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Abstract

A rich body of dataexists shawving that recollectionof specificinfor-
mation makesan importantcontritution to recognitionmemory which
is distinctfrom the contrikution of familiarity, andis notadequatelgap-
turedby existingunitarymemorymodels.Furthermoreneuropsycholog-
ical evidenceindicateghatrecollectionis subseredby thehippocampus.
We presenta model, basedlargely on known featuresof hippocampal
anatomyand physiology that accountdor the following key character
isticsof recollection:1) falserecollectionis rare(i.e., participantgarely
claimto recollecthaving studiednonstudiedtems),and2) increasingn-
terferencdeadsto lessrecollectionbut apparentlydoesnot compromise
the quality of recollection(i.e., the extentto which recollectednforma-
tion veridically reflectseventsthatoccurredat study).

1 Introduction

For nearly50 yearsmemoryresearchersave known thatour ability to remembespecific
pastepisodeglependgritically on the hippocampusin this paper we describeour initial
attemptto usea mechanisticallyexplicit modelof hippocampafunctionto explain awide
rangeof humanmemorydata.

Our understandingf hippocampafunctionfrom a computationaandbiological perspec-



tive is basedon our prior work (McClelland,McNaughton& O’Reilly, 1995;0'Reilly &

McClelland,1994). At the broadestevel, we think thatthe hippocampugxistsin partto

provide a memorysystenwhich canlearnarbitraryinformationrapidly without suffering
undueamountsof interference This memorysystemsits on top of, andworksin conjunc-
tion with, theneocorte, whichlearnsslowly overmary experiencesproducingintegrative
representationsf therelevantstatisticafeaturesof theervironment. Thehippocampusc-
complishegapid, relatively interference-freéearningby usingrelatively non-overlapping
(patternsepanted representationdPatternseparatioroccursasa resultof 1) the sparse-
nessof hippocampalepresentationgelative to cortical representationsgnd 2) the fact
thathippocampalnits aresensitve to conjunctionsof cortical features— giventwo cor-

tical patternswith 50% featureoverlap, the probability that a particular conjunctionof

featureswill be presenin bothpatternds muchlessthan50%.

We proposehatthe hippocampugroducesa relatively high-thresholdhigh-qualityrecol-
lective responseo testitems. The responsas “high-threshold”in the sensethat studied
items sometimedrigger rich recollection(definedas “retrieval of mostor all of the test
probes featurefrom memory”) but luresnever triggerrich recollection. The responsés

“high-quality” in the sense&hat, mostof the time, the recollectionsignal consistsof part
or all of a single studiedpattern,as opposedo a blend of studiedpatterns. The high-
threshold,high-quality natureof recollectioncan be explainedin termsof the conjunc-
tivity of hippocampatepresentationdnsofar asrecollectionis a function of whetherthe
featuresof the testprobewere encounteredogetherat study lures (which containmary

novel featureconjunctionsgvenif their constituentfeaturesare familiar) are unlikely to

triggerrich recollection;also,insofar asthe hippocampustoresfeatureconjunctiongas
opposedo individual features) featureswhich appearedogetherat study are likely to

appeartogetherat test. Importantly in accordancevith dual-processccountsof recog-
nition memory(Yonelinas,1994; Jacoby Yonelinas,& Jennings1996), we believe that
hippocampally-dienrecollectionis not the sole contrikutor to recognitionmemoryper

formance.Rather extensive evidenceexiststhatrecollectionis complementedby a “f all-

back” familiarity signalwhich participantsconsultwhenrich recollectiondoesnot occut

Thefamiliarity signalis mediatedy as-yetunspecifiedareaqlik ely includingtheparahip-
pocampatemporalcortex: Aggleton& Shaw, 1996;Miller & Desimone1994).

Ouraccountifferssubstantiallyffrom mostothercomputationaandmathematicatnodels
of recognitionmemory Most of thesemodelscomputethe “global match” betweenthe
testprobeandstoredmemorieqe.g.,Hintzman,1988;Gillund & Shiffrin, 1984);recollec-
tion in thesemodelsinvolvescomputinga similarity-weightedaverageof storedmemory
patterns.n othermemorymodelsrecollectionof anitem dependgritically on the extent
to which the component®f the item’s representationvere linked with that of the study
contet (e.g.,Chappell& Humphres,1994).Critically, recollectionin all of thesemodels
lacksthe high-thresholdhigh-qualitycharacteiof recollectionin our model. This is most
evidentwhenwe considerthe effectsof manipulationsvhich increasdnterferencee.g.,
increasinghe lengthof the studylist, or increasingnter-item similarity). As interference
increasesgglobalmatchingmodelspredictincreasingly‘blurry” recollection(reflectingthe
contribution of moreitemsto the compositeoutputvector),while the othermodelspredict
thatfalserecollectionof lureswill increaseln contrastpur modelpredictsthatincreasing
interferenceshouldleadto decreasedorrectrecollectionof studiedtestprobes but there
shouldbe no concomitantincreasdn “erroneous’typesof recollection(i.e., recollection
of detailswhich mismatchstudiedtestprobes.or rich recollectionof lures). This predic-
tion is consistentvith therecenffindingthatcorrectrecollectionof studiedtemsdecreases
with increasindist length(Yonelinas,1994). Lastly, althoughextantdatacertainlydo not
contradictthe claim that the veridicality of recollectionis robustto interferencewe ac-
knowledgethat additional,focusedexperimentatioris neededo definitively resole this
issue.



Figurel: Themodel. a) Shaws the areasandconnectiity, andthe correspondingolumnswithin
thelnput, EC,andCA1 (seetext). b) Shavs anexampleactiity pattern.Notethe sparseactiity in
theDG andCA3, andintermediatesparsenessf the CAL.

2 Architecture and Overall Behavior

Figure 1 shavs a diagramof our model, which containsthe basicanatomicakegions of
the hippocampalformation, as well as the entorhinalcortex (EC), which senes as the
primarycorticalinput/outputpathway for the hippocampusThemodelasdescribedelon
instantiates seriesof hypotheseaboutthe structureandfunctionof the hippocampusind
associatedortical areaswhich arebasedon anatomicabndphysiologicaldataandother
modelsasdescribedn O'Reilly andMcClelland(1994)andMcClellandetal. (1995),but
not elaboratediponsignificantlyhere.

Thelnputlayeractiity patternrepresentthestateof theECresultingfrom thepresentation
of a givenitem. We assumehatthe hippocampustoresandretrievesmemoriesby way
of reducedrepresentations the EC, which have a correspondenceith moreelaborated
representations otherareasof cortex thatis developedvia long-termcortical learning.
We furtherassumehatthereis a roughtopologyto the organizationof EC, with different
cortical areasand/orsub-areasepresentetby differentslots which canbe thoughtof as
representinglifferentfeaturedimensionf theinput (e.g.,color, font, semantideatures,
etc.). Our EC has36 slotswith four units per slot; oneunit perslot wasactive (with each
unit representing particular“featurevalue”). Input patternswere constructedrom pro-
totypesby randomlyselectingdifferentfeaturevaluesfor arandomsubsebf slots. There
aretwo functionally distinct layersof the EC, onewhich recevesinput from cortical ar
easandprojectsinto the hippocampugsuperficialor EC;,), andanotherwhich receves
projectionsfrom the CA1 andprojectsbackout to the cortex (deepor EC,,:). While the
representations theselayersareprobablydifferentin their details,we assumehatthey
arefunctionallyequivalent,andusethe samerepresentationacrossothfor corvenience.
EC;, projectsto threeareasof the hippocampusthe dentategyrus(DG), areaCA3, and
areaCAl. Thestorageof the input patternoccursthroughweightchangesn the feedfor
wardandrecurrentprojectionsinto the CA3, andthe CA3 to CA1 connectionsThe CA3
andCAL1 containthetwo primary representationsf the input pattern while the DG plays
animportantbut secondaryole asa pattern-separatioenhancefor the CA3.

The CA3 providesthe primary sparse pattern-separateadonjunctive representationle-
scribedabove. Thisis achieredby random partialconnectity betweerthe EC andCA3,
anda highthresholdfor activation(i.e., sparseness3uchthatthefew unitswhich areacti-
vatedin the CA3 (5% in our model)arethosewhich have the mostinputsfrom active EC
units. The oddsof a unit having sucha high proportionof inputsfrom eventwo relatively
similar EC patternsis low, resultingin patternseparationseeO’Reilly & McClelland,



1994for a muchmoredetailedandprecisetreatmenbf this issue,andtherole of the DG
in facilitating patternseparation)While theseCA3 representationareusefulfor allowing
rapid learningwithout undueinterferencethe pattern-separatioprocesseliminatesary
systematigelationshipbetweerthe CA3 patternandtheoriginal EC patternthatgave rise
toit. Thus,theremustbesomemeanf translatinghe CA3 patternbackinto thelanguage
of theEC. Thesimplesolutionof directly associatinghe CA3 patternwith thecorrespond-
ing EC patternis problematicdueto theinterferencecausedy therelatively high activity
levelsin the EC (around15%, and25%in our model). For this reasonwe think thatthe
translationis formedvia the CA1, which (asa resultof long-termlearning)is capableof
expandingEC representationigito sparsepatternghataremoreeasilylinkedto CA3, and
thenmappingthesesparsepatternsdackontothe EC.

Our CAl hasseparataepresentationsf small combinationsof slots (labeledcolumns;
columnscanbearbitrarily combinedo reproduceary valid EC representationThus,rep-
resentationsn CA1 are intermediatebetweenthe fully conjunctive CA3, and the fully
combinatorialEC. This is achieved in our modelby training a single CA1 columnof 32
unitswith slightly lessthan10%activity levelsto beableto reproduceary combinationof
patternsover 3 EC},, slots(64 differentcombinations)n a correspondingetof 3 EC,;:
slots. Theresultingweightsarereplicatedacrosscolumnscoveringthe entireEC (seeFig-
urela). Thecostof this schemas thatmoreCAL unitsarerequired(32 vs 12 percolumn
in the EC),whichis nonethelessonsistentith therelatively greaterexpansiorof thisarea
relative to otherhippocampabreasasa functionof corticalsize.

After learning,our modelrecollectsstudieditemsby simply reactvatingthe original CA3,
CAlandEC,,; patternsvia facilitatedweights. With partial or noisyinput patterngand
with interference) theseweightsand two forms of recurrencgthe “short loop” within
CA3, andthe “big loop” out to the EC andbackthroughthe entire hippocampusallow
the hippocampuso bootstrapts way into recallingthe completeoriginal pattern(pattern
completion. If the EC input patterncorresponds$o a nonstudiedbattern thentheweights
will not have beenfacilitatedfor this particularactiity pattern,andthe CA1 will not be
stronglydrivenby the CA3. Evenif the EC;,, actiity patterncorrespond$o two compo-
nentsthatwerepreviously studied,but not together(seebelaw), the conjunctive natureof
the CA3 representationwill minimizethe extentto whichrecalloccurs.

Recollectionis operationalizedssuccessfutecall of the testprobe. This raisesthe basic
problemthatthesystermeedgo beableto distinguishbetweerthe EC,,,; activationdueto
theiteminputon EC;, (eitherdirectly or via the CAl), andthatwhichis dueto activation
coming from recall in the CA3-CA1 pathway. One solutionto this problem,which is
suggestedby autocorrelatiorhistogramsduring reversible CA3 lesions(Mizumori et al.,
1989),is thatthe CA3 and CA1 are180° out of phasewith respecto the thetarhythm.
Thus, whenthe CA3 drivesthe CA1, it doesso at a point whenthe CA1 units would
otherwisebesilent,providing ameandor distinguishingoetweerEC andCA3 drivenCA1
actiation. We approximatesomethindik e thismechanisnioy simply turningoff the EC;,,
inputsto CA1 duringtesting.We assesthequality of hippocampatecallby comparinghe
resultingEC,,,; patternwith the EC;,, cue. Thenumberof active unitsthatmatchbetween
EC;, and EC,,; (labeledC) indicateshow muchof the testprobewasrecollected.The
numberof unitsthatareactive in EC,,; but notin ECj;, (labeledE) indicatesthe extent
to whichthemodelrecollectecanitem otherthanthetestprobe.

3 Activation and L earning Dynamics

Our modelis implementedusingthe Leabraframenork, which providesa robust mecha-
nismfor producingcontrolledlevelsof sparsectivationin the presencef recurrenfictiva-



tion dynamicsanda simple,effective Hebbianlearningrule (O’Reilly, 1996).. Theactiva-
tion functionis a simplethresholdedsingle-compartmenmeuronmodelwith continuous-
valuedspike rateoutput. Membranepotentialis updatedoy %t(t) =73.,9.(t)g:(E. —
Vin(t)), with 3 channelgc) correspondingo: e excitatoryinput; ! leak current;ands in-
hibitory input. Activationcommunicatedo othercellsis a simplethresholdedunction of

themembrangotential:y;(t) = 1/ (1 + m) As in the hippocampugandcor-

tex), all principal weights(synapticefficacies)are excitatory, while the local-circuitinhi-
bition controlspositive feedbacKoops(i.e., preventingepileptiformactivity) andproduces
sparserepresentationsLeabraassumeshat the inhibitory feedbackhasan approximate
set-point(i.e., strongactvity createxompensatoriallgtrongetinhibition, andvice-versa),
resultingin roughly constantoverall actiity levels, with a firm upperbound. Inhibitory
currentis givenby g; = gg,, + a(g; — 95,1), Where0 < ¢ < 1 is typically .25, and

6 Doy 9:9:(Ec—0O) - . , .
g° = = 5—— fortheunitswith thek ¢th andk + 1 ¢h highestexcitatoryinputs.
A simple,appropriatelynormalizedHebbiarruleis usedin Leabra:Aw;; = z;y; —yw;;,
which canbe seenas computingthe expectedvalue of the sendingunit’s actiity condi-
tionalonthereceier'sactivity (if treatedik e a binaryvariableactive with probabilityy;):
wij = (a;i|yj)p. Thisis essentiallythe samerule usedin standarccompetitize learningor
mixtures-of-Gaussians.

4 Interference and List-Length, Item Similarity

Here,we demonstrateéhat the hippocampatecollectionsystemdegradeswith increasing
interferencen a way that preseresits essentiahigh-thresholdhigh-qualitynature. Fig-
ure 2 shaws the effectsof list lengthanditem similarity on our C' and E measuresOnly
studieditemsappeain the high C', low E cornerrepresentingich recollection.As length
andsimilarity increasejnterferencaesultsin decreased’ for studieditems (withoutin-
creased), but critically thereis no changen respondindo new items. Interferencen our
modelarisesfrom the reducedbut neverthelesgxtant overlapbetweernrepresentations
thehippocampasystemasa functionof item similarity andnumberof itemsstored.To the
extentthatincreasinghumberof individual CA3 unitsarelinkedto multiple contradictory
CAl representationsheir contributionis reducedandeventuallyrecollectionfails. As for
thefrequentlyobtainedinding thatdecreasedecollectionof studieditemsis accompanied
by anincreasen overall falsealarms,we think this resultsfrom subjectsbeingforcedto
rely moreonthe (lessreliable)fallbackfamiliarity mechanism.

5 Conjunctivity and Associative Recognition

Now, we considerwhat happensvhenluresare constructedy recombiningelementsof
studiedpatterns(e.g., study “window-reason”and “car-oyster”, and testwith “window-
oyster”). Onerecentstudyfoundthatparticipantsaremuchmorelik ely to claim to recol-
lectstudiedpairsthanre-pairedures(Yonelinas,1997).Furthermoredatafrom this study
is consistentith the ideathat re-pairediuressometimegrigger recollectionof the stud-
ied word pairsthatwerere-combinedo generatehe lure; whenthis happengassuming
thateachword occurredin only one pair), the participantcan confidentlyrejectthe lure.
Our simulationdatais consistentwith thesefindings: For studiedword pairs, the model
(richly) recollecteothpaircomponent86%of thetime. As for re-pairedures,bothpair
componentsvere never recalledtogether but 16% of the time the modelrecollectedone
of the pair componentsalongwith the componenthatit was pairedwith at study The

INotethattheversionof Leabradescribedhereis anupdateto thecitedversion whichis currently
beingpreparedor publication.
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Figure2: Effectsof list lengthandsimilarity on recollectionperformance Responsesanbe cat-
egorizedaccordingto the thresholdsshavn, producingthreeregions: rich recollection(RR), weak
recollection(WR), and misrecollection(MR). Increasinglist lengthand similarity leadto lessrich
recollectionof studieditems(withoutincreasingmisrecollectiorfor theseitems),anddo not signifi-
cantlyaffectthemodels respondingo lures.

modelrespondedn a similar fashionto pairs consistingof one studiedword anda new
word (never recollectingboth pair componentsogethey but recollectingthe old item and
theitem it waspairedwith at study 13% of the time). Word pairs consistingof two new
itemsfailedto triggerrecollectionof evena singlepair componentSimilar findingswere
obtainedn our simulationof the (Hintzman,Curran,& Oppy, 1992)experimentinvolving
recombination®f word andplurality cues.

6 Discussion

While theresultspresentecbove have dealtwith the presentatiof completeprobestim-
uli for recognitionmemorytests,our modelis obviously capableof explainingcuedrecall
andrelatedphenomenauchassourceor context memoryby virtue of its patterncomple-
tion abilities. Therearea numberof interestingissuesthatthis raises. For example,we
predictthat successfultem recollectionwill be highly correlatedwith the ability to re-
call additionalinformationfrom the studyepisode sincebothrely on the sameunderlying
memory Further to the extentthat elderly adultsform lessdistinct encodingsof stimuli
(Rabinaitz & Ackerman,1982),this explainsboththeir impairedrecollectionon recog-
nition tests(Parkin & Walter, 1992)andtheir impairedmemoryfor contextual (“source”

details(Schacteetal., 1991).

In summaryexistingmathematicamodelsof recognitionrmemoryaremostlikely incorrect
in assuminghatrecognitionis performedvith onememorysystem.Globalmatchingmod-
elsmayprovideagoodaccounbf familiarity-basedecognition put they fail to accounfor
the contributionsof recollectionto recognition,asdiscussedbore. For example,global
matchingmodelspredictthatlureswhich are similar to studieditemswill alwaystrigger
a strongersignalthandissimilarlures; assuch,thesemodelscannot accountfor the fact
thatsometimesubjectanrejectsimilar lureswith high levelsof confidencgdue,in our
model.to recollectionof asimilar studiedtem; Brainerd,Reyna,& Kneer 1995;Hintzman
etal., 1992). Further globalmatchingmodelsconfoundthe signalfor the extentto which
individual componentsf thetestprobewerepresenatall duringstudy andsignalfor the



extentto which they occurredtogether We believe that thesesignalsmay be separable,
with recollection(implementedoy the hippocampusyhaving sensitvity to conjunctions
of featuresput notthe occurrencef individual featuresandfamiliarity (implementedy
corticalregions)shaving sensitvity to componenbccurrenceut not co-occurenceThis
division of laboris consistentvith recentdatashawving thatfamiliarity doesnot discrimi-
natewell betweenstudieditem pairsandluresconstructedy conjoiningitemsfrom two
differentstudiedpairs(solong asthe pairingsaretruly novel) (Yonelinas,1997),andwith
thepoint, setforth by (McClellandetal., 1995),thatcatastrophiinterferenceavould occur
if rapidlearning(requiredto learnfeatureco-occurrencesipook placein the neocortical
structuresvhich generateéhefamiliarity signal.
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