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Abstract

A rich body of dataexists showing that recollectionof speci�c infor-
mationmakesan importantcontribution to recognitionmemory, which
is distinctfrom thecontributionof familiarity, andis notadequatelycap-
turedbyexistingunitarymemorymodels.Furthermore,neuropsycholog-
icalevidenceindicatesthatrecollectionissubservedby thehippocampus.
We presenta model,basedlargely on known featuresof hippocampal
anatomyandphysiology, thataccountsfor the following key character-
isticsof recollection:1) falserecollectionis rare(i.e.,participantsrarely
claimto recollecthaving studiednonstudieditems),and2) increasingin-
terferenceleadsto lessrecollectionbut apparentlydoesnot compromise
thequality of recollection(i.e., theextentto which recollectedinforma-
tion veridicallyre�ects eventsthatoccurredat study).

1 Intr oduction

For nearly50years,memoryresearchershaveknown thatourability to rememberspeci�c
pastepisodesdependscritically on thehippocampus.In this paper, we describeour initial
attemptto usea mechanisticallyexplicit modelof hippocampalfunctionto explaina wide
rangeof humanmemorydata.

Our understandingof hippocampalfunctionfrom a computationalandbiologicalperspec-



tive is basedon our prior work (McClelland,McNaughton,& O'Reilly, 1995;O'Reilly &
McClelland,1994). At thebroadestlevel, we think that thehippocampusexists in part to
provide a memorysystemwhich canlearnarbitraryinformationrapidly without suffering
undueamountsof interference.Thismemorysystemsitson top of, andworksin conjunc-
tion with, theneocortex, whichlearnsslowly overmany experiences,producingintegrative
representationsof therelevantstatisticalfeaturesof theenvironment.Thehippocampusac-
complishesrapid,relatively interference-freelearningby usingrelatively non-overlapping
(patternseparated) representations.Patternseparationoccursasa resultof 1) thesparse-
nessof hippocampalrepresentations(relative to cortical representations),and2) the fact
thathippocampalunitsaresensitive to conjunctionsof cortical features— giventwo cor-
tical patternswith 50% featureoverlap, the probability that a particularconjunctionof
featureswill bepresentin bothpatternsis muchlessthan50%.

We proposethatthehippocampusproducesa relatively high-threshold,high-qualityrecol-
lective responseto testitems. The responseis “high-threshold”in the sensethat studied
itemssometimestrigger rich recollection(de�ned as“retrieval of mostor all of the test
probe's featuresfrom memory”)but luresnever triggerrich recollection.Theresponseis
“high-quality” in the sensethat,mostof the time, the recollectionsignalconsistsof part
or all of a singlestudiedpattern,as opposedto a blend of studiedpatterns. The high-
threshold,high-qualitynatureof recollectioncanbe explainedin termsof the conjunc-
tivity of hippocampalrepresentations:Insofar asrecollectionis a functionof whetherthe
featuresof the testprobewereencounteredtogetherat study, lures(which containmany
novel featureconjunctions,even if their constituentfeaturesarefamiliar) areunlikely to
trigger rich recollection;also,insofar asthehippocampusstoresfeatureconjunctions(as
opposedto individual features),featureswhich appearedtogetherat study are likely to
appeartogetherat test. Importantly, in accordancewith dual-processaccountsof recog-
nition memory(Yonelinas,1994;Jacoby, Yonelinas,& Jennings,1996),we believe that
hippocampally-drivenrecollectionis not the solecontributor to recognitionmemoryper-
formance.Rather, extensive evidenceexists that recollectionis complementedby a “f all-
back” familiarity signalwhich participantsconsultwhenrich recollectiondoesnot occur.
Thefamiliarity signalis mediatedby as-yetunspeci�edareas(likely includingtheparahip-
pocampaltemporalcortex: Aggleton& Shaw, 1996;Miller & Desimone,1994).

Ouraccountdifferssubstantiallyfrom mostothercomputationalandmathematicalmodels
of recognitionmemory. Most of thesemodelscomputethe “global match” betweenthe
testprobeandstoredmemories(e.g.,Hintzman,1988;Gillund & Shiffrin, 1984);recollec-
tion in thesemodelsinvolvescomputinga similarity-weightedaverageof storedmemory
patterns.In othermemorymodels,recollectionof anitem dependscritically on theextent
to which the componentsof the item's representationwerelinked with that of the study
context (e.g.,Chappell& Humphreys,1994).Critically, recollectionin all of thesemodels
lacksthehigh-threshold,high-qualitycharacterof recollectionin our model.This is most
evident whenwe considerthe effectsof manipulationswhich increaseinterference(e.g.,
increasingthelengthof thestudylist, or increasinginter-itemsimilarity). As interference
increases,globalmatchingmodelspredictincreasingly“blurry” recollection(re�ecting the
contributionof moreitemsto thecompositeoutputvector),while theothermodelspredict
thatfalserecollectionof lureswill increase.In contrast,ourmodelpredictsthatincreasing
interferenceshouldleadto decreasedcorrectrecollectionof studiedtestprobes,but there
shouldbeno concomitantincreasein “erroneous”typesof recollection(i.e., recollection
of detailswhich mismatchstudiedtestprobes,or rich recollectionof lures). This predic-
tion is consistentwith therecent�nding thatcorrectrecollectionof studieditemsdecreases
with increasinglist length(Yonelinas,1994).Lastly, althoughextantdatacertainlydo not
contradictthe claim that the veridicality of recollectionis robust to interference,we ac-
knowledgethat additional,focusedexperimentationis neededto de�niti vely resolve this
issue.
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Figure1: Themodel. a) Shows theareasandconnectivity, andthecorrespondingcolumnswithin
theInput,EC,andCA1 (seetext). b) Shows anexampleactivity pattern.Notethesparseactivity in
theDG andCA3, andintermediatesparsenessof theCA1.

2 Architecture and Overall Behavior

Figure1 shows a diagramof our model,which containsthe basicanatomicalregionsof
the hippocampalformation, as well as the entorhinalcortex (EC), which serves as the
primarycorticalinput/outputpathwayfor thehippocampus.Themodelasdescribedbelow
instantiatesaseriesof hypothesesaboutthestructureandfunctionof thehippocampusand
associatedcorticalareas,which arebasedon anatomicalandphysiologicaldataandother
modelsasdescribedin O'Reilly andMcClelland(1994)andMcClellandet al. (1995),but
notelaborateduponsigni�cantly here.

TheInputlayeractivity patternrepresentsthestateof theECresultingfromthepresentation
of a given item. We assumethat the hippocampusstoresandretrievesmemoriesby way
of reducedrepresentationsin theEC, which have a correspondencewith moreelaborated
representationsin otherareasof cortex that is developedvia long-termcortical learning.
We furtherassumethat thereis a roughtopologyto theorganizationof EC,with different
corticalareasand/orsub-areasrepresentedby differentslots, which canbe thoughtof as
representingdifferentfeaturedimensionsof theinput (e.g.,color, font, semanticfeatures,
etc.). Our EC has36 slotswith four unitsperslot; oneunit perslot wasactive (with each
unit representinga particular“featurevalue”). Input patternswereconstructedfrom pro-
totypesby randomlyselectingdifferentfeaturevaluesfor a randomsubsetof slots.There
aretwo functionallydistinct layersof the EC, onewhich receivesinput from cortical ar-
easandprojectsinto thehippocampus(super�cial or
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), andanotherwhich receives
projectionsfrom theCA1 andprojectsbackout to thecortex (deepor

���	��

�

). While the
representationsin theselayersareprobablydifferentin their details,we assumethat they
arefunctionallyequivalent,andusethesamerepresentationsacrossbothfor convenience.

�������

projectsto threeareasof thehippocampus:thedentategyrus(DG), areaCA3, and
areaCA1. Thestorageof theinput patternoccursthroughweightchangesin thefeedfor-
wardandrecurrentprojectionsinto theCA3, andtheCA3 to CA1 connections.TheCA3
andCA1 containthetwo primaryrepresentationsof theinput pattern,while theDG plays
animportantbut secondaryroleasa pattern-separationenhancerfor theCA3.

The CA3 provides the primary sparse,pattern-separated,conjunctive representationde-
scribedabove. This is achievedby random,partialconnectivity betweentheEC andCA3,
andahigh thresholdfor activation(i.e.,sparseness),suchthatthefew unitswhichareacti-
vatedin theCA3 (5% in our model)arethosewhich have themostinputsfrom active EC
units. Theoddsof a unit having sucha high proportionof inputsfrom eventwo relatively
similar EC patternsis low, resultingin patternseparation(seeO'Reilly & McClelland,



1994for a muchmoredetailedandprecisetreatmentof this issue,andtherole of theDG
in facilitatingpatternseparation).While theseCA3 representationsareusefulfor allowing
rapid learningwithout undueinterference,the pattern-separationprocesseliminatesany
systematicrelationshipbetweentheCA3 patternandtheoriginalECpatternthatgaverise
to it. Thus,theremustbesomemeansof translatingtheCA3 patternbackinto thelanguage
of theEC.Thesimplesolutionof directlyassociatingtheCA3 patternwith thecorrespond-
ing EC patternis problematicdueto theinterferencecausedby therelatively high activity
levels in theEC (around15%,and25%in our model). For this reason,we think that the
translationis formedvia theCA1, which (asa resultof long-termlearning)is capableof
expandingECrepresentationsinto sparserpatternsthataremoreeasilylinkedto CA3, and
thenmappingthesesparserpatternsbackontotheEC.

Our CA1 hasseparaterepresentationsof small combinationsof slots(labeledcolumns);
columnscanbearbitrarilycombinedto reproduceany valid EC representation.Thus,rep-
resentationsin CA1 are intermediatebetweenthe fully conjunctive CA3, and the fully
combinatorialEC. This is achieved in our modelby traininga singleCA1 columnof 32
unitswith slightly lessthan10%activity levelsto beableto reproduceany combinationof
patternsover 3

��� ���

slots(64 differentcombinations)in a correspondingsetof 3
��� ��

�

slots.TheresultingweightsarereplicatedacrosscolumnscoveringtheentireEC(seeFig-
ure1a). Thecostof thisschemeis thatmoreCA1 unitsarerequired(32 vs12 percolumn
in theEC),whichis nonethelessconsistentwith therelativelygreaterexpansionof thisarea
relative to otherhippocampalareasasa functionof corticalsize.

After learning,ourmodelrecollectsstudieditemsby simplyreactivatingtheoriginalCA3,
CA1 and

���
��

�

patternsvia facilitatedweights.With partialor noisy input patterns(and
with interference),theseweightsand two forms of recurrence(the “short loop” within
CA3, andthe “big loop” out to the EC andbackthroughthe entirehippocampus)allow
thehippocampusto bootstrapits way into recallingthecompleteoriginal pattern(pattern
completion). If theEC input patterncorrespondsto a nonstudiedpattern,thentheweights
will not have beenfacilitatedfor this particularactivity pattern,andthe CA1 will not be
stronglydrivenby theCA3. Evenif the

���
���

activity patterncorrespondsto two compo-
nentsthatwerepreviouslystudied,but not together(seebelow), theconjunctivenatureof
theCA3 representationswill minimizetheextentto which recalloccurs.

Recollectionis operationalizedassuccessfulrecallof thetestprobe.This raisesthebasic
problemthatthesystemneedsto beabletodistinguishbetweenthe

���	� 
 �

activationdueto
theiteminputon

��� � �

(eitherdirectlyor via theCA1), andthatwhich is dueto activation
coming from recall in the CA3-CA1 pathway. One solution to this problem,which is
suggestedby autocorrelationhistogramsduring reversibleCA3 lesions(Mizumori et al.,
1989), is that the CA3 andCA1 are

�������

out of phasewith respectto the thetarhythm.
Thus, when the CA3 drives the CA1, it doesso at a point when the CA1 units would
otherwisebesilent,providingameansfor distinguishingbetweenECandCA3 drivenCA1
activation.Weapproximatesomethinglikethismechanismby simplyturningoff the

���
���

inputsto CA1 duringtesting.Weassessthequalityof hippocampalrecallby comparingthe
resulting
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��

�

patternwith the
��� � �

cue.Thenumberof activeunitsthatmatchbetween
���

���

and
��� ��

�

(labeled
�

) indicateshow muchof the testprobewasrecollected.The
numberof unitsthatareactive in

������

�

but not in
���

� �

(labeled
�

) indicatestheextent
to which themodelrecollectedanitemotherthanthetestprobe.

3 Activation and Learning Dynamics

Our modelis implementedusingtheLeabraframework, which providesa robustmecha-
nismfor producingcontrolledlevelsof sparseactivationin thepresenceof recurrentactiva-



tion dynamics,andasimple,effectiveHebbianlearningrule(O'Reilly, 1996)1. Theactiva-
tion function is a simplethresholdedsingle-compartmentneuronmodelwith continuous-
valuedspike rateoutput.Membranepotentialis updatedby
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, with 3 channels( � ) correspondingto: � excitatoryinput; � leakcurrent;and  in-
hibitory input. Activationcommunicatedto othercellsis a simplethresholdedfunctionof

themembranepotential: !#"
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���/.10124365 . As in thehippocampus(andcor-
tex), all principalweights(synapticef�cacies) areexcitatory, while the local-circuit inhi-
bition controlspositivefeedbackloops(i.e.,preventingepileptiformactivity) andproduces
sparserepresentations.Leabraassumesthat the inhibitory feedbackhasan approximate
set-point(i.e.,strongactivity createscompensatoriallystrongerinhibition,andvice-versa),
resultingin roughly constantoverall activity levels,with a �rm upperbound. Inhibitory
currentis givenby �
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A simple,appropriatelynormalizedHebbianrule is usedin Leabra:NPO
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which canbe seenascomputingthe expectedvalueof the sendingunit's activity condi-
tionalon thereceiver'sactivity (if treatedlikea binaryvariableactivewith probability !S" ):

O

�

"PTVU

Q

�XW

!Y"�Z\[ . This is essentiallythesamerule usedin standardcompetitive learningor
mixtures-of-Gaussians.

4 Interfer enceand List-Length, Item Similarity

Here,we demonstratethat thehippocampalrecollectionsystemdegradeswith increasing
interferencein a way thatpreservesits essentialhigh-threshold,high-qualitynature.Fig-
ure2 shows theeffectsof list lengthanditem similarity on our

�

and
�

measures.Only
studieditemsappearin thehigh

�

, low
�

cornerrepresentingrich recollection.As length
andsimilarity increase,interferenceresultsin decreased

�

for studieditems(without in-
creased

�

), but critically thereis nochangein respondingto new items.Interferencein our
modelarisesfrom thereducedbut neverthelessextantoverlapbetweenrepresentationsin
thehippocampalsystemasafunctionof itemsimilarity andnumberof itemsstored.To the
extentthatincreasingnumbersof individualCA3 unitsarelinkedto multiplecontradictory
CA1 representations,theircontributionis reduced,andeventuallyrecollectionfails. As for
thefrequentlyobtained�nding thatdecreasedrecollectionof studieditemsis accompanied
by an increasein overall falsealarms,we think this resultsfrom subjectsbeingforcedto
rely moreon the(lessreliable)fallbackfamiliarity mechanism.

5 Conjunctivity and AssociativeRecognition

Now, we considerwhat happenswhenluresareconstructedby recombiningelementsof
studiedpatterns(e.g., study“window-reason”and“car-oyster”, and testwith “window-
oyster”). Onerecentstudyfoundthatparticipantsaremuchmorelikely to claim to recol-
lectstudiedpairsthanre-pairedlures(Yonelinas,1997).Furthermore,datafrom thisstudy
is consistentwith the ideathat re-pairedluressometimestrigger recollectionof thestud-
ied word pairsthat werere-combinedto generatethe lure; whenthis happens(assuming
that eachword occurredin only onepair), the participantcancon�dently rejectthe lure.
Our simulationdatais consistentwith these�ndings: For studiedword pairs,the model
(richly) recollectedbothpaircomponents86%of thetime. As for re-pairedlures,bothpair
componentswerenever recalledtogether, but 16%of the time themodelrecollectedone
of the pair components,alongwith the componentthat it waspairedwith at study. The

1Notethattheversionof Leabradescribedhereis anupdateto thecitedversion,whichis currently
beingpreparedfor publication.
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Figure2: Effectsof list lengthandsimilarity on recollectionperformance.Responsescanbecat-
egorizedaccordingto the thresholdsshown, producingthreeregions: rich recollection(RR), weak
recollection(WR), andmisrecollection(MR). Increasinglist lengthandsimilarity leadto lessrich
recollectionof studieditems(without increasingmisrecollectionfor theseitems),anddo notsigni�-
cantlyaffect themodel's respondingto lures.

modelrespondedin a similar fashionto pairsconsistingof onestudiedword anda new
word (never recollectingbothpair componentstogether, but recollectingtheold item and
the item it waspairedwith at study13%of the time). Word pairsconsistingof two new
itemsfailedto triggerrecollectionof evena singlepair component.Similar �ndings were
obtainedin oursimulationof the(Hintzman,Curran,& Oppy, 1992)experimentinvolving
recombinationsof wordandplurality cues.

6 Discussion

While theresultspresentedabovehavedealtwith thepresentationof completeprobestim-
uli for recognitionmemorytests,ourmodelis obviouslycapableof explainingcuedrecall
andrelatedphenomenasuchassourceor context memoryby virtue of its patterncomple-
tion abilities. Therearea numberof interestingissuesthat this raises.For example,we
predict that successfulitem recollectionwill be highly correlatedwith the ability to re-
call additionalinformationfrom thestudyepisode,sincebothrely on thesameunderlying
memory. Further, to the extent that elderlyadultsform lessdistinctencodingsof stimuli
(Rabinowitz & Ackerman,1982),this explainsboth their impairedrecollectionon recog-
nition tests(Parkin & Walter, 1992)andtheir impairedmemoryfor contextual (“source”)
details(Schacteretal., 1991).

In summary, existingmathematicalmodelsof recognitionmemoryaremostlikely incorrect
in assumingthatrecognitionis performedwith onememorysystem.Globalmatchingmod-
elsmayprovideagoodaccountof familiarity-basedrecognition,but they fail to accountfor
the contributionsof recollectionto recognition,asdiscussedabove. For example,global
matchingmodelspredictthat lureswhich aresimilar to studieditemswill alwaystrigger
a strongersignalthandissimilarlures;assuch,thesemodelscannot accountfor the fact
thatsometimessubjectscanrejectsimilar lureswith high levelsof con�dence(due,in our
model,to recollectionof asimilarstudieditem;Brainerd,Reyna,& Kneer, 1995;Hintzman
et al., 1992).Further, globalmatchingmodelsconfoundthesignalfor theextentto which
individualcomponentsof thetestprobewerepresentatall duringstudy, andsignalfor the



extent to which they occurredtogether. We believe that thesesignalsmay be separable,
with recollection(implementedby the hippocampus)showing sensitivity to conjunctions
of features,but not theoccurrenceof individual features,andfamiliarity (implementedby
corticalregions)showing sensitivity to componentoccurrencebut not co-occurence.This
division of labor is consistentwith recentdatashowing that familiarity doesnot discrimi-
natewell betweenstudieditem pairsandluresconstructedby conjoiningitemsfrom two
differentstudiedpairs(solongasthepairingsaretruly novel) (Yonelinas,1997),andwith
thepoint,setforth by (McClellandetal.,1995),thatcatastrophicinterferencewouldoccur
if rapid learning(requiredto learnfeatureco-occurrences)took placein the neocortical
structureswhichgeneratethefamiliarity signal.
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