Keefe & Burgess,1996; O'Keefe & Dostrovsky, 1971;
Wilson & McNaughton,1993). Less is known about the
placecodein otherMTL structures.It is known that there
are place cells in the entorhinalcortex (EC, Barnes,Mc-
Naughton,Mizumori, Leonard,& Lin, 1990;Frank,Brown,
& Wilson,2000;Quirk,Muller, Kubie,& Ranck,1992),are-
gionof cortex thatprovidesinput to thehippocampusproper.
The placeresponsein EC differs in somerespectsfrom the
placecodeobserved in CA1, indicatingthat the hippocam-
pusperformssigni�cant computationsontheincomingplace
representation.Nonetheless,it is clearthatwe can't have a
meaningfulunderstandingof the function of the hippocam-
pus performsuntil we have a correctunderstandingof the
natureof theentorhinalplacecode.

Transitiveassociationsandrelationalmemory

Datafrom olfactorylearningin therat (Bunsey & Eichen-
baum, 1996; Dusek& Eichenbaum,1997) hasbeenused
to argue that the hippocampus,the centralstructureof the
MTL, enablestransitive associations,a functionbelievedto
beimportantin relationalmemory. In theseexperiments,rats
learnedassociationsor relationshipsbetweenarbitrarystim-
uli. For instance,in the studyof Bunsey andEichenbaum
(1996),ratswith hippocampallesionswereableto learnas-
sociationsbetweenodorsA and B, and betweenB andC.

Unlike normal rats, however, lesionedrats did not show a
transitivegeneralizationfor theassociationA � C. Although
the lesionedanimalswereableto learnsimpleassociations
betweenthestimuli, Bunsey andEichenbaum(1996)argued
that they did not learnthe relationshipsamongstimuli that
weren't presentedtogether(seealsoDusek& Eichenbaum,
1997).

Themnemonicde�cit exhibitedby hippocampal-lesioned
animalscannotapparentlybedescribedasade�cit in thede-
velopmentof simplestimulus-responseassociations.How-
ever, whencomplex relationshipsbetweenstimuli must be
learned,the MTL, and the hippocampusin particular, ap-
pearto be critically involved. This emphasison relational
memoryis not at all contradictoryto a role for the MTL in
episodicmemory. After all, memoryfor anepisodeinvolves
drawing togetherthe many differentstimuli presentwithin
theepisode,in auniquecon�guration.

Toward a uni�ed framework

These three theoretical approachesto MTL function,
episodicrecall,spatialnavigationandrelationalmemory, are
not mutuallycontradictory. As mentionedpreviously, mem-
ory for an episodeshouldincludememoryfor the con�gu-
rationof stimuli presentin thatepisode.Similarly, O'Keefe
andNadel(1978)pointedout thata cognitive mapcouldbe
usedto encodetherelationshipsbetweennon-spatialsetsof
stimuli, resultingin bindingitemsto a temporal-spatialcon-
text, supportingepisodicmemory(ch 14 O'Keefe & Nadel,
1978). Becausetheneurobiologyof theMTL is suchanin-
tenselystudiedsubject,there is a tremendousincentive to
constructa model that canaddressquestionsfrom all three
domains.

The goal of the presentpaper is to presentthe begin-
ningsof a theoreticalframework thatbeginsto draw together
thesethreedisparateapproaches.This will beaccomplished
within thestructureprovidedby theTemporalContext Model
(TCM, Howard& Kahana,2002a),developedto explain ex-
perimental�ndings from freerecall,anepisodicrecall task.
TCM describesa setof rulesthat govern the behavior of a
distributedrepresentationof temporalcontext. Wewill show
thattheequationgoverningcontextualdrift, takenasamodel
of temporal-spatialcontext, canexplain theprimaryfeatures
of the entorhinalplacecode,a phenomenoncentral to the
MTL's supportfor spatial function. We will then demon-
stratethat the equationgoverning retrieved temporalcon-
text, a kind of plasticity postulatedto explain propertiesof
episodicassociation,cansupporta moregeneralfunctionin
extracting the temporalstructureof experience. This pro-
videsaframework for modelingthedissociationbetweenre-
lationallearningandsimplepairwiseassociation.

Recency andContiguity: TCM
andFundamentalPropertiesof

EpisodicRecall

TCM wasdevelopedto describetwo fundamentalproper-
tiesof episodicmemory. Therecency effect (Bjork & Whit-
ten,1974;Howard& Kahana,1999;Murdock,1963b;Rat-
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clif f & Murdock,1976)is thetendency for morerecentitems
to be recalledbetterthanlessrecentitems. Associative ef-
fects(Howard & Kahana,1999,2002b;Kahana,1996)de-
scribethe developmentof episodically-formedconnections
betweenitems. This sectionwill �rst review prior work
on TCM, describingthe structureandreasoningbehindthe
model.Following this,we will describea linking hypothesis
betweenTCM andthebrain,with a specialemphasison the
medialtemporallobe.

An episodicrepresentation

Context, in oneform or another, haslong beenanimpor-
tantcomponentof modelsof episodicmemoryperformance
(e.g. Anderson& Bower, 1972; Raaijmakers & Shiffrin,
1980; Mensink & Raaijmakers, 1988; Yntema & Trask,
1963).Thebasicapproachof TCM hasbeento takeapartic-
ular formulationof context, referredto astemporalcontext
anduseit asthe solecuefor recall of item representations.
Becausecontext changesgraduallyover time TCM canpre-
dict forgettingover long time scales.Unlike someprior for-
mulations(e.g. Mensink & Raaijmakers, 1988), however,
TCM alsoexplicitly modelscontext that changesgradually
within a list of items.This assumptionenablesa description
of recency effectswithin lists,aneffectwhichhasoftenbeen
attributedto short-termmemory(e.g. Atkinson & Shiffrin,
1968;Raaijmakers& Shiffrin, 1980).Themostradicalpoint
of departureof TCM from prior modelsof episodicrecall,
however, is the assumptionthat context serves as the sole
cuefor episodicrecall. In TCM, observedepisodicassocia-
tionsbetweenitemsarea consequenceof effectsitemshave
oncontext, eliminatingtheneedfor directitem-to-itemasso-
ciationsin describingepisodically-formedassociations.We
will describeTCM in more detail in the following subsec-
tions.Thistreatmentreviewsprior work (Howard& Kahana,
2002a;Howard,Wing�eld, & Kahana,In revision; Howard,
2004). Readersalreadyfamiliar with TCM as a model of
episodicrecall may wish to advanceto the subsectionenti-
tled “A mappingbetweenTCM andtheMTL.”

Temporal context and items. The centralassumptionof
TCM is that thereis a distinctionbetweentemporalcontext
andto-be-recalleditems. Thecurrentstateof temporalcon-
text at time stepi is referredto ast i . We assumethat t i is
a vector in a high-dimensionalspace;typically an in�nite-
dimensionalspacefor simplicity. Theitempresentedat time
stepi is referredto as f i . We assumethat the item repre-
sentationsf arevectorsin aseparatehigh-dimensionalspace,
typically in�nite for simplicity. We assumethat item repre-
sentationsdo not changeover the courseof a typical recall
experimentand that they areorthonormal. That is, we as-
sumethat thereis no overlapbetweenitem representations
andthatthelengthof eachitem vectoris one.

Activationof an item representationcorrespondsto per-
ception. Thecurrentstateof the item vectorcorrespondsto
the item currentlybeingexperienced.For instance,an item
representationmaybeactivatedonthebasisof externalstim-
uli duringpresentationof a list of items. Similarly, an item

representationmay be activated by meansof an “internal
stimulus” during the recall process.No matterthe source,
the consequenceof activating an item representationis the
perceptionof the correspondingitem. Howard andKahana
(2002a)assumedthatonly oneitem representationcouldbe
activatedat any one time. Although not a fundamentalas-
sumptionof TCM, wewill alsoassumethatatmostoneitem
representationis activeat a time throughoutthecurrentms.

Context cuesitems. In TCM, thecurrentstateof context,
t i , is usedto cuerecall of itemsin semanticmemory. Each
item in semanticmemoryis activatedby a stateof context
to theextentthatthatstateof context resemblesthecontexts
in which it waspresented.This canbeimplementedusinga
Hebbianouterproductmatrix connectingstatesof context t
with patternsin semanticmemory, f i

MTF
i �

MTF
i � 1

�

f it �i �

(1)

wheretheprimedenotesthetranspose.WhenM TF is multi-
plied from theright with a context vector, t , this resultsin a
superpositionof patternsin semanticmemory, eachweighted
by theirsimilarity betweentheircontext andthecuecontext.
Thatis

MTF t j
�

å
i

�

f i �

t �i t j �	�

�

(2)

which follows immediately from the de�nition of M TF

(Eq. 1) andbasicpropertiesof vectorarithmetic. The key
hereis thet

�i t j term. Thetransposeof a vectormultiplied by
anothervectoris ascalarreferredto astheinnerproduct.For
thepresentpurposes,this is thesameasthedot productand
canalsobe written t i 


t j .1 We canseethat whenthe item
layeris cuedby astateof context, theresultis acombination
of item representations.A particularitem entersthis combi-
nationin a way that is proportionalto thesimilarity (quanti-
�ed by thedotproduct)of thecontexts it hasbeenpresented
in to thecuestateof context.

Mappingactivationsonto probability of recall. Howard
andKahana(2002a)assumedthat this combinationof item
representationswasunstable.Dueto attractordynamics,the
superpositionof item representationsthatresultsfrom cuing
with astateof context wouldcollapseintooneparticularitem
representation(or perhapsa null statein which all elements
of thevectorwentto zero). Let usde�ne theactivationof a
particularitem i by aparticularstateof context t as

ai :
�

f �iM
TF t � (3)

1 For thepresentpurposes,wecande�ne theinner, ordotproduct
as

v � w 
 å
i

�

v � i
�

w � i �

wherethe
�

� � i operatorrefersto the ith elementof thevectortaken
asits argument.Thedot productis positive if thetwo vectorspoint
in similar directions(if they arecorrelated). It is negative if they
point in oppositedirection. Importantly, the dot productis zeroif
thetwo vectorsareorthogonal.
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Usingthisde�nition (andtheassumptionthattheitemrepre-
sentationsareorthonormal),thenthescalarai just measures
theextent to which thesuperpositionpointsin thedirection
of theword correspondingto f i . Theprobabilityof recalling
item i givent canbegivenby theLucechoicerule:

P � f i �

t �

�

exp �

2ai
t �

å j exp �

2a j
t

�

� (4)

This canbe conceivedof asthe probability of the superpo-
sition collapsingto a particularstate. Howard andKahana
(2002a)took thesumin thedenominatorof Eq.4 to beover
potentialrecallsin thelist. This equationis nota fundamen-
tal part of TCM. The importantpropertiesof this equation
aresimply thatit providesanon-linearmappingbetweenac-
tivationsandrecall, and that it is a competitive recall rule.
That is, theprobabilityof recallingitem i dependsnot only
on theactivationai , but alsotheactivationof theotheritems
a j . This makesit a usefulequationfor describingsituations
in which we areinterestedin the relative probability of re-
callinganitem.

Itemsretrievecontext. In muchthesameway thattempo-
ral context canbeusedto provideaninput to theitem-space,
items provide the input to the context-space. Howard and
Kahana(2002a)proposedthatamatrixM FT providesacon-
nectionsuchthattheinput to thecontext layerat timestepi,
tIN
i , is aconsequenceof theitem presentedat time stepi:

tIN
i �

MFT
i � 1f i � (5)

Thevectort IN
i will sometimesbereferredto asthe“context

retrievedby itemi” to emphasizetheeffectof itemrepresen-
tationsoncontextualstates.Theform of M FT wasderivedin
sucha way to implementa functionalrule thatwill beintro-
ducedlater(Eq.9 below). Theform of M FT is rathercompli-
catedandprobablydoesnot correspondsimply to any single
structurein thebrain. For this reasonwe will not discussit
further here,but rathertreatthe functionalrule asthebasic
descriptionof retrievedcontext for thepresentms.However,
we stronglyassertthecentralpoint of retrievedcontext that
itemscausecontextual input patterns.

Recencyacrosstimescales

At eachtime step,the stateof context at time stepi, t i
is formed from the prior stateof context t i � 1 andan input
vectort IN

i accordingto:

t i
�

r it i � 1
�

btIN
i �

r i :
���

t i ���

�

1 (6)

When appliedto list-learningapplications,we have previ-
ouslyassumedthatthetime-stepscorrespondto thetimesat
which list itemsarepresented.We will assume(for conve-
nience)that the input vectors,t IN

i , arealwaysof unit length
(

���

tIN
i ���

�

1
�

for all i). Thevectort IN
i is weightedby thescalar

b. Thisparameteris generallyestimatedfrom thedataandis
constrainedsuchthat0 � b � 1. We canseethatEq.6 adds

input vectorsto thestateof t . To ensurethatthelengthof t i
doesnotgrow withoutbound,weassumethatthescalarr i is
chosento ensurethatthelengthof t i remainsunity:

���

t i ���

�

1.
This constraintmeansthat t i changesasa function of input
to thesystem,ratherthanthepassageof time per se(Waugh
& Norman,1965). This canbe seenclearly if oneassumes
thatatsometimestepi, theinputvectoris empty,

���

t IN
i ���

�

0.
In this case

t i
�

r i t i � 1
�

b0 (7)

requiresthat r i
�

1. This is consistentwith the �ndings of
Baddeley andHitch (1977),who arguedthattherecency ef-
fectwasunaffectedby additionof anun�lled delayat theend
of thelist.

If the systemis presentedwith an in�nitely long series
of orthonormalt IN 's, then the value of r i will stabilizeat
r :

�	�

1 
 b2.2 Underthesecircumstances,it becomespos-
sible to conciselydescribethe similarity relationshipsbe-
tweent i andthestateof context at someothertime, j, t j :

t i 


t j
�

r �

i � j
� � (8)

Fromthis it is clearthatt changesgraduallyover time. Any
particularcomponentof t i decaysexponentiallyas long as
orthonormalinputsarepresented.

In sum,contextual evolution in TCM is characterizedby
severalimportantproperties:

1. For a givenvalueof b, whengivena seriesof orthogo-
nal inputs,thesimilarity of thecurrentstateto aninitial state
decaysexponentially.

2. Thechangein context dependson theinput.
3. Whenno input is given, the stateof context doesnot

change.
Becauset i is the functional cue for recall, and t i is an ef-
fective cue for recall of item j to the extent that t i over-
lapswith t j , the propertythat t i decaysgraduallynaturally
provides a basisfor the the principle of recency (Howard
& Kahana,2002a),which is observed in all of the major
episodicmemoryparadigms(Howard& Kahana,1999;Mur-
dock,1962,1963b;Neath,1993;Ratcliff & Murdock,1976).
AppendixA illustratesthis principlewith a workedexample
thatdemonstratestherecency effect.

Long-term Recencyand Buffer Models of Short-term
Memory. For many years,theconventionalwisdomwasthat
the recency effect in free recall re�ected the operationof a

2 Underthesecircumstance,t IN
i � t i � 1 
 0 and


�


t i

�
 2


 r 2
i


�


t i � 1

�
 2 � b2 
�


tINi

�
 2 �

Because

�


tINi

�



 1 by assumptionand

�


t i � 1

�



 1 becauseof the
conditionon r i � 1, we �nd that theconditionthat


�


t i

�



 1 implies
that

1 
 r 2
i

� b2
�

whichimpliesthatr i 
�� 1 � b2. Moregenerally, whentIN
i � t i � 1 �




0, a quadraticequationin r i is obtained,which canbe solved by
elementarymethods.



TCM, THE PLACECODEAND RELATIONAL MEMORY 5

short-termmemorybuffer (Atkinson& Shiffrin, 1968;Raai-
jmakers& Shiffrin, 1980). Indeed,detailedsearchmodels
basedon a short-termmemorybuffer candescribestandard
free recall in considerabledetail (Kahana,1996;Raaijmak-
ers & Shiffrin, 1980, 1981; Sirotin, Kimball, & Kahana,
submitted). The recency effect in immediatefree recall is
eliminatedby a distractorat the endof the list (Glanzer&
Cunitz, 1966; Postman& Phillips, 1965), presumablybe-
causethe distractorremovesitemsfrom the endof the list
from STS.However, whena distractoris alsopresentedbe-
tweeneachlist item, this resultsin an increasedrecency ef-
fect over delayedfreerecall (Bjork & Whitten,1974;Glen-
berg et al., 1980; Glenberg, Bradley, Kraus, & Renzaglia,
1983; Howard & Kahana,1999; Nairne, Neath,Serra,&
Byun, 1997; Thapar& Greene,1993; Watkins, Neath,&
Sechler, 1989). This presentationscheduleis referredto as
continuous-distractorfreerecall;therecency effectobserved
in continuous-distractorfreerecall is referredto asthelong-
term recency effect. Howard andKahana(2002a)�t TCM
to the probability of �rst recall, a sensitive measureof the
recency effect (Howard& Kahana,1999;Laming,1999),to
datafrom immediate,delayedandcontinuous-distractorfree
recall(seeFigure1).3 TCM accuratelypredictstheexistence
of a recency effect in immediatefreerecall,thedisruptionof
recency in delayedfreerecallandtherecoveryof recency in
continuous-distractorfreerecall.

Although contextual drift in TCM canaccountfor much
of thefunctionof STSin freerecall,thereis of coursemuch
moreto the conceptof short-termmemorythana rehearsal
buffer. Atkinson and Shiffrin (1968) emphasizedthe im-
portanceof control processesin strategically manipulating
the informationin the buffer. This themehaspersistednot
only in theemphasisof theworking memoryframework in-
troducedby Baddeley andHitch (1974)on executive func-
tion, but alsoin morerecentmodelsof executivefunctioning
in prefrontalcortex (e.g Rougier& O'Reilly, 2002; Braver
et al., 2001,for an integrative review, seeMiller & Cohen,
2001).Althoughwearguethatt i capturesthecritical storage
processesof short-termmemoryessentialfor generationof
the recency effect, we make no claim whatever that it de-
scribescontrolprocessesor executive function—thesefunc-
tionsclearlyrequiresomethingexternalto TCM.

Retrievedtemporal context and episodicassocia-
tion

In free recall, the canonicalepisodicmemorytask,sub-
jects recall multiple words from a list without concernto
word order. A greatdealof evidenceindicatesthattheorder
in which theitemsarerecalledre�ects theassociative struc-
tureof memory. For instance,whena list of wordsfrom dif-
ferentnaturalcategoriesis presented,wordsfrom the same
category will tendto be recalledtogether, even if presenta-
tion orderis randomized(e.g. Bousfeld,1953;Pollio, Kass-
chau,& DeNise,1968). This tendency for adjacentrecalls
to comefrom thesamecategory canbe taken asa measure
of strongerassociationsbetweenwordsfrom thesamecate-
gory thanbetweenwordsfrom differentsemanticcategories.

In this case,outputorder in free recall presumablyreveals
somethingaboutthe structureof semanticmemory. In ad-
dition to semantic,or structuralsourcesof association,asso-
ciationscanalsobe formedrapidly amongitemspresented
in temporalproximity. If freerecallis indeeda consequence
of an episodicrepresentation,then temporally-de�nedout-
put order relationshipsshouldreveal the propertiesof this
episodicrepresentation.

We can de�ne the associationbetweentwo items func-
tionally as the tendency of one item to causeproduction
of the other. To measureassociationsin episodicmemory
Kahana(1996) developedconditional responseprobability
(CRP)curves. CRPcurvesmeasuretheprobabilityof mak-
ing a transitionfrom oneitem to anotherin free recall asa
functionof thedistancebetweenthemin thelist. CRPshave
now beencomputedfor datacollectedunderawidevarietyof
situations(Howard& Kahana,1999;Kahana,1996;Kahana
& Caplan,2002; Kahana,Howard, Zaromb,& Wing�eld,
2002;Klein, Addis, & Kahana,In press;Ward,Woodward,
Stevens,& Stinson,2003).Considerationof thesedatacon-
�rm two very generalpropertiesof episodically-formedas-
sociationsamongitemsin aseries:

1. Contiguity. Strongerassociationsareformedbetween
stimuli thatoccurneareachotherin timethanbetweenthose
thatareseparatedby a greaterinterval.

2. Asymmetry. Forward associationsare strongerthan
backwardassociations.
Both of thesepropertieshave beenobserved in immediate
(Howard& Kahana,1999;Kahana,1996;Wardetal.,2003),
delayed(Howard& Kahana,1999;Kahanaet al., 2002)and
continuous-distractorfreerecall (Howard& Kahana,1999),
aswell asserial recall (Kahana& Caplan,2002; Raskin&
Cook,1937).

Becausethecurrentstateof context is alwaysthecuefor
episodicrecall, associative effectsin TCM aremediatedby
theeffectsitemshave on thestateof context. This is possi-
ble becausea centralpostulateof TCM is that the input to
Eq.6 is causedby thepresentationof items.4 In TCM items
causeaninput, t IN

i , thatis partof t i . Becauset is thecuefor
episodicrecall, associative effectsbetweenitemsaremedi-
atedby the effect they have on t—by the contextual inputs
thoseitemsevoke,andthesimilarity of thoseinputsto states
of t in whichotheritemswereencoded.TCM producescon-
tiguity effectsbecauseitemsretrievecontextualelementsthat
were presentwhen the items were initially presented.Be-
causecontext changesgradually(Eq.6), thesecontextualel-

3 Detailsof theprocedurecanbe found in Howard andKahana
(2002a).

4 Although this might not seemsucha radicalassumption,sev-
eralmemorymodelshave includedmechanismsof contextual drift
in which thechangein contextual elementsis assumedto bea con-
sequenceof stochastic�uctuations that arenot underexperimen-
tal control (Estes,1955;Mensink& Raaijmakers,1988;Murdock,
Smith,& Bai, 2001). Anothersetof modelsdevelopedto explain
performancein short-termserialrecall taskshave explicitly decou-
pled contextual representationsfrom item recall, while not neces-
sarilyassumingthatcontext �uctuatesrandomly(Brown, Preece,&
Hulme,2000;Burgess& Hitch, 1992,1999;Henson,1998).
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Figure 1. TCM describesthe recencyeffect in immediate,delayed and continuous-distractor fr eerecall. Experimentalandpredicted
valuesof theprobabilityof �rst recall,asensitivemeasureof therecency effectacrossdelayschedules.a. In immediatefreerecall,therecall
testfollows immediatelyafter thepresentationof thelast item. b. In thedelayedcondition,sixteensecondsof a distractortaskintervened
betweenpresentationof thelastlist item andtherecalltest.Accordingly, therecency effect, theadvantagefor recallof thelastitemsin the
list, wasgreatlyreduced.c. In continuous-distractorfreerecall,sixteensecondsof distractorintervenedbetweenthelastitemof thelist and
therecall test,but alsoin betweeneachitem of the list, effectively “stretchingout” the list while preservingthe relative temporalspacing
of the list. Underthesecircumstances,the recency effect wasmuchlarger thanthatobserved in delayedrecall. Becauseinformationthat
enterst i decaysgradually, TCM, whencoupledwith a competitive retrieval rule, candescribethepersistenceof the recency effect across
time scales.Model resultsarefrom HowardandKahana(2002a).Theexperimentaldatais takenfrom HowardandKahana(1999).

ementswill tendto overlapwith “nearby” statesof context.
Becausea stateof context cuesa givenitem for recall to the
extent that it overlapswith the context(s) in which the item
waspresented(Eqs.1,3), theseretrievedcontextualelements
will favor recallof nearbyitems. TCM predictsasymmetry
becauseof thedetailedassumptionsaboutthenatureof these
retrievedcontextualelements.

Two componentsof contextual retrieval. Becausere-
trieved context provides the basisfor associationsbetween
items,the form of MFT is clearly very important. Howard
and Kahana (2002a) hypothesizedthat retrieved context
shouldbe a combinationof prior contextual statesand the
context initially retrievedby an item. Let usrefer to the ith
time stepat which stimulusA is presentedasAi . The input
causedby stimulusA changesfrom presentationto presenta-
tion accordingto

tIN
Ai � 1 �

aOtIN
Ai

�

aNtAi (9)

whereaO determinesthe level of retrieval of old contextual
associationsand aN determinesthe level of new item-to-
context associations.5 This is a critical further assumption
beyondEq.5 thatallowedthespeci�cationof a learningrule
for MFT (Howard & Kahana,2002a).6 The valuesof aO
and aN are calculatedon eachlearningtrial suchthat the
lengthof theretrievedcontext vectoron subsequentpresen-
tationsof A will beone(seeAppendixB for details).Howard
andKahana(2002a)derivedalearningrulefor M FT to allow
the model to simultaneouslysatisfyEqs.5 and9. The ma-
trix MFT probablydoesnot correspondsimply to a single
brain structure,so herewe will simply take the functional
descriptionof contextual retrieval, Eq. 9, as the basiclevel
of descriptionfor changesin contextualretrieval. Equation9
statesthat whenitem A, initially presentedat time Ai is re-
peatedlateronat timeAi � 1, theinput to Eq.6, t IN

Ai � 1
will bea

combinationof two components:

1. Theinput from theoriginal presentation,t IN
Ai

, weighted
by aO.

2. The context, tAi , that waspresentwhen the item was
initially presented,weightedby aN.
The ratio of thesetwo componentsis controlledby a free
parameterg :

�

aN
�

aO. Thesetwo componentsgive rise to
qualitatively differentassociativeeffects.

Twocomponentsdescribeepisodicassociation. TCM de-
scribesasymmetricassociationsbetweenstimuli in episodic
recall (Howard & Kahana,1999;Kahana,1996;Kahana&
Caplan,2002)asa consequenceof the combinedeffectsof
the two componentsof Eq. 9. Onecomponent,t IN

Ai
, is the

sameinput patternthat was evoked by A when it was ini-
tially presented.Becauset IN

Ai
doesnot contribute to contex-

tualstatesthatprecededAi , but doescontributeto subsequent
statesof context (seeEq.6), t IN

Ai
providesanasymmetriccue

thatfavorsforwardrecalls.Theotherretrievedcontext com-
ponent,tAi , is thecontext thatwaspresentwhenA waspre-
sentedpreviously. Becauseeachstateof context in a list of
non-repeateditemsis assimilar to its predecessorasit is to
thestatesthat follow, tAi providesa symmetricretrieval cue
that favors nearbylist items in both the forward andback-
ward directions(seeEq. 8). In concert,thesetwo retrieval
cuesprovideanasymmetricretrieval cuethatfavorsrecallof

5 The notationusedhereis slightly different from that usedin
Howard andKahana(2002a).ThereaO wasreferredto asAi and
aN wasreferredto asBi . Thenotationusedhereis consistentwith
thatusedin Howardet al. (In revision).

6 In treatingthe effect of normalagingon episodicassociation,
Howard et al. (In revision) introduceda third component,a noise
vector weightedby a parameterh to Eq. 9. The function of this
termwasto provide anineffectualretrieval cuethatcouldtradeoff
with the othertwo componentsto modelthe age-relatedde�cit in
associative processes.The interestedreadershouldbe aware that
theversionof Eq.9 usedhereis not themostgeneralcase.
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Figure 2. TCM providesa naturalexplanationof asymmetricassociationin free recall. a. In TCM therearetwo sourcesof associative
effects. Onesourcerelieson theability to retrieve contextual elementsconsistentlyfrom presentationto presentationof an item. Thecue
strengthderived from these“old” item-to-context associationsprovidesanasymmetriccuethatonly helpsrecall itemsforward in the list.
The othersourceis the ability of an item to retrieve contextual elementsthat werealreadypresentwhenthe item is presented.The cue
strengthderivedfrom these“new” item-to-context associationsprovidesasymmetriccuethathelpsbothforwardandbackwardrecalls.The
combinationof thesetwo cuesleadsto thecharacteristicshapeof theCRP. After HowardandKahana(2002a).b. Thecombinationof an
asymmetricretrieval cueandasymmetricretrieval cueis anasymmetricretrieval cue.This resultsin goodquantitative �ts to observedCRP
curves.Theleft panelshows datafrom a delayedfreerecallstudyof youngeradultsalongwith predicteddatafrom TCM. Theright panel
shows analogouscurvesfrom olderadults. Thedecreasein associative tendenciesfor olderadultswasmodeledasa resultof includinga
noisetermin Eq.9. Thisdatawasoriginally presentedin Kahana,etal (2002).Themodelingof theolderadults'datais explainedin greater
detail in Howardet al (in revision).

nearbyitems.

Figure2a shows a plot of the cuestrengthfrom the two
componentsof context retrievedby an item at thecenterof
the curve to its neighbors.The curve labeled“Old” shows
the cue strengthof the old context t IN

Ai
to the neighborsof

A. Thecuestrengthis largefor itemsthat immediatelyfol-
lowed A, andfalls off with temporaldistance.The old cue
strengthis zerofor itemsthat precededA. This, combined
with thenon-zerocuestrengthto itemsthatfollowedA leads
to an associative asymmetry. The curve labeled“New” in
Figure2ashowsthecuestrengthfrom thenew context com-
ponenttAi . Thiscomponentprovidesacuestrengththatcon-
tributesto both forward andbackward recalls. Combining
thesetwo componentsin anappropriateratioshowsastrong
correspondenceto theshapeof observedCRPs,ameasureof
temporally-de�nedassociationsobserved in free recall (see
Figure2b). AppendixC shows a workedexampleof a sim-
ple calculationof episodically-formedassociationsthatmay
help to illustrate in more detail why thesepropertiesarise
from themodel.

By varyingtherelativecontributionsof aO andaN to tIN,
we can modulatethe directionality of association. When
g

�

0, tIN doesnotchangefrom presentationto presentation.
Underthesecircumstances,aO

�

1 andaN
�

0 at eachtime
step.Thereis a strongforwardassociationandno backward
association.Of particular interesthereis the fact that the
backward associationis completelydependenton the value
of aN. If we weresomehow ableto selectively disruptnew
item-to-context learningso that aN

�

0, we would observe
temporally-de�nedassociationswith a form like the curve
labeled“Old” in Figure2a. Thisability to dissociateforward
from backwardassociationsis consistentwith neuropsycho-
logical results. Bunsey andEichenbaum(1996) found that

rats with hippocampaldamagewere able to learn forward
associationsaswell ascontrol rats,but did not generalizeto
a backwardassociation.

Wesaw in theprevioussubsectionthatTCM candescribe
thelong-termrecency effect. Thisis aconsequenceof agrad-
ually decayingstrengthprovidedby a contextual cueanda
competitiveretrieval process.If recency effectsandassocia-
tive effectscamefrom a commonsource,this would predict
that associative effects, like recency effects, shouldpersist
acrosstime scales. In a continuous-distractorexperiment
with greatcaretaken to avoid inter-item rehearsal,Howard
andKahana(1999)observedno reliablechangein theshape
or magnitudeof theCRPfunctionsusedto describeassoci-
ationsin freerecallwith inter-item distractorintervalsup to
16 s. Howard andKahana(2002a)showed that TCM pre-
dicts the persistenceof both contiguity and asymmetryas
the length of the inter-item distractorinterval is increased.
Howard(2004)providesa morecompletesetof quantitative
predictionsfor thebehavior of TCM coupledwith Eq. 4 for
calculatingprobabilityof recallasthetimescaleis increased.

A mappingbetweenTCMandtheMTL

TCM hasbeenshown to describefundamentalproperties
of episodicrecall performance.MTL damageis known to
affect episodicrecall (Graf et al., 1984). If TCM provides
a realisticdescriptionof episodicrecallperformance,thenit
ought to be possibleto make a mappingof TCM onto the
anatomyof theMTL. In this subsectionwe presenta coarse
pictureof suchamapping.Theremainderof thispapereval-
uatesthismappingbyexaminingtheability of TCM with this
linking hypothesisto explain the entorhinalplacecodeand
consequencesof hippocampallesionson relationalmemory
performancein rats. It shouldbe notedthat the resultsin
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theselater sectionsprovide muchof the justi�cation for the
particularmappingproposedhere.

Threestagesof processingrelevant to the functioningof
the MTL. Herewe brie�y summarizethe large-scaleorga-
nizationof the MTL andrelatedstructures.This presenta-
tion drawsheavily onreviewsby Burwell (2000)andSuzuki
andEichenbaum(2000). The hippocampusproperconsists
of theCA sub-�elds andthedentategyrus. The hippocam-
pusreceivessubcorticalinputfrom themedialseptumvia the
fornix. This input from the septumis essentialfor the nor-
mal operationof thetaoscillations,which hasan extremely
importanteffecton thenormalfunctioningof thehippocam-
pus(e.g. Hölscher, Anwyl, & Rowan,1997;Huerta& Lis-
man, 1993; Wyble, Linster, & Hasselmo,2000). We will
not explicitly modelthetahere,althoughthetais almostcer-
tainly essentialfor a detailedphysiologicaldescriptionof
many of thephenomenadiscussedhere(Hasselmo,Bodeĺon,
& Wyble, 2002; Hasselmo,Hay, Ilyn, & Gorchetchnikov,
2002). However, thesepto-hippocampalpathway is not be-
lievedto carrydetailedinformationaboutto-be-remembered
stimuli. Detailedstimulusrepresentationsarebelievedto be
conveyed to the hippocampusvia the perforantpath from
EC, which providesthe primary informationalinput to the
hippocampusproper.

Theentorhinalcortex is reciprocallyconnectedto perirhi-
nal andpostrhinal/parahippocampalcortex.7 Thesethreere-
gions,collectively referredto astheparahippocampalregion,
provide the cortical inputs to the hippocampusproper, and
are,in turn, reciprocallyconnectedto a wide varietyof neo-
cortical associationareas.Theseneocorticalassociationar-
easdraw on every sensorysystemof the brain as well as
higher-ordermultimodalassociationareas.

In summary, therearethreestagesof informationprocess-
ing relevant to the large-scalestructureof the MTL. Corti-
cal associationareasgatherhigher-order information from
thecortex andprovide input to theMTL via parahippocam-
pal regions. Parahippocampalregions, including entorhi-
nal,perirhinalandpostrhinal(parahippocampal)corticesare
reciprocallyconnectedandprovide input to the hippocam-
pusproper, primarily throughEC.Thehippocampusproper,
then, receives input from essentiallythe entire brain in a
smallnumberof synapses.

MappingTCM onto the threestages. We will arguethat
the three large-scalestagesdescribedabove correspondto
structuresandfunctionswithin TCM. Wewill arguethatitem
representations,f, correspondto cortical associationareas,
that the context vector, t i, residesin parahippocampalre-
gions,including in particularEC, andthata functionof the
hippocampusproperis to affect new item-to-context learn-
ing, correspondingto a nonzerovalueof aN in Eq. 9. This
correspondsto a reconstructionof patternsof activity in EC
thatwerepresentwhenanitemwasinitially presented.

Item representationsare activatedwhen an item is per-
ceived, whetherasa resultof externalstimulationor recall
of an item by meansof connectionsfrom thecontext layer.
Generalperceptionandcognitionis generallynotaffectedby

evenextensive MTL lesions(seeCorkin, 2002,for a recent
review). This leadsus to hypothesizethat the item repre-
sentations,the f vectors,resideoutsideof the MTL, in the
corticalassociationareasthatprojectto theparahippocampal
region.

In this ms we advancethe hypothesisthat t i residesin
parahippocampalregions. Before laying our the reasoning
for this hypothesis,we �rst considertheevidencefor theal-
ternative hypothesisthat t i residesin the prefrontalcortex.
Changesin the context vectort i areassociatedwith the re-
cency effect, therecency effect is associatedwith short-term
memory(e.gAtkinson& Shiffrin, 1968). Short-termmem-
ory is associatedwith working memory (Baddeley, 1986;
Baddeley & Hitch, 1974) and working memory is associ-
atedwith prefrontalcortex (PFC).Thereis indeedampleevi-
dencethatthePFCis involvedin workingmemorytasks(e.g
Goldman-Rakic,1996; Rypma& D'Esposito,1999; Smith
& Jonides,1999). Working memoryinvolvesa greatmany
cognitive functionsbeyond thosenecessaryto supporta re-
cency effect,notablyexecutiveandattentionalfunctions.Al-
thoughfrontal regionsparticipatein encodingandretrieval
into episodicmemory(for recentreviewsseeRugg,Otten,&
Henson,2002;Simons& Spiers,2003),this doesnot imply
that thelocusof t i is in PFC,evenif onegrantsthatTCM is
an accuratedescriptionof episodicrecall. For instance,en-
coding and retrieval relatedactivationsin PFC may re�ect
a gating function allowing selective accessto t i . Indeed,
a number of computationalmodels have emphasizedthe
executive andorganizationalpropertiesof PFC in working
memorytasks(Becker & Lim, in press;Botvinick, Braver,
Barch,Carter, & Cohen,2001;Dehaene& Changeux,1997;
Rougier& O'Reilly, 2002).

There is good evidence(beyond the simulationsof en-
torhinal place cells that will be reportedin the following
section)to supportthehypothesisthat t i residesin parahip-
pocampalregions, including EC. As discussedabove, t i
functions very much like a short-term memory store in
non-spatial tasks. There is strong evidence that extra-
hippocampalMTL structures,includingEC,have properties
consistentwith a role in non-spatialmemoryover the scale
of tensof seconds.Giventhatanimalscannotdo freerecall
of words,thebestanalogueof the recency effect in free re-
call is theforgettingobservedwith recognitionof non-spatial
stimuli over tensof seconds.

Thereis evidencefor a role of parahippocampalregions
in suchtasksfrom both single-unitand lesion studies. In
a delayedmatch to sample(DMS) task using odor stim-
uli in the rat, Young, Otto, Fox, and Eichenbaum(1997)
showedthat responsesof parahippocampalneurons,includ-
ing thosein the lateral EC, exhibited stimulus-speci�c�r -
ing thatpersistedinto thedelayinterval. Suzuki,Miller, and
Desimone(1997)extendedthisresultto demonstratethatthis
stimulus-speci�c�ring persistedacrossmultiple intervening
stimuli. Buffalo,Reber, andSquire(1998)showedthatpeo-

7 The nomenclaturepostrhinalcortex is usedin rats, whereas
thehomologousregion is referredto asparahippocampalcortex in
monkeys.
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ple with lesionsto the perirhinal cortex showed de�cits of
recognitionmemoryover delaysas short as 6 s. Mumby
andPinel(1994)showedthatratswith damageto entorhinal
andperirhinalcortex were impairedon delayednon-match
to sample(DNMS) of trial-uniqueobjectat delaysasshort
as15 s. Otto andEichenbaum(1992)showedno de�cit in a
continuousdelayednon-matchtaskfrom fornix transection,
but showeda de�cit from combinedperirhinal/entorhinalle-
sionsat delaysof 30 s. This not only points to a role for
the parahippocampalregions in memoryon the time scale
of the recency effect in free recall,but arguesagainsta role
of thehippocampusin suchprocesses.Murray andMishkin
(1998),showedthat lesionsto theamygdalaandhippocam-
pusthatsparedrhinalcortex did nothaveaneffectonDNMS
performance,whereasa comparablestudyshowed a severe
impairmentfrom rhinal cortex lesionsat delaysasshortas
tensof seconds(Meunier, Bachevalier, Mishkin, & Murray,
1993).

Statesof context t i alsoincludecontextual input patterns
tIN
i (seeEq. 6). The hypothesisthat t i residesin parahip-

pocampalregionsbrings with it the corollary that t IN
i also

residesin parahippocampalregions. As we have seen,t IN
i

is causedby the particularitem presentedto the network at
time i (Eq. 5). In this way, we canthink of t IN

i asa higher-
order stimulus representationdriven by item presentation.
The newly-activatedcontextual elementst IN

i would depend
on the item presentedandits prior history. Theseelements
wouldbepresentin abackgroundof activity t i � 1 thatin turn
dependson theprior itemspresentedandtheir history.

If t i residesin parahippocampalregions,thenwhat is the
function of the hippocampusproper? The �rst suggestion
comesfrom the �nding thathippocampaldamageis associ-
atedwith a disruptionof memoryfor items from the early
part of the serial position curve. Studiesof epileptic pa-
tients who received anterior temporallobectomiesthat in-
cludedhippocampalresectionshow a de�cit in memorythat
is largest for items from early and middle serial positions
(Hermann,Seidenberg, Wyler, et al., 1996; Jones-Gotman,
1986). Thesestudiesboth suggestedthat damageto the
hippocampusitself was responsiblefor the de�cit. Jones-
Gotman(1986)showedthatperformancewasrelatedto the
extentof thedamageto theright hippocampusin memoryfor
visualmaterials.Hermannetal. (1996)showedthatmemory
for verbalmaterialswasmoreaffectedby the lobectomyin
patientswho did not have hippocampalsclerosisin the left
hippocampus,suggestingthat the non-sclerotichippocam-
puswascontributing to recall of pre-recency itemsprior to
the operation. Lesionstudiesin ratsalsosupportthe view
thatmemoryfor theearlyandmiddleitemsin a list depends
onanintacthippocampus(Kesner, Crutcher, & Beers,1988;
Kesner& Novak, 1982). Although it is not asclearthat the
hippocampusin particular is implicated,studiesof human
amnesicshavealsoarguedfor a dissociationbetweenthere-
cency portionandpre-recency portionsof theserialposition
curve (Baddeley & Warrington, 1970; Carlesimo,Mar�a,
Loasses,& Caltagirone,1996).

In TCM, recallof itemsfrom theendof thelist is predom-

inantlya resultof therecency effect causedby usingend-of-
list context asa cue.In contrast,recallof non-recency items
is predominantlya consequenceof contextual retrieval giv-
ing rise to temporally-de�nedassociations.IndeedKahana
etal. (2002)showedthatthemnemonicde�cit in normalag-
ing, whichmaybeassociatedwith MTL dysfunction(Grady
et al., 1995)resultsin normalrecency effects,accompanied
by reducedtemporally-de�nedassociations,which can be
explainedwithin TCM asa disruptionof theprocessof con-
textual retrieval (Howardetal., In revision).

If damageto thehippocampusproperresultedin adisrup-
tion of contextual retrieval, this would manifestasa de�cit
for pre-recency items. However, a completedisruptionof
contextual retrieval, with sayt IN

i �

0, would resultin a dis-
ruptionof therecency effectaswell, becausetherateof con-
textual drift dependson the amountof input provided. In
any event,thestateof temporalcontext t i in parahippocam-
pal regionsshouldbeableto beaffectedby input from item
representationsin neocorticalassociationareas.Thesecon-
siderationsleadusto hypothesizethatthehippocampusis re-
sponsiblefor a moresubtleaspectof contextual retrieval. In
thismanuscriptweexplorethehypothesisthatthehippocam-
pusis responsiblefor learningnew item-to-context associa-
tions.Hippocampallesionswill bemodeledby settingaN to
zero.Moreconcretely, wehypothesizethatthehippocampus
functionsto recover thestateactive in EC whenanitem was
previouslypresented(Figure3).

The hypothesisthat the hippocampusaffectsassociative
memoryby recoveringstatesof activity in EC is consistent
with the�nding thathippocampaldamageresultsin ade�cit
for backward associations.In the Bunsey andEichenbaum
(1996)experiment,rats learnedsomethinglike a pairedas-
sociatetask.In acuephase,theanimalswerepresentedwith
an odor. In a choicephase,they hadto selectwhich of two
scentedcupscontaineda food reward. The odor presented
in the cue phaseof the trial predictedwhich of the scents
containedthereward. Correctperformancedependedon the
formationof somesortof associationbetweeneachcueodor
andthecorrectchoiceodor. Animalswith hippocampaldam-
agewere able to performthe choiceaswell asunlesioned
animals.In a secondphaseof theexperiment,animalswere
testedontheirgeneralizationto thebackwardassociation.In
thisphase,theodorsfrom thechoicephasewerepresentedas
cuesto selectamong.Control-lesionedratsselectedtheodor
consistentwith thepresenceof abackwardassociation.That
is, after learningto chooseB whencuedwith A, control rats
choseA whencuedwith B. Despitetheir ability to learnthe
forwardassociationaswell ascontrolrats,thehippocampal-
lesionedratsshowednodevelopmentof abackwardassocia-
tion. In TCM, this�nding of impairedbackwardassociations
andintact forwardassociationsis whatonewould expectif
thehippocampuswasnecessaryto makeaN �

0. If aN
�

0,
then this “lesioned” modelwould be able to make forward
associations,but would not supportbackward association;
the lesionedmodelwould show associationslike the curve
labeled“old” in Figure2a.

ThemappingbetweenTCM andtheMTL describesapro-
cessof memoryencodingand retrieval. Item presentation
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Figure 3. A linking hypothesisbetweenTCM and the MTL a. “Items” arepatternsof activity in semanticmemory(SM), which is
presumedto residein corticalassociationareas.Theseareasprojectto parahippocampal(PH) regions,includingat leastEC,which support
a stateof context t i which servesasthecuefor episodicrecall. Presentationof an item in semanticmemorycallsup a setof elementst IN

i
in PH.Thestateof context alsoincludespatternsactivatedby previousitem presentations(theredandgreenpatterns).Thesetof elements
activatedby theitemcausesasetof elementsin thehippocampus(H) to beactivated,perhapsbiasedby theothercontextualelementsactive
in ECand/ortheprior stateof activationin H. Hebbianassociation(indicatedby thethin solid lines)takesplacebetweenthestateof context
in PHandthestatein semanticmemoryto allow contextual statesto cuetheitemin semanticmemory. b. Repetitionof theitem in semantic
memoryreactivatesthestimulus-speci�celementsin PH.Becausethestimulus-speci�celementsremainedactive in PHfollowing theinitial
presentationof thestimulus,their reactivationservesasacuefor itemsthatfollowedtheinitial presentation.c. Theproposedfunctionof the
hippocampusis to allow retrieval of contextualstatesuponre-presentationof anitem. In thiscase,whentheitemis re-presentedin semantic
memory, it againactivatesthesetof stimulus-selective elementsin PH,asin b. However, H functionsto reinstatetheentirecontextual state
that obtainedwhenthestimuluswasoriginally presented.Becausethis stateincludeselementsderived from itemspresentedprior to the
original item presentation,this “retrievedcontext” functionsasa symmetriccuefor recallof otherstimuli.

correspondsto activationof anappropriatepatternin cortical
associationareas. Theseprovide an input to EC andother
parahippocampalregions.Thesenewly-activepatternsof ac-
tivity decayover time asnew itemsare presented,activat-
ing otherpatternsof input. At any time, thestateof activity
in parahippocampalregionsis thecuefor episodicretrieval.
Repeatinganitemrepresentationhasaneffecton thepattern
of activity in parahippocampalregions. If thehippocampus
is functioningproperly, it enablesrepetitionto result in the
recoveryof otherpatternsof activity thatwerepresentwhen
the item was initially presented.Disruption of hippocam-
pal functiondoesnot preventan item from activatinga pat-
tern in parahippocampalregions. However, it doesprevent
item presentationfrom reconstructingother patternsof ac-
tivity in parahippocampalregions.Figure3 attemptsto illus-
tratetheseproperties.In thisview, thehippocampusdoesnot
“contain” memoriesper se. Rather, it operatesto changethe
patternof activity in EC, which cuescortical regions. Suc-
cessfullyactivationof corticalregionscorrespondsto theact
of remembering.Insofar as the function of the hippocam-
pusandMTL is to draw togetherdifferenttransientlyactive
corticalrepresentationsit bearsa strongresemblanceto hip-
pocampalindexing theory(Teyler & DiScenna,1985,1986).

Preview. In theremainderof this ms,we will explorethe
valueof the linking hypothesisdescribedabove by arguing
thatTCM describeslocation-speci�c�ring characteristicsof
cells in EC andby showing thatdisruptingcontextual learn-
ing candescribecharacteristiceffectsfrom relationallearn-

Table1
Parameters usedin simulations. The parameters b and g
are intrinsic to TCM. b controls the rate of contextual drift
(Eq. 6). g controls the ratio of new to old retrievedcontext
(the ratio aN

�

aO, Eq. 9). In the relational memorysimu-
lations,b wassetto

�

1 
 r 2, with r
�

0 � 9. Thelarge dif-
ferencebetweenb in the spatial applicationsand the non-
spatial applicationsis appropriate given the different time
scaleof contextual evolution(seetext for details). s is spe-
ci�c to thespatialapplicationsanddeterminesthewidth of
the tuning curvesfor the headdirectioninputsto the place
cells. Thevalueof p

�

6 wastaken to be coarselyconsistent
with experimental�ndings for theheaddirectionsystem.t is
usedin thetransitivitysimulationsanddeterminesthesensi-
tivity of therecall rule (Eq.4).

Parameter
Intrinsic Application-speci�c

Simulation b g s t
Open�eld 0.01 0 p

�

6
W-maze 0.01 0 p

�

6
Transitivity 0.435 0/1 1
Memoryspace 0.435 0/1

ing experiments.Table1 summarizesthe valuesof the pa-
rametersusedin the simulations. TCM itself contributes
two parameters.The value of b, from Eq. 6, determines
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how rapidly context changesgivena particularsetof inputs.
Largervaluesof b meanthatcontext changesrapidly;smaller
valuesmeana moreslowly-changingt i. The differencebe-
tweenthe valuesof b acrossapplicationsshouldnot be too
troublinggiventhedifferencein thetime-steps.Thatis,b de-
terminesthechangebetweentime stepi 
 1 andtime stepi.
In thespatialapplications,thetime stepscomeat 50 Hz (for
theopen�eld) and30Hz (for theW-mazedata).In contrast,
thetimedifferencebetweent i andt i � 1 in therelationalmem-
ory applicationsis muchslower, correspondingto the time
betweensamplingof odors,on the scaleof seconds.8 The
valueof g is just theratioaN

�

aO; this determinestherateof
changeof t IN acrossdifferentpresentationsof thesameitem.
Thevalueof gis differentin thespatialcomparedto thenon-
spatialapplications. This reasonsfor this are rathersubtle
andarediscussedextensively in theGeneralDiscussion.The
othertwo parametersarespeci�c to thesubjectareascovered
in thisms.Thespatialapplicationsincludeaparameters that
controlsthewidth of thetuningcurvesof simulatedheaddi-
rection cells. The valueof this parameterwas taken to be
roughly consistentwith publishedpropertiesof actualcells
(Taube,1998). Theparametert (Eq. 4) is necessaryto map
activity ontoprobabilityof recall. This wasusedpreviously
in modelingfree recall (Howard & Kahana,2002a)and is
usedherein thesimulationof transitiveassociations.

TheEntorhinalPlaceCodeand
ContextualDrift

The most striking pieceof dataimplicating the MTL in
spatialnavigation is the �nding that cells in the hippocam-
pus�re in responseto theanimal's locationwithin an envi-
ronment. This phenomenonwas �rst reportedby O'Keefe
andDostrovsky (1971)andhassubsequentlybeenexplored
extensively by numerousresearchers.This researchhascen-
teredon the responsesof cells within sub�eld CA1 of the
dorsalhippocampus(e.g. Muller & Kubie, 1987; O'Keefe
& Burgess,1996; Shapiro,Tanila, & Eichenbaum,1997;
Thompson& Best, 1989; Wilson & McNaughton,1993),
althoughother sub�elds and MTL regions have also been
explored(Barneset al., 1990; Franket al., 2000; Gothard,
Hoffman, Battaglia,& McNaughton,2001; Jung, Wiener,
& McNaughton,1994;Phillips & Eichenbaum,1998;Quirk
et al., 1992; Sharp& Green,1994; Skaggs,McNaughton,
Wilson, & Barnes,1996). Given the importanceof thehip-
pocampusin learningand memoryand the replicability of
the placecell phenomena,therehave beenseveral attempts
to model the computationalorigin of the placecode(e.g.
Burgess& O'Keefe, 1996; Doboli, Minai, & Best, 2000;
Hartley, Burgess,Lever, Cacucci,& O'Keefe, 2000; Het-
herington& Shapiro,1993;Kali & Dayan,2000;O'Keefe,
1991; Redish,1999; Samsonovich & McNaughton,1997;
Sharp,1991;Sharp,Blair, & Brown, 1996;Touretzky & Re-
dish,1996;Zipser, 1985,1986). Oneobviousreason,how-
ever, that thereis a placecodein thehippocampusis that it
receivesinput from theEC,whichitself showsplace-speci�c
�ring. Thecomputational/cognitiveorigin of thehippocam-
pal placecodeis apparentlynot in thehippocampus.If we

�nd a satisfactoryexplanationof theactivity of EC cells,we
will beonestepcloserto understandingtheorigin of thehip-
pocampalplacecode.

EC place-speci�cactivity in the open�eld . Cells in EC
exhibit severalpropertiesthatarenotsharedwith hippocam-
palplacecells.Hippocampalplacecellstypically show very
compact,distinctplace�elds. Cells that �re robustly (

�

10
Hz) in one location within the open�eld will typically be
completelysilentwhentheanimalis outsidethe place�eld
(Thompson& Best,1989). In contrast,EC placecells typ-
ically �re throughoutopenenvironments. Firing for these
entorhinalcells is reliably modulatedby the animal's posi-
tion (Quirk et al., 1992),but in a muchmorenoisyway than
hippocampalcells. In additionto thisquantitativedifference,
qualitative differencesare observed in the �ring properties
of entorhinalvs hippocampalplace cells. After repeated
exposureto multiple environments(Lever, Wills, Cacucci,
Burgess,& O'Keefe, 2002), the hippocampalplace code
“remaps”from oneenvironmentto another. If an animal is
observedafterextensiveexperiencein two distinctspatialen-
vironments,say, a cylindrical enclosureanda squareenclo-
sure,the place�elds observed in the oneenvironmentwill
be uncorrelatedwith the place�elds observed in the other
environment.That is, if a particularhippocampalplacecell
showsaplace�eld in theNorthwestcornerof thesquareen-
closure,this doesnot predictits responsivenessin thecylin-
drical enclosure;in the cylindrical enclosureit may have a
place�eld in a completelydifferent location or stop �ring
altogether(Muller & Kubie, 1987). During the initial ex-
posuresto unfamiliar environments,the hippocampalplace
code,like theentorhinalplacecode,shows similar �ring in
both environments.In contrast,EC placecells show corre-
lated �ring acrossenvironmentsthat persistseven after ex-
tensive training (Quirk et al., 1992). That is, an EC place
cell that is morelikely to �re in the Northwestquadrantof
the squareenclosurewill also be more likely to �re in the
Northwestquadrantof thecylindrical enclosure.

EC place-speci�cactivity on the linear track. A key fea-
ture of Eq. 6 is that t i is sensitive to the history of inputs
leadingupto timestepi. To makethispointmoreconcretely,
it is clearfrom Eq.6 that t i includest IN

i andt i � 1. However,
becauset i � 1 containst IN

i � 1, this meansthat t i also contains
tIN
i � 1. We cancontinuingthis processof “unwinding” inde�-

nitely. In this way we �nd thatthecontext vectort i depends
on the history of stimuluspresentationsleadingup to time
stepi. Recentevidencefrom placecell studiesindicatesthat
the entorhinalplacecodealsoexhibits history-dependence.
Franket al. (2000)recordedfrom placecellsin EC andCA1
while animalstraversedaW-shapedmaze.Theanimals'task
wasto repeatedlyvisit thearmsof themazein sequence(see
Figure4a).Of particularinteresthereisaphenomenoncalled
retrospectivecoding.

8 Given the de�nition of b, it is alsoreasonableto assumethat
someclassesof inputs, like odors,might producea strongerre-
sponsein ECcellsthanothers.



12 HOWARD, FOTEDAR, DATEY, AND HASSELMO

a b

2

3 614

5

7

8

9

11

12 10

0 .2 .4 .6 .8 1
r

0

.2

.4

.6

R
et

ro
sp

ec
tiv

e 
E

nc
od

in
g

Figure 4. Retrospective encodingrequiresan imperfect spatial representation.a. Simpleschematicmodelof thepathstakenby the
animalin theW-maze.Theanimalrepeatedlytraveledthepath1-2-3-4-.. . -10-11-12-1-2-3.. . . Initially theanimaltraveledfrom thecenter
arm to the left arm, a center-left trip (stepslabeled1-3), followed by a left-centertrip (4-6), followed by a center-right trip (7-9) anda
right-centertrip (10-12). A differentrepresentationon step6 comparedto step12 is evidencefor retrospective coding. b. A simpli�ed
versionof theTCM context evolution equationwaspresentedwith velocity vectorscorrespondingto theseriesof movementsto generatea
positionalrepresentationp. We de�ned retrospective encodingas1 ��� p6 � p12 �

. This re�ects thedegreeto which p6 andp12 aredifferent
from eachother. Retrospective codingis plottedasa functionof r in a generalintegrationscheme,wherepi 
 r pi � 1

� vi . Whenr 
 0,
p is just themostrecentmovementandthemodelprovidesa “pure headdirection” representation.Whenr 
 1, p re�ects thesequenceof
all prior movementsandthemodelprovidesa perfectplacerepresentation.At bothof theseextremes,themodelfails to show evidencefor
retrospective coding. In contrast,for intermediatevaluesof r , themodelshows retrospective coding,asseenin EC andthehippocampus
(Frank,etal, 2000).Althoughthis is animperfectrepresentationof Euclideanspace,it is in somesensesuperiorto a perfectrepresentation,
in thatit discriminatesdifferentepisodesthathappenin thesamelocation(Woodet al, 2000).

In theW-maze,theanimalvisitsthemiddlearmfollowing
visits to eitherthe left arm or the right arm (steps6 and12
in Figure4a). In thesesituations,theanimal's location,and
heading,aswell asall availablevisualcuesarepresumably
identical.Thesevisitsdiffer, however, in thehistoryof move-
mentsleadingupto them.Thisprovidesusanopportunityto
distinguishbetweena “pure placecode,” which would pre-
dict thatcellsshouldnot distinguishbetween6 and12 anda
“history-dependentpseudo-placecode,” whichwould. Frank
et al. (2000)foundthatsomecells in EC reliably differenti-
atedthesevisits,aphenomenonthey referredto asretrospec-
tive coding. Wood,Dudchenko, Robitsek,andEichenbaum
(2000)observedasimilarphenomenon.In their task,thean-
imal repeatedlyran in a �gure-8 patternaroundan elevated
track.As theanimalranup thecentralstemof themaze,the
�ring of somehippocampalcells dependedon whetherthe
animalwasaboutto turn ontotheleft or theright arm. This
�nding providesclearevidencethat“placecells” respondto
variablesother than physical location in the environment.
In particular, this result shows that the hippocampalplace
codedistinguishesamongseparableepisodesoccurringatthe
samelocation—apropertythatwould certainlyserve it well
in memorymoregenerally(Eichenbaum,2001;Woodet al.,
2000). However, becausethe animalalwaysalternatedbe-
tween“loops” of the8, it wasunclearfrom thetaskwhether
the cells werecodingfor the sequenceof prior movements
or thesequenceof futuremovementsin thatexperiment.In-
terestingly, Franketal. (2000)observedretrospectivecoding
in cells in super�cial EC, which providesinput to, but does
not receiveoutputfrom thehippocampus.Thissuggeststhat
thishistory-dependencein theentorhinalplacecodedoesnot
dependon the functioningof the hippocampusproper.9 In

contrast,cells showing prospective codingthat showed dif-
ferential activity basedon wherethe animal was going to
go on trips up the centerarm (seeFigure 4a) were most
robustly observed in deeplayersof EC, that receive input
from the hippocampus.Retrospective andprospective cells
werefurtherdifferentiatedby thespatialdistribution of dif-
ferential �ring. Retrospective cells were found that distin-
guishedthe prior history of movementsalongthe lengthof
thecenterarm.In contrast,prospectivecodingwasmostfre-
quently seencloseto the choicepoint wherethe pathsdi-
verged(Franket al., 2000).This suggeststhatperhapssome
sort of posturalrealignmentin preparationof a turn con-
tributesto prospective coding. Recentstudieshave further
illustratedthe somewhat controversialrelationshipbetween
retrospective and prospective coding (Lenck-Santini,Save,
& Poucet,2001;Ferbinteanu& Shapiro,2003).

In thissectionwedemonstratethatEq.6 issuf�cient tode-
scribekey featuresof theentorhinalplacecode,givenstrictly
a velocity, i.e. speedplus allocentricheaddirection,as in-
put. In thissectionwewill demonstratethatin theopen�eld
Eq. 6, whenprovided with velocity vectorsas input, gives
rise to simulatedcells with noisy place�elds that arecon-
sistentfrom environmentto environment,in correspondence
with availabledata(Quirk etal.,1992).Wewill alsodemon-
stratethat this minimal model is suf�cient to describekey
featuresof theentorhinalplacecodein theW-maze,includ-
ing thehistory-dependenceillustratedby thephenomenonof
retrospective coding. We startwith somebroadtheoretical
considerationsbeforepresentingacellularsimulationimple-

9 It is of coursepossiblethat super�cial layersof EC acquire
thesepropertiesasa consequenceof indirectconnectionsfrom the
hippocampus.
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mentingtheimportantpropertiesof Eq.6.

Animperfectintegratorandretrospectivecoding. How do
wekeeptrackof ourlocationaswemovearoundourenviron-
ment?Onewaymightbeto continuouslyupdateourposition
by orientingourselvesrelative to salientlandmarks.This is
undoubtedlyoneway in whichwe,andotheranimals,know
ourposition.But whataboutwhennosuitablelandmarksare
available. What if we areat seaon a cloudy night? Under
thesecircumstances,we might, asancientsailorsdid, adopt
a strategy of deadreckoning.

Deadreckoningrefersto thestrategyof �guring outwhere
we arebasedon the movementswe have made. If we start
out in a speci�c locationandthenmake somemovementwe
can �gure out wherewe areafter the movementif we add
the movementto our initial locationusing vectoraddition.
For instance,if we startout at somelocationp0, andmove
dueEastalongsomevectorv1, de�ned in allocentricspace,
thenour location after the movementis just p1

�

p0
�

v1.
If we make anothermovementalongsomeothervectorv2,
thenour new locationis p2

�

p1
�

v2. In general,denoting
the movementtaken at time i asvi , and the positionat the
conclusionof thatmovementaspi , we cankeeptrackof our
positionusing

pi
�

pi � 1
�

vi � (10)

In thisway, wecanalwayskeeptrackof our locationrelative
to our startingpoint p0. Although the preciseform of our
placerepresentationwill dependon thechoiceof startinglo-
cation,thekey featureis thatthespatialrelationshipsamong
thep's is perfectlypreserved.10

Comparingthecontextualevolutionequation(Eq.6) with
the deadreckoning equation(Eq. 10), we seethat the con-
textual evolution equationis alsointegratingits inputs,t IN

i ;
theevolutionequation,however, is performinganimperfect,
leaky, integration. Becauser i is typically lessthanone,the
contextual evolution equationgradually“forgets” inputsas
more informationis presented.For the sake of the follow-
ing illustration,let uswrite an integratorequationsimilar to
Eq.6:

pi
�

r pi � 1
�

vi � (11)

This is similar to thecontext evolution equation(Eq. 6) ex-
cept that r doesnot changefrom time-stepto time-stepto
enablenormalizationand thereis no b to parameterizethe
magnitudeof the input. Let's considerthe behavior of this
modelwith variousvaluesof r . If r

�

1, this modelgives
rise to theperfectpathintegratordescribedabove. If r

�

0,
on the otherhand,then the representationp is identical to
the currentvelocity vector: pi

�

vi . In this case,p is more
like a representationof headdirection, if one ignoresvari-
ation in thespeedof movement.As r increasesfrom zero,
notonly thecurrentvelocityvectorcontributesto pi , but pre-
vious velocity vectorscontribute as well. That is, when r
is intermediatebetweenzeroandone,p is not the resultof
pathintegration,nor is it a representationof headdirection.
It lies somewherein between,a weightedsum over recent
movements,somethingmorelike a trajectory. Thesetrajec-
toriesshouldbesensitive to theheaddirectionof thecurrent

movement,aswell asto thedirectionatprecedingtimesteps.
A weightedsumover recentmovementsis ideal for de-

scribingthe phenomenaof trajectorycodingandretrospec-
tivecoding,whereasneithera perfectpathintegrator(r

�

1)
nor a representationof headdirection (r

�

0) can accom-
plish this. To demonstratethis propertyFigure4b shows the
resultof a simplecalculation. Equation11 wasrepeatedly
presentedwith velocity vectorscorrespondingto theappro-
priatestageof thepaththroughtheW-maze.For instance,v1
wasthesameasv4 andre�ected a movementto the North.
Weassumedthatthevelocityvectorswereorthogonalto each
other. To getanintuition asto whatthis means,we assumed
that“South” is not theoppositeof “North,” but ratheranen-
tirely differentdirection. The sameholdstrue for Eastand
West. After presentingmany circuits aroundthe maze,v1,
v2, . . . v12, thesimilarity matrix of thep vectorscorrespond-
ing to the differentstagesof the pathwasconstructed.We
thentook1 
�� p6 


p12� asameasureof retrospectivecoding.
This re�ects the degreeto which p6 and p12 are different
from eachother. Figure4b shows this quantity as a func-
tion of r . Although thereis no retrospective codingfor the
extremeswherer

�

0 or r
�

1, thereis retrospectivecoding
for intermediatevaluesof r .11 We concludefrom this that
that a leaky, or “pseudo”-integratoris moreappropriatefor
describingthephenomenonof retrospectivecodingthanis a
perfectintegrator.

In spatialnavigationtasks,we will assumethat thedom-
inantsourceof input to Eq.6 is providedby informationre-
latedto movement.Speci�cally, we will assumethatthe in-
put to Eq. 6 consistsexclusively of velocity vectorsderived
from the headdirectionsystem,modulatedby the animal's
speed

tIN
i �

vi (12)

wherevi is thevelocity vectorat time stepi. We implement
this modelusinga cellular-level simulationthatwe will now
describe.

Mechanismsof contextualevolutionin EC

AnatomicalandelectrophysiologicaldataindicatethatEC
haseverythingit would needto implementthesourceof the
entorhinalplacecodepostulatedhere. Threemajorcompo-
nentsarenecessaryto accomplishthis; accessto a represen-
tationof velocity, themeansto addvectorsusingvectorad-
dition, anda mechanismto normalizethecontext vector.

10 Actually, anadditionalnecessityfor “perfect” pathintegration
is the presenceof an additive inverseon the v's. Let's suppose
you startat positionpstart. You make aneasterlymovementof one
unit followed by a westerlymovement. You end up in the same
position.Now, whatwoulda perfectpathintegratormodelpredict?
Well, your positionafterthemovementsis pend 
 pstart

� vE
� vW.

The integrationis only successfulif vE 
 � vW. This neednot be
thecase,as,for instance,in thesimulationsbelow.

11 Thevaluesof r plottedin Figure4bshouldnotbedirectlycom-
paredto valuesof � 1 � b2 taken from the valueof b usedin the
cellularsimulation,later. Thedifferencebetweenthetime stepsof
thecellular simulationis several ordersof magnitudesmallerthan
thetimestepbetweenstepsontheW-mazeasde�ned by Figure4a.
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Headdirectionsystem. The MTL hasaccessto a repre-
sentationof headingfrom theheaddirectionsystem(Taube,
1998). Cells in theheaddirectionsystemrespondpreferen-
tially whentheanimal'sheadis pointedin aparticulardirec-
tion in allocentricspace.For instance,oneheaddirectioncell
might respondbestwhen the animal is pointedtoward the
Northendof theroom,independentof theanimal's location.
Anotherheaddirectioncell mightrespondbestwhentheani-
mal is pointedtowardtheSoutheast.A largenumberof such
cells would provide very preciseinformationabouttheani-
mal's heading.If the inputsof thesecells to theMTL were
gatedby informationaboutrunningspeed12 this would pro-
vide thenecessaryvelocity signalasinput for Eq. 6. There
is ampleevidenceto suggestthat the headdirectionsystem
contributesto the maintenanceof the placecode. Perhaps
mostcompellingly, disruptionof thevestibularsensedisrupts
theheaddirectionsystemandalsohasa profoundeffect on
thehippocampalplacecode(Russell,Horii, Smith,Darling-
ton,& Bilkey, 2003;Stackman,Clark,& Taube,2002).

Integrator cells. Cells in EC have precisely the elec-
trophysiologicalpropertiesnecessaryto implementEq. 6.
Egorov, Hamam,Franśen,Hasselmo,andAlonso(2002)ob-
servedcells in EC layer V thatperformedan integrationon
their inputs.Thesecellswereableto adoptastable�ring rate
in theabsenceof externalinputs. In theabsenceof external
inputs (t IN

i �

0), t remainsconstant. In this case,r i
�

1
and t i

�

t i � 1. The existenceof a stable�ring rate in the
absenceof input observedby Egorov et al. (2002)provides
the capability to implementthis property. Further, Egorov
et al. (2002)observedthatthesecellsrespondto subsequent
suprathresholdinputs by adoptinga new stable�ring rate
(seeFigure5). Depolarizing(positive) inputs resultedin a
higherstable�ring rate. Hyperpolarizing(negative) inputs
resultedin a lower stable�ring rate. This would enablethe
cells to performthevectoradditionnecessaryto implement
Eq. 6 when t IN

i is of non-zerolength. It is worth noting
thatneuroanatomicalstudieshavedemonstratedthatthepre-
subiculum,which containshead-directioncells, projectsto
EC layerV cells(Haeften,Wouterlood,& Witter, 2000).

Normalizinggainmodulation. Theothermainpropertyof
Eq. 6, is an exponentialdecayin thepresenceof additional
inputs. This would requirethat the �ring rate of a decay-
ing cell be multiplied by a scalarlessthanoneat eachtime
step. This amountsto a gaincontrol on the internalcurrent
thatallows integratorcellsto sustain�ring in theslice. Gain
modulationhasbeenwidely observedin diversecorticalsys-
tems(for a review, seeSalinas& Thier, 2000).This in itself,
however is not suf�cient to enableus to implementthe im-
portantpropertiesof Eq.6. A constantgainwouldcauset i to
decayevenwhentherewasno input provided,in contrastto
oneof themainpropertiesof Eq.6. To implementEq.6, the
gainshouldbeinverselyrelatedto thetotal network activity.
That is, when the network is more active, the gain should
be lower; whenthe network is lessactive, the gain should
behigher. Chance,Abbott, andReyes(2002)measuredthe
gain of culturedsomatosensorycells. They injecteda con-

Figure5. Cells in layer V EC integrate their inputs. Recordings
weremadefrom slicesbathedin a solutionincluding low concen-
trationsof thecholinergic agonistmuscarine.a. Cellsfrom layerV,
whenpresentedwith a depolarizinginput, began�ring at a stable
rate(epoch1). As subsequentdepolarizinginputswerepresented,
the cell adopteda new, higher, stable�ring rate. c. Analogously,
whenthe cell is at a high �ring rate,hyperpolarizinginputscause
thecell to adopta lower, stable�ring rate.b. Shows power spectra
for theepochslabeledin a (left) andb (right). FromEgorov, et al
(2002).

stantamountof currentandmeasuredthe cell's �ring rate.
They took the slopeof output�ring rateto input currentas
a measureof the cell's gain. In additionto the driving cur-
rentChanceet al. (2002)alsoinjecteda currentdesignedto
mimic synapticcurrentsfrom somenumberof other cells.
Theseinputsbalancedexcitatoryandinhibitory input,sothat
thenetcurrentwaszero.As thenumberof simulatedsynap-
tic inputswasincreased,simulatinga higherlevel of overall
network activity, the target cells' gain factor was reduced.

12 One candidatefor this “movementgating signal” is the hip-
pocampalthetarhythm. The presenceor absenceof type I theta
duringnavigation is closelyyoked to theanimal's movement.The
signal formedfrom movementdirectioninformationderived from
theheaddirectionsystem,coupledwith theta-derived speedinfor-
mationwould provide a representationof velocity. In fact,Vertes,
Albo, andVianaDi Prisco(2001)have pointedout thattheregions
with headdirectioncellsarealwaysadjacentto regionswhich con-
tain theta�ring cells. Verteset al. (2001) note further that these
populationsdon't appearto have reciprocalconnections,asif their
functionwasto cooperatively representvelocity to downstreamre-
gions.
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With apopulationof integratorcells,gainmodulationof this
type could causethe network to maintaina stablelevel of
activity, implementingsomethinglike normalization.13 In
addition to providing new insight into a basicprinciple of
cortical information processing,the result of Chanceet al.
(2002)providesevidencefor a processthatshouldenableus
to implementthekey propertiesof Eq.6.

Cellular SimulationMethods

Herewe will introducemethodsfor the cellular simula-
tion, whichwill beappliedto theopen�eld andtheW-maze.
Thus far we have usedsubscriptsto refer to the time step.
For instance,we haveusedt i to referto thetemporalcontext
vectorat time stepi. It is necessaryto introducesomenew
notationin orderto talk aboutindividual cells,analogousto
theelementsof avector. In thesesettings,wewill denotethe
time steps asan argumentandusethesubscriptto refer to
the cell number. Using this notation,the �ring rateof each
simulatedcell at timestepswascalculatedas

ti � s�

�

r � s�

�

ti � s 
 1�

�

bt IN
i � s�

�

�

(13)

wheret IN
i � s� is the input to cell i at time s. Theform of the

input will be discussedbelow. The quantity r � s� is herea
gainmodulationfactor. Wehaveassumedthatr � s� is a func-
tion of thetotal network activity, not too dissimilarto thein
vitro resultsof Chanceet al. (2002). At eachtime stepr � s�

wascalculatedaccordingto

r � s�

�

�

å
i �

ti � s 
 1���

2 �

� 1� 2

� (14)

Inclusionof thefactorr � s� constitutesa form of divisive in-
hibition (e.g.Chance& Abbott,2000).Equations13and14
bearmorethana passingresemblanceto Eq.6. As in Eq.6,
r � s� functionsto keepthelengthof t i (nearly)constant.

The cellular-level simulationcaptureskey propertiesof
Eq. 6. This canbe seenin Figure6. Figure6a shows the
�ring rateof onecell asafunctionof timestep.After time0,
eachof theothercells in thenetwork wasturnedon oneat a
time with an input of b for onetime stepeach.Theactivity
of the cell decaysexponentiallyasa function of time. The
time constantof this decaydependson b. Figure6b shows
explicitly that the amountof decaydependson the input to
thenetwork. Whenno input is givento thenetwork, thereis
nodecay(time-steps50-100andaftertime-step200).

In the simulationsreportedhere,we used220 integrator
cells. Eachcell receivedaninput givenby a Gaussianfunc-
tion representinga headdirection cell with a preferreddi-
rectionf i andstandarddeviation s, weightedby b. To do
this we �rst took theminimumabsolutedifferencebetween
the actualheaddirectionat time s, f � s� , and the preferred
directionof cell i, f i :

f diff
i � s� :

���

�

f � s� 
 f i �

�

�

f � s� 
 f i �	�

p
2p 


�

f � s� 
 f i �

�

�

f � s� 
 f i �	


p � (15)

This de�nes theminimumangulardistancebetweentheac-
tual headdirection and the cell's preferreddirection. Pre-
ferreddirectionsfor the differentcells were evenly spaced
each2p

�

220 radians. We can write an expressionfor the
input to cell i at times:

t IN
i � s�

�

���

p � s
�

1� 
 p � s�

���

1

s � 2p
exp




�

f diff
i � s�

�

2

2s2 �

(16)

where p � s� is the rat's observed position at time s and
���

p � s
�

1� 
 p � s�

���

is just thedistancetherat movedbetween
successive observations. The valueof s wassetto p

�

6 for
eachcell. This valuewas chosento be roughly consistent
with observedheaddirectioncells,whichhavebeenshownto
have a tuningcurve that falls to baselinelevelswith a width
of about100� (Taube,1998). TheGaussianexpressiongen-
eratesa tuningcurve for eachcell asa functionof thatcell's
preferreddirectionf i . This direct input from headdirection
cells predictsthat entorhinalplacecells shouldshow selec-
tivity in theopen�eld. Acrosscells this input is sensitive to
speedandheaddirectionin suchawaythatit canbereferred
to asavelocityvector. In thisway, thecellularsimulationcan
besaidto implementEq.6 with velocityvectorsprovidedas
input (Eq.12).

In thefollowing two subsections,we will usethecellular
simulationto demonstratethatEq. 6, coupledwith a veloc-
ity vectorasinput (Eq.12), is ableto describecharacteristic
propertiesof theentorhinalplacecodeobservedin two broad
domainsof experiments.First we will treatthepropertiesof
entorhinalplacecells in the open�eld. After that, we will
treatphenomenaobservedon theW-maze.

Applications:Theopen�eld

Entorhinalcells exhibit several key propertieswhile ani-
malsmove throughthe open�eld. First, EC cells do show
place-speci�c�ring, althoughthe place-modulationis con-
siderablyweakerthanhippocampalcellsin comparabletasks
(Quirk et al., 1992). The place-modulated�ring of cells in
EC is also comparableacrosssimilar environments. This
meansthatif anentorhinalcell tendsto �re in, say, theNorth-
westcornerof a squareenclosure,it will alsotendto �re in
theNorthwestquadrantof a circularenclosure(Quirk et al.,
1992).14

Equation6 with Eq. 12 predictsbothof theseproperties.
The existenceof a placecodeis a consequenceof the fact
that thesetof pathstheanimaltakesto get to a givenplace
shoulddependon wherethe animal is within an enclosure.

13 Gaincontrol like thatdescribedin Chanceet al (2002)operat-
ingonasetof integratorcellsshouldkeepsomemeasureof network
activity nearlyconstantover time. However, preciseEuclideannor-
malizationwould requirea very speci�c relationshipbetweengain
andinputs.

14 This propertyis alsoobserved for hippocampalcells early in
the animal's experiencewith differentenvironments(Lever et al.,
2002),althoughwith a suf�cient amountof experience�ring be-
comesuncorrelatedacrossenclosuresof different type (Muller &
Kubie,1987).
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Figure 6. The cellular simulation implementskey propertiesof Eq. 6. A network of 300integratorcellswasprepared.These�gures
show the �ring rateof cell 1 asa functionof time. a. At time 0, an input of b wasprovidedsequentiallyto eachof theothercells in the
network, oneat eachtime step. Thesolid line wascalculatedwith b 
 0 � 2. Thedashedline wascalculatedwith b 
 0 � 1. The �ring rate
of cell 1 decaysexponentially, with a time constantthatdependson thevalueof b. b. At time steps0-50and100-200,input wasprovided
sequentiallyto eachcell in thenetwork, oneat eachtime step. At theothertimes(time steps50-100and � 200),no input wasprovided.
As in a, cell 1's �ring ratedecaysexponentiallywhentheothercellsarebeingdriven(notethelogarithmicscalewhich makesexponential
decayappearlinear).However, thedecayof cell 1's �ring ratestoppedwhenno inputwasprovided.

Figure 7. A weightedsumover recentmovementspredictsplace-
speci�c codingasaconsequenceof thekinematicconstraintsof the
enclosure.The setof pathsthat leadto a positionon the Western
wall of theenclosureis differentfrom thesetof pathsthatleadto a
pointon theEasternwall of theenclosure.

The similarity of the placerepresentationsacrossdifferent
environmentsfollows if thesetof pathsleadingto analogous
positionsin analogousenclosuresaresimilar (seeFigure7).

Open Field Methods. The cellular simulation was pre-
sentedseparatelywith a seriesof positionsandheaddirec-
tions collectedby Lever et al. (2002) in a cylindrical envi-
ronmentandin a squareenvironment.15 Positionandhead
directionweresampledat 50 Hz for tenminutes.Place�eld
mapswerethencalculatedfor thecylindrical andsquareen-
closuresusingthesimulated�ring rates.

Simulatedcells showedlocation-speci�c�ring . Figure8
shows placemapsfor four representative simulatedcells in
boththecircularandsquareenvironments.These�gures rep-
resent�ring rateasa functionof positionaveragedover the
timestherat spentexploring theenvironment.Darker areas
indicatehigheraverage�ring rates.Simulatedcellsshowed
regionsof place-speci�c�ring thatextendedover largesec-
tions of the environment. Theseregions were irregularly
de�ned and apparentlyconsiderablymore noisy than hip-
pocampalplace�elds. This �nding of noisy place-speci�c

�ring is consistentwith �ndings regardingplacecells in EC
in theopen�eld (Quirk et al., 1992).

Topologically similar place�elds acrossenclosures. The
otherprimary�nding of thesimulationwasthatcellsshowed
place�elds in similar locationsof topologicallysimilar en-
vironments. That is, if a cell showed elevated �ring in
the Northwestquadrantof the circular environment,it also
showed elevated �ring in the Northwest quadrantof the
squareenvironment. This propertyhasalso beenreported
for cells in EC (Quirk et al., 1992). Topologicallysimilar
place�elds acrossenvironmentshave alsobeenobservedin
thehippocampusearlyin training(Leveretal.,2002).After a
suf�cient amountof experience,however, hippocampalcells
will show place�elds thatareuncorrelatedacrossenclosures
(Lever et al., 2002; Muller & Kubie, 1987; Quirk et al.,
1992).Thereasonsfor this arenot clear, but entorhinalcells
with topologically similar place�elds have beenobserved
underconditionsthat also produceremappedhippocampal
cells(Quirk etal.,1992),suggestingthatremappingdoesnot
takeplacein EC.

Thesimulatedcellsshowedplace�elds in a wide variety
of locations.Theonly differencebetweencellswasthepre-
ferreddirectionof their input. In all casesthe preferreddi-
rectionof thecell pointedin thedirectionof thecell's place
�eld. For instancesimulatedcell 170shown in Figure8a has
aplace�eld alongtheEasternedgeof thecircularandsquare
environments,and a preferreddirection that points toward
theEast.This is a consequenceof thekinematicconstraints
of the environment. The Westernwall of the environment
cannotbe reachedusing Easterlymovements—thiswould
requiretheanimalto walk throughthewall of theenclosure.
This propertydependsto someextent on the valueof b. If

15 As a checkon therecordedheaddirections,we redid thesim-
ulationswith headdirectioncalculatedfrom sequentialmovements
andobtainedthesamepatternof results.
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Figure 8. The cellular simulation shows place �elds that are topologically similar in similar envir onments. Four representative
cells from the simulationof motion in the open�eld. Pathswere generatedusing positionsandheaddirectionsfrom an experimental
sessionpresentedin Lever et al (2002). Thevastmajority of cellsshowedapparentlocation-speci�c�ring in both thecircularandsquare
enclosures.Like cells in EC describedby Quirk et al (1992),thesimulatedcellsshowed largeirregularplace�elds with a de�nite spatial
correlate.Further, the simulatedcells, like entorhinalcells observed by Quirk et al (1992),showed a high correlationbetweenthe place
�elds observed in the circular environmentandin the squareenvironment. The locationof theplace�eld is determinedby the preferred
directionof theinput to thecell andthemovementstakenwithin theenvironment.a. Simulatedcell 170(preferreddirectionEast).Thiscell
�res preferentiallyin theEastof thecircularandsquareenvironments.b. Simulatedcell 48 (W) �red preferentiallyin theWesternedgein
bothenvironments.c. Simulatedcell 20(SW)�red in thesouthwestof bothenvironments.d. Simulatedcell 75(NW) �red in thenorthwest
of bothenvironments.

b goesto one, the modelshouldbehave like a setof head
directioncells. In thiscasethecellswould �re preferentially
in whateverlocationtheanimalassumedaparticularheaddi-
rection.Presumably, theanimalwouldbelesslikely to point
towardtheEastwhenpositionedalongtheEasternwall.

Applications:TheW-maze

In the previous subsection,we saw that a representation
of temporalcontext (Eq. 6), if driven by self-motioninfor-
mationasinputs,cancapturekey propertiesof theentorhinal
placecodein theopen�eld. The“placecode”derivedfrom
Eq. 6 did not directly representplace,per se, but ratherre-
�ected a sensitivity to the sequenceof movementsleading
up to the currentposition. This treatmentof the open�eld
leadsto strongpredictionswhenthesequenceof movements
leadingto aparticularpositionis carefullycontrolled.These
predictionscanbe readily testedwithin the mazeparadigm
usedby Franket al. (2000).

The W-maze(seeFigure4a) enablesoneto examinesit-
uationswherelocation(andheading)arecontrolledbut the
sequenceof movementsleadingup to that positionarevar-
ied. Under thesecircumstances,a large proportionof en-
torhinalcellsshow retrospectivecoding, differentiatingthese
two cases.It is alsopossibleto comparesituationsin which
a similar seriesof movementsoccur in differentspatiallo-
cations.A sizableproportionof entorhinalcellsexhibit tra-

jectorycoding, showing similar �ring in responseto similar
sequencesof movements.Both of theseeffectsareconsis-
tent with an entorhinalrepresentationthat respondsto the
sequenceof movementsleadingup to the presentlocation,
ratherthanplace,per se. Herewe make explicit that these
experimentallyobserved phenomenaareindeedpredictions
of Eq.6.

W-mazeMethods. The cellular simulation was driven
with positionsand headdirectionsfrom a segmentof data
lastinga little overtwentyminutes,sampledat30Hz.16 This
datawasincludedaspartof thestudyof Franket al. (2000).
After the simulationwas completed,we calculatedthe �r -
ing ratemapsseparatelyfor four typesof trips namedon the
basisof thearmof theW-mazethe trip startedand�nished
on: center-left, left-center, right-centerandcenter-right. Trip
identity was provided at eachtime step,so that the values
wereidenticalto thoseusedin Franketal. (2000).Threetrips
in which the animalstartedon the centerarm andcrossed
overto thewrongarmbeforereversingwereeliminatedfrom
the pathanalyses(althoughnot from the simulationitself).
Two center-left trips andonecenter-right trip wereexcluded

16 This samplingrateis differentthanthatusedin theopen�eld
data.Althoughwe mighthave down-sampledtheopen�eld datato
equalizethesamplingrateacrosssimulations,this is not a concern
becausethe changein the context (place)vector is driven by the
animal's movements,ratherthantimeper se.
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Figure 9. Trajectory coding in the cellular simulation. Average�ring rateasa functionof positionfor differenttrips in theW-maze.
Thetrip eachmapcorrespondedto is indicatedat thetop of eachcolumn.Positionstheanimaldid not visit on a particulartrip arecolored
grey. a-d. Simulatedcell 64 (preferreddirectioneast)�red preferentiallyon left-centerandcenter-right trips. Thescalebar for this cell is
shown to theright of d. e-h. Simulatedcell 155(preferreddirectionNorthwest)�red preferentiallyon right-centerandcenter-left trips. The
scalebarfor this cell is shown to theright of h.

in this way. In addition,thereweresomesmall gaps(typi-
cally oneor two samples)in thepositionrecord.Thesewere
�lled in with linear extrapolationof both positionandhead
direction.

Trajectorycoding. Numeroussimulatedcellsshowedev-
idencefor trajectorycoding. Figure9 shows two examples.
The �gure shows �ring rate mapsseparatelyfor four dif-
ferent trips. The cell in the top row (a-d) had a preferred
directioncloseto dueEast,suchthat it �red on left-center
and center-right trips. The cell on the bottom (e-h) had a
preferreddirectiontowardtheSouthwestand�red on right-
centerandcenter-left trips. In general,almostall the cells
observedshowedsometypeof trajectorycoding.Cellswith
preferreddirectionstowardtheNorthor Southshowedplace
�elds that extendedalongthe lengthof the armson appro-
priate paths. This �nding is consistentwith the observa-
tion that place�elds observed in EC are longer than those
in the hippocampus(Franket al., 2000),andthat elongated
�elds tendedto beobservedon thelongarmsof theW-maze
(L. Frank,personalcommunication).

Retrospective/prospectivecoding. To determine if the
modelshowedretrospectiveandprospectivecodingin away
that is comparableto the availabledata,we alsoundertook

an analysisclosely analogousto that usedby Frank et al.
(2000)in classifyingcellsasretrospectiveor prospective. In
additionto actualposition,we wereprovidedwith position
projectedontoa linearpathalongthetrack. We �rst madea
�ring ratemapwith binsof 6 cm asa functionof linearpo-
sition, usingthe�ring ratesfrom theactualnavigationdata.
We thenplottedeachmean�ring rateasa function of dis-
tancefrom thestartof thetrip. In accordancewith methods
usedin Franketal. (2000),weconstructedananalogueof the
Franketal. (2000)study'sFigure4. ThatstudyusedaGaus-
siankernelwith a standarddeviation of onebin to smooth
thecurves.We smoothedusinga moving window of 4 bins.
Figure10showsrepresentativeretrospectiveandprospective
cells from this analysis.All of the cells that showed retro-
spectiveor prospectivecodingalsoshowedevidencefor tra-
jectorycoding.

Many cells showed retrospective coding. Many of these
cellsonly showedadifferencein �ring in regionsof thecen-
ter arm nearthe choicepoint. Figure10ashows an exam-
ple of sucha cell. This cell hada tuning curve with a pre-
ferreddirectionthatpointedtowardtheSouthEast.Theani-
mal'sheadfrequentlypointedin thisdirectionjustbeforethe
choicepoint on the left-centerpath(top). This elevated�r -
ing persistsalongthecenterarmbecauseof theexponential
decayof activity. Thetuningcurveof this cell wassuchthat
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Figure 10. The cellular simulation showed retrospective and prospective cells. Firing rate is shown asa function of distancefrom
theendof thecenterarmfor differenttrips in theW-maze.The label “CP” indicatesthe locationof thechoicepoint de�ned by Franket
al (2000).Panelsa andc show retrospectivecells.Panelsb andd show prospectivecells.a. Simulatedcell 30(preferreddirectionE) showed
a peakin �ring just after the choicepoint for left-centertrips. This cell showed differential �ring after the choicepoint, but comparable
�ring towardtheendof thecenterarm. b. Simulatedcell 130(NNW) showedelevated�ring alongmostof thelengthof thecenterarmon
bothjourneys to theright armandjourneys to theleft arm. On center-left trips thecell showedelevated�ring thatbeganshortlybeforethe
choicepoint. In contrast,thecell showeddepressed�ring just beforethechoicepoint oncenter-right trips. Thecurvesdivergeabout10 cm
beforethechoicepoint. c. Simulatedcell 50 (ESE)showeda peak�ring rateshortlybeforethechoicepoint for left-centerpaths.Elevated
�ring lastedmostof thelengthof thecenterarm.d. Simulatedcell 83 (NNE) showeda patterncomparableto cell 130,excepttheelevation
in �ring cameoncenter-right trips.

it overlappedslightly with theheaddirectionassociatedwith
“Southward” travel down thecenterarm. This resultedin a
gradualbuildup of �ring rateon the right-centerpath (bot-
tom). As a consequence,the �ring ratewassimilar across
pathstowardthefoodendof thecenterarm(towardtheright
endof the �gure). The cell in Figure10b shows a cell that
alsoshowed retrospective coding,but with a somewhatdif-
ferentpro�le. The preferreddirectionof this cell wastypi-
cally obtainedslightly furtherfrom thechoicepoint thanthe
cell in Figure10a. As a consequence,therewasmuchless
overlap with the headdirectionstypically obtainedon the
centerarm,sothattherewasnovisible elevationin �ring on
theright-centerpaths.As a consequence,this cell showeda
higher�ring ratefor left-centerpathsthanright-centerpaths
overmostof thelengthof thecenterarm.A smallernumber
of cells showed this type of retrospective codingcompared
to thepatternillustratedin Figure10a.We observedcompa-
rablenumbersof retrospectivecellsthatpreferredleft-center
trips andright-centertrips. This waspredictablegiven the
evenspacingof preferreddirectionsacrosscells.

A small numberof cells alsoshowed someevidencefor
prospectivecoding.Thecellsshown in Figure10c-darepar-
ticularly strongexamplesof thesecells. Thesecells show

a peakin �ring alongoneof the two armsafter the choice
point. However, the increasein �ring leadingto the peak
startsreliably beforethechoicepoint whenapproachingthe
areaof the peak, and decreasesreliably when approach-
ing the arm without the peakin �ring. We only observed
prospectivecodingimmediatelyprior to thechoicepoint.

Prospective coding is somethingof a misnomerfor this
model.TheTCM evolution equation(Eq.6) containsno in-
formation aboutfuture events. It is somewhat paradoxical
thatthesecellscanshow �ring thatdivergesbasedonwhatis
aboutto happen.Thesesimulatedcellsareactuallyrespond-
ing to smallvariationsin headdirectionthathappenshortly
beforethechoicepoint. Thesesimulatedcellshavepreferred
directionsthat point alongthe “curve” in the pathbetween
arms.This is why thepeakof �ring is observedon onearm.
As canbeseenin thesecells,thereis also�ring onthecenter
armfor bothpaths.This is sobecausethetuningcurveover-
lapssomewhatwith the“duenorth” directionassociatedwith
moving up thecenterarm. Relatively smallchangesin head
directionprior to thechoicepoint comein a partof thetun-
ing curve that is relatively steep,resultingin relatively large
changesin simulatedcellularactivity from smallchangesin
headdirection.
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Trajectorycodingandretrospective codingwererobustly
observedin thesimulation.In contrast,theprospectivecod-
ing we observed was considerablymore fragile and even
thebestprospective cellswe found(Figure10c-d)werenot
nearlyasimpressiveasthestrikingprospectivecodingshown
by the deepEC cell shown in Figure 4 of the Frank et al.
(2000) paper. A larger b resultedin more cells showing
prospective coding,asb controlsthe time constantfor the
rise in �ring as well as the decay. Also, cells with more
robust prospective coding were observed when the tuning
curves were mademore narrow. This was not adoptedto
keepwith experimental�ndings aboutthewidth of thetuning
curvesin headdirectioncells(Taube,1998).However, some
sortof lateralinhibition processcouldresultin a sharperef-
fective tuning curve for entorhinalcells. If so, this would
amplify the “prospective” coding generatedby this purely
retrospectivemodel.

Discussion

Weshowedthatthesameequationsthatgoverntheevolu-
tion of temporalcontext in amodelof humanepisodicmem-
ory performancealsodescribetheactivity of cellsin ECdur-
ing spatialnavigation. We showed a consistency between
the simulatedcells and entorhinalcells during navigation
throughtheopen�eld andin theW-maze.In theopen�eld,
simulatedcells hadlarge, noisy place�elds that werecon-
sistentacrosstopologicallysimilar environments(Figure8).
This is consistentwith what is known aboutentorhinalcells
in theopen�eld (Quirk et al., 1992). In theW-maze,simu-
latedcellsshowedevidencefor trajectorycoding(Figure9),
aswell asretrospective andprospective coding(Figure10).
Theseareconsistentwith observationsof entorhinalcells in
theW-maze(Franket al., 2000).

This theoreticalconnectionbetweenhumanmemoryand
theplacecell literatureis especiallytimely in light of recent
�ndings that suggestplacecells exist in humans. Ekstrom
et al. (2003)examinedtheactivity of singleunitsat various
locationsin patientsbeingtreatedfor pharmacologicallyre-
sistantepilepsyduring performanceof a virtual navigation
task.A numberof cellsshowedvirtual-place-speci�c�ring.
Notably, thesecells wereclusteredin the hippocampusand
therhinal cortex. These�ndings supporttheview that there
is morethanacomputationalsimilarity betweentheECfunc-
tion of ratsandhumans.

Waysin which thesimulationcouldbemorerealistic. The
cellular simulation is remarkablysimple—it only includes
enoughdetailto implementtheimportantpropertiesof Eq.6
givenvelocity vectorsasinput. Nonetheless,it is apparently
suf�ciently rich to robustly describethe major phenomena
demonstratedfor entorhinalcellsduringnavigation through
spatialenvironments.Herewe discusssomestraightforward
additionsthatwould make thesimulationmorerealistic.

Our implementationof integratorcells was limited in at
leasttwo respects.First, Egorov et al. (2002)showed that
their integratorcells did not initiate sustained�ring with a
suf�ciently small input. Similarly, if suf�ciently hyperpolar-
ized, integratorcells shutoff andremainedoff. The simu-

lated integratorcells usedheredid not includethis type of
thresholdingbehavior. If thresholdingwereincludedin the
simulationsit would addto therealismof themodelby pre-
venting situationswherea long-lastingperiod of low acti-
vation was produced(e.g. the �ring on the centerarm in
Figure10c-d). Another aspectof the Egorov et al. (2002)
studythatwe neglectedwastherateof changeof �ring rate
in responseto aninput. Hereweassumedthattheresponseof
theintegratorcellsto aninput wasessentiallyinstantaneous.
While this probablywould not havehada negativeeffect on
the open�eld results,or on the phenomenaof trajectoryor
retrospectivecoding,thiscouldhavehadanegativeeffecton
theability of themodelto generateprospectivecoding.

Prospectivecodingcouldbea consequenceof hippocam-
pal inputs to EC, which were completelyneglectedin the
current treatment. Consistentwith this view, Frank et al.
(2000)suggestedthatprospectivecodingwasmorefrequent
in EC layer V (which receiveshippocampalinput) than in
super�cial layers(which do not). Indeed,Muller andKubie
(1989)arguedthat the hippocampusdoesnot actuallycode
for the animal's currentposition,but ratherits positionap-
proximately120msin thefuture(but seeBreese,Hampson,
& Deadwyler, 1989). Prospective coding could have been
easilyandrobustlyimplementedif theinputsto thesimulated
entorhinalcellsincludedinformationfrom corticalareasthat
containedinformationaboutfuturemovements.

Anothersimpli�cation in the currentsimulationwas the
lack of any inputs other than velocity information. It is
clearlywithin the framework of thecurrentmodelthatnon-
spatialstimuli shouldcontributeto �ring in EC.For instance,
we assumethat t i is drivenby non-spatialinputst IN

i in both
episodicapplications(Howard & Kahana,2002a;Howard
et al., In revision; Howard,2004)andin therelationalmem-
ory simulationspresentedin thenext sectionof this ms. Al-
thoughthefact that thecurrent,highly simpli�ed, treatment
of the EC did remarkablywell in describingthe basicphe-
nomenaof theentorhinalplacecode,thereareseveralsitua-
tionswhereincluding othertypesof stimuli couldhave im-
provedthemodel'sperformance.For instance,thesimulated
trajectorycoding cells occasionallyshowed elevated�ring
nearthe food wells (e.g. Figure9). Althoughnot explicitly
addressedin Franket al. (2000),noneof the representative
place�eld mapspresentedin thatstudyshowedsuchanef-
fect. In themodel,�ring nearthefoodwell is aconsequence
of thewiderangeof directionstheanimalassumesasit turns
around.Thiselevated�ring ratewouldhavebeenattenuated
if we hadincludedcells tunedfor proximity to food reward.
These“chocolatemilk cells” would have beenstronglyac-
tivatedand inhibited (divisively) othercells receiving head
directioninput whennearthefood wells. Along theselines,
Gothard,Skaggs,and McNaughton(1996) reported“goal
boxcells” in thehippocampusthat�red astheratapproached
a movablegoallocationona lineartrack.

Another, extremely importantaspectof the functioning
that we have ignored here is the basisof the headdirec-
tion system.The model's descriptionof topologicallysim-
ilar place�elds in circularandsquareenvironmentsis only
valid insofar ascells in the headdirectionsystemmaintain
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thesamepreferreddirectionacrossenclosures.Theempiri-
calsituationwith regardsto this is somewhatunclear. Taube,
Muller, and Ranck(1990) reportedthat 3/8 headdirection
cells studiedin both the cylinder andthe squareenclosures
showed a changein their preferreddirection of more than
48

�
acrossenclosures.GolobandTaube(1997)reportedthat

only 2/11cells(in animalswith lesionsto thehippocampus)
reporteda changeof greaterthan 18� , and concludedthat
in generalminimalchangestakeplaceacrosscylindrical and
squareenclosures,aconclusionthatthey regardedasconsis-
tent with the Taubeet al. (1990) results. In any event, the
presenttreatmentof theplacecodepredictsthat theentorhi-
nal placecodeshouldrotatein registerwith theheaddirec-
tion cellsthatprovide its input.

For the presentmodel to make any predictionsat all, it
is necessaryto �rst specifytheactivity of theheaddirection
system. This requiresthat the headdirectionsystemaccu-
ratelyintegratesfrom momentto momentwithin anenviron-
ment,a processbelieved to rely on attractordynamics(Re-
dish,Elga,& Touretzky, 1996;Zhang,1996).Thisis in sharp
contrastto the“pseudo”integratorproposedhereto support
theentorhinalplacecode.Further, theheaddirectionsystem
is reorientedby manipulationsof visualstimuli (Taubeetal.,
1990),a processbelievedto resultfrom a suf�ciently diver-
gentvisualinputcausinga resetof theattractornetwork into
astatedistantfrom its predecessor(Skaggs,Knierim, Kudri-
moti, & McNaughton,1995,seechapter5 of Redish,1999,
for a review anddiscussion).

Deepvs super�cial cortical layers. We implementedthe
cellularsimulationof Eq. 6 usingknown propertiesof cells
in EC layerV (Egorov et al., 2002),thedeepcortical layer.
Thesecellsreceiveinput from, but donotprojectto, thehip-
pocampusproper. In additionto layerV cells,EC alsocon-
tainsprincipal cells in layersII/III, the super�cial layersof
EC. Layer II cells projectdirectly to the hippocampus.Al-
thoughthey do not receive input from the hippocampusdi-
rectly, they doreceiveinput from layerV cellsin EC,sothey
areindirectlyconnectedto hippocampus.

Thecellsreportedin theopen�eld by Quirk et al. (1992)
wereidenti�ed asbeingfrom super�cial layersof EC.In that
study, a small numberof layer V cells from deeplayersof
EC were observed, but the spatial �ring characteristicsof
thesecellswerenot described.Thereareseveral issuesthat
havebearingonthevalidity of “mixing layers”acrossexper-
iments. Thereis no publisheddataon EC layer V cells in
theopen�eld. However, Franket al. (2000)showedsimilar
qualitative propertiesfor deepandsuper�cial layersof EC,
althoughsuper�cial cellsshowedlesspositionalinformation
(werenoisier)andmayhave shown lessprospective coding
thandeepcells. This qualitativesimilarity suggeststhatper-
hapssimilarpropertieswouldobtainfor deepandsuper�cial
cellsin theopen�eld aswell.

Similarities in the �ring propertiesof deepand super�-
cial cellscouldre�ect a directphysiologicalconnectionor a
parallelcomputationalfunction. As pointedout earlier, EC
layersII/III receive input from layerV, soperhapsthis is the
origin of the spatialpropertiesof super�cial EC. Although

cells in thesuper�cial layersof EC do not show thestriking
integratorcell behavior observedin layerV in vitro, cells in
super�cial EC do show plateaupotentialsin responseto in-
putsthatpersistfor a relatively long time (Klink & Alonso,
1997). Theseplateaupotentialshave beenarguedto sup-
port cellular responsesobserved in DNMS tasks(Franśen,
Alonso, & Hasselmo,2002)andcould be suf�cient to sup-
portsomethingsuf�ciently similartoEq.6 to resultin similar
place-speci�cactivity. Therearemay alsobe othermecha-
nismsby which a leaky integratorcouldbe implementedin
super�cial EC.

CanEq.6 supportthehippocampalplacecode?. Thehip-
pocampusis saidto supporta representationof placeinsofar
ascells in the hippocampuscorrelatewith the animal's lo-
cation. If theactivity of thesecellscorrelatedperfectlywith
theanimal's locationin allocentricspace,thenthis represen-
tation could be saidto be a perfectrepresentationof place.
Therepresentationalschemepursuedhereis not a “perfect”
representationof place, but then again neither is the hip-
pocampalplacecode.Directional�ring of cellson thelinear
track (McNaughton,Barnes,& O'Keefe, 1983)area clear
exampleof a situationin which placecells' responsesare
differentdespitethe animalbeingin the sameplace. Path-
dependence(Franketal.,2000;Woodetal.,2000),including
retrospective coding,is anothersuchexampleof a situation
wherepositionis not suf�cient to predictthe�ring of “place
cells.” Similarly, the�nding thattheresponsesof placecells
dependon the behavioral context (Markus, Qin, Leonard,
etal., 1995)andthe�nding thatsimilar responsestakeplace
in differentenvironments(Leveretal., 2002)argueagainsta
perfectlyaccuratehippocampalplacecode.

Having saidthat, the hippocampuscanshow remarkable
spatial precision. The location of the animal in a famil-
iar openenvironmentcanbe reconstructedfrom examining
place cell activity to a precisioncomparableto the error
in recordingthe animal's position(Wilson & McNaughton,
1993). Exceptionallygood positional reconstructioncan
be found when recordingfrom cells during navigation on
the linear track (Jensen& Lisman, 2000). Can the pre-
cision of the hippocampalplacecodebe derived from the
systematically-imperfectrepresentationof placethat results
from Eq. 6? A de�niti ve answermustawait further exper-
imentalandtheoreticalinvestigation.However, the present
treatmentof theentorhinalplacecodepredictsthatit should
bepossibleto reconstructpositionto suf�cient precisionus-
ing thehistory-dependent�ring schemepresentedhere. On
a lineartrackwheremovementsarerelatively constrained,it
shouldbe possibleto get very goodprecision. In the open
�eld, verygoodreconstructionis theoreticallypossibleif the
decayof velocity informationis suf�ciently slow.

Althoughpositionis a correlateof thecells in thesimula-
tion presentedhere,it wouldbefair to saythatEq.6 doesn't
reallysupportapositionalrepresentationatall. Theweighted
sumoverrecentmovementsof Eq.6 shouldretainsensitivity
to headdirectionspeci�cally, andtrajectorymoregenerally
in theopen�eld. To be explicit, thepresentmodelpredicts
that the �ring of entorhinalplacecellsshouldbemodulated
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by notonly theheaddirection,but precedingheaddirections
as well. At the valuesof b usedhere, we also observed
thatcells' preferreddirectionspoint in thedirectionof their
place�elds. This would bea marker of a history-dependent
pseudo-placecodeliketheonewehavehypothesizedresides
in entorhinalcortex.

A numberof modelsof hippocampalfunctionassumethat
entorhinalplacecellsshouldbedirectionalin theopen�eld
(e.g. Brunel& Trullier, 1998;Kali & Dayan,2000). These
propertiesfor entorhinalplacecellswould needto berecon-
ciled with the lack of a strongdirectionallyselective signal
in hippocampalplacecells in theopen�eld. Althoughhip-
pocampalplacecells show directionalselectivity (e.g. Sk-
aggs,McNaughton,Gothard,& Markus,1993),this canbe
accountedfor by takinginto accountthedifferentamountof
time the animalspendsin different locationswith different
headdirections(Muller et al., 1994). Onepossibility is that
thehippocampustransformsdirectionalinputsin suchaway
that it shows omnidirectionalplace�elds in the open�eld.
Mechanismsfor this have beenproposedby other authors
(Brunel& Trullier, 1998;Kali & Dayan,2000;Sharp,1991).

An intriguing possibility is that the hippocampalplace
codereally is dependenton headdirection,but that it is not
re�ectedin �ring rate.Directionalitycouldberetainedat the
ensemblelevel if thetaphaseis taken into account. Theta
phaseprecession(O'Keefe & Recce,1993) has beenob-
servedin theopen�eld (Skaggset al., 1996).Phasepreces-
sionrefersto the�nding thatwhentheanimalinitially enters
a cell's place�eld, it �res at a laterphaserelative to thehip-
pocampalthetarhythmthanit doesasit movesthroughthe
place�eld. This can,in principleat least,beusedto recon-
structvelocity aswell asposition,asthe following thought
experimentwill illustrate.

Imagine two hippocampalcells with place �elds in an
openenclosure.Cell A andcell B have symmetricoverlap-
pingplace�elds. Thecenterof �eld A is duewestof �eld B.
Burgess,Recce,andO'Keefe(1994)showedthatplacecells
in the open�eld �re at a late thetaphasewhen the cells'
�eld centeris in front of the rat, andat early phaseswhen
thecells' �eld centeris behindtherat. Let's assumethatthe
animalmovesWestto Eastonapaththatcrossesthroughthe
centerof �eld A andthenthecenterof �eld B. Considerthe
thetaphaseof A andB at thehalfway point. Cell A should
�re at anearlyphase,becausethecenterof its place�eld is
behindtheanimal.On theotherhand,cell B should�re at a
latephasebecauseits �eld is in front of theanimal.Whatif
theanimalmakesthetrip in theoppositedirection?Now, the
movesfrom Eastto West,passing�rst throughthecenterof
�eld B andthenthecenterof �eld A. In thiscasethephaseof
thecellsat themidpointwill bereversed.Now, cell A should
�re at a latephasebecausethecenterof �eld A is in front of
theanimal,whereasB should�re at anearlyphasebecause
thecenterof its �eld is behindtheanimal.Thephaseof �ring
of thesecellsis reversedrelativeto thesituationin which the
animalmovedWestto East,despitethe fact that theanimal
is in theexactsameposition.Whatdiffersin thesetwo cases
is theanimal's velocity. We concludethat thetaphasecould
in principlebeusedto reconstructvelocity in theopen�eld.

It shouldbe pointedout, however, that the mechanismby
which integratedheaddirection inputs in entorhinalcortex
couldgive riseto thetaphasecodingof movementdirection
is notat all clearat this time.

We mentionedpreviously that the model presentedhere
predictsthat�ring of entorhinalplacecellsshoulddependon
therecenthistoryof movementsin theopen�eld. An anal-
ogouspredictioncanbemaderegardingnon-spatialstimuli.
In ahomogeneouslist of to-be-rememberednon-spatialstim-
uli, �ring of entorhinalcells shoulddependnot only on the
currentstimulus,but alsoon prior stimuli aswell. In fact,
Suzuki et al. (1997) showed that stimulus-speci�centorhi-
nal cells �red acrossseveral interveningstimuli in a work-
ing memorytask,supportingat leastthegeneralthrustof the
prediction. The predictionsof the model,however, canbe
quanti�edandextendto experimentalsituationsin whichthe
stimulus in questionwould not be expectedto be actively
maintainedin working memory.

Theroleof thehippocampusin
relationalmemory

The previous sectionarguedthat a componentof TCM,
Eq. 6, describesa key computationalfunction of the en-
torhinal cortex, andperhapsotherextra-hippocampalMTL
structuresaswell. In this sectionwe arguethatnew item-to-
context learningis supportedby thehippocampus.As men-
tionedearlier, thisprocessresultsin reinstatementof patterns
in parahippocampalregionsin responseto theitembeingre-
peated(Figure3). We will seethatdisruptingnew item-to-
context learning predictsneuropsychologicaldissociations
observedwith hippocampaldamage.In themodel,new item-
to-context learningalsocausesrepresentationalchangesthat
havebeendirectlyobservedin extrahippocampalMTL areas
andthatmayresultfrom hippocampalfunction.Wewill dis-
cusstheutility of representationsthatresultfrom new item-
to-context learningin capturingrelationshipsbetweentem-
porally disparatestimuli. This correspondsto the develop-
ment of a higher-order stimulusrepresentationin parahip-
pocampalregions.

ModelingtransitiveassociationusingTCM

Eichenbaumand colleagueshave argued that the hip-
pocampussupportsrelationalmemory(Cohenet al., 1997;
Eichenbaum,2001). In contrastto extrahippocampalareas
that are said to be capableof forming simple pairwiseas-
sociations,thehippocampussupportstheability to discover
andencodehigher-order relationshipsamongstimuli. The
canonicalexampleof this proposedhippocampalfunctionis
the formationof transitiveassociationsbetweenitemsthat
werenever pairedduring training (Bunsey & Eichenbaum,
1996).

Bunsey and Eichenbaum(1996) examinedthe effect of
hippocampaldamageontransitiveassociations.In their task,
animalswere �rst presentedwith a cueodor. The identity
of thecueodor predictedwhich of two choiceodorswould
be pairedwith reward. Therewere two cueodors,eachof
which predictedrewardfor oneof thetwo choiceodors(see
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Figure11. Schematicof thetransitiveassociationexperimentused
by Bunsey andEichenbaum(1996).In aninitial learningphase,an-
imalslearnedto choosebetweenchoiceodors(B andY) depending
on which cueodor waspresented.The effect of this training was
to form an associationwithin eachof the pairs, indicatedby the
arrows. In a secondlearningphase,thechoiceodorsfrom the �rst
learningphasebecamecuesusedto discriminatebetweenanother
pair of odors. In a third phase,the animalswere testedfor their
generalizationacrosslearningphases.In this transferphase,ani-
malsweregivencuesfrom the�rst stageandchoicesfrom thesec-
ondstage.Animalsweretested,in theabsenceof reward,for their
preferenceof thechoicethatwouldresultif they formedatransitive
associationacrossphases(arrow with questionmark).Althoughan-
imalswith hippocampaldamagelearnedaswell ascontrolsoneach
of thelearningphases,they wereimpairedat thetransferstage.

Figure11). Two associations,A � B andX � Y werethus
simultaneouslyestablishedduringthe�rst stageof learning.
Following the �rst stageof learning, the choiceodorsbe-
camecue odors for a secondpair of associations.In this
secondstage,associationsB � C andY � Z weretrained.
In a �nal stage,transitive associationwas probed; the an-
imals were presentedwith a cue from the �rst stage,and
testedfor their preferencefor the choicesfrom the second
phase.This probephasetestedfor theexistenceof anasso-
ciation that “bridged” acrossB from A to C. Although rats
with hippocampaldamagelearnedeachof thepremisepairs,
A � B and B � C, they showed no evidencefor a transi-
tive associationfrom A � C. This is consistentwith thehy-
pothesisthatthehippocampus,while not requiredfor simple
pairwiseassociations,is requiredfor higher-ordertransitive
associations.Thehippocampuswasapparentlyimportantin
learningtherelationshipbetweenA andC, whichwerenever
actuallypresentedtogether, but werepresentedin the same
temporalcontext, B.

Herewe will show that using the theoreticalframework
offered by TCM, transitive associationscan be selectively
impaired,while leaving theability to learnpairwiseassocia-
tionsintact.This is accomplishedby disruptingtheability of
themodelto bind itemsto their temporalcontext; by setting

aN to 0.
Of key interestis theeffect of therelative contribution of

old andnew context to Eq.9. We will examinetwo extreme
valuesfor theratio g:

�

aN
�

aO. In the “intact” case,g
�

1.
For theintactcase,old andnew retrievedcontextualcompo-
nentscontributeequallyto t IN. This is in therangeof values
that have beenusedin the pastto describehumanepisodic
recall data.17 In the “lesioned” case,representingthe hy-
pothesizedeffect of hippocampallesions,g

�

0. Although
the magnitudeof t IN is the samein both cases,they differ
in that the intact caseallows new item-to-context learning
(aN �

0), whereastheimpairedcasedoesnot (aN
�

0).
Previously we arguedthat simulatinga hippocampalle-

sion by settingaN
�

0 would selectively impair backward
associations(seeFig. 2a). In fact Bunsey andEichenbaum
(1996)foundthathippocampallesionsdo selectively impair
backward associations.In this section,we areinterestedin
the ability of the modelto developandutilize transitive as-
sociations.To ensurethatneitherrecency effectsnor across-
pair temporalassociationsenterinto theseanalysesandsim-
ulations,we will assumethat an in�nitely long delayinter-
venesbetweenpairs,andbetweenstudyandtest,effectively
isolatingthepairsfrom therestof experience.

Considerthe casein which a pair of stimuli A
�

B is pre-
sented,thena pair B

�

C is presented.If aN is greaterthan
zero, thenwhenB is presentedthe secondtime, it will re-
trieve elementsof the context retrieved by A. As a conse-
quence,whenlearningB

�

C, themodelis alsoin effect learn-
ing A

�

C aswell. If aN
�

0, however, t IN
A canstill beassoci-

atedto B, andt IN
B canbeassociatedtoC. However, therewill

be no transitive associationbetweenA andC. AppendixD
explicitly derives the cue strengthbetweenA andC when
A is presentedduring a recall testafter presentationof A

�

B
andB

�

C. FromAppendixD we �nd thatafterbothstagesof
learningthecuestrengthto itemC givenA is givenby:

aC
�

aNr 2b � aOb
�

aN � � (17)

We canseefrom this expressionthatthecuestrengthis zero
if aN is zero. The transitive associationfrom A to C, items
that were never presentedtogether, dependson a non-zero
valueof aN, which we hypothesizecorrespondsto an intact
hippocampus.In contrast,asderivedin AppendixD, we�nd
that the cuestrengthsfrom A to B andfrom B to C do not
dependon a non-zerovalueof aN. This is possiblebecause
forwardassociationsdo not dependon new item-to-context
learning(seethecurve labeled“old” in Figure2a).

As a complementto the derivation presentedin Ap-
pendix D, we also carriedout a simulation. The goalsof
thesimulationareto demonstratetheability of this theoreti-
cal framework to describethedissociationbetweenlearning
of pair-wise associationsfrom transitive associationsmore
detailandundermorerealisticconditions.

17 In somecases,g hasbeen�x ed at one (Howard & Kahana,
2002a),whereasin othercases,ghasbeenallowedto varyasa free
parameter(Howardet al., In revision).
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TransitivitySimulationMethods.
Theequationsfor t i andtIN

i aretypically assumedto de-
scribein�nite-dimensionalvectors.How shouldwegoabout
implementingan in�nite-dimensionalvectorspace?On the
one hand, we might have chosensome large number to
representthe dimensionalityof the spaceand chosenran-
dom vectorsto describethe t IN

i 's when itemsare �rst pre-
sented. Thesevectorswould have beenasymptoticallyor-
thogonalif thenumberof dimensionshadbeenmuchlarger
thanthenumberof vectors.To eliminateany concernsthat
mightarisefrom randomvariability in choosingpatterns,we
adoptedan alternative approachthat hasbeenusedin pre-
vioussimulationsapplyingTCM to humandata(Howard&
Kahana,2002a;Howardet al., In revision). Thetruedimen-
sionalityof thespaceis thedimensionalityof theactualinput
vectors,which canbe in�nite. However, if the initial input
vectorst IN

i are orthogonal,then they can be usedas basis
vectorsto spantherelevantpartsof thespace.In thesimu-
lations,weexpresst i andtIN

i asvectorsof coef�cients of the
basisvectors.This greatlyreducesthedimensionalityof the
simulations.It alsomakesit particularlyeasyto introducean
in�nite delay. To introduceanin�nite delay, all thatneedsto
be doneis sett i to onetimesa basisvectorthathasnot yet
beenused.

Matrices correspondingto MTF and MFT were main-
tained.Thematrix MTF wasupdatedwhena particularitem
waspresentedsimply by addingthecurrentstateof t i to the
appropriatecolumn of MTF . The matrix MFT was some-
what more complicated. First aN and aO were calculated
accordingto theprocedurein AppendixB. Then,aftert i was
calculatedMFT wasupdatedaccordingto

for ( i = 0 ; i < currentdim ; i++){
MFT[item][i] = aold * MFT[item][i] + anew * t[i];

}

where“item” is theindex of thestimuluspresented,“cur-
rentdim” is the numberof basisvectorsthathave beenpre-
sentedup to that time and“anew” and“aold” arecalculated
accordingto theassumptionsof thesimulationandthecon-
straint that the Euclideanlengthof “MFT[item]” shouldbe
one after the updating. This enablesM FT to implement
Eq.9. Notethat“synapses”thatdonotconnectto thecurrent
itemareunaffected.

Learning. The model was presentedwith two phasesof
learning.During the�rst phase,A or X werepresentedran-
domly, and the modelhad to chooseeitherB or Y asa re-
sponse. If A was the cuestimulus,thenB wasconsidered
the correctresponse.Similarly, if X was the cuestimulus,
thenY wasconsideredthecorrectresponse.Althoughonly
onecupwasbaitedwith a food reward,Bunsey andEichen-
baum(1996) allowed the animal to dig in the other cup if
it initially dug in the incorrectcup (althoughthe �rst cup
wascountedasthe responsefor that trial). Using a similar
procedure,if the model madethe correctchoice, then the
stimuluscorrespondingto the correctchoicewaspresented
to themodelandthetrial ended.If themodelmadeanincor-
rect choice,then the stimuluscorrespondingto that choice

waspresentedto themodel.Beforethetrial ended,however,
thecorrectchoicestimuluswaspresentedto themodel.This
simulatesthe experimentalmethodthat allowed the animal
to dig in thecorrectcupafter choosingincorrectly(Bunsey
& Eichenbaum,1996). For A trials, therearethereforetwo
possibilities.If theanimalchosecorrectly, A waspresented,
followed by B. If the animalchoseincorrectly, A waspre-
sented,followedby Y andthenB. In bothcases,thereis an
incrementto the cue strengthfrom A to B, but only when
thereis anincorrectresponseis thereanincrementto thecue
strengthfromA toY. Asaconsequence,aslongastheanimal
choosesmoreor lessrandomlyduringthe initial of learning
trials, A � B developsmorestrongly thanA � Y. Similar
reasoningdescribesthedevelopmentof X � Y overX � B,
andalsoappliesto thesecondstageof learning.

Choicesituations. Themodelwaspresentedwith choices
duringeachtrial of learningandduringprobetrials. At each
choice, the probability of recalling the choicestimuli was
calculatedusing Eq. 4. The sum in the denominatorwent
over the two choicestimuli. Thetwo choiceswereB andY
in the�rst stageof learningandC andZ in thesecondphase
andin theprobetrials.

Probe trials. After eachten learningtrials in phasetwo,
ten probetrials were presented. In theseprobe trials, t IN

was calculatedgiven eitherA or X as a stimulus. That is,
t wasresetwith an in�nite delayandthenupdatedwith t IN

setto MFT fA or MFT fX, asappropriate.A choicewasthen
madebetweenC andZ. However, neitherof theassociative
matrices,MTF nor MFT , wereupdatedeitherwhenthecue
stimuluswaspresented,norwhentheresponsewasselected.
In this way, a probetrial would not affect eithersubsequent
learningof the premisepairs, nor subsequentprobetrials.
Nonetheless,wecouldobservetheprocessof learningin this
situation,ratherthanjust recordinga singlevalueat theend
of eachsimulationrun.

Results.
For eachsetof parameters,werepeatedthesimulationfor

1000randompresentationorders.Therewasno systematic
searchof the parameterspace. Rather, an informal search
wasundertakento �nd asetof valuesthatshowedreasonable
learningcurvesfor A � B andB � C. Whenthis condition
wasmet,theintactmodelalwaysoutperformedthelesioned
modelon A � C andthelesionedmodelneverdeviatedsig-
ni�cantly from chance.If t wasset too low, the modelre-
memberedwhatever choiceit happenedto make on the �rst
trial, evenif it wasincorrect.Theparametervaluesusedthe
simulationwere listed in Table1. Figure12 shows results
of the simulation. Figure12a-b shows performancefor the
intact and lesionedmodel on �rst and secondstagelearn-
ing. Both the intact and the impairedmodel showed good
learningon the premisepairs,A � B andB � C, with re-
sponsestendingtowardperfectperformancefor bothstages
andbothmodels.Figure12cshowsperformancein theprobe
trials. Whereasthe intact model showed generalizationto
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Figure 12. Impairment of new item-to-context learning speci�cally affectsdevelopment of transiti ve associations.Performanceas
a functionof learningis shown for thedifferentstagesof theBunsey andEichenbaum(1996)study. In all threepanels,the intactmodel,
with g 
 1 is shown with solid symbols;the lesionedmodel,with g 
 0 to simulatehippocampaldamage,is shown with opensymbols.a.
Probabilityof acorrectresponseduringthe�rst phaseof learning.Both theintactandlesionedmodelslearnedtheA � B andX � Y pairs.
b. Probabilityof a correctresponseduring the secondphaseof training. Both the intact andlesionedmodellearnedB � C andY � Z.
c. Performanceon the probetrials, A � C andX � Z. Probetrials wereperformedat eachstageof learning,but in a way that neither
subsequentsecondphasetrials nor subsequentprobetrials wereaffected.While the intactmodeldevelopsa transitive A � C association,
thelesionedmodeldoesnot. This is consistentwith theeffectsof hippocampallesionobservedby Bunsey andEichenbaum(1996).

A � C, thelesionedmodeldid not. Whereastheintactmodel
showedadramaticimprovementin thetransitiveassociation,
theimpairedmodeldidnotdeviatesigni�cantly from chance,
evenwith enoughlearningtrials to acquirenear-perfectper-
formanceon thepremisepairs. From this we concludethat
TCM providesameanstodissociatesimplepairwiselearning
from relationallearning,asevidencedby thephenomenonof
transitiveassociations.Thisresultalsosupportsourhypothe-
sisthatthefunctionof thehippocampusis to allow repetition
of anitemto allow therecoveryof entorhinalactivity patterns
thatwerepresentwhentheitemwaspreviouslypresented.

Rapiddevelopmentof an intermediaterepresenta-
tion

Eichenbaum(2001, 2000) hypothesizedthat the hip-
pocampuscouldaccomplishmany of thefunctionsascribed
to it by forming a “memory space.” If the hippocampus
could supportthe rapid developmentof a stimulus repre-
sentationthatcapturesthetemporalandcontextual relation-
shipsamongstimuli, this representationwould presumably
beextremelyusefulin the “�e xible re-expression”of mem-
ory (Eichenbaum,Otto, & Cohen,1994; Cohen& Eichen-
baum,1993). Herewe show that binding item representa-
tions to their temporalcontext, shown in the previous sub-
sectionto subserve backwardassociationsandtransitive as-
sociations,resultsin the rapid developmentof an interme-
diaterepresentationthat captureshigher-orderrelationships
amongthestimuli. ThemappingbetweenTCM andtheMTL
arguesthatthisintermediaterepresentationshouldbelocated
in parahippocampalregions.

Recoveryof contextualstatesin parahippocampalregions
resultsin a compressedstimulusrepresentation.

In TCM, theinputsto Eq.6, t IN
i , arecausedby theparticu-

lar itempresentedat timestepi. Wecanthink of t IN
i asanin-

termediaterepresentationof thenominalstimuluspresented
at time stepi (e.g. theword ABSENCE). We will explorethe
developmentof this representationin capturinghigher-order
relationshipsamongstimuli. As before,wewill considertwo
extremecases.In the lesionedcase,we will let aO

�

1 and
aN

�

0. In the intact case,as in the previous subsection,
aO

�

aN.
In thelesionedmodel,

tIN
Ai � 1 �

tIN
Ai

; (18)

the input evokedby an item never changes.In the lesioned
case,t IN is likeamirror thatsimplyre�ectstheitemcurrently
beingpresented,f i . In theintactcase,however, t IN

Ai � 1
is com-

posedof both t IN
Ai

andtAi ; ratherthansimply mirroring the
stimulusbeingpresented,t IN

Ai
changesovertimeto re�ect the

temporalcontexts in which item A is presented.This results
in a “mixing” of the representationsof thestudyitemswith
learning.

The binding of items to the temporalcontexts in which
they werepresentedenablest IN to becomea representation
that can capturehigher-order relationshipsamongstimuli.
To demonstratethis,we calculatedstimulussimilarities,e.g.
tIN
A 


tIN
B after the modelwaspresentedwith a setof stimuli

that includedchainsof transitive associations,e.g. A � B,
B � C, . . .E � F. This list structure,referredto asa dou-
ble function list, becauseitems serve as both cuesand re-
sponses,was�rst introducedto thestudyof memoryby Pri-
moff (1938). Performanceon doublefunction lists is worse
thanon regular lists of pairedassociates.Slamecka(1976)
arguedthat this is dueto backwardandremoteassociations
amongthe items. TCM sharesthis prediction,which has
beendirectly observedin �nal freerecallof doublefunction
lists (Howard& Jing,2003).

Despitetherandomorderof presentationof thepairs,dou-
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Figure 13. Rapid development of a “memory space” in TCM with an intact hippocampus. The network waspresentedwith the
doublefunctionpairsA � B, B � C etc in 1,000differentrandomorders,intermixedwith a parallelseriesof X � Y, Y � Z, etc,pairs.
Eachpanelshows thesimilarity matrix amongt IN

A , tINB , etc.,at variousstagesof learning.For instance,thecolor of cell D
�

F indicatesthe
valueof tIND � tINF . Black indicatesa valueof one,white indicatesa valueof zero. The top row of matricesis for the “intact” model. The
bottomrow is for the lesionedmodel. Parametervaluesarethesameusedin Figure12. The intactandimpairedmodelbothstartwith an
orthonormalrepresentationof thet IN 's. Thiscanbeseenby thevalueof onefor all thecellsalongthediagonalandzerosfor all off-diagonal
cells on the left-mostpanels.With learning,however, the intactmodeldevelopsa similarity structurethatcomesto re�ect the “distance”
within thedoublefunctionlist. This canbeseenby thedevelopmentof non-zerooff-diagonalcellswhosemagnitudefallsoff with distance
from thediagonal.This is whatenablestheintactmodelto “generalize”associationsto pairsthatwereneverpresentedtogether. In contrast,
thelesionedmodelalwaysevokesthesamet IN in responseto eachstimulus.This preventsthelesionedmodelfrom generalizing,although
theorthonormaltIN representationmaybeassociatedto any presentedstimulusto supporta forwardassociation.

ble functionlists inducea higher-orderstructure:

A � B � C � D � E � F � (19)

In this structure,B is closerto D thanit is to E. If the t INs
have cometo capturethis higherorderstructure,thenafter
learningweshouldobservethat

tIN
B 


tIN
D �

tIN
B 


tIN
E � (20)

In general,if t IN is a representationthatre�ects higher-order
relationshipsamongthestimuli, thenthesimilarity between
the tINs evoked by any two stimuli ought to be inversely
proportionalto their distancein the structureillustratedby
Eq.19.

Memory spacesimulation methods. Weexaminedtheef-
fectof learningon thesimilarity relationshipsamong5 pairs
structuredaccordingto Eq. 19. The pairs were presented
in a randomorder, with presentationof anotherparallelse-
ries of pairs (i.e. an X � Y series)interspersedrandomly.
For eachlevel of learning,1000 replicationswith a differ-
ent randompresentationorderwereaveraged.The valueof
b was the sameas thoseusedpreviously in the simulation
shown in Figure12. Both the lesionedmodelandthe intact
model were run for 1-5 trials. In both cases,we assumed
that initially the t INs were orthonormalprior to learning:
tIN
A0 


tIN
B0 �

dAB.

Results. The stimulus similarities for the intact and le-
sionedmodelat variousstagesof learningareillustratedin

Figure13. On the left, we canseethatbeforelearningboth
the lesionedmodel and the intact model start with an or-
thonormalstimulusrepresentation.This is justanexpression
of our assumptionsaboutthe initial conditionsusedin the
simulation. With repeatedpresentationsof the linked lists,
the lesionedmodeldoesnot changeits stimulusrepresenta-
tion. This is aconsequenceof Eq.18; thesimilarity relation-
shipsamongthe t INs do not changefor the lesionedmodel
becauset IN

Ai �

tIN
Ai � 1

. Theintactmodel,howevershowsamore
interestingpatternof results.First,we notethatthestimulus
representationof membersof thesamepair becomesimilar
to eachother; althought IN

C andtIN
D are initially completely

dissimilar, they quickly cometo havesomesimilarity. Com-
paringtherightmostpanelwith themiddlepanel,weseethat
this similarity increaseswith subsequentlearningfor the in-
tactmodel.

Moreover, theintactmodeldevelopsa stimulusrepresen-
tation that re�ects the higher order structureof the linked
list. Looking at theright of the �gure, we seethatafter � ve
learningtrials the similarity of t IN

B to tIN
D is higher than it

was at the start of learning. Stimuli B and D were never
presentedtogether, but were both presentedwith C. The
modelshows stimulusgeneralizationamongarbitrarystim-
uli asa functionof thesimilarity of thetemporalcontexts in
which they werepresented.This stimulusgeneralizationis
thepropertythatallowsthedevelopmentof transitiveassoci-
ationsseenin thesimulationsof theBunsey andEichenbaum
(1996)experiment(Figure12). In additionto allowing asso-
ciationsbetweenstimuli thatwerenever presentedtogether,
this stimulusgeneralizationalsocomesto re�ect thehigher-
orderstructureof thelist. For examplet IN

B andtIN
D aremore
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similar to eachotherthanaret IN
B andtIN

E . Similarly, t IN
B and

tIN
E aremoresimilar to eachotherthanaret IN

B andtIN
F . The

similarity betweenany two input patternscomesto re�ect
their “distance”in thelinked-liststructure.

Discussion

Transitive associationslink items that were not actually
paired togetherduring study, but rather are associatedby
meansof having beenpresentedin thecontext of someother,
commonelement. We showed that one componentof re-
trievedcontext, weightedby aN, is responsiblefor backward
and transitive association,hallmarksof relational learning
(Figure12). We alsoshowed that in TCM this ability is a
consequenceof thedevelopmentof anintermediatestimulus
representationthat comesto re�ect the temporalcontext in
which itemswerepresented.

TCM developedatwo-componentaccountof associations
to describethecharacteristicshapeof CRPcurves(Figure2).
It is striking that this two-componentaccountalsoturnsout
to provide an accountof the dissociationsbetweentransi-
tive andpairwiseassociationsthat resultfrom hippocampal
damage(Bunsey & Eichenbaum,1996).Thetwo-component
accountalsopredictsthathippocampalfunctionis important
in properdevelopmentof intermediaterepresentationsnec-
essaryfor relationallearning.

TCMand“tr ansitiveinference”.
If you tell a schoolagechild thatAlexanderis taller than

Betsy, andBetsyis taller thanCatherine,thatchild shouldbe
ableto tell you, without beingexplicitly instructedso, that
Alexanderis alsotaller thanCatherine. In this exampleof
transitive inference,the child is able to infer from her ex-
periencewith the world that the propertyof heightobeys a
transitive relationship;if A

�

B andB
�

C, thenA
�

C. The
cognitive processthat enablesone to reachthe conclusion
thatA

�

C is referredto asa transitive inference.
In the animal cognition and neuropsychologyliterature

therehasbeenconsiderableattentionpaid to a relatedtask,
in whichanimalslearnpreferencerelationsbetweenarbitrary
stimuli. This hasbecomean issuein describinghippocam-
pal functionbecauseof the�nding thatMTL damageselec-
tively disrupts“transitiveinference.” DusekandEichenbaum
(1997)trainedratsonaseriesof conditionaldiscriminations.
When presentedwith a pair of odorsA and B, one of the
odors,A, wasalwayspairedwith reward andthe otherwas
not. To receive a food reward, the animalwould chooseA
whenpresentedwith the pair A

�

B. Several suchpairs,e.g.
B

�

C and so on, up to D
�

E were presentedwith the stim-
ulus with the label appearingearlier in the alphabetpaired
with reward. After learningall of thesepremisepairs, the
animalsweretestedon novel stimuluspairings. The novel
end-anchoredpairing A

�

E shouldbe relatively easy;A was
alwaysrewardedandE never wasrewarded. However, the
pairing of B

�

D cannotbe solved simply on the basisof re-
ward valence.Control animalspreferredB whenpresented
with the B

�

D pairing, as if they had learnedrelationships
like A

�

B, B
�

C and so on from the premisepairs and

performeda transitive inferencewhenpresentedwith B
�

D.
Interestingly, DusekandEichenbaum(1997)found thatan-
imalswith lesionsintendedto disrupthippocampalfunction
(eitherfornix lesionsor entorhinallesionsintendedto deaf-
ferentthehippocampus)learnedthepairwisediscriminations
aswell asintactanimals.LesionedanimalsalsoselectedA
as often as control animalswhen presentedwith the end-
anchoredpairs. However, unlike the control animals,they
selectedB and D equally often when presentedwith B

�

D.
Hippocampallesionsspeci�cally disruptedperformanceon
thenovel stimuluspairingsthatwerepresumablysolvedby
meansof transitive inference.

Referringto performanceon theB
�

D pair asaninference
may be somethingof a misnomer;it is not necessaryto as-
sumethat theanimalhasactuallyperformeda logical infer-
enceto explain thisbehavior asthetaskcanbeperformedon
a purelyassociative basis.RecentlyVanElzakker, O'Reilly,
andRudy(2003)did anexperimentthat they arguedcontra-
dictedan inferential explanationof the transitive inference
�ndings of DusekandEichenbaum(1997).Ratherthanpre-
sentingfour pairs,asin thestudyof DusekandEichenbaum
(1997),they presented� ve pairs,referringto the additional
pairasE

�

F. Thisenabledthemto comparetransitivechoices
whentheanimalwaspresentedwith novelpaircombinations
of differing lags. For instance,only oneitem intervenesbe-
tweenB andD, whereastwo itemsintervenebetweenB and
E. The logic of their experimentwas that if the choiceon
novel pairs was madeon the basisof a logical inference,
thenB

�

D shouldbeeasierthanB
�

E, becausefewerpremises
mustbecombinedto make the judgment.In fact,VanElza-
kker et al. (2003)foundthatperformancewasbetteron B

�

E
thanon B

�

D. This �nding is consistentwith an associative
account. In the experimentof Van Elzakker et al. (2003),
stimulusA wasalwaysrewarded,whereasF never was. If a
stimulussimilarity gradientis established(asin Figure13),
thenstimuli closerin thechainto A would bemorestrongly
associatedto food thanitemsfurtheraway in thechain.

The�nding thathippocampaldamageselectively disrupts
performanceonnovel stimuluspairingsthatcouldbesolved
on the basisof a transitive inferencehasbeenextensively
coveredrecentlyby modelsof hippocampalfunction(Frank,
Rudy, & O'Reilly, 2003; O'Reilly & Rudy, 2001; Levy,
1996;Wu & Levy, 1998,2001).For themostpart,modelsof
therole of thehippocampusin transitive inferencehypothe-
sizethatthehippocampussupportsoverlappingstimulusrep-
resentationsthatcanbeusedto performthetask.18 This is a
role thatis wholly consistentwith therole for thehippocam-
pus proposedhere. Frank et al. (2003) hypothesizedthat
thereweretwo stagesin makinga responsewhenpresented
with apairof stimuli in achoicesituation.In a�rst stage,the
animalselectedwhichof thetwo odorsto approachbasedon
an associative gradientfrom reward to eachof the stimuli.
After selectinga stimulusto approach,the animal thenei-

18 Although it hasnot beendirectly appliedto the transitive in-
ferencetask,this propertyis alsosharedby the Gluck andMyers
(1993) model of hippocampalassociative learning(seeGluck &
Myers,1997,for a review).
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ther selectedthat odor on the basisof a recall-like process
or it switchedto the otherodor. Transitive inferenceswere
a consequenceof an associative gradientacrossthe stimuli
to the “dig” response.The ComplementaryLearningSys-
temsmodel(O'Reilly & Rudy, 2001)postulatesthat transi-
tiveperformanceis aconsequenceof overlappinghippocam-
pal stimulusrepresentations.In thatmodel,however, correct
respondingdependson network dynamicsto affect pattern
completion.Asaconsequence,transitiveperformanceissen-
sitive to thedetailedstructureof the learningepisode.Sim-
ilarly, in theWu andLevy (1998,2001)modelof transitive
inferenceperformance,theextentto which thehippocampal
representationevoked by the B

�

D probeoverlapswith the
representationevoked by C correspondswith network per-
formanceon the transitive inferenceproblem(Wu & Levy,
1998). This apparentlysupportsa representationthat cap-
turesthe “distance”betweenthe stimuli in thehigherorder
structure,resultingin the network showing a symbolicdis-
tanceeffect (Wu & Levy, 2001).

An intermediatestimulus representationlike that de-
scribedherecould be usedto constructan associative gra-
dient to perform the transitive inferencetask, in much the
sameway that theFranket al. (2003)modeldid. However,
theintermediatestimulusrepresentationdoesnotnecessarily
imply apurelyassociativeaccountof thetransitive inference
task.Quitethecontrary, if anintermediatestimulusrepresen-
tationis developedthatplacesthestimuli in orderalongarel-
evant,albeitabstract,dimension,thenthis informationcould
beusedto inform a logical inference,in muchthesameway
that an inferenceabouta physicaldimension,like location
or height,canbeperformed.For instance,a differentlevels
of associationbetweenstimuli anda food reward could be
usedto generatean abstractdimensionlike “foodliness.” It
is clearfrom Figure13 thatthesimilarity of itemsnearbyin
thehigher-orderstructureis higherthanfor itemsfarapartin
thehigher-orderstructure.Fromthisit is clearthatthisrepre-
sentationhasextracteda dimensionanalogousto “position”
from thehigher-orderlist structure.This could, in principle
at least,be usedas the basisfor a non-associative, logical
decision.

Thehippocampusandsemanticlearning.
In contrastto episodicmemory, semanticmemoryrefers

to generalknowledgeabouttheworld without referencefor
speci�c events. For instanceour knowledgeaboutbananas
must have beenlearnedas a result of someinstructionor
experience,but it is not necessaryto rememberany oneof
thoselearningeventsto rememberthat bananasareyellow,
or that they are good to eat. The default hypothesis,until
quite recently, hasbeenthat semanticmemorydependson
episodicmemory. The ideais that we experiencea number
of speci�c episodespertainingto thesamesubject(bananas
in this case).Perhapsthe brain managesto graduallybuild
up a representationthatextractsthecommonalitiesof these
experiencesso that it no longerrequiresany of the individ-
ual episodes(e.g. Marr, 1971;McClelland,McNaughton,&
O'Reilly, 1995).

The belief that learning of semanticmemory depends

on episodic memory is consistentwith �ndings showing
that someMTL amnesicshave not learnedthe meaningsof
wordsthatenteredthe lexicon after the incidentthatcaused
theiramnesia(Ostergaard,1987;Gabrieli,Cohen,& Corkin,
1988). More recently, thedependenceof semanticmemory
on episodicmemoryhasbeencast into doubt by the �nd-
ing that patientswith substantialhippocampaldamageac-
quiredat averyearlyageshow noevidencefor any episodic
memory, but nonethelesshave acquiredenoughsemantic
memory to perform at a normal level in school (Vargha-
Khademet al., 1997).Subsequentstudieshave purportedto
show someacquisitionof post-morbidvocabulary in adult
amnesics(Kitchener, Hodges,& McCarthy, 1998; Linden
et al., 2001;Schmolck,Kensinger, Corkin,& Squire,2002).
These�ndings haveledsometo proposealternativerelation-
shipsbetweenepisodicand semanticmemory (Tulving &
Markowitsch, 1998; Vargha-Khadem,Gadian,& Mishkin,
2001).Othershavearguedthat,evenif thedatais to betaken
at facevalue,theobservedsemanticknowledgeof thesepa-
tientsis a consequenceof somepreservedepisodicmemory,
or is perhapsthe resultof somereorganizationavailableto
thedevelopingbrainthatdoesnot re�ect normaladult func-
tion (e.g. Squire& Zola, 1998). This positionis supported
by evidencethatseveredamagelimited to thehippocampus
resultsin measurablede�cits in post-morbidvocabulary ac-
quisition(Cipolotti et al., 2001;Nadel& Moscovitch, 2001;
Spiers,Maguire, & Burgess,2001; Verfaellie, Koseff, &
Alexander, 2000).Othersnotethatwhile MTL amnesicscan
acquirefamiliarity for new words,andeven learn to recite
their de�nitions, their semanticknowledgefor thesemateri-
alslackstheinter-relatedrichnessof normalsubjects(West-
macott& Moscovitch, 2001).

Vocabulary acquisitioncan be seenas a specialcaseof
semanticlearning. A dictionary describesthe meaningof
eachword simply in termsof other words. Learning the
meaningof a word canin somesensebedescribedasa pro-
cessof placing the word in the proper relationshipto the
otherwordsin thelexicon. TCM describesepisodicassocia-
tion andtransitiveassociationson thebasisof retrievedcon-
text. Recentmodelsof vocabularyacquisitionusingrealistic
databasesof naturallyoccurringtext describesemanticrela-
tionshipsamongwordsby extractinginformationaboutthe
words' contextual relationships(Grif�ths & Steyvers,2002;
Landauer& Dumais,1997). In much the way that associ-
ationsin TCM canbe seenasa retrieved context modelof
episodicassociation,thesemodelscanbe seenasretrieved
context modelsof semanticassociation.

Latent SemanticAnalysis (LSA Landauer& Dumais,
1997) is a well-studiedcomputationalmodel that hasbeen
shown to describesomethingof humanvocabulary acquisi-
tion. It expressesarepresentationof thesemanticstructureof
thelanguageby extractingusefulinformationfrom thetem-
poralco-occurrencepropertiesof thelanguage,asmeasured
by large bodiesof naturally-occurringtext (for instance,an
encyclopedia).This is possiblebecauseof regularitiesin the
useof language.Words that aresimilar to eachother tend
to occurin thesamecontext. For instance,wordsthat refer
to similarobjects,like “table” and“chair,” will tendto occur
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togetherin discussionsof, say, seatingarrangementsor fur-
niture. It is easyto extract this type of information—it can
beaccessedusingasimpleco-occurrencematrix. This infor-
mationis analogousto pairwiseassociationsbetweenwords
in a transitiveassociationexperiment.But LSA goesfurther.
Wordsthatreferto thesameobjectarenotnecessarilylikely
to occurin thesamecontext, butwill tendto appearin similar
contexts. This is oftenthecasewith synonyms.If “sofa” and
“couch” meanverynearlythesamething,anauthoris likely
to chooseoneor theother, but not both,for a givenpassage.
LSA is ableto extract the similarity that canbe inferredin
this wayby meansof dimensionalreduction.This processis
analogousto the transitive associationsdescribedhere. The
endresultof thesecomputationsis thattherepresentationof
the wordsin the corpuscomesto re�ect with some�delity
thesemanticstructureof English.As evidencefor thisclaim,
LSA canachieve a passingscoreon theTestof Englishasa
ForeignLanguage(TOEFLLandauer& Dumais,1997).

To summarize,LSA provides a descriptionof semantic
relationshipsthat relieson two processes:oneprocessthat
associatesitemsbasedontheir temporalco-occurrenceanda
secondprocessthatdiscoverstransitiveassociationsbetween
itemsbasedon thecontexts in which they occur. Theseare
analogousto thetwo componentsgiving riseto associations
in TCM. Oneprocesscansupportassociationsbetweenitems
that actuallyco-occur, like A

�

B in the Bunsey andEichen-
baum(1996) experiment. The other can supporttransitive
associationsbetweenitemsthatnever occurredtogether, but
thatoccurredin similar contexts, like A andC in theBunsey
and Eichenbaum(1996) experiment. If TCM can provide
a descriptionof semanticlearning,and if the mappingbe-
tweenhippocampalfunction andTCM is the way we have
hypothesizedhere,thenthis suggestsa way to reconcilethe
con�icting dataregardinghippocampalinvolvementin new
semanticlearning. Perhapsthepreservedsemanticlearning
with hippocampaldamagecanbedescribedlargely by a se-
riesof pairwiserelationships.

Physiological evidencefor a stimulusrepresentationthat
re�ectstemporal context.

In thismswehavearguedthatthehippocampusfunctions
to reconstructthestateof activity in entorhinalcortex when
anitem is repeated(Figure3). We haveshown thatthis abil-
ity to make new item-to-context associationsleadsto an in-
termediatestimulusrepresentationthat re�ects the temporal
contexts in which an item is presented(Figure13) andar-
guedthat this representationcansupporttransitive associa-
tions (Figure 12). We have arguedthat this representation
shouldresult from hippocampalfunction andshouldbe lo-
catedin parahippocampalregions. Thereis strongphysio-
logicalevidencethattheMTL in factdoesin factsupportthe
developmentof an intermediatestimulusrepresentationthat
comesto re�ect temporalcontext with learning.

Miyashita(1988)usedabstractvisual patternsasstimuli
in a delayedmatchto sample(DMS) experiment.In his ex-
periment,monkeys werepresentedwith many learningses-
sions.In eachsession,theorderof samplestimuli remained
constant.Thesamplestimuli evokedsustained�ring in some
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Figure 14. The stimulus representationof arbitrary stimuli
comesto re�ect temporal contextin the inferior temporal cortex
of monkeys. Singleunitswererecordedfrom areaTE of the infe-
rior temporalcortex of macaquemonkeys while they performeda
delayedmatchto sample(DMS) taskusingabstractvisualstimuli.
They-axisshows thecorrelationcoef�cient calculatedfor pairsof
stimuli. High valuesof thecorrelationcoef�cient meanthatneurons
tendedto �re selectively in responseto both stimuli. The correla-
tion coef�cient, then,provides a measureof the overlap between
the patternsof neuralactivity correspondingto different stimuli.
The cuesconstitutingthe DMS taskwerepresentedin a �x ed or-
der. The�lled symbolsshow thecorrelationcoef�cients for stimuli
asa functionof theirdistancewithin a “list” of DMS trials thatwas
presentedmany times.Theopensymbolsarefor anunfamiliar list.
The correlationcoef�cient falls off with distancefor the familiar
list suchthat remotepairsareno morecorrelatedthanby chance,
or for pairsfrom thenew list. For stimuli thatwerepresentedmany
times, the representationof stimuli that werepresentedin similar
temporalcontextsbecomesmoresimilar. Graphbasedondatafrom
Miyashita(1988).

subsetof theneuronsin areaTE, an inferotemporalareare-
ciprocally connectedto the perirhinal cortex, an extrahip-
pocampalMTL region. Accordingto themappingbetween
TCM andthe MTL setout at the beginning of this ms, TE
could be part of an item representation.Miyashita (1988)
found that after many sessionsof learning,but not after a
singlesession,neuronsthat respondedto the ith samplein
thesessionalsotendedto respondto respondto samplesthat
werepresentedat nearbypositionsin the session(seeFig-
ure 14). Subsequentexperimentalwork extendedthis �nd-
ing to show “pair-selective” neuronsthat respondedto both
membersof a pair of stimuli thatwererepeatedlypresented
togetherin an analogueof a paired-associatetask(Sakai&
Miyashita,1991).

Thereis goodevidencethat this effect, �rst observed in
TE, is in fact a consequenceof MTL functioning. Pair-
coding neuronsare observed in perirhinal cortex (Erick-
son & Desimone,1999; Messinger, Squire, Zola, & Al-
bright, 2001),which, like the entorhinalcortex is an extra-
hippocampalMTL area.Further, thetime courseof activity
following anindividualstimuluspresentationshowsassocia-
tive effectsin perirhinalcortex about100msearlierthanin
TE (Naya,Yoshida,& Miyashita,2001).Naya,Yoshida,and
Miyashita(2003)showedthatpair-codingneuronsaremore
prevalent in perirhinal cortex. Thesedatasuggestthat the
temporalstimulusgeneralizationeffectobservedin TE is ac-
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tually aconsequenceof MTL functioning.
The �nding of pair-selective cells is perfectlyconsistent

with theresultsfor the intactmodel(aN �

0) shown in Fig-
ure 13 (top). Similarly the lesionedmodelwould not show
suchan effect (Figure13, bottom). Higuchi andMiyashita
(1996)trainedmonkeysonasetof pairedassociatesto acri-
terion.Thepairswereeachpresentedseveralhundredtimes.
After training, the monkeys received iboteniclesionsto the
entorhinalandperirhinalcortices,disconnectingTE from the
backward signal from the MTL. After the lesion the mon-
keys weretrainedon a new setof stimuli. Pair codingwas
abolishedin TE for both the old andnew stimuli after the
lesion, while general�ring propertiesof the neuronswere
unchanged.Similar resultshavebeenfoundin anotherstudy
(Miyashita, Kameyama, Hasegawa, & Fukushima,1998).
This result,in conjunctionwith thedatareviewedabove,ar-
guesstronglythat the pair-codingphenomenondependson
input from MTL. The fact that pair-coding was abolished
by lesion,evenafterseveralhundredtrials suggeststhat the
pair-coding phenomenondoesnot result from a changein
the item representationper se, but ratherfrom direct inputs
from anactivatedMTL representation.Thatis, theobserved
pair coding in TE could result from input analogousto the
mixtureof itemrepresentationsthatresultsfrom M TF t . This
mappingpredictsthat pair-coding shouldbe dependenton
hippocampallesions,andthepair-codingshouldbeobserved
in parahippocampalMTL regionsafterrelatively little train-
ing comparedto extra-MTL regions.

GeneralDiscussion

TCM describesa distributed representationof temporal
context that wasarguedto mediateperformancein free re-
call, an episodicmemorytask. By demonstratingthat the
sameequationusedfor contextual drift, Eq. 6, canbe used
to describetheentorhinalplacecodewhenprovidedwith ap-
propriateinputs,themodelbecomesoneof a joint temporal-
spatialcontext. Indeed,if episodicmemoryis de�ned to be
memorythat refersto a speci�c event in time andplace,it
is reasonableto hypothesizethat a joint representationof
temporal-spatialcontext contributesto this cognitive func-
tion.

A key componentof TCM (Howard& Kahana,2002a)is
a form of short-termmemory, t i, that variesaccordingto a
simpleequation(Eq.6). Weimplementedthekey featuresof
Eq.6 (Figure6) usingamodelintendedto representEC.The
simulationwas populatedof integrator cells modeledafter
thosein EC layerV (Egorov et al., 2002)andprovidedwith
input from the headdirectionsystem(Taube,1998),which
areknown to synapseon EC layerV (Haeftenet al., 2000).
Normalizationof the integratorcell populationwasaccom-
plishedby meansof a gain modulationwherethe gain var-
ied inverselywith theactivity in thenetwork (Chanceet al.,
2002).

ThiscellularsimulationwasessentiallyjustEq.6 with in-
put from velocity movements.This simplemodeldescribed
muchof the placecodeobserved in EC. In the open�eld,
thesefeaturesinclude a representationthat correlatedwith

spatialpositionandwasconsistentacrossdifferentenviron-
ments(Figure8). In theW-maze,we showedthatthis repre-
sentationnaturallyaccountsfor history-dependentphenom-
ena,includingretrospective(Figure10)andtrajectorycoding
(Figure8), observedin entorhinalplacecells.Thisclosecor-
respondencebetweenthepredictionsof Eq.6 andtheactivity
of entorhinalcellsduringspatialnavigationis consistentwith
thehypothesisthatt i residesin parahippocampalregions,in-
cludingEC.

We explored the ability of TCM to organically explain
neuropsychologicaldissociationsassociatedwith hippocam-
pal damage.We hypothesizedthata primaryfunctionof the
hippocampuswastoallow repetitionof anitemto reconstruct
thestateof t i in EC thatwaspresentwhenthatitem wasini-
tially presented(Figure 3). In TCM, a parameter, aN, de-
scribesthisability. WeshowedthatsettingaN to zero,corre-
spondingto no reconstruction,preventstransitive andback-
wardassociationswhile pair-wiseassociationsremainintact
(Figure12). Thesedissociationshavebeenreportedwith hip-
pocampaldamage(Bunsey & Eichenbaum,1996),andhave
beentaken to be hallmarksof relationalmemory. We then
illustratedthat the ability to reconstructstatesof t i in EC
allows the developmentof an intermediatestimulusrepre-
sentationthatcapturesthehigher-orderstructureof thestim-
uli, consistentwith the “memory space”idea advancedby
Eichenbaum(2000,2001)(Figure13). We alsoarguedthat
a memoryspacecould be useful in describingperformance
in so-calledtransitive inferencetasksin a way broadlycon-
sistentwith existing modelsof thehippocampusandtransi-
tive inferenceperformance.Neurophysiologicalresultsfrom
primatestudieshave shown direct evidencefor a stimulus
representationthat comesto re�ect the temporalcontext in
which itemswere presented(Erickson& Desimone,1999;
Messingeretal., 2001;Miyashita,1988;Sakai& Miyashita,
1991).Thedevelopmentof this intermediatestimulusrepre-
sentationis alsoknownto beaconsequenceof MTL function
(Higuchi & Miyashita,1996; Miyashitaet al., 1998; Naya
et al., 2001).

Our hypothesesregardingthe entorhinalplacecodeand
relationalmemorywerebothsupportedby substantivephys-
iological evidence.We arguedthat EC supportsa leaky in-
tegratorfunctioninglike short-termmemory(Eq.6). We ar-
guedfor theplausibility of this hypothesisusingdetailedin-
tracellularexperiments(Egorov et al., 2002),neuroanatomy
(Haeftenet al., 2000),andphysiology(Chanceet al., 2002).
Using this implementationwe demonstrateda closecorre-
spondencebetweensimulatedneuronsanddatafrom single
entorhinalunitsduringspatialnavigation(Quirk etal.,1992;
Franketal., 2000).In treatingrelationalmemory, weargued
that theMTL, in particularthe hippocampusproper, causes
the developmentof an intermediatestimulusrepresentation
that re�ects temporalcontext (Eq. 9). Thereis considerable
evidencefor just this phenomenonin the primate(Higuchi
& Miyashita,1996;Messingeret al.,2001;Miyashita,1988;
Nayaet al., 2001).
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Relationshipto otherwork

The presentwork draws togetherthoughton MTL func-
tion in apparentlydisparatedomains. In doing so, it builds
on extensive work in eachof thesedomains. The relation-
ship of the model presentedhere to other modelsof rela-
tional memory, in particularmodelsdevelopedto describe
theeffect of hippocampallesionson theso-calledtransitive
inferencetask,wasdiscussedabove. Wediscusstherelation-
shipof TCM to othermodelsof episodicmemoryandplace
cellshere.

Retrieved context modelsof memory. In the domainof
episodic recall TCM can be seenas a descendantof the
stimulus-samplingmodel (Estes,1950, 1955), which was
subsequentlycastasa modelof temporaleffectsandforget-
ting in pairedassociatelearning(Mensink & Raaijmakers,
1988,1989). The importantdifferencebetweenTCM and
theseprior modelsis thenatureof contextualdrift. Whereas
thoseotherworksassumedthatcontextualdrift wasarandom
process,TCM assumesthatcontextualdrift is aconsequence
of elementsretrievedby thenominalstimuli presentedduring
learning.

TCM's focus on contextual processingin describing
episodicrecall hasparallelsin otheraspectsof memoryre-
search.As mentionedearlier, retrievedcontext modelshave
alsomadeconsiderableheadway in describingthestructure
of semanticmemory(Grif�ths & Steyvers,2002;Landauer
& Dumais,1997).Retrievedcontext hasalsobeenproposed
as the basisfor episodicrecognitiondecisions(Dennis &
Humphreys,2001).Whenpresentedwith aprobeitem,Den-
nisandHumphreys(2001)proposedthatit is usedto retrieve
a superpositionof context vectorscorrespondingto thestate
of contexts in which theitemwaspreviouslypresented.This
retrievedcontext is thencomparedto a representationof list
context. Thisapproach,whichsuccessfullyexplainsthebulk
of the extant recognitionmemorydata,representsa depar-
turefrom many previousmodelsof recognitionmemory(e.g
Murdock, 1982; Shiffrin & Steyvers,1997). Recentyears
have seenthe developmentof a neuroanatomicalmodel of
two-processrecognitionmemoryin which thehippocampus
properis responsiblefor episodicrecollection,whereascor-
tical regionswithin theMTL areresponsiblefor a scalarfa-
miliarity signal (Davachi, Mitchell, & Wagner, 2003; Nor-
man& O'Reilly, 2003;Rugg& Yonelinas,2003;Yonelinas,
Kroll, Dobbins,Lazzara,& Knight, 1998; Yonelinaset al.,
2002). This view of the hippocampusin recognitionmem-
ory is quite consistentwith the view expressedhere—that
thehippocampusis responsiblefor reconstructingpatternsof
context presentin entorhinalcortex. Reconstructionof these
patternsis aplausiblecandidatefor recollection(Polyn,Nor-
man,& Cohen,2002).If thisis thecase,andcontext changes
graduallyin entorhinalcortex, ashypothesizedhere,thenone
would expectto seeassociative effectsasa consequenceof
successfulrecollectionduringa recognitiontest.

It is striking that retrieved context has been proposed
in the cognitive literature, more or less independently, as
a mechanismfor performancein three diverseclassesof

tasks: episodicrecall (Howard & Kahana,2002a),recog-
nition memory(Dennis& Humphreys, 2001), and seman-
tic learning(Grif�ths & Steyvers, 2002; Landauer& Du-
mais,1997).Thesimilaritiesof thesethreeclassesof models
representa uniqueopportunityfor theoreticalconvergence.
Thepresentwork suggeststhata uni�cation would have rel-
evancefor understandingthefunctionof themedialtemporal
lobe.

Pathintegrationmodelsof theplacecode. TCM describes
theentorhinalplacecodeasa joint expressionof temporal-
spatialcontext. That this might provide an explanationof
theMTL's importancein bothepisodicmemoryandspatial
navigation hasbeenproposedby otherauthors(e.g. Levy,
1989).Ouremphasison inputscorrespondingto information
aboutphysicalmotion in spaceplacesthepresenttreatment
in thetraditionof “pathintegration”modelsof theplacecode
(McNaughton,Barnes,Gerrard,etal.,1996;Samsonovich&
McNaughton,1997;Redish& Touretzky, 1997). Much like
the presenttreatment,thesemodelspostulatethat the place
coderesultsfrom updatinga representationof position by
operatingon input from theheaddirectionsystem.In partic-
ular, the treatmentof RedishandTouretzky (1997,seealso
Redish,1999)postulatedthatpathintegrationtakesplacein
theEC.In thepresenttreatment,wehavearguedthata leaky,
“pseudo”integratorresidesin EC.

The mostobvious differencebetweenprior pathintegra-
tion placecell modelsandthepresenttreatmentis the level
of neuralsophisticationthosemodelsbroughtto bearon the
problem. The relative simplicity of thepresenttreatmentis
a consequenceof several factors. Oneis the relatively lim-
itedscopeof of thecurrenttreatment,restrictingourattention
to thepropertiesof theentorhinalplacecodeandneglecting
suchimportantfactorsasthemeansof operationof thehead
directionsystemandthe hippocampalplacecode. Another
is the recentdiscovery of “integrator cells” in the EC that
integratetheir inputsin theabsenceof synapticconnections
(Egorov et al., 2002). This remarkable�nding simpli�es
considerablythe neuralhardwarerequiredto implementan
integrator. Of coursethe intracellularmachinerythat sup-
ports the propertiesof thesecells is of tremendousinterest
(Fransen,Egorov, Hasselmo,& Alonso,2003).

On a computationallevel, the current treatmentdiffers
from prior work on path integration modelsof place cell
formation by postulatingthat path integration is “leaky”—
r i is lessthanone(seeFigure4), meaningthat integration
is not perfect. In contrast,prior modelshypothesizedthat
integrationwas not leaky, but perfect. The “leakiness,” or
forgetting,in thecurrenttreatmentwasoriginally introduced
to TCM asawayof modelingrecency andcontiguityeffects
in episodicmemoryperformance.However, theassumption
of forgetting in deadreckoning simpli�es considerablythe
computationalrequirementsof thesystem.

In deadreckoning, the currentposition is derived from
the prior positioncombinedwith the currentmovement. If
thereis any errorin theestimationof thecurrentmovement,
this will leadto anerror in thesubsequentestimateof posi-
tion. Thiserrorwill accumulatein aperfectintegrator—with
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moremovements,theamountof uncertaintyin positionwill
grow without boundasmoreandmoremovementsareinte-
grated.Previouspathintegrationmodelshave devotedcon-
siderableeffort to error-correctingmechanismsto counter-
actthis tendency (e.gRedish& Touretzky, 1997).However,
whenr

�

1, t is notsubjectto cumulativeerror. Theamount
of “error,” while decidedlynon-zero,is stablewith time. It
is anopenquestionwhetherthesystematicdiscrepanciesbe-
tweenthemodel'srepresentationandaperfectrepresentation
of placearereasonablegiventheobserveddata. At leastin
the caseof retrospective coding,an “error-free” representa-
tion of placeis unableto describethe observed data(Fig-
ure4).

Receptive�eld place cell models. The other large class
of modelsof placecell formationcanbe referredto as“re-
ceptive �eld models” (Brunel & Trullier, 1998; Burgess&
O'Keefe, 1996; Hartley et al., 2000; Kali & Dayan,2000;
Sharp,1991; Sharpet al., 1996). Thesemodelsmake two
broadassumptionsaboutthebasisof theplacecode.Oneis
that thehippocampusreceivesinputsfrom theEC thathave
a spatial-geometriccharacter. Thesecondassumptionis that
thehippocampussupportsa conjunctive codingof thesein-
puts,resultingin a sharper, morefocusedspatialrepresenta-
tion.

In onepopulartheory(Burgess& O'Keefe,1996;Hartley
et al., 2000), entorhinalcells are assumedto codefor the
distanceto a particularlandmark,suchasa wall, within the
environment. Hippocampalcells receive input from a num-
berof entorhinalcells,resultingin a relatively focusedplace
�eld. For instance,oneentorhinalcell might respondprefer-
entially whenever theanimalis 10 cm from theEasternwall
of anenclosure,resultingin aplace�eld shapedlikea“strip”
runningNorth-South10 cm from theEasternwall. Another
entorhinalcell mightrespondpreferentiallywheneverthean-
imal is 8 cmfrom theNorthernwall of theenclosure.In other
treatments(Brunel & Trullier, 1998; Kali & Dayan,2000),
theentorhinalinputsareassumedto retaindirectionality, as
well assensitivity to the distanceof landmarks.The inclu-
sionof directionalityis consistentwith anencodingof “local
view” information.

Receptive �eld modelsrely on a conjunctive codeof en-
torhinal representations.For instance,Brunel and Trullier
(1998) and Kali and Dayan(2000) showed that by means
of conjunctive coding, broad, directionally-sensitive place
�elds in EC cangive rise to focused,non-directional�elds
in thehippocampus.Conjunctivecodingfrom multiple,non-
speci�c entorhinalcellscangive riseto a morespeci�c hip-
pocampalrepresentation.To usetheexampleabove, a hip-
pocampalcell might receive input from thesetwo entorhinal
cells andhave a place�eld that is in the North-Eastquad-
rantof theenclosure,10 cm from theEasternwall and8 cm
from the Northernwall. In this example,the hippocampus
providesa more focusedspatialrepresentationthanEC by
meansof a conjunctive representation.This is quite con-
sistentwith recent�ndings of AndersonandJeffery (2003)
that somehippocampalplace�elds weremodulatedby the
presenceof non-spatialenvironmentalstimuli in a conjunc-

tive fashion.Thecombinationof spatial-geometricinputand
conjunctiveencodingleadsto someveryspeci�c predictions.
For instance,if theinputsto hippocampalplacecellsarecod-
ing for distancesto the boundaryin an environment, then
hippocampalplace cells should deform in a very speci�c
way astheenvironmentis stretched.Thesepredictionshave
beendirectlyobservedin quitedramaticfashion(O'Keefe&
Burgess,1996).

Thepresenttreatment,in focusingexclusively on theen-
torhinal place code, is completely mute on the issue of
whetherornotthehippocampusgeneratesaconjunctivecode
of its inputs. The othermain assumptionof receptive �eld
modelsof the hippocampusis that cells in EC provide a
spatial-geometriccodeasinput to thehippocampus.At �rst
glance,it might seemthat this is in direct contrastto the
weightedsumover recentmovementsexploredhere. This
contrastcould be more apparentthan real. It is possible
that the weightedsum over recentmovementspostulated
hereapproximatesthe spatialassumptionsof the receptive
�eld modelssuf�ciently closelyto resultin comparablepre-
dictions if similar assumptionsaboutthe hippocampusare
made.For instance,a weightedsumover recentmovements
shouldweight recentmovementsstrongly, resultingin a di-
rectional selectivity, as assumedby somerecentreceptive
�eld models(Brunel& Trullier, 1998;Kali & Dayan,2000).
Similarly, a weightedsumover recentmovementsmight be
able to approximatethe speci�cation that entorhinalcells
codefor distanceto a wall of anenclosure.

This paperhastried to explain the entorhinalplacecode
usingsolelyself-motioninformationasinput to Eq. 6. This
shouldnot be taken as a statementthat t IN

i shouldcontain
onlyself-motioninformationin spatialapplications.Because
t i re�ects a temporal-spatialintegrator, a joint representation
of temporal-spatialcontext, we would expectthat exposure
to salientnon-spatialstimuli duringexplorationwould con-
tribute to t i . There is thereforeno fundamentaldif�culty
in modeling“receptive �elds” de�ned by a relationshipto
a landmark. Inputs t IN

i correspondingto landmarkstimuli
shouldbe ableto be “droppedin” to t i in the sameway as
retrieved temporalcontext from wordsare. In this way, ar-
gumentsadvancedin thecurrentmsis notnecessarilyincon-
sistentwith hippocampalplacecellsthatappearto bebound
to landmarksor conjunctionsof landmarks(e.g. Gothard,
Skaggs,Moore,& McNaughton,1996).

Contextual retrieval in spatialnavigation

In treatingrelationalmemorywe emphasizedthe impor-
tanceof new item-to-context learningin establishingan in-
termediatestimulusrepresentation.We arguedthat a non-
zerovalueof aN meantthat thehippocampuswasfunction-
ing normallyandallowedanitem to reconstructthestateof
context in EC that waspresentwhenthe item was initially
presented.In thatsection,we arguedthatsettingaN to zero
provideda goodmodelof hippocampallesionsin transitive
association(Figure12). In contrast,whenwe weretreating
theentorhinalplacecode,wesetaN to zerothroughout.How
is it thattheactivity of cells in EC duringspatialnavigation,
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believedto bethemostcharacteristicallyhippocampalfunc-
tion (O'Keefe & Nadel, 1978)can be describedundercir-
cumstancesthatcorrespondedto ahippocampallesionin our
treatmentof relationalmemory?

Althoughwe initially setg to zeroin treatingtheentorhi-
nal placecodeout of convenience,it is clearthat including
item-to-context learningin spatialnavigationwould require
someelaborationof themodel.Whatwould happenif gwas
setto anon-zerovaluein thespatialnavigationapplications?
The �rst decisionthat needsto be madeis what constitutes
an“item” to de�ne item-to-context learning(asin Eq.9). If
we simplyde�ne eachheaddirectionasan“item” this leads
to a very interesting,but suboptimalsituation. A thought
experimentshouldsuf�ce to illustrate.

A thoughtexperimentin which headdirectionsretrieve
context. Considerthesituationin which we have a seriesof
four movementsthat repeatin sequenceasthe animal runs
arounda squaremaze. We have four orthonormal“items,”
v0, vp � 2, vp and v3p � 2 correspondingto movementsin the
four cardinaldirections. Thesearerepeatedlypresentedin
order. We can then describethe behavior of t in termsof
thesefour basisvectors.If thereis no item-to-context learn-
ing, therewill be somethinglike a placecode—t i will be
differenton the four sidesof the square.Let us denotethe
activity ontheith segmentof theNth traversalof themazeas
t iN . Let us“turn on” new item-to-context learningwith g

�

1
andconsidertheasymptoticbehavior asN getslarge. After
asuf�ciently long time,t IN

iN shouldno longerchangewith N,
sothatt IN

i � N � 1�

�

tIN
iN . For this to bethecase,substitutinginto

Eq.9 tellsusthat

tIN
i � N � 1�

µ t iN
�

tIN
i � N � 1�

� (21)

For this to be true, t iN must lie in the samedirection as
tIN
i � N � 1�

. But t iN includesa term t IN
� i � 1� N. This meansthat

tIN
� i � 1� N, theinputvectorfrom thepreviousdirectionhasto lie

in thesamedirectionast IN
iN . Thesteadystateof thissystemis

for thet vectorscorrespondingto all four stagesof thepath
andall four inputvectorst IN to point in thesamedirection.19

This meansthat the spacespannedby t i after learninghas
collapsedinto a singlepoint. Thereis no longerany place-
speci�c �ring underthesecircumstances.After suf�cient ex-
perience,theplace�eld for everysimulatedcell wouldcover
theentiremaze.We concludefrom this thoughtexperiment
that self-motioninformationcannot retrieve context in the
sameway thatnon-spatialitemsdo in Eq.6.

Elaborationsof thecontextual retrieval rule. We justsaw
that it is insuf�cient to treat velocity vectorsas “items” in
engagingthe contextual retrieval rule (Eq. 9). How might
TCM beelaboratedto accountfor hippocampalfunctiondur-
ing spatialnavigation?Onepossibilityis thatfor an“item” to
engagethenew item-to-context learningrule (Eq.9) it must
have certainpropertiesthat are not met by input from the
headdirectionsystem,but that aremet by words in a ran-
domly assembledlist and other non-spatialstimuli. There

areseveral propertiesthat distinguishtheseclassesof stim-
uli. For instance,it is possiblethattheanatomyand/orphys-
iology of the MTL is suchthat headdirection inputs can-
notengagenew item-to-context learningwhereasnon-spatial
stimuli can.It is possiblethatto engagenew item-to-context
learningit is necessaryto have a rapid changein the item
representation.This is moreplausiblefor non-spatialstimuli
thanfor headdirection—physicsandtheinherentoverlapin
thetuningcurvesof headdirectioncellsmeansthatyoucan't
“turn on” oneparticularheaddirectionall at once. If this is
the case,thena high-pass�lter at the input endof the hip-
pocampus(perhapsthedentategyrus)couldaccomplishthis
task.Anotherpossibilityis thatnew item-to-context learning
could only be engagedby items with suf�ciently low fre-
quency. Theheaddirectionsystemis active moreor lessall
the time, whereasthe typesof non-spatialstimuli typically
usedin memoryexperimentsareinfrequentlyencountered.

If the hippocampusdoesnot associateheaddirections
to positionalrepresentationsduring spatialnavigation, then
what doesit do? Redish(1999)hassuggestedthat thehip-
pocampusplaysarolein spatialnavigationby retrievingcon-
text to helporient theanimalwhenit entersa new environ-
ment.Anotherpossibility is that thehippocampusdoesper-
form new item-to-context learningduringspatialnavigation,
but that this processis restrictedto salient environmental
stimuli. This could be importantin associatingnon-spatial
stimuli to spatiallocations(Burgess,Maguire,& O'Keefe,
2002;Gilbert & Kesner, 2002). Recently, Burgessandcol-
leagues(Burgess,2002;Burgesset al., 2002)have hypoth-
esizedthatwhenpresentedwith itemsencounteredin a vir-
tual environment,the hippocampusplays a key role in re-
trieving thespatialcontext theitem waslearnedin. This hy-
pothesisis supportedby bothneuropsychology(Spiersetal.,
2001) and functional imaging (Burgess,Maguire, Spiers,
& O'Keefe, 2001). Contextual retrieval of salientstimuli
could alsobe importantin supportingbehavioral path inte-
gration. To return to the homecage,the rat mustpresum-
ably recover the spatial representationof the homecage's
location. If presentingthe item “home cage” as a probe,
thenretrieved context would be the locationof that object.
This interpretationis consistentwith lesion studiesof be-
havioral pathintegration,which show thatanimalswith hip-
pocampaldamagecannotreturndirectly to their startingpo-
sition (Maaswinkel, Jarrard,& Whishaw, 1999; Whishaw,
McKenna,& Maaswinkel, 1997; Whishaw & Maaswinkel,
1998but seeAlyan & McNaughton,1999).The�nding that
hippocampalplace�elds in blind ratsonly becomealigned
after the �rst experiencewith a distinctive landmarkobject
(Save,Cressant,Thinus-Blanc,& Poucet,1998)is alsoquite
consistentwith theideathatcontextual learningandretrieval
only engagessuf�ciently distinctivestimuli.

At thevery leastthemesoscopiccomputationalapproach
takenherehasenabledusto framethequestionof hippocam-
pal functionin awaythat,if satis�ed,will besimultaneously
consistentwith considerationsfrom multipledomains.If one

19 If we have four orthonormalinput vectorsinitially, thesteady
stateis thevectorwith all four componentssetto 1� 2.
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canmodelhippocampalplacecell behavior in awaythaten-
ablesthe hippocampusto reconstructthe stateof EC when
presentedwith a repeatednon-spatialstimulus,thenthe re-
sulting physiologicalmodel would be able to explain data
from a broadvarietyof cognitivememorytasks.

Conclusions

The TemporalContext Model (TCM), developedto de-
scribeessentialpropertiesof episodicrecall, captureskey
propertiesof both the entorhinalplacecodeand relational
memory. It doesso by proposingthe existenceof a leaky
integrator, andchangesin stimulusrepresentations,respec-
tively. Both mechanismsare consistentwith observed
cellular-level data.TCM canaddressdataacrossa wide va-
riety of tasks,providing a �rst steptowarda uni�ed compu-
tationalaccountof MTL function.
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AppendixA: A workedexample
illustratingtherecency effect

Table2 showsa workedexamplethatillustrateshow con-
textualdrift resultsin recency in TCM. In thisexample,items
A, B andC werepresentedat times1, 2, and3, respectively.
In the example an immediaterecall test was presentedat
time-step4. In this case,therewasno item presentedand
thusno contextual drift so that tT

�

t3.20 At theendof the
list,

MTF
T �

MTF
0

�

fAt �1
�

fBt �2
�

fCt �3 �

(22)

whereMTF
0 is the stateof the matrix beforethe list is pre-

sented.We will assumefor simplicity thatthereareno terms
in MTF

0 involving theitemrepresentationsof theitemsin the
list.21 Let us explicitly calculatethe cue strengthbetween
tT anditem B. This cuestrengthis fB

�

MTF
T tT . First, let us

calculatefB
�

MTF
T :

fB
� MTF

T �

fB
�

�

MTF
0

�

fAt �1
�

fBt �2
�

fCt �3 �

�

fB
� MTF

0
�

fB
� fAt �1

�

fB
� fBt �2

�

fB
� fCt �3

�

0
�

� 0� t �1
�

� 1� t �2
�

� 0� t �3

�

t �2 (23)

Thethird line followsfrom ourassumptionthattheitemrep-
resentationsareorthonormal.Multiplying M TF from theleft
with the item representationfB

�

has“picked out” only the
termsin MTF involving fB. Fromthis,we seethatai for item
B is just t

�2tT . This is illustratesthe statementmadeearlier
thatthecuestrengthbetweenanitemandastateof context is
thesimilarity of thecuecontext to thestatesof context that
obtainedwhentheitem waspresented—inthis casetB.

Let usexplicitly calculatethisquantity, usingthefactthat
tT in this exampleis just t3:

aB
�

t2 


t3
�

t2 
 �

r t2
�

btIN
C1 �

�

r t2 


t2
�

bt2 


tIN
C1

�

r � 1
�

b � 0

Wherethelast line follows from theconstraintthat
���

t i ���

�

1
for all i and the assumptionthat initially all the input vec-
tors tIN

i from a randomword list areorthonormal.The last
columnin Table2 givestheprobabilitythatthe�rst item re-
calledwith tT asacuewill beA, B orC. Thesevaluesaddup
to one,whichis consistentwith thede�nition of theprobabil-
ity of �rst recall (Laming,1999;Howard& Kahana,1999).

It is importantto notethatwhile TCM hasbeenappliedex-
tensively to free recall, it doesnot containany of the sam-
pling andrecovery rulesthatwould benecessaryto produce
acompletedescriptionof thetask(suchasthosespeci�edby
SAM Raaijmakers& Shiffrin, 1980,1981).

AppendixB: Calculationof aO
andaN oneachtrial

Whenitemsarepresentedin contexts that aresimilar to
theinputpatternsthey evoke(i.e.t IN

i 


t i � 1 �

0), theconstraint
that

���

tIN
r �

1
���

requiresthataO andaN bedifferenton such
trials comparedto trials wherethereis no suchsimilarity. If
aO andaN werenotableto changevaluefrom trial to trial to
enforcetheconditionthat

���

t IN
i ���

�

1, thenEq.9 couldenable
���

tIN
���

to grow withoutbound,or decayto zerowith repeated
item presentations.Eachtime an item is presentedat time
stepi, theconstraintthatthelengthof theinputpatternwhen
that item is repeatedat time stepr is unity,

���

t IN
r ���

�

1, leads
to theequation,

a2
O

�

1
g2 �

2gt i 


tIN
i

�

1
� (24)

If thereis nosimilarity betweent IN
i andt i � 1, thent i 


tIN
i �

b
from Eq. 6. The valueof aO canbe determinedfrom this
equation,giveng. Wheng

�

0, aO
�

1 for all presentations.
Wheng

�

0, asin theintactcase,thevalueof aO dependson
thesimilarity of theinputpatternt IN

i to thecontextualpattern
t i . Oncea valuefor aO is calculated,aN is thendetermined
from the de�nition of g. We assumethat the initial inputs
evokedby thestimuli areorthonormal,t IN

A1 


tIN
B1 �

dAB, where
dAB is oneif A

�

B and0 otherwise.

AppendixC: A workedexample
illustratingassociativeeffects

Table3 shows a workedexampleillustratingtheassocia-
tive effectsattributedto the two components.In this exam-
ple,� veitems,A throughE arepresentedin sequenceat time
steps1 through5. Weassumethatanin�nitely longdelayin-
tervenesbeforetherecalltest,suchthattT � 1 


t i
�

0 for all the
itemsin the list. To illustratethe associative effectscaused
by retrieved context, at the time of testT, we presentitem
C asa cuefor recall of the other itemsin the list. In treat-
ing freerecall,previousstudies(Howard& Kahana,2002a;
Howardet al., In revision; Howard,2004)have presenteda
just-recalleditem to the network asa cue to retrieve other
itemsto generateaCRPfunction.Equation9 tellsusthatthe
context retrievedby C whenit is presentedthesecondtime,
asa cue,will bea combinationof thestateinitially evoked,
plus the stateof context that obtainedwhenC wasinitially
presented:

tIN
C2 �

aOtIN
C1

�

aNtC1 � (25)

20 Undersomecircumstances,it might be desirableto consider
thatthe“recall signal” itself causessomedegreeof contextualdrift.

21 We could alsoassumethat therewasno overlapbetweenthe
pre-listcontexts andthetestcontext.
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Table2
Workedexampleshowingthevaluesof variousquantitiesnecessaryto calculateprobabilityof recall for several items.In this
example, itemsA,B andC arepresentedat times1, 2, and3 respectively. Therecall testwasgivenat timeT. For convenience,
t hasbeensetto 2. Thelast columnshowstheprobabilityof recallingeach item�r st if r

�

0 � 7.
i f i t i DMTF ai P � i

�

tT �

0 0 t0 0
1 fA r t0

�

btIN
A1

fAt
�1 t1 


t3
�

r 2 0.26
2 fB r t1

�

btIN
B1

fBt
�2 t2 


t3
�

r 0.32
3 fC r t2

�

btIN
C1

fCt
�3 t3 


t3
�

1 0.43
T 0 t3 0

Table3
Workedexampleshowingthevaluesof variousquantitiesnecessaryto calculateprobabilityof recall for several items.In this
example, itemsA, B,C, D andE are presentedat times1, 2, and3 respectively. Aftera verylongdelay, itemC waspresented
asa cuefor a recall testat timeT. For convenience, t hasbeensetto 2, andgsetto one. Thelastcolumnshowstheprobability
of recallingeach itemin responseto C asa cuefor r

�

0 � 7.
i f i t i DMTF ai P � i

�

tT �

0 0 t0 0
1 fA r t0

�

btIN
A1

fAt
�1 t1 


tT
�

baNr 2 0.22
2 fB r t1

�

btIN
B1

fBt
�2 t2 


tT
�

baNr 0.23
3 fC r t2

�

btIN
C1

fCt
�3

4 fD r t3
�

btIN
D1

fCt
�3 t4 


tT
�

br � aN
�

baO � 0.29
5 fE r t4

�

btIN
E1

fCt
�3 t5 


tT
�

br 2
� aN

�

baO � 0.26
...
T fC r tT � 1

�

btIN
C2

fCt
�T

For this example,we assumethatg
�

1, meaningthataO
�

aN. Wealsoassumethatall of theinitial inputsareorthonor-
mal,andorthogonalto t0 andtT � 1. Now, thestateof context
usedto cuerecallof A, B, D andE is just

tT
�

r tT � 1
�

btIN
C2

�

r tT � 1
�

b
�

aOtIN
C1

�

aNtC1 �

First, let'sexplicitly calculatethecuestrengthof tT to B:

aB
�

tB1 


tT

�

tB1 

�

r tT � 1
�

btIN
C2 �

�

tB1 


�

r tT � 1
�

b
�

aOtIN
C1

�

aNtC1 � �

�

r tB1 


tT � 1
�

baOtB1 


tIN
C1

�

baNtB1 


tC1

�

r � 0
�

baO � 0
�

baNtB1 

�

r tB1

�

btIN
C1 �

�

baNr

In particular, the last line takes advantageof the fact that
tB1 


tIN
C1 �

0. Note that if aN
�

0, then aB
�

0—the cue
strengthof the item immediatelyprecedingthe cuegoesto
zero.Now let'scalculatethecuestrengthof tT to A. Picking
thederivationup furtherin thanthelastone,we �nd

aA
�

tA1 


tT

�

tA1 


b
�

aOtIN
C1

�

aNtC1 �

�

baOtB1 


tIN
C1

�

baNtA1 


tC1

�

baO � 0
�

baNtA1 
 �

r tB1

�

btIN
C1 �

�

baNtA1 


�

r
�

r tA1

�

btIN
B1 �

�

btIN
C1 �

�

baN �

r 2
� 1

�

br � 0
�

b � 0
�

We seefrom this thatthecuestrengthof A, theitem two be-
fore thecue,is alsozeroif aN

�

0. Whennot zero,it lower
thanthecuestrengthfor B, becauseit includesanextrafactor
of r . This illustratesthe contiguity effect—itemscloserto
thecuehave a highercuestrength(andarethusmorelikely
to berecalled).

In the forwarddirection,not only doesthe tC1 termfrom
tIN
C2

contribute to the cuestrength,but so doesthe t IN
C1

term.
This is so becausethe context from itemsthat followedC1
includea termwith t IN

C1
. For instance,

tD1 �

r tC1

�

btIN
D1

�

r
�

r tB1

�

btIN
C1 �

�

btIN
D1

�

Wherethe secondline follows from the �rst by expanding
tC1 usingEq.6. Fromthis we canseethattD1 


tIN
C1 �

rb . As
a consequence,

aD
�

btD1 


tIN
C2

�

btD1 
 �

aOtIN
C1

�

aNtC1 �
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�

b
�

aOtD1 


tIN
C1

�

aNtD1 


tC1 �

�

b � aOrb
�

ra N �

�

br � aOb
�

aN �

Wecanseethatthis is greaterthanaB if aO �

0. This imple-
mentsassociative asymmetry. The cuestrengthto E is just
this expressionwith anadditionalfactorof r :

aE
�

r aD
�

(26)

showing evidencefor contiguity.

AppendixD: Derivationof
transitiveassociations

The following derivation assumesthat in a �rst stageof
learning,A � B is presented,followedby B � C in asecond
stageof learning. Eachpair is presentedjust oncein this
derivation. We will refer to thestateof context prior to pre-
sentationof A in the�rst stageof learningast1 andthestate
prior to thepresentationof B in thesecondstageast2. We
assumethatthedelaybetweenphasesof learningis in�nitely
longsothatt1 


t2
�

0. So,itemA is presentedattimestepA1,
itemB is presentedat timestepB1, andthenlaterat timestep
B2, anditemC is presentedat time stepC2. We assumethat
theinitial inputsfrom eachitem(t IN

A1
, tIN

B1
andtIN

C2
, but not t IN

B2
)

areorthonormal(meaning,orthogonalandof unit length),as
well asorthogonalto theinitial contextst1 andt2. Wedenote
thetimeof test,whenoneof theitemsis repeatedasacueas
timestepr. We assumethatthereis anin�nite delayprior to
testsothattr � 1 


tC2 �

0.22

For the�rst stageof learningwehave:

tA1 �

r t1
�

btIN
A1

tB1 �

r tA1

�

btIN
B1

�

During thesecondstageof learningwehave:

tB2 �

r t2
�

btIN
B2

tC2 �

r tB2

�

btIN
C2

�

The stateof context at time of test, tr , servesas the re-
trieval cue. This will include the input from the cue item
(for instance,t IN

Ar
if item A is thecue),aswell asthestateof

context tr � 1 prior to presentationof thecue.Thiscomponent
couldbe responsiblefor a recency effect (Murdock,1963b,
1963c,1963a),but we have assumedthat thereis an in�nite
delayso that tr � 1 is not aneffective retrieval cuefor any of
thestimuli. In thiscase,thecuestrengthis solelydetermined
by the input pattern(e.g. t IN

Ar
) retrieved by the cueitem. If

item A is presentedas a cue at time-stepAr , then the cue
strengthof item B is

btIN
Ar 


� tB1

�

tB2 � � (27)

Similarly, thecuestrengthfrom A to C afterlearningis just

btIN
Ar 


tC2 � (28)

Thecuepatternt IN
Ar

will bea functionof t IN
A1

andtA1, accord-
ing to Eq. 9. To determinethe valuefor eachof thesecue
strengths,we just needto expandthe t 's far enoughusing
Eqs.6 and9 sothattheir relationshipto t IN

A1
andtA1 is made

clear.
First we will show thatwhenA is presentedasa cue,the

cuestrengthto B is non-zeroevenwhenaN is zero.Thecue
strengthfrom A to B is proportionalto

tIN
Ar 


� tB1

�

tB2 �

�

�

aOtIN
A1

�

aNtA1 ���

�

r tA1

�

btIN
B1

�

r t2
�

btIN
B2 �

�

�

aOtIN
A1

�

aNtA1 ���

�

r tA1

�

btIN
B1

�

r t2
�

b
�

aOtIN
B1

�

aNtB1 �	�

�

aOr tIN
A1 


tA1

�

aNr tA1 


tA1

�

a2
NbtA1 


tB1

�

r
�

aOb
�

aN
�

a2
Nb

�

�

Thisvalueis non-zeroevenwhenaN
�

0. Similarly, thecue
strengthfrom B to C is proportionalto:

tIN
Br 


tC2 �

�

aOtIN
B2

�

aNtB2 � 


tC2

�

aObr
�

aNr

Again, this is non-zeroeven if aN
�

0. Learning of the
premisepairscanproceedevenin theabsenceof new item-
to-context learning.

In contrast,a non-zerotransitive associationbetweenA
andC dependscompletelyon theexistenceof new item-to-
context learning.Thecuestrengthfrom A to C is givenby:

tIN
Ar 


tC2 �

�

aOtIN
A1

�

aNtA1 �
�

�

r tB2

�

btIN
C2 �

�

�

aOtIN
A1

�

aNtA1 ���

�

r
�

r t2
�

btIN
B2 �

�

btIN
C2 �

�

�

aOtIN
A1

�

aNtA1 �
�

�

r
�

r t2
�

b
�

aOtIN
B1

�

aNtB1 �	�

�

btIN
C2 �

�

aOaNrb
�

tIN
A1 


tB1 �

�

a2
Nrb � tA1 


tB1 �

�

aOaNr 2b2 �

a2
Nr 2b

�

aNr 2b � aOb
�

aN �

The last line is Eq. 17 from themain text. Clearly, this cue
strengthgoesto zeroif aN

�

0, demonstratingthattransitive
associationsdependonnew item-to-context learning.

Within this framework, transitiveassociationsdevelopbe-
causeof thecontext retrievedduringthesecondpresentation
of B. WhenB becomesboundto contextual elementsfrom
A, theseelementsform partof thecontextual representation
associatedwith C, leadingultimatelyto thetransitiveassoci-
ation. To make this explicit, whenB is presentedthesecond

22 Thesesimplifying assumptionsenableus to avoid changesin
aO andaN that would occurasa consequenceof the assumption
that


�


tINi

�


. If thereis similarity betweentheinput t IN
i andtheprior

context t i , thenaO andaN mustbeadjusted.Seethediscussionof
normalizationin the descriptionof the simulationfor more infor-
mation.



TCM, THE PLACECODEAND RELATIONAL MEMORY 43

timeaspartof B � C,

tIN
B2 �

aOtIN
B1

�

aNtB1 � (29)

Thissecondterm,tB1 overlapsconsiderablywith thecontex-
tualelementsretrievedby A:

tB1 �

r tA1

�

btIN
B1

(30)

The contextual stateassociatedwith C, tC2, includest IN
B2

.
WhenaN �

0, thecontext retrievedby B on its secondpre-
sentationincludestA1 andtIN

A1
. In thepresenceof new item-

to-context learning,contextual elementsoriginatingfrom A
areassociatedto C. In theabsenceof item-to-context learn-
ing (i.e. whenaN

�

0), thenonly a stimulus-speci�crepre-
sentationfrom B contributestoC'scontext. In thiscasethere
will benoA � C association.


