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Data and models about recognition and recall of words and non words are unified using a real-time
network processing theory. Lexical decision and word frequency effect data are analyzed in terms of
theoretical concepts that have unified data about development of circular reactions, imitation of novel
sounds, the matching of phonetic to articulatory requirements, serial and paired associate verbal
learning, free recall, unitization, categorical perception, selective adaptation, auditory contrast, and
word superiority effects. The theory, called adaptive resonance theory, arose from an analysis of how
a language system self-organizes in real time in response to its complex input environment. Such an
approach emphasizes the moment-by-moment dynamical interactions that control language development, learning, and stability. Properties of language performance emerge from an analysis of the
system constraints that govern stable language learning. Concepts such as logogens, verification, automatic activation, interactive activation, limited-capacity processing, conscious attention, serial search,
processing stages, speed-accuracy trade-off, situational frequency, familiarity, and encoding specificity
are revised and developed using this analysis. Concepts such as adaptive resonance, resonant equilibration
of short-term memory, bottom-up adaptive filtering, tQp-down adaptiveteml'late matching, competitive
masking field, unitized list representation, temporal order information over item representations,
attentional priming, attentional gain control, and list-item error trade-off are applied.

time to environmentswhoserules canchangeunpredictably.Only
a fewprinciples al1dreal-time mechanismsare neededto unify
a largedatabase.We believethat the unifying powerof the theory
is due to the fact that principles of adaptation-such as the laws
regulating development,learning, and unitization-are fundamental in determining the design of behavioral mechanisms.
This perspectivesuggeststhat the lack of a unifying account of
the data baseis due not to insufficient data quality or quantity
but to the use of conceptualparadigms that do not sufficiently
tap the principles of adaptation that govern behavioraldesigns.
Such adaptive principles are often called principles of self-organizationin theoreticalbiologyand physics(Basar,F1ohr,Haken,
& Mandell, 1983).
Many of the information processingmodels that have been
suggestedduring the past two decadeshave ignored principles
of self-organization.In models in which learning was included,
the learning rules and the information processingrules were
usually introduced as independenthypotheses.We suggestthat
the linkage betweenlearningand information processingis more
intimate than thesemodels suggest.A growing appreciation of
this closelinkage is suggestedby experiments that demonstrate
that five or six presentationsof a pseudowordcan endowit with
many of the identification properties of a high-frequencyword
(Salasoo,Shiffrin, & Feustel, 1985). Such an intimate linkage
was also evident in classicalparadigms such as serial verbal
learning (Underwood, 1966; Young, 1968), wherein the functional units, or chunks, governinga subject's performance can
change in a context-sensitiveway from trial to trial. The great
successes
of the 1970sin exploring information processingparadigmsmade it possibleto temporarily ignore vexing issuesconcerning dynamicallychangingfunctional units, but the price paid

1. Role of Learning in Word Recognition
An explosiveoutpouring of data during the pasttwo decades
hasdocumented many aspectsof how humans processlanguage
in responseto visualand auditory cues.With the data havearisen
a number of conceptualframeworks and models aimed at integratingdata from individual experimentalparadigmsand suggesting new experiments within these paradigms. A complex
patchwork of experiments and models has thus far organized
the data into a loose confederationof relatively isolated data
domains. The time is ripe for a synthesis.
A parallel line of theoretical developmentover the past two
decadeshas begunto achievesucha synthesis(Grossberg,1980,
1982b, 1982c, I 986b, 1986c; Grossberg & Kuperstein, 1985;
Grossberg& Mingolla, 1985). In this article the theory's principles and mechanismsare used to explain some challenging
data about letter and word recognition and recall. Alternative
modelsof letterand word recognitionand recallare alsoreviewed
and discussed.The theory's principles and mechanismsarose
from an analysisof how behavingindividuals can adapt in real
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has beenthe fragmentationof explanatory conceptsconcerning
this important data base.
To deeply understandword recognition and recall data, one
needsto analyzethe computational units that subservespeech,
language,and visualprocessing.One needsto considerhowthese
computational units acquire behavioralmeaning by reactingto
behavioralinputs and generatingbehavioraloutputs, howa particular choiceof computational units determinesa model's processingstagesand interactions between stages,and how such
conceptsare supportedor challengedby functionally relateddata
other than those under particular scrutiny. All the while, one
needsto explicate all the hidden processingassumptionsthat go
into a model and to test their plausibility and ability to arise
through self-organizationin a stable fashion.
The organizationof the presentarticle reflectsthe multifaceted
nature of its task. Sections2-5 reviewsomeof the main models
and empirical concepts that have been used to explain word
recognitiondata.The logogenmodel,the verification model,and
the Posnerand Snydermodel are reviewedusing conceptssuch
asautomatic activation,limited capacityattention, serialsearch,
and interactive activation. Experimental evidenceis cited that
suggests
the needfor multiple processingstagesin whatevermodel
is chosen.Internal and predictive limitations of thesemodelsare
noted to prepare for a resolution of thesedifficulties using our
theoretical framework.
Section6 beginsthe exposition of adaptive resonancetheory
with a discussionof the relations among the theory's computational units, its processingstages,and its mechanisms.Theseare
network mechanismswhoseinteractionsdefinethe theory'sprocessingstagesand give rise to its computational units. The computational units are spatial patterns of short-term memory activation and of long-term memory strength.The computational
properties of these units are emergent,or collective,properties
of the network interactions. These interactions do not include
serial programs, algorithms, or cognitive rule structures. Instead,the networkasa wholeactsasifintelligence is programmed
into it.
The network's emergentcomputational propertiesare not adequatelydescribedby the familiar metaphorsof symbol manipulation and number crunching. The spatial pattern units are
concrete yet indivisible entities that are capableof coding highly
abstractcontext-sensitiveinformation. Breaking sucha pattern
down into its constituent partsdestroysthe pattern's contextual
information and its behavioralmeaning.
Many possibletheories use spatial patterns as their computational units. Section7 describesthe main mechanismsthat set
apart the presenttheory from possiblealternatives.Just a few
mechanismsare needed,despite the theory's broad predictive
range. Section8 shows how these mechanismscan be used to
clarify fundamental conceptsfound in other models, such as
attention, limited capacity,and processingstage.Section9 goes
on to showhowthe distinction betweenattentional priming and
attentionalgain control can further clarify conceptsof automatic
spreadingactivation and consciousattention.
On the basis of these generalideas,we describethe theory's
hierarchical organizationin Section10. This discussionindicates
howthe theory's computational units and stagesdiffer in critical
waysfrom thoseusedin othertheories.We also clarify howword
recognition and recall are related to other types of speechand
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languageprocesses,notably to processesgoverningauditory feature detection, analysis by synthesis,matching phonetic to articulatory requirements,imitation of novel sounds,word superiority effects, temporal-order information over item representationsin short-term (or working) memory,and list chunking.
The severaldesignprinciples that are usedto determine the architecture of eachprocessingstageare also reviewed.
With both mechanisticand organizationalprocessingconcepts
in hand,we turn in Section II to a detailedanalysisof the lexical
decision data of Schvaneveldtand McDonald (1981). We show
how thesedata are clarified by a property of the theory called
the list-item error trade-offThis new trade-off is closelyrelated
to the speed-accuracytrade-off The analysisconsidersthe moment-by-moment influence of related, unrelated, and neutral
word primes on subsequentrecognition of word and nonword
targets under mask and no-mask presentationconditions. The
analysisclarifies how unconsciousprocessescan strongly influencethe courseof recognition (Marcel, 1980; MacKay, 1973).
Sections12-16 illustrate howthe theory can explaina different
type of word recognition and recall data. We analyzedata concerning the recognition of prior occurrence, familiarity, situational frequency,and encodingspecificity,suchas that of Mandler,
Tulving, Underwood,and their collaborators.We note problems
within the empirical models that have arisen from these data
and indicate how our theory overcomesthese problems. This
synthesisof severaldomains of recognition and recall data illustratesthe explanatory powerof processingconceptsthat have
beenderived from an analysis of languageself-organization.
We now turn to a description of severalof the most important
word recognition models and representativedata upon which
they were built. We recognizethat many variations are possible
within each framework. Our critique identifies core problems
with certain types of models. We acknowledgethat variations
on thesemodeltypes maybe devisedto partially overcomethese
core problems. Our critique suggeststhat any improved model
must deal with theseproblems in a principled and uncontrived
fashion. At the presenttime, these models do not seemto contain any principles that naturally overcome the problems.
Then we show how our theory deals with theseproblems in a
principled way.

2. Logogensand Embedding Fields
Many recent experiments on word recognition have been influenced either directly or indirectly by the seminal work of
Morton (1969,1970). The functional unit of Morton's model is
called the logogen:
The logogen is a device which accepts information from the sensory
analysismechanismsconcerningthe propertiesof linguistic stimuli and
from context-producingmechanisms.When the logogenhasaccumulated
more than a certain amount of information, a response(in the present
case the responseof a single word) is made available. (Morton, 1969,
p.165)
The logogen model can be instantiated as a real-time network.
In such a network, a combination of visual and auditory feature
detectors and semantically related contextual information can
input to network nodes that represent the logogens. When the
total input at a logogen node exceeds a threshold value, an output
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from the node is triggered. A node'sthreshold definesthe "level
of evidence" that its logogenrequiresbefore it can generateoutputs that influence other logogensor postlexical processes.
The logogenmodel is one of a family of network models that
arose in psychologyand neurobiology during the 1960s.In the
domain of visual neurophysiology,the classicalHartline-Ratliff
model of lateral inhibition in the retina of the horseshoecrab
(Ratliff, 1965)obeysthe sameformal rules. The Hartline-Ratliff
model also compares activation due to input incrementsand
decrementsto output thresholdsat network nodes.Although the
interpretation of nodal activations in such models may differ
depending on the processinglevels that they contain, all of the
models are, from a formal perspective,continuous versionsof
the influential binary-threshold McCullough-Pitts networksthat
were introduced in the 1940s(Pitts & McCullough, 1947).
The logogenmodel differs, however,from the Hartline-Ratliff
modelin yet another,equallyimportant way.Semanticallyrelated
logogensare assumedto interactmore stronglythan semantically
unrelated logogens.Thus a logogenis tacitly the outcome of a
learning process.Within Morton's theory, familiarization with
known words is conceptualized as a process whereby output
thresholdsfor existing logogensare lowered by repeatedpresentations. Lowering a threshold facilitates selection of a logogen.
However,the logogen'sinternal organizationdoes not changeas
a function of experience.The learningprocesseswherebyinternal
representationsfor words are organizedand maintained are not
rendered explicit or used to derive the model. We show that
mechanismswherebyinternal representations,suchas logogens,
are organizedand maintained have properties that also help to
explain familiarization effects. Moreover, changes in output
threshold are not amongthesemechanisms.Thus an analysisof
howlogogensbecomelogogensleadsto different explanationsof
the types of data that the logogen theory was constructed to
explain.
At the same time that Morton was developing his network
model for word recognition,Grossbergwas developingnetwork
models in which learning issueswere central. These networks,
called embeddingfields. were introduced to explain data about
human learning, suchas serial verbal learning and paired associate learning (Grossberg,1969d;Grossberg& Pepe,1971);performancespeed-upand perceptualmaskingdue to the interaction
betweenlearning, lateral inhibition, and thresholds (Grossberg,
1969b);and unitization of hierarchically organizedsensory-motor plans and synergies(Grossberg, 1969c, 1970b). Grossberg
also showedthat the Hartline-Ratliff network could be derived
as a specialcaseof an embedding field in which no learning
occurs (Grossberg, 1969b)and that the simplest circuits for
learning and performing sequential motor acts-the so-called
avalanchecircuits-were similar to the command cells of invertebrates(Grossberg,1970b, 1982c). Such derivations suggested
that formal similarities exist betweenthe processinglawsutilized
by vertebratesand invertebratesyet that theselawsare organized
into different circuits acrossspeciesto solve different classesof
environmentalproblems.Thus it was clear by the late 1960sthat
an analysisof learning could lead to conclusions about performance that cut acrossspeciesand psychological-neuralbound-

aries.
The originalembeddingfield theory also had a limited domain
of applicability beyond which its predictive power failed. The

nature of this failure helped to extend the theory by suggesting
other principles and mechanismsof self-organizationthat are
usedto generatecomplex behaviors(Grossberg,1982c).We indicate in this article how offspring of the original logogennetworks canbe unified by offspring of the original embeddingfield
networks.

3. Verification by Serial Search
The incompleteness of the logogen model was suggested by
severaltypes of evidence. Meyer, Schvaneveldt, and Ruddy (1974)
showed that in a lexical decision experiment, stimulus quality
and semantic context interact. Becker and Killion (1977) studied
the interaction between stimulus quality and word frequency.
This interaction, although in the direction predicted by the logogen model, did not reach statistical significance, and a power
calculation indicated that an interaction as small as 25 ms could
have been detected. Under the assumptions of the Sternberg
(1969) additive factor method, these data suggested that stimulus
quality and semantic context affect at least one common stage
of information processing, whereas stimulus quality and word
frequency influence different stages of information processing.
In particular, semantic context can influence the relatively early
stages of processing at which stimulus quality is important, and
word frequency influences a later processing stage. Because both
semantic context and word frequency effects arise through learning, these data also indicate that learning can go on at multiple
stages during language learning experiences.
The logogen model did not specify two levels at which learned
factors can operate, although considered as a framework rather
than a definite model, any number of levels could in principle
be contemplated. Instead, within the logogen model, semantic
context acts by supplying activation to target logogens from semantically related logogens. This type of context effect is equivalent to lowering the output threshold, or criterion, of the target
logogens, which is the mechanism used to account for faster
recognition of high-frequency words. In a lexical decision task,
such a lowering of criterion should induce bias toward word
responses. Schvaneveldt and McDonald (1981) summarized data
of Antos (1979), Lapinski and Tweedy (1976), McDonald (1977),
McDonald and Schvaneveldt (1978), and Schuberth (1978) that
disconfirmed this expectation. Semantic context thus does not
merely induce a criterion shift. Somehow, context facilitates the
processing of information in the stimulus.
The verification model was introduced to compensate for this
weakness of the logogen model (Becker, 1976; Becker & Killion,
1977; Becker, Schvaneve1dt, & Gomez, 1973; Paap, Newsome,
McDonald, & Schvaneveldt, 1982; Schvaneve1dt, Meyer, &
Becker, 1976). To deal with the two stages at which learned factors
can operate, the verification model
assumedthat the feature analysisand feature increment processis an
indeterminant one: a processthat results in numerous word detectors
exceedingcriterion. ...The
function of this type of processingis to
delineatea subsetof lexical memory items that are consistentwith the
primitive visual featureinformation. ...It
is assumedthat the verification processselectsa word from the sensoryset and usesan abstract
representationstored with the word to 'predict' the relational features
contained in visual memory. If the predicted relational features match
thosefound in visualmemory.thentheword that generatedthe predictions
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not succeededin finding any mechanismthat could self-organize
theseprocessingrequirements for a serialbuffer. Of course,one
might argue that a concept of verification can be salvagedby
characterizing suitable parallel mechanisms.Such a characterization is a primal'Y task of this article. Once such a characterizationis articulated,however,a finer processinglanguagereplaces
conceptssuchas verification.
Coltheart, Davelaar,Jonasson,and Besner (1977) obtained
evidenceagainstserial searchin word recognition usinga lexical
decision experiment. They varied the number (N) of English
words that can be produced by changing just one letter in the
target letter string, They found that reaction times to respond
"word" were independentof N, but reaction times to respond
"nonword" increasedwith N. Coltheart et al. used this type of
evidenceto argue againstserial searchand for some type of parallel accessto lexicalinformation. The relevanceof the Coltheart
et al. data to serial searchconcepts can be understood by considering severalcases.
Considera serial searchthat usesthe complete lexicon as its
searchset. Then both "word" and "nonword" responsesshould
depend on N in a similar way. If the time to make each match
Adding the verification processintroduced a secondstageat
were independentof N, then both sets of reaction times should
which learning could occur into the word recognitionliterature.
This secondstageoperatesaccordingto processingassumptions be independentof N. If the time to make each match depended
on N, then both sets of reaction times should depend on N. In
that deservefurther analysis.The assumption that verification
the verification mpdel, by contrast, a serial searchwould be reoperateson one word at a time createsproblems of implemenstricted to the visual set,the size of which increaseswith N. In
tation if serial mechanismsare used. In a serial processor,order
this situation,bec~usetimesto respond"nonword" would require
information is typically storedvia sometype of buffer.The order
an exhaustivesealTch
of the visual set,increasingsetsize should
in which items are arranged in the buffer slots determinesthe
order of search. In the verification model, two types of buffers increase reaction times. Times to respond "word" would not
would be needed.One would order items in terms of decreasing require an exhaustivesearch,but they too should increasewith
N, althoughlessrapidly. Thus the verification model is consistent
semantic relatedness,the other in terms of decreasingword frewith the Coltheart et al. experimentif the latter was not powerful
quency.
enough to detect the smaller effect of N on "word" response
To determine decreasingword frequency,pairwise comparisonsof all word frequenciesin the sensorysetor someequivalent reactiontimes. On the other hand,this explanationbecomesless
plausible if serial presorting operations increase exponentially
procedurewould haveto occur before any item could be stored
with N. To reconcilethis implication of a serialpresorting mechin the correspondingbuffer. The systemwould haveto be able
to compare arbitrary pairs of items, store the results of these anism with the Coltheart et al. data seemsto require that the
sum total of an e~ponentiallygrowing number of presorting oparbitrary comparisons,and then move and store the data reerations takes much less time than does a linearly increasing
peatedlyuntil a winner could be found. Only then could an item
number of buffer matching operations.Thus a specification of
be stored in the buffer. After the first item is stored,the entire
real-time serialmechanismsto instantiate the verification model
processwould be repeated on the remaining items. In short,
raisesconcerns not only about a serial model's ability to selfordering items according to word frequency in a serial buffer
organize,but also about the plausibility of the model's explaimplies the existenceof a complex presorting device in which
nations of certain data.
arbitrary pairs of items can be accessedand compared using a
Even if a parallel presorting mechanismis assumed,a mechprocedurewhosetotal number of operationsincreasesexponentially with candidatesetsize.The sametype of presortingprocess anistic analysisraisesa seriousproblem concerningthe assumption that "the interaction of intensity with context derivesfrom
would be neededto order items in the semantic setaccordingto
the effectof intensity on a processthat is necessaryto recognize
decreasingsemantic relatedness.It is left unclear in the verification model howto index word relatednessor word frequency a word out of context but that is bypassedfor a word in context"
(Becker& Killion, 1977,p. 396).The modelassertsthat the time
in a way that could support suchcomparisons.
to matchthe information in the sensorybuffer with items in the
Moreover,becausethe sensoryset cannot be searchedbefore
the semanticsetis fully sampled,one must assumethat matches semantic setdoes not depend on the quality of the sensoryinformation. The modelalsoassertsthat the activationof the visual
basedon word frequencydo not evenbegin until every item of
feature analyzersdoesdepend on the quality of information in
the semantic setis seriallyeliminated. Thus the demandsof the
the sensorybuffer; It is unclearwhatkind of matching mechanism
verification model on a serial buffer are much more severethan
could be insensitive to the quality of the information being
the demandsplaced on a serial buffer that attempts merely to
matched, especiallywhen the quality of this information does
store items in their presentationorder. Even such classicalserial
effect otherprocessingchannels.Thus, despitethe greatheuristic
buffer conceptsdo not fare well when they are analyzed from
the perspectiveof self-organization(Grossberg,1978b).We have~ value of the verification model, attempts to embody the model

is recognized.If the predictions fail to matchthe stimulus, anotherword
is sampled from the sensoryset to be compared against the stimulus.
Thus verification is an interactivecomparisonprocess that operateson
one word at a time [italics ours]. ...The operationof semanticcontext
in the verificationmodelis asfollows:When a context word is recognized,
a semanticpriming process,similar to that suggestedby Morton (1969),
activatesword detectorsthat are semanticallyrelated to the prime word
...it
is assumedthat the semanticallydefined set of words is sampled
by the verification processduring the time that the sensoryfeaturesetis
beingdefined.. ..Thus, if the stimulus presentedfollowing the prime
word DOCTOR
is semanticallyrelated, then that stimulus would be recognizedby the successfulverificationof a word selectedfrom the semantic
set. ..the effect of a semanticcontext is to bypassthe visual feature
analyzercomponentof the model. If the new stimulus is not related to
the context word, then the semanticset would be exhaustivelysampled
[italics ours], and verification would proceedto samplethe sensoryset
...for a word in context, the only effectsof intensity would be those
localizedin the peripheralvisualsystem. ..the interaction of intensity
with context derivesfrom the effectof intensity on a processthat is necessaryto recognizea word out of context but that is bypassedfor a word
in context. (Becker& Killion, 1977,pp. 395-396)
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using real-time mechanismsprovide convergingevidenceagainst
certain versionsof the verification process.

4. AutomaticActivationand
Limited-CapacityAttention
The verification model explicitly recognizesthat at leasttwo
processesare required to discussdata about word recognition.
Other two-processtheories havealso been useful in the analysis
of word recognitiondata. The popular model of Posnerand Synder (1975a)posits one processwherebya stimulus rapidly and
automaticallyactivatesits logogen,which in turn rapidly activates
a setof semanticallyrelated logogens.The secondprocessis realized by a limited-capacity attentional mechanism. It is slower
acting, cannot operatewithout consciousattention, and inhibits
the retrievalof information stored in logogenson which attention
is not focused. If a stimulus activates an unattended logogen,
that logogencan build up activation but cannot be read out for
postlexicalprocessingor responseselection.Before output can
occur from an active logogen,a limited-cap2city attentionalprocessmust be shifted to that logogen.
This two-process theory successfullyexplains various data
about word recognition (Neely, 1977; Posner& Snyder,1975b).
It also, however,raisesseriousquestions.For example,suppose
that attention happensto bemisdirected awayfrom the semantic
setthat is activated by a stimulus word. Howdoesthe processing
system then redirect attention to this semantic set?Unless attention is randomly redirected, which is manifestly false,or an
undefined agentredirectsattention toward the semantic set,signals from the logogensin the semantic set to the attentional
mechanismare the only agentswhereby attention can be redirected to the semanticset. As Neely (1977) noted,
the conscious-attentionmechanismdoes not inhibit the build-up of activation in unattended logogens,but rather inhibits the readout of in formation from unattendedlogogens. ..before the information stored at
the unattended logogencan be analyzedin preparation for responseini.
tiation, the conscious-attentionreadout mechanismmust be 'shifted' to
that logogen.(p. 228)

The Posner-Snydermodel is silent about howlogogensmay draw
attention to themselveswithout outputting to postlexical processes.
The key feature of the Posner-Snydermodel lies in the fact
that attention can eventuallyget redirected,that competitive or
limited-capacity processesare often involved in its redirection
and sharpening,and that theseprocessesoccur after the initial
wave of logogenactivation. At first glance, it may appear that
the incompletenessof the Posner-Snydermodel can be resolved
if an attention shift can be a consequenceof logogenoutput as
well as a causeof logogenoutput, as in the attention theory of
Grossberg(1975). Further consideration shows, however,that
the problem cannot be resolvedjust by assuming that active
logogenscan draw attention to themselves.In a spreadingactivation model,the activationacrosslogogenscanbe of unlimited
capacity. How an unlimited capacity output from logogensto
the attentional mechanism can be transformed into a limited
capacity output from logogensto other postlexicalprocessesis
not explained within the Posner-Snydermodel.

We trace this problem within the Posner-Snydermodel to its
very foundations,in particular, its choice of spreadingactivation
as a computational unit. By design,spreadingactivation of their
type does not have limited capacity. Even if each logogenwere
to activateconnectedlogogensby only a fraction of its current
activation,then the totallogogen activation could still growwith
the number of activated logogensand hence would not be of
limited capacity.By contrast,any modelwhoselexical processing
takes place among logogens must generate a limited capacity
logogenoutput to postlexical processes.In the Posner-Snyder
framework,an external mechanismthat interacts with spreading
activation is neededto generatea limited capacity among the
logogens,
becauseof the lack of an internal mechanismto restrict
the capacity.
In our theory,the computational unit is no longera spreading
activationamong network nodes.It is a spatial pattern of activity
that is processedasa whole acrossa field of network nodes.Such
a spatial pattern has limited capacity whether or not attention
is directed toward it. Thus our computational unit per sedoes
not require a two-processmodel. This changeof unit does,however,necessitatea far-reachingrevision in howone thinks about
basic notions suchas attention and capacity (Grossberg,1984).
The nature of thesechangesis hinted at by a comparison of
the verification model with the Posner-Snyder
model. Both modelshavepositeda secondprocesssubsequentto logogenactivation
to deal with word recognition data. In the light of our analysis
of the verification model, we can now ask: How doesthe rapid
activation of logogensinitiate competitive interactions, notably
interactions due to read-out of a top-down expectancythat is
matchedagainstsensorydata?Howdoesthe notion of verification
relate to the notion of attention? Can consciousattention be an
oil/come of verification, rather than its cause?

5. Interactive Activation and Parallel Access
The previous analysissuggestssome of the problems faced by
a verification processthat utilizes a serial searchmechanism.To
overcomesuchdifficulties,McClelland and Rumelhart described
a two-level model in which serial searchis replaced by parallel
access(McClelland & Rumelhart, 1981; Rumelhart & McClelland, 1982).The theory that we now apply, which was introduced in Grossberg (1978a),also has this "interactive activation" characteristic. We do not use the McClelland and Rumelhart formulation for several reasons. We have elsewhere
argued that their model cannot arise in a stable manner as a
result of a self-organizationprocessand that both its nodesand
its interactions are incompatible with some word recognition
data that our theory has successfullypredicted (Grossberg,1984,
1985).Within the generalframeworkof real-time networkmodels
exist many different possibilities. The presenttheory is one of
many "interactive activation," or real-time network, theories. It
happensto be one that is capable of stable self-organizationand
able to explain a largerdata basethan the McClelland and Rumelhart version. Rumelhart and Zipser (1985) have recently
considered how learning mechanisms may be appendedto the
interactive activation framework. The relation of theseresultsto
thosein the Grossberg(1976a)studyand relatedlearningmodels
are describedin the Grossberg(1986a)study.
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6. The ViewFromAdaptiveResonance
Theory
We explain word recognition data using the theory of human
memory that was developedby Grossberg(1978a). This theory
is more complex than many psychologicalmodels becauseit
analyzes how auditory, visual, cognitive, and motor representations can developand belearned in real time within individual
learningsubjects.The simultaneousconsiderationof severalmodalities by the theory enablesone to discovermany more design
constraintsthan can be discoveredby considerationof anyone
factor alone. For example, interactions between auditory and
motor factorsimpose constraints on how internal languagerepresentationsare initiated, imitated, chunked, recognized,and
usedto generatemotor commandsfor recall.Interactionsbetween
visual, auditory, and motor factors impose constraints on how
visual symbols for languageunits, suchas letters, numbers,and
words,canbe recognizedthrough learned verballymediatedlanguagerepresentations,which in turn can generatemotor commands for recall.
A central issue in each of these intermodal interactions concernsthe mannerin which development,learning,and unitization
are stabilized via the action of feedbackloops. Some of these
feedbackloops are closed internally, via bottom-up and topdown signalexchanges.Othersare closed externally,via the registration of environmentally mediated sensoryfeedbacksignals.
Thesecyclic organizations,rather than one-waytraffic between
processingstages,define the computational units that havebehavioral meaning. Piaget (1963) and Neisser (1967) both emphasizedthe importance of the cyclic organization of perceptual
and cognitive units-Piaget through his theory of circular reactionsand Neisserthrough his theory of perceptualcycles.Circular reactionsare, in fact, dynamically characterizedwithin the
theory and play an important role in initiating the self-organization of its cyclic memory structures. The term adaptive resonancewas introduced by Grossberg (1976b) to describe this
cyclic aspectof the theory. An adaptive resonanceis a fully elaborated recognition event within a feedbacknetwork capable of
dynamically buffering, or self-stabilizing,its learned codesand
expectanciesagainstrecoding by irrelevant cues.
The final results of the Grossberg (1978a) analysis were a
macrotheoryand a microtheory. Thesetwo aspectsof the theory
coexistin a mutually supportive relation. The macrotheoryconsistsof severaldesignprinciples, dynamical laws,and macrocircuits whose macrostagescompute functionally characterized
properties.The microtheorydescribesthe processesthat generate
the propertiesof the various macrostages.Unlike many artificial
intelligencemodels,the macrotheoryand the microtheory cannot
easilybe dissociated.This is becausethe critical properties at
the macrostagesare interactive, or collective, properties of the
microtheory's processes.Even the apparently local concept of
featuredetectoris the neteffectof widespreadinteractionswithin
a microtheory network.
The microtheorythus doesnot freely invent propertiesat each
macrostage.Eachprocessof the microtheory generatesa formal
syndrome of interactiveproperties in responseto prescribedexperimental and systemconstraints. The internal structuring of
thesesyndromesdefinesthe macrotheory properties and is the
sourceof the theory'spredictiveforce.The macrotheory'sgeneral
principlesand laws severelyconstrainthe typesofmicroprocesses
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that areallowedto occur at anymacrostage.Only a fewprinciples
and laws are used in the entire theory, despite its broad scope.
For example, everystageof the theory is a mixed cooperativecompetitive network, and every interstage signal processis an
adaptive filter. Furthermore, the same mechanismsare used to
generatechunking and temporal order properties of both languageand motor control processes.
That feedbackcyclesdefine the basic building blocks of the
theoryleadsto a soberingconclusion. Suchfeedbackcyclesmust
be built up out of nQnlinearmechanisms,becauselinear mechanismshavebeenprovento be unstable(Grossberg,1973,1983).
Thus a certain amount of mathematics is neededto achievea
deepunderstandingof behavioralself-organization.The human
mind does not easily grasp nonlinear interactions among thousands or millions of units without mathematical tools. Fortunately, once one has identified good nonlinear laws, a mathematical theory with data-predictiveproperties canbe developed.

7. Elements of the Microtheory: Tuning, Categories,
Matching, and Resonance
In this section we describe some of the interactions of shortterm memory (STM) processes at successive network stages with
bottom-up and top~down long-term memory (LTM) processes
between these stages. We denote the ith stage in such a network
hierarchy by F;.
Suppose that a pattern X ofSTM activities is present at a given
time across the nodes of Fj. Each sufficiently large STM activity
can generate excitatory signals that are transmitted by the pathways from its node to target nodes within Fj+l' When a signal
from a node in Fj is carried along a pathway to Fj+l, the signal
is multiplied, or gated. by the pathway's LTM trace. The LTM
gated signal (signal times LTM trace), not the signal alone, reaches
the target node. Each target node sums up all of its L TM gated
signals. In this way, a pattern X ofSTM activities across Fj elicits
a pattern S of output signals from Fj. Pattern S in turn generates
a pattern T of LTM gated and summed input signals to Fj+l.
This transformation from S to T is called an adaptive filtet:
The input pattern T to Fj+l is itself quickly transformed by a
cooperative-competitive interaction among the nodes of Fj+l.
In the simplest example of this process, these interactions choose
the node that received the largest input (Grossberg, 1976a, 1982c).
The chosen node is the only one that can store activity in STM.
In other words, the chosen node "wins" the competition for STM
activity. The choice transformation executes the most severe type
of contrast enhancement by converting the input pattern T, in
which many signals can be positive, into a pattern Y of nodal
activities in which at most one activity is positive. In more realistic
cooperative-competitive interaction schemes, the contrast enhancing transformation from Tto Y is more subtle than a simple
choice because it is designed to properly weight many possible
groupings of an input pattern. Such multiple grouping networks
are generically callecli masking fields (see Section 10). In every
case, the transformed activity pattern Y, not the input pattern
T, is the one stored in STM at F;+1 (see Figure la). In every case,
the transformation of T into Y is nonlinear.
Only nodes of Fj+l that support stored activity in STM can
elicit new learning at their contiguous L TM traces. Thus, whereas
all the LTM traces in the adaptive filter, and thus all learned past~
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experiencesof the network, are used to determine recognition
via the tranformation X --+S --+T --+ Y, only those LTM traces
whosetargetactivitiesin £;+1survivethe competitive-cooperative
struggle for stored STM activity can learn in responseto the
activity pattern X. The fact that only the transformed STM patterns Y,ratherthan the lessfocusedinput pattern T, caninfluence
LTM in the network helps to explain why recognition and attention play an important role in learning (Craik & Lockhart,
1972; Craik & Tulving, 1975).
This type of feedbackinteraction betweenassociativeLTM
mechanismsand cooperative-competitiveSTM mechanismshas
many usefulproperties(Grossberg,1976a,1978a).It generalizes

Fi+1

F.

Figure 1. Bottom-up interaction of short-term memory and long-term
memory between network levels: (a) An activity pattern X at level F;
gives rise to a pattern of output signals S. Pattern S is multiplicatively
gated by long-term memory traces. These gated signals summate to form
the input pattern T to level Fj+I' Level F;+l contrast enhances T before
storing the contrast-enhanced activity pattern Y in short-term memory.
(b) Each activity Xk in F; gives rise to a signal Skj(possibly zero), which
is gated by a long-term memory trace zkjbefore the gated signal activates
Xj in F;+,"

the Bayesiantendencyto minimize risk in a noisyenvironment.
It spontaneouslytends to form learned categoriesY in response
to the activity patterns X. Novel activity patterns X can be unambiguouslyclassifiedinto a categoryon their first presentation
if they are weightedaveragesof experiencedpatterns that all lie
within a single category. Input patterns that are closelyrelated
to previouslyclassifiedpatterns can elicit fasterprocessingthan
can input patterns that are not. The rate of processingis also
sensitiveto the numberand dissimilarity of experiencedpatterns
that fall within a category.For example,a larger number of dissimilar patterns can causeslowerprocessing,other things being
equal. Learning by each LTM trace is sensitiveto the entire
activity pattern X that is active at that time, as well asto all prior
learning at all LTM traces.This property follows from the fact
that the input pattern T engagesthe cooperative-competitive
STM interactions across Fi+l to generate Y, before Y in turn
regulates how each LTM trace will change in responseto X.
Thus both learning and recognitionare highly context sensitive.
The learning and recognition capabilities of the choice model
are mathematically characterized in Carpenter and Grossberg
(1985) and Grossberg(1976a). The properties of the masking
field modelare describedin Cohenand Grossberg(in press)and
Grossberg(1978a, 1985).
The bottom-up STM transformation X ---S ---T ---Y is not
the only signal processthat occurs betweenF; and F;+I- In the
absence of top-down processing,the LTM traces within the
learned map S ---T can respondto a sequenceof input patterns
by being ceaselessly
recodedby inappropriate events(Grossberg,
1976a).In other words. the learning within the bottom-up code
can become temporally unstable in that individual eventsare
never eventually encoded by a single categoryas they are presented on successivetrials. Carpenterand Grossberg(1985)described an infinite class of examples in which such ceaseless
recoding occurs. Information processingmodels could not articulate this basic stability problem becausethey did not use
learning in an essentialway. Simulation studiesof conditioning
in responseto impoverished input environments also failed to
deal with the problem. In Grossberg(1976b), it was shown that
properlydesignedmechanismsfor top-down signaling from F;+I
to Fi and for matching within Fi can stabilize learning within
the bottom-up code againstrecoding by inappropriate events.
Becauseinformation processingmodels could not achievethis
insight about the functional role of top-down processing,the
constraints that follow from this insight were not available to
helpchooseamongthe manypossibleembodimentsoftop-down
signalingand matching. The aspectsof this top-down scheme
that we need are reviewedbelow.
The STM transformation X ---S ---T ---Y takesplace very
quickly. By "very quickly" we mean more quickly than the rate
at which the LTM tracesin the adaptive filter S ---T canchange.
As soon as the bottom-up transformation X ---Y takes place,
the activities Y in Fi+1elicit top-down excitatory signalsU back
to Fi (see Figure 2a). The rules whereby top-down signalsare
generatedare the sameasthe rules by which bottom-up signals
are generated.Signalthresholds allow only sufficiently largeactivities in Y to elicit the signalsU in pathways from F;+I to Fj.
The signalsU are gated by LTM traces in thesepathways.The
LTM gated signalsexcite their target nodes in Fi. These LTM
gatedsignalssummate at the targetnodesto form the total input
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signals from Fj+l. In this way,the pattern U of output signals
from Fj+l generatesa pattern V of input signalsto Fj. The map
U ---V is said to define a top-down template, or learned expectation, V. Note that V is not defined exclusivelyin terms ofL TM
traces. It is a combination of LTM tracesand the STM activities
acrossFj+1.

y

u
vX'

Figure 2. TOp-down interaction of short-term memory and long-term
memory between network levels: (a) An activity pattern Y at level F;+1
gives rise to a pattern of output signals U. Pattern U is multiplicatively
gated by long-term memory traces. These gated signals summate to form
the input pattern Y to level F;. Level F; matches the bottom-up input
pattern I with Y to generate a new activity pattern X* across F;o (b) Each
activity Xj in F;+I gives rise to a signal Ujk (possibly zero), which is gated
by a long-term memory trace Z;k before the gated signal activates Xk in

F;.

53

Two sourcesof input now perturb F;: the bottom-up input
pattern I that givesrise to the original activity pattern X and the
top-down template V that resultsfrom activatingX. At this point,
descriptivelanguagebreaksdown unlessit is supported by precise
mathematicalconcepts. For once the feedback loop X ---S --T ---Y ---U ---V ---X* closes, it continues to reverberate
quickly betweenF; and F;+1until its activity patternsequilibrate.
Notations suchas X and Yare inadequateto describethis equilibration processbecausethe activity pattern X* across F; that
is induced by I and V taken togethermay not be the sameactivity
pattern X that was induced by I alone. This composite activity
pattern quickly activatesa newtemplate, which quickly activates
a new activity pattern, which quickly activatesa new template,
ad infinitum, as the systemequilibrates. This conceptual problem is naturally hal!ldledby the formalism of nonlinear systems
of differential equations,as is the quantitative analysisof equilibration and its relation to learning, recognition, and recall. To
sidestepthese technical difficulties, we complete our intuitive
discussion using suggestive but incompletely specified terminology.
Becauseof the designof its cooperative-competitiveinteractions, F; is capable of matching a bottom-up input pattern I
with a top-down template V (Grossberg, 1976b, 1983). The
functional units that are matched or mismatched at F; are whole
input patterns,which are spatially distributed acrossthe nodes
of Fi ratherthanthe inputs to eachnode.This choice of functional
units is not an independenthypothesis. It is forced by two sets
of mathematicalresults that follow from more basic theoretical
hypotheses.The first set of mathematicalresults proves that the
functional unit of associativelearningand LTM in such networks
is a spatial pattern of LTM traces (Grossberg, I 969a, 1982c).
The secondset of mathematicalresultsprovesthat the functional
unit of matching and STM is a spatial pattern of STM traces
(Grossberg,I 970a, 1982c).
We illustrate what is meant by sayingthat the functional units
are spatial patterns of STM and LTM traces, rather than individual traces,with the following properties: A bottom-up input
and a top-down template signalto a node can be equal, yet part
of mismatched bottom-up and top-down patterns. A bottomup input and top-d<)wntemplate signalto a node canbe different,
yet part of perfectlymatched bottom-up and top-down patterns.
The relative sizes of the traces in an STM pattern or an LTM
patterndeterminethe "information" carried by the pattern. The
scalingparameter,which multiplies theserelative sizesinto their
actual sizes,is an '~energy"variable that determines properties
suchas howquickly this "information" is processed,rather than
what the information is.
In the specialcasewherein a top-down template V perfectly
matchesa bottom~up input pattern I, the relative sizesof the
activities that composeX can be preservedafter V is registered,
whereasthe absolute size of each activity is proportionally increased.Thus a perfecttop-down matchdoesnot disrupt ongoing
bottom-up pattern processing. Rather it facilitates such processingby amplifying its energywithout causing pattern distortions. This energyamplification due to pattern matching is one
of the properties U$edto generateadaptive resonances.
Pattern matching within such a network thus does not just
compare bottom-up and top-down inputs at each node, as in
Euclideanmatching algorithms. Instead,the network sensesthe
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degreeof match betweensubpatternsof the total bottom-up and
top-down input. As Figure 3 shows,approximate matches betweensubpatternsof I and Vtend to enhancethe corresponding
activities of X, whereasseriousmismatchesbetweenI and V tend
to suppressthe correspondingactivities of X. The effect of an
approximatematchis to deform X so that it forms a compromise
betweenI and V. When X is deformed, so are all the patterns
that form the map X --+S --+ T --+ Y. The net effect of all these
shifts is to representthe same input pattern I by a new activity
pattern Y whose template V provides the best match to I. As
this best match equilibrates,the systementersa state of energy
amplification, or resonance.The resonant state persists long
enough for the slowly varying LTM traces of the bottom-up
adaptive filter S --+ T and the top-down template U --+ V to
adjust their valuesto the resonating STM patterns. Only LTM
traceslying in pathwaysthat carry signalsto or awayfrom active
nodes in F;+I can learn after resonancehas beenreached.The
computational unit of the feedbacknetwork F; +--Fj+l is called
an adaptiveresonancebecauseresonancetriggerslearning.
When learning does occur, its form is quite simple. Denote
by Zkjthe LTM tracesin the pathwaysfrom node Vkin Fj to node
Vjin F;+1(seeFigure Ib). We restrict attention to the LTM traces
Zkjin the pathwaysthat lead to a fixed node Vjof F;+I' Whenever
the STM trace -~jat Vjremains suprathresholdfor a long enough
time, each Zkjcan gradually become proportional to the signal
Skiemitted by Vkinto its pathway.Two important propertiesare
implicit in this statement. First, the rate with which Zkjchanges
increaseswith the size of xi' Second,while Xjis active,the LTM
vector Zj e (Zlj, Zzj, ...,
zn) of the LTM traces leading to Vj
gradually becomesparallel to the signal vector Sj = (Sjj, S2j,
...,Sn)
emitted by Fj to vi.
The following learning law (Grossberg,1969a, 1976a)is the
simplest differential equation for the rate of change (djdt)Zkjof
the LTM trace Zkjthat rigorously capturestheseproperties:

ddiZkj

= aXJ{-Zkj + (JSk)'

TOP-DOWN
TEMPLATE

ACTIVITY
X'

PATTERN

BOTTOM-UP
INPUT PATTERN

Figure 3. Matching of a bottom-up input pattern with a top-down templatepattern: Regionsof approximate match lead to an amplification of
the correspondingactivities. Regions of serious mismatch lead to a
suppression
of the corresondingactivities.(I = input pattern; V = template
pattern; X. = activity pattern due to conjoint action of 1and V.)

lea:ning by zj.IThis ~ypeof performance speed-updoes not requIre a larger~otalsIze
(1)

I II
II:

In Equation I, a and {l are positive constants.At times when
Xj = 0, it follows that (dfdt)Zkj = 0 so that no learning occurs.
Positivevaluesof Xjinduce positive learning rates. Increasing Xj
increasesthe learning rate. The rate constant a is sufficientiy
smallthat momentaryactivationsof Xjcauseinsignificantchanges
in Zkj' If Xjremains positive for a sufficiently long time-that is,
if Xjis stored in STM at Fi+l-then Zkjapproachesthe value
{lSkh which is proportional to the signal Ski' For simplicity of
exposition,we supposethat {l = I. Then Equation I showsthat
the LTM vector Zjapproachesthe signal vector Sj at a rate that
increaseswith the STM activity xi'
The total input ~ to Vjis defined by
n

1j = L SkjZkj,

(2)

k-1

which can also be written as the dot product 1j = Sj' Zj of the
vectors Sj and Zjo As Zj approaches Sj because of learning, 1j
becomes larger. This property indicates how a fixed signal vector
Sj can generate an amplified and faster reaction of Xjdue to prior

i zkj

(3)

k-1

of the LTM tr~cesabutting Vj. Rather,it requiresa repatterning
of the LTM traces within the vector Zj.
The signalpatterns Sj that succeedin activating Vjcan differ
on successivelearning trials. The LTM vector Zjthus encodesa
weighted time averageof all the signal patterns Sj that Vjhas
actually sampled.The weight of a particular pattern Sj in this
averageincreaseswith the intensity and duration of xis suprathresholdactivityduring the learningepisodeswhen Sjwasactive.
Even though I!j may have intenselysampleda particular Sj on a
previouslearning trial, the LTM vector Zjwill not generallyequal
Sj on the current trial. The LTM vector Zjprovides a statistical
measure of all the patterns Sj that ever activated Vj. If many
signal vectorsSjsucceedin activating Vj,then Zjwill be different
from any on~ Ofthe vectors Sj, since it computes an averageof
all the vecto .Thus the dot product ~ = Sj. Zj of anyone of
these vectors Sj with the averageencoded by Zj may become
smallerasthe number of exemplarsSk within the categorycorrespondingt Vjincreases.The amount of practice on a single
pattern (i.e., familiarity) and categoryvariancethus tend to have
oppositeeffecrson the reaction rate of Fi+l.
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A similar type of learning rule governsthe LTM traces Zjk in
the top-down pathwaysfrom nodes Vjin F;+I to nodes Vkin F;
(seeFigure 2b). Again Xjmust be suprathresholdbefore Zjk can
learn. At leastone fundamental difference exists, however,between bottom-up learning and top-down learning. During bottom-up learning, each LTM vector Zjdetermines its own total
input 1j to Vj. These inputs trigger a cooperative-competitive
struggle among the STM activities Xjof F;+I' Consider,for example, the case in which the node Vjthat receivesthe largest
input 1j wins the STM competition. Then each input 1j actsto
improve the competitive advantageof its own STM trace Xj.
The same is not true during top-down learning. Once the
bottom-up filter determineswhich STM activities Xjin Fj+l will
be stored, all of the suprathreshold Xjvaluesgeneratesignalvectors Uj = (Ujl, Uj:2,...,
Ujm)to Fjo All ('fthe signal vectors
Ujsimultaneouslyread out their top-down LTM patterns Zj =
(Zjl, Zfl,. .., Zjm)to form a single top-down template V =
(VI, V2,. .., Vm),where
m

Vk = L UjkZjk

i-i

(4)

Thus, whereasbottom-up filtering separatesthe effects of the
LTM vectors Zjin order to drive the STM competition within
F;+I' the survivorsof this competition pool their top-down LTM
vectorsto form a consensusin the form of a compositetemplate
to F;. This template, as a whole, is then matched againstthe
bottom-up input pattern to Fj. If the LTM pattern Zj of one
node Vjin F;+I matchesthe input pattern much better than the
other LTM patterns that form the template consensus,then this
node will win a larger portion of the total STM activity across
F;+1as the resonanceequilibrates. In other words,the template
presentsa consensusto Fj so that the matching processwithin
Fj can rearrangethe competitive STM balanceacrossF;+l and
thereby better matchthe bottom-up data at F;. Computer simulations that illustrate thesecompetitiveand matchingproperties
during pattern recognitionand categoryformation via adaptive
resonanceare describedby Carpenterand Grossberg(1985).

8. Counting Stages:ResonantEquilibration as
Verification and Attention
Many of the types of properties that the Verification model
and the Posner-Snyder
modeladdressedare mechanizedand extended by using the parallel processof resonantequilibration.
For example,otherthings being equal, high-frequencywordsare
more parallelto the LTM vectors Zjand Zj that they persistently
activate than low-frequencywords are to their preferred LTM
vectors.This property helps to explain how a verification-type
processcan occur without invoking serialsearch.To understand
why,supposethat a low-frequencyword activatesan output signal
pattern S from Fi to Fi+1that does not correspondto any highfrequencyword. BeforeS can influence Fi+1via T, it is gated by
the bottom-up LTM traces.Becauseof the relativelylargeeffect
of high-frequencywords on LTM tuning, the largestinputs 1j
to Fi+1may initially biasthe STM reactionof Fi+1toward a highfrequency interpretation of the low-frequency word. Consequently,the fastestand largesttop-down signalsin the template
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V may initially tend to code high-frequencywords.The template
V plays the role of the verification signal. Thus high-frequency
word components can tend to make a fasterand larger contribution to the early phaseof "verification," eventhough the processthat instantiates the template is a parallel read-out rather
than serial search.
After the matchingprocessbetweenbottom-up and top-down
templatesis initiated at F;, it can changethe bottom-up inputs
~ in favor of the low-frequencyword. That is, although highfrequencycomponentsacrossFj+1may be favored initially, once
"verification" begins at Fj, lower frequencycomponentsacross
Fj+l whose top-down signalsbetter matchthe sensorydata at Fj
are amplified in STM as the high-frequencycomponents are
attenuated. No serial searchis needed for this to occur. This
capability is already implied by the conjoint action of rules
whereby (a) the bottom-up filter biasesthe STM competition
acrossFj+l and (b)the top-down templatesynthesizes
a consensus
for matching acro~ Fj. We maintain the intuition of the verification model-that many alternative interpretations are tested
until the correct one is found-but the serial searchmechanism
is replaced by a parallel zooming-in processwherebytop-down
consensusbecomesbetter matched to the sensorydata as the
bottom-up filter choosesa better STM representation.No serial
mechanismsare neededto accomplishthis processof matching.
deformation, and equilibration.
After the resonancequickly equilibrates in this way,the final
resonantSTM pat~rn is the one to which attention is paid. As
in the Posner-Snydermodel, the initial phase of activating the
"logogens" acrossFi+1 uses excitatory Fj -Fj+l signals. The
subsequentstagesof competition for STM storageacrossFi+1
and matchingacrossFj both use lateral inhibitory signals,which
is also consistentwith the Posner-Snydermodel. Attention does
not, however,switQhto the logogensbefore inhibition can act.
Inhibition can helpto drawattention to its final locus by focusing
the processof re~ant equilibration. Also, in these processes,
the mechanismof inhibition does not primarily function to impose a limited capacity.This fact reflects a major difference of
our theory from th~ Posner-Snyder
and verification models.The
computational unit in our networks is not a logogenthat can be
excited or inhibited by other network nodes.The computational
unit is a distributeClipattern of activity acrossa field of network
nodes.Inhibition $ay help to causean amplified STM reaction
to a matched bottom-up input pattern and top-down template
pattern,as well as to suppressthe STM responseto mismatched
input patterns. These facilitative and suppressivereactions can
occur without changingthe setof nodesthat the input patterns
activate or the total activities of the input patterns. Thus the
mechanismof inhibition can causeamplification or suppression,
not as a function <!Ifnetwork capacity, but rather as a function
of pattern match or mismatch.
Another reflection of the difference betweencomputational
units in the theories is that inhibition also acts before signals
everleave Fj for Fi+l. The same inhibitory interactions within
Fj that are used fot top-down template matching at Fj are also
used to accurately registerthe bottom-up input at Fi without
noise or saturation before Fj everelicits its excitatory signalsto
Fi+l. The fact that this earlyphaseof inhibitory interaction prior
to the activation ()f the "logogens" at Fi+l does not primarily
function to limit capacity reflects the deeperproperty that the

.
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computational unit of the network is not a logogenat all (Grossberg, 1980, 1984).
Perhapsthe strongestdeparture from both the Posner-Snyder
model and the verification model concernsthe concept of processingstages.Even if we restrict our considerationto two levels
Fi and F;+I , thesetwo levelsdo not correspondto two processing
stagesof the sort that theseother models havedescribed.In particular, thesestagesare not separablefrom one another. Rather,
each feeds into the next and thereby alters its own processing
due to feedback.The feedbackcontinues to cycle betweenthe
stagesas it drives the approachto resonanceand maintains the
resonanceafter it has been attained. We believe that it is the
absenceof this type of insight in the Posner-Snydermodel that
led to its problematic argument about how inhibition and attention are related(seeSection4). We seeno wayto fully understand
thesebasicintuitions exceptthrough the useof nonlinearsystems
of differentialequations.Once this is accepted,serialstagemodels
and binary computer models of human information processing
seemmuch lessappealing than they once did. In fact, the computational units of our macrotheory are not even necessarily
determined within individual macrotheory levels. Rather,computational units suchas adaptiveresonancesemergefrom interactionsusing microtheorymechanismsthat aredistributedacross
severalmacrotheorylevels.

(a)

9. Attentional Gain Control VersusAttentional
Priming: The 2/3 Rule
The present theory makes another distinction that is not
mechanisticallyelaborated within the Posner-Snyder
theory. As
Neely (1977)noted,experimentslike those of Posnerand Snyder
(1975b)and Neely (1976)"confounded the facilitatory effectsof
conscious attention with the facilitatory effects of automatic
spreading activation" (p. 231). The Posner-Snydermodel accounts for thesetwo types of facilitation by positing a separate
processfor each.In the presenttheory, at the levelof mechanism,
the two types of facilitation both share"automatic" properties.
They are distinguished by factors other than their automaticity.
A central distinction in the developmentof the present theory
is the differencebetweenattentional gain control and attentional
priming (Grossberg,1975, 1982b).
The need for distinct mechanismsof attentional gain control
and attentionalpriming can beappreciatedby consideringFigure
4. In Figure 4a, a learned top-down template from F;+l to F; is
activated before a bottom-up input pattern activatesF;. The
level F; is then primed, or ready,to receivea bottom-up input
that mayor may not match the active template. The template
representsthe input that the network expectsto receive.The
template playsthe role of an expectancy.
Level F; canbe primed to receivea bottom-up input without
necessarilyeliciting suprathresholdoutput signalsin responseto
the priming expectancy. If this were not possible, then every
priming event would lead to suprathreshold reactions. Such a
property would prevent anticipation of a future event. On the
other hand, certain top-down expectanciescan lead to suprathreshold consequences,much like we can at will experience
internalconversationsand musicalevents,as well as other fantasy
activities. Thus there existsa difference betweenthe read-outof
a top-down expectancy,which is a mechanism of attentional

(b)

+

+
c-J
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Fig/Ire 4. Interaction of attentional priming with attentional gain control:
(a) A supraliminal activity pattern within F;+I causesa subliminal response
within F;. (b) A bottom-up input pattern can instate a supraliminal
activity pattern within F; by engaging the attentional gain control channel.
(c) During bottom-up and top-down matching, only cells at F; that receive
convergent bottom-up and top-down signals can generate supraliminal
reactions. (d) An inhibitory attentional gain control signal from a competing source can block supraliminal
reaction to a bottom-
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The istinction between attentional priming and attentional
gain co trol can be sharpened by considering the opposite situation, ~nwhich a bottom-up input pattern I activates F; before
a top-ddwn expectancy from F;+1 can do so. As discussed earlier,
we wan~ the input pattern I to generate a suprathreshold activity
pattern t¥ across F; so that the sequence of transformations X --+
S --+ T -;-+Y --+ U --+ V --+X* can occur. How does F; know that
it shoul« generate a suprathreshold reaction to the bottom-up
input p~ttern but not to the top-down input pattern? In both
cases, ~ input pattern stimulates the cells of F;. Some other
mechaqism must exist that distinguishes between bottom-up
and top+-down inputs. We use the mechanism of attentional gain

control,
Th~ considerations suggestthat at least two of the three signal
source~ to F; must be simultaneously active in order for some F;
cells tolbecome supraliminally active. Carpenter and Grossberg
(1985. '986) called this constraint the 2hRule. These three signal
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sources are (a) the bottom-up input channel that delivers specific
input patterns to Fi; (b) the top-down template channel that
delivers specific expectancies, or priming signals, to Fi; and (c)
the attentional gain control channel that nonspecifically modulates the sensitivity of Fi. Figure 4 illustrates one realization of
the 2/3Rule.
As shown in Figure 4a, supraliminally active cells within Fj+1
read out a specific top-down expectancy to Fi along excitatory
( +) and conditionable pathways. The active Fi+ I cells also read
out inhibitory (-) signals that converge in a nonspecific fashion
on the cells that regulate attentional gain control. Because all
the cells in Fi receive inputs from at most one channel, they
cannot generate supraliminal activations. By contrast, as shown
in Figure 4b, the bottom-up input channel instates a specific
input pattern at Fj and excites the attentional gain control channel, which nonspecifically sensitizes all the cells of Fj. (Alternatively, the attentional gain control channel may remain endogenously, or tonically, active.) Those cells at which a bottomup input and an attentional gain control signal converge can
generate supraliminal activations. Cells that receive no bottomup input cannot generate supraliminal activations, because they
receive inputs only from a single signal source. As shown in
Figure 4c, a bottom-up input pattern and a top-down template
pattern are simultaneously active. The top-down signal source
shuts off the nonspecific gain control channel. However, if the
bottom-up input pattern and the top-down template pattern are
not too different, then some cells in Fj will receive inputs from
both signal channels. By the 2/3Rule, these cells can become
supraliminally active. Cells that receive inputs from only the
bottom-up input or the top-down template, but not both, cannot
become supraliminally active. Nor can cells become active that
receive no inputs whatsoever.
Thus, in addition to suggesting how Fi can respond supraliminally to bottom-up inputs and subliminally to top-down templates, the 2/3Rule suggests a rule for matching bottom-up and
top-down patterns at Fj. Carpenter and Grossberg (1985) showed,
moreover, that use of the 2/3Rule for matching is necessary to
prevent ceaselessrecoding of the learned categories that form in
response to sequences of bottom-up input patterns.
The 2/3Rule leads to other useful conclusions as well. For example, a supraliminal reaction to bottom-up inputs does not
always occur, especially when attention is focused on a different
processing modality. This can be understood as a consequence
of intermodal competition between attentional gain control signals. As Figure 4d shows, the attentional gain control channel
is inhibited by such a competitive signal; hence, only a subliminal
reaction to the bottom-up input occurs. In a similar way, topbottom signals do not always generate subliminal reactions. We
can willfully generate conscious internal fantasy activities from
within. Supraliminal reactions in response to top-down signals
can occur if the attentional gain control channel can be activated
by an "act of will."
To ground these concepts in a broader framework, we make
the following observations. The 2/3Rule was first noticed in a
study of reinforcement and attention (Grossberg, 1975; reprinted
in Grossberg, 1982c, p. 290). In that context, the two specific
channels carried internal drive inputs and conditioned reinforcer
signals, respectively. The third channel carried nonspecific arousal
signals. The 2/3Rule in that situation suggests how incentive mo-
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tivational signalscan be generatedby pairwise combinations of
these signalchannels.In that application, the 213
Rule suggested
howattention is modulated by the processingof emotion-related
signals.More generally,sensitizationof specificprocessingchannels by a nonspecificchannelis a theme that occursevenin the
modeling of invertebrate motor control (Grossberg,1978a;reprinted in Grossberg,1982c,pp. 517-531). Thus the concepts
of attentional gain control and attentional priming reflect design
constraints that seemto be used in severalmodalities as well as
acrossspecies.
The attentionalpriming and attentional gain control processes
can be used to clarify and modify the "automatic activation"
and "consciousattention" constructs found elsewherein the literature. We discusstheseconstructs to form a bridge to other
models. Our discussionsimultaneouslyrefines the mechanistic
conceptsthat we introduced aboveand showsthat these mechanistic conceptsdo not match well with descriptive ideas such
as "automatic activation" and "consciousattention." (Quotation
marks emphasizethis mismatch.)For presentpurposes,we supposethat a supraliminal activity patternacrossF; that cansurvive
matching against a top-down expectancy from F;+l becomes
"conscious." In other words, activity acrossF; can becomeconsciousifit persistslong enoughto undergoresonantequilibration.
Activity within Fi+1 neverbecomesconscious,whether or not it
is supraliminal. The discussionis broken up into four parts: (a)
top-down subliminal control-"automatic" attentional priming
in the absenceof attentional gain control; (b) top-down supraliminal control-"automatic" attentional priming plus "willed"
excitatory attentional gain control; (c) bottom-up supraliminal
control-"automatic" content-addressableinput activationplus
"automatic" excitatory attentional gain control; (d) bottom-up
subliminal control-"automatic" content-addressableinput activation plus "automatic" or "willed" inhibitory attentionalgain
control. Thesepropertiesareexplained mechanisticallyasfollows.
Top-downsubliminal control. A top-down expectancyfrom
F;+l to F; has a direct excitatory effect on F; (Figure 4a). The
Fi+l cells do not control a nonspecific excitatory signalcapable
of sensitizingall the cells of Fi to its inputs. Sucha nonspecific
arousal signal is said to lower the quenching threshold (QT) of
Fj (Grossberg,1973, 1980), which in the absenceof inputs is
chosento be large.The QT is a parameterthat STM activities
must exceedto elicit a suprathresholdreaction. Thus F; cannot
generatea suprathresholdoutput in responseto a top-down expectancyalone.The top-down expectancycanprime Fi but cannot releasethe priming pattern.
Top-downsupraliminal control. An "act of will" canactivate
the attentional gain control channel. This act generatesa nonspecificarousalsignalthat sensitizesall the cells of F; to whatever
inputs happento be delivered at that time. This type of willed
control does not deliver a specific pattern of information to be
processed.Rather it exerts a nonobligatory type of sensitivity
modulation on the entire processingchannel.
This way of mechanizingthe distinction betweenattentional
priming and attentional gain control is a specialcaseof a general
designprinciple in neural information processing,namely,the
factorization ofpattern andenergy.orfactorization ofinformation
andarousal (Grossberg,1982c),which is also mentioned in Section 7. Another example of the dissociationbetweeninformation
and arousaloccursduring willed motor acts. When one looks at
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an object,one candecideto reachit with one's left hand or right
hand or not at all. Learnedtargetpositionmapsare automatically
read out by the eye-head systemto the hand-arm systemscorrespondingto both hands.Thesemapsremain subliminallyactive
at their target cells until an "act of will" generatesnonspecific
arousal to the desired hand-arm system.Suprathresholdreadout of the correspondingtarget position map is therebyeffected.
In this example,the top-down expectancyis a target position
map that encodesthe desired terminal positions of the handarm systemwith respectto the body.
Bottom-up supraliminal control. When a bottom-up input
pattern activatesFi, it hastwo simultaneouseffectson Fi (Figure
4b). The obviouseffectis the deliveryof the input pattern directly
to Fi. As this is happening,the input also activatesa nonspecific
channel. This nonspecific channel controls the nonspecific
arousal,or attentional gain control, that sensitizesFi by lowering
its quenching threshold. Thus the bottom-up pathway "automatically" instates its input and "automatically" activatesthe
attentional gain control system. It is misleadingto suggestthat
"automatic spreadingactivation" and "consciousattention" are
two independentstagesof information processing,becausethe
same mechanismsthat give rise to "conscious attention" are
often "automatically" activatedin parallel with the mechanisms
that subserve"automatic spreadingactivation."
Bottom-up subliminal control. The automatic activation of
attentional gain control by a bottom-up input pattern can be
preventedfrom generatinga suprathresholdresponseat Fi (Figur~
4d). If a given processingchannel is already active, then its attentional gain control mechanismcan competitively inhibit the
automatic activationof the gain control mechanismswithin other
channels.A large-scalecompetition exists betweenthe gain control sourcesof different processingchannels in addition to the
small-scale cooperative-competitive interactions within each
processingchannelthat regulateits STM matching and contrast
enhancementproperties.
Bottom-up subliminal control shows that inhibition is mobilized not only by "consciousattention" processes,
asthe PosnerSnyder model suggests.Attentional gain control signalselicited
by bottom-up inputs in one channel can cause"automatic" attentional inhibition in a different processingchannel. Moreover,
"automatic" excitatory attentional gain control signalsin a given
channelcause"automatic" inhibitory signalsin that channelby
rendering suprathresholdthe small-scalecompetitions that regulate STM matching and contrast enhancement within the
channel. "Consciousattention" canbe the outcome,rather than
the cause,of this inhibitory process.
Neely (1977)designedand performed a remarkable set of experiments to unconfound the facilitatory effects of conscious
attention and the facilitatory effectsof automatic spreadingactivation. The presenttheory also recognizesat leasttwo different
types of facilitatory effects,attentional gain control and attentional priming, but does not attribute thesepropertiesto "conscious" and "automatic" processesin the same manner as the
Posner-Snyder(1975a)theory. Despitethis fact, the presenttheory can explain.the Neely (1977)data. A more serious test of
the theory concernsits ability to explain transient versusequilibration effects,suchas effectsof inconsistentversusconsistent
primes and of maskversusno-maskmanipulations. Another serious test concernsthe theory's ability to predict different out-

comes of recognition and recall tests. Theseapplications of the
theory are presentedafter the next section.
Before turning to these applications, we outline a theoretical
macrocircuit that embodiesthe theory's view of how learning,
recognition,and recall take place in real time. The macrocircuit
embedsour analysisof word recognition and recall in a broader
theory. This theory clarifies the types of information that are
coded by the functional units at different processingstagesand
locates the stages$ubservingword recognition and recall processes.Such a theory is necessaryto understand how the functional units ariseamdhow they give rise to observablebehaviors.
The readercan skim this section on a first reading.

10. A Macrocircuit for the Self-Organizationof
Recognition and Recall
Figure 5 depicts a macrocircuit that is capable of self-organizing many recognition and recall properties of visual, verbal,
and motor lists. The boxesAi are macrostagesfor the elaboration
of audition, speech,and language.The boxes Mj are macrostages
for the elaboration of language-relatedmotor representations.
The box V' desiglllatesa source of preprocessedvisual signals.
At an earlystageof development,the environmellltallyactivated
auditory patterns at stageAI start to tune the lolllg-termmemory
(LTM) traces within the pathwaysof the adaptive filter from AI
to A2, and thus to alter the patterning of short-term memory
(STM) auditory "feature detector" activation across A2. After
this tuning proces$begins,endogenousactivations of the motor
command stageM I can elicit simple verbalizations (babbling)
whoseenvironmental feedbackcan also tune the AI ---A2 adaptive filter. The learmingwithin the feedbackpathwayM I ---A2 --A2 helps to tune auditory sensitivities to articulatory requirements.This processis consistentwith the motor theory of speech
perception (Cooper, 1979; Liberman, Cooper, Shankweiler,&
Studdert-Kennedy,1967; Liberman & Studdert-Kennedy,1978;
Mann & Repp, 19181;
Repp & Mann, 1981; Studdert-Kennedy,
Liberman, Harris, & Cooper,1970).
Justasthe auditory patternsacrossAI tune the AI ---A2 adaptive filter, the endogenouslyactivated motor command patterns
acrossM1 tune the M1 ---M2 adaptive filter. The activation patterns acrossM2 encodethe endogenouslyactivated motor commands acrossM I using the same mechanismsby which the activation patternsacrossA2encodethe exogenouslyactivatedauditory patterns acrossAI.
The flow of adaptivesignaling is not just bottom-up from A I
to A2 and from M I to M2. Top-down conditionable signalsfrom
A2to AI and from M2 to MI are also hypothesizedto exist.These
top-down signal patterns represent learned expectancies,or
templates.Their most important role is to stabilize the learning
that goeson within the adaptive filters AI ---A2 and MI ---M2.
In so doing, these top-down signal patterns also constitute the
read out of optimal templates in responseto ambiguousor novel
bottom-up signals.Theseoptimal templates predict the patterns
that the systemexpectsto find at A I or M 1 on the basis of past
experience.The predicted and actual patterns merge at A I and
M I to form completed composite patterns that are a mixture of
actual and expectedinformation.
Auditory and motor featuresare linked via an associativemap
from A2to M2. When MI is endogenouslyactivated,it activates
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ory's explicationof the developmentalconceptof circular reaction
helpsto clarify the speechperformanceconceptsof motor theory
and analysis-by-synthesis
in the courseof suggestinghow an individual can beginto imitate non-self-generatedspeechsounds.
The stagesA2and M2 can eachprocessjust one spatial pattern
of auditory or motor featuresat a time. Thus A2 can processan
auditory "feature code" that is derived from a narrow time slice
of a speechspectrogram,and M2 can control a simple motor
synergyof synchronouslycoordinatedmusclecontractions.These
propertiesare consequencesof the fact that spatial patterns, or
distributed patterns of activity acrossa field of network nodes,
are the computational units in embedding field networks. This
computational unit is a mathematicalconsequenceof the associative learning laws that govern these networks (Grossberg,
1969a,1982c).This fact is not intuitively obvious and was consideredsurprising when first discovered.The later stagesAi and
Mj in Figure 5 are all devoted to building up recognition and
recall representationsfor temporal groupings,or lists, of spatial
pattern building blocks. These higher stagesembody solutions
to aspectsof the fundamental problem of self-organizingserial
order in behavior (Lashley, 195I).
A spatial pattern of activation acrossA2 encodesthe relative
importance of each"feature detector" of A2 in representingthe
auditory pattern that is momentarily activating AI. To encode
temporal lists of auditory patterns,one needs first to simultaneouslyencodea sequenceof spatialpatternsacrossAis auditory
feature detectors.The following wayto accomplishthis also addressesthe vexing problem that individual speechsounds and
Figure 5. A macrocircuit governingself-organizationof recognition and
thus their spatialpatternsacrossA2can bealteredby the temporal
recallprocesses:
The text explainshow auditorily mediatedlanguageprocontext of other speechsounds in which they are embedded.
cesses(the AJ, visual recognitionprocesses(V*), and motor control proIn addition to activating the associativemap from A2 to M2,
cesses(the Mj) interact internally via conditionablepathways(black lines)
each
spatial pattern across A2 also activates an adaptive filter
and externally via environmentalfeedback(dotted lines)to self-organize
from A2 to AJ. Although all the adaptive filters of the theory
the various processeswhich occur at the different network stages.
obey the same laws, each filter learns different information depending on its location in the network. Becausethe A2 --+AJ
a motor representationat M2 via its adaptive filter M1 ---M2'
filter is activatedby featurepatternsacrossA2, it builds up learned
as well as an auditory representationat A2 via environmental
representations,or chunks, of thesefeature patterns. Each such
feedbackM1 ---AI and the adaptive filter AI ---A2. BecauseA2
representationis called an item representationwithin the theory.
and M2are then simultaneouslyactive,the associativemap A2 --It is important to realize that all new learning about item
representationsis encoded within the LTM traces of the A2 --+
M2 canbe learned.This mapalsolinks auditory and articulatory
features.
AJ adaptivefilter. Although each item representationis expressed
The associativemap A2 ---M2 enablesthe imitation of novel as a pattern of activation acrossAJ, the learning of these item
sounds-in particular,of non-self-generatedsounds-to get unrepresentationsdoes not take place within AJ. This flexible rederway. It doesso by analyzing a novel sound via the bottomlation betweenlearningand activationis neededso that temporal
up auditory filter AI ---A2' mapping the activation patterns of
codes for lists can be learned and performed. For example,
auditory featuresdetectorsinto activationpatterns of motor feawhereasthe spatial patterns acrossA2 can rapidly decayvia a
ture detectorsvia the associativemap A2---M2' and then syn- type of iconic memory (Sperling, 1960),the item representations
thesizingthe motor feature pattern into a net motor command
acrossAJ are stored in short-term memory (STM), also called
at MI via the top-down motor template M2 ---MI. The motor
working memory (Cermak & Craik, 1979). As a sequenceof
command, or synergy,that is synthesizedin this way generates soundpatternsactivatesA I , a successionof item representations
a sound that is closerto the novel sound than are any of the
is stored in STM acrossAJ. The spatial pattern of STM activity
sounds currently coded by the system.The properties whereby acrossAJ representstemporal order information acrossthe item
the learned map A I ---A2 ---M2 ---MI enablesimitation of novel representationsof AJ.
soundsto occur are in agreementwith the analysis-by-synthesis
This temporal order information cannot be laid down arbiapproachto speechrecognition(Halle & Stevens,1962;Stevens, trarily without causing temporally unstable LTM recodings to
occur in the adaptive filter from AJ to A4. Laws for regulating
1972;Stevens& Halle, 1964).
The environmental feedbackfrom MI to AI followed by the
temporal order information in STM havebeenderived from the
learned map AI ---A2 ---M2 ---M1 defines a closed feedback LTM in varianceprinciple. This principle shows howto alter the
loop, or "circular reaction" (Piaget,1963).Thus the presenttheSTM activities of previousitems in responseto the presentation
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of new items so that the repatterning of STM activities that is
caused by the new items does not inadvertently obliterate the
LTM codes for old item groupings. These STM patterns oftemporal order information have been used, for example, to explain
and predict data showing primacy and recency gradients during
free-recall experiments (Grossberg, 1978b). Computer simulations that illustrate how these temporal order patterns evolve
through time are described by Grossberg and Stone (1985).
The concept of temporal order information across item representations is necessary but not sufficient to explain how lists
of items can be learned and performed. One also needs to consider the analogous bottom-up filtering process from M2 to M3
that builds up unitized representations of motor items (synergies),
the toP-down learned templates from M3 to M2, and the associative map A3 --+ M3 that is learned from sensory items to motor
items. In particular, suppose that analysis by synthesis (the map
AI --+ A2 --+ M2 --+ M1) has elicited a novel pattern of sensory
features across A2 and of motor features across M2. These feature
patterns can then generate unitized item representations at A3
and M 3 even though the network never endogenously activated
these patterns during its babbling phase. A map A3 --+M3 between
these unitized item representations can then be learned. Using
these building blocks, we can now show how a unitized representation of an entire list can be learned and performed.
When the network processes a verbal list, it establishes an
STM pattern of temporal order information across the item representations of A3' Because every sublist of a list is also a list,
the adaptive filter from A3 to A4 simultaneously "looks at" all
the sublist groupings to which it is sensitive as a list is presented
through time. The cooperative-competitive interaction across
A4 then determines which of these sublist representations will
be stored in STM at A4.
To enable A4 to store maximally predictive sublist chunks, the
interactions within A4 simultaneously solve several problems. A
core problem is called the temporal chunking problem. Consider
the problem of unitizing an internal representation for an unfamiliar list of familiar items, for example, a novel word composed of familiar phonemes (auditory) or letters (visual). The
most familiar groupings of the list are the items themselves. To
even know what the novel list is, all of its individual items must
first be presented. All of these items are more familiar than the
list itself. What mechanisms prevent item familiarity from forcing
the list always to be processed as a sequence of individual items,
rather than eventually as a whole? How does a not-yet-established
word representation overcome the salience of well-established
phoneme or syllable representations? How does unitization of
unfamiliar lists of familiar items even get started? If the temporal
chunking problem is not solved, then internal representations
of lists with more than one item can never be learned.
The cooperative-competitive design of A4 that solves the temporal chunking problem is called a masking field. One property
of this design is that longer lists, up to some maximal length, can
selectively activate populations in A4 that have a prewired competitive advantage over shorter sublists in the struggle for STM
storage. Simple growth rules are sufficient to achieve this competitive STM advantage of longer sublists. Such a competitive
advantage enables a masking field to exploit the fact that longer
sublists, other things being equal, are better predictors of subsequent events than are shorter sublists, because they embody a

more unique temporal context. A masking field's preferential
STM responseto longer sublists leads in turn to preferential
LTM chunking, or representation,of longer sublists using the
LTM law given by Equation I. As an important side benefit,the
competitive advantageof longerunfamilar sublistsenablesthem
to compete effectively for STM activity with shorter familiar
sublists,thereby providing a solution to the temporal chunking
problem.The postulatethat longersublists,up to somemaximum
length,havea competitive STM advantageled to the prediction
of a word length effectby Grossberg(1978a,Section41). A word
length effect was reported in the word superiority experiments
of Samuel,van Santen,and Johnston (1982, 1983),with longer
words producing greater word superiority. Grossberg (1984,
1985)analyzedthese and related data from the perspectiveof
masking field design. Computer simulations that illustrate how
a maskingfield can group temporal order information over item
representationsinto sublistchunks are describedby Cohenand
Grossberg(in press).
The word length property is only one of severaldifferences
betweenproperties of stagesA) and A4 and those of the stagesin
alternativetheories.Instead of letting A) and A4 representletters
and words,as in the McClelland and Rumelhart (1981) theory,
A) and A4 representitems (more precisely,temporal order and
item information in STM) and lists (more precisely,sublistparsings in STM), respectively.Thesepropertiesdo not require that
individual nodes exist for all items and lists. Learning enables
distributed item and list representationsto be formed over a
network substratewhoserules do not changethrough time. All
familiar letters possessboth item and list representations,not
just letters such as A and I that are also words. This property
helpsto explain Wheeler's(1970)data showingthat letters such
as A and I are not recognizedmore easily than letters suchas E
and F. In contrast,the McClelland and Rumelhart (1981) model
postulatesa letter leveland a word levelinsteadof an item level
and a list level. By their formulation, letterssuchas A and I must
berepresentedon both the letter leveland the word level,whereas
letters suchas E and F are representedonly on the letter level.
This choice of levels leadsto both conceptualand data-related
difficulties with the McClelland and Rumelhart (1981) model,
including a difficulty in explaining the Wheeler (1970) data
without being forced into further paradoxes(Grossberg,1984).
More generally,any model whose nodes represent letters and
words,and only theseunits, facesthe problem of describingwhat
the model nodesrepresentedbefore a particular letter or word
entered the subject's lexicon or what happens to these nodes
when such a verbal unit is forgotten. This issue hints at more
serious problems concerning such a model's inability to selforganize.Suchconcernsare dealt with by a theory whoselevels
can learn to encodeabstract item and list representationson a
substrateof previouslyuncommitted nodes.
Theseabstract item and list processingunits of A) and A4 play
an important role in the theory's explanation of how unfamiliar
and unitized words are recalled. For example,supposethat a list
hasjust beenrepresentedin STM acrossthe item representations
of A). Before the items in the list can be rehearsed,the entire
list beginsto tune the A) ---A4 adaptive filter. The LTM traces
within this adaptive filter learn to encodetemporal order information in LTM. After this learning has occurred,the tuned filter
activatesunitized sublistrepresentationsacrossA4.Thesesublist
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representationscontribute to the recognitionof words but cannot
by themselveselicit recall. This raisesthe issue of how short
novel lists of familiar items can be recalled evenbefore they are
unitized. The fact that a verbal unit can have both an item representationand a list representationnow becomescrucial.
Recall of a short novel list of familiar items is triggered by a
nonspecificrehearsalwaveto A3. This waveopensan output gate
that enablesoutput signals of active items to be emitted from
A3 to M3. As eachitem is read out, it activatesa negativefeedback
loop to itself that selectivelyinhibits its item representation,
thereby enabling the next item representationto be read out.
Each item representationis recalledvia the learnedA3 --+M3 --+
M2 --+M. sensory-motor map.
The recall is an immediate recall from STM, or working
memory, of a list of unitized item representations.It is a type of
"controlled" process.It is not "automatic" recall out of LTM.
For a unitized list chunk in A4 to learn how to read out its list
of motor commands from LTM, the chunk must remain active
long enoughduring the learning processto samplepathwaysto
all of thesemotor commands.We next briefly sketchthe simplest
versionof howlearning and recall can occur in the correctorder.
It should be realized,however,that mechanismsthat sometimes
control recall in the correct order can also generaterecall in an
incorrectorder. In fact,thesemechanismsprovide an explanation
of the bowed and skewed serial position curve of serial verbal
learning as well as related breakdownsof temporal order information in LTM. We do not considerwhy theseSTM and LTM
temporal ordermechanismscannotalwaysencodeveridicalSTM
and LTM order information. SeeGrossberg(1982a, 1985)for
recentdiscussionsof this issue.
In the simplestexample of how temporal order information
across item representationsis encodedand read out of LTM,
the top-down template from A4 to A3 learns this information
while the adaptive filter from A3to A4 is being tuned. Thus the
learning of temporal order information is part of the learning
of an adaptive resonance.Later activation of a list chunk in A4
can read this LTM temporal order information into an STM
pattern of order information acrossthe item representationsof
A3. Activation of the rehearsalwave at this time enablesthe list
to be read out of STM. In sum, recall can occur via the learned
A4 --+A3 --+M3 --+M2 --+M. sensory-motor map.
All the stagesA., A2, A3, and A4 are sensitiveto phonetic
information to different degrees.The next stageAs can group
the list representationsof A4into list representationsthat exceed
the maximal list length that can be representedwithin A4 due
to the finite STM capacity of A3. In other words,the list representationsof A4 spontaneously
parsea list into the mostpredictive
sublistgroupingthat A4'sprior experiencepermits,and Asgroups
togetherthe parsedcomponentsvia associativemechanisms.Associative bonds also exist among the chunks of stageAs. The
learnedgroupings from As to A4 can bind togethermultisyllable
words as well assuprawordverbalunits. The learnedinteractions
within Astend to associateverbalunits that are highly correlated
in the language.Becausethe verbal units that are capable of
activating As are alreadyof a rather high order,As'sassociations
encodesemantic information in addition to other highly correlated properties of these verbal units.
The visualstageV* is not broken down in the presentanalysis
becauseits severalprocessingstages,suchas boundary formation,
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featural filling in, binocular matching, and object recognition
(Carpenter & Grossberg, 1985; Cohen & Grossberg, 1984a,
1984b; Grossberg& Mingolla, 1985, in press),go beyond the
scopeof this article. The stageswithin V. that are used for visual
object recognition (Carpenter& Grossberg,1985, 1986)as distinct from visual form perception(Grossberg& Mingolla, 1985,
in press)also use bottom-up adaptive filters and top-down
learnedexpectancies.
This is sobecausethe problem of stabilizing
a self-organizingcode in a complex input environment imposes
similar general design constraints on all sensory modalities
(Grossberg,1980), Not all of thesevisual processingstagesinput
to the languagesystem.We assumethat associativemaps from
the objectrecognitionstagesin V. to A4 or As canleadto phonetic
and semantic recognitionas well as to motor recall of a visually
presentedletter or word via the sensory-motor paths previously
described.Associativemaps from A4 or As to V. can in turn
match the correct visual template of a word, such as NURSE,
againsta phonetically similar target nonword, suchas NERSE.

1. The Schvaneve1dt-McDonaldLexical Decision
Experiments:Template Feedbackand
List-Item Error Trade-Off
Adaptive resonance theory predicts ordinal relations between
accuracy and reaction time. To illustrate these properties, we use
the theory to analyze the lexical decision experiments of Schvaneveldt and McDonald (1981), which included both reaction
time and tachistoscopic conditions. These experiments used three
types of primes (semantically related, neutral, and semantically
unrelated) and two types of targets (normal words and altered
words). The neutral primes were used to establish a baseline
against which effects of related primes and unrelated primes
could be evaluated. The altered words were formed by replacing
one interior letter of each word with a different letter to form a
non word (e.g., TIGAR from TIGER). Assignment of non words to
the related or unrelated prime condition was based on the relation
between the prime and the word from which the non word was
constructed. Subj~
responded "word" or "non word" manually
by pressing a left.hand key or a right-hand key. Schvaneveldt
and McDonald's (1981) procedure was as follows:
Each trial consistedof two events in the reaction time paradigm and
three eventsin the tachistoscopicparadigm. In either casethe first event
wasalwaysthe priming signal,which consistedofa stringofx's or a valid
Englishword. If the prime wasneutral (x's), it wasthe samelength. ..
asthe relatedword prime for the targeton that trial. The prime remained
on for 750 msecand was followed by a blank interval of 500 msec.No
responseto the prime wasrequired,and subjectswereonly told that the
first event was to prepare them to responseto the target. The second
event, or target, appeared in the same location on the screenand was
either an Englishword or analtered word, as definedby the task requirements.
In the reaction time experiments,the target remained visible until the
subjectresponded.The instructionswere that the subjectwasto respond
as rapidly and accuratelyas possible.
In the tachistoscopicexperiments,the target wasdisplayed for approximately 33.3msecand wasfollowed by a maskingpattern consisting of a
string of number signs(#). Subjectswereinstructed to makeasfew errors
as possible,and speedwas not encouraged.The interval betweentarget
and mask,or interstimulus interval (ISI), wasadjusted at the end of each
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block of trials in order to maintain an error rate of approximately .250.
(p.678)

The resultsof thesemanipulations are summarized in Figure
6. A systematic explanation of these data follows, comparing
everypair of data points within eachgraph. Becauseof the qualitative nature of the explanation,only the relative valuesof compared data points, not their absolute values,can bederived from
such an analysis.
The main point of this analysisis to compare and contrast
the interactions betweena visual list level and an auditory list
level.The visuallist levelexistsin the visual subsystemV', which
projects to the list levelsA4 and/or A, in the auditory system.
Reciprocalconnections from {A4' A,} to V. are also assumed
to existand act as feedbacktemplates. Under conditions of auditory presentation,an analogousanalysiscould be given of reciprocal interactions betweenA3 and A4.
A critical issue in our analysisconcernsthe criteria used by
subjectsto selecta response.Our microtheory implies that an
individual letter or word can be completely identified within its
modality when the corresponding resonanceequilibrates (see
Section7). Many conditions of lexical decisionexperimentsdo
not enablea fully blown resonanceto evolve.Thus subjectsare
forcedto useincompleteprocessingmeasures.Within our theory,
the size and speedof an initial burst of activation at the appropriate list level correlates well with subject performance. The
characteristicsof sucha burst dependon factors suchas whether
a mask is imposed and whether priming events,among other
factors,lead to a match or mismatchsituation. Our explanation
therefore emphasizesthe context-dependentnature of subject
responsecriteria. An analysisof thesetransient dynamical events
provides new insights into speed-accuracytrade-off (Pachella,
1974; Pew, 1969)and statisticaldecisionlikeperformance under
uncertainty (Green & Swets,1966).
We first considerthe tachistoscopiccondition (seeFigure 6a),
whoseanalysisis simpler than that of the reactiontime condition.
The lower curve in the tachistoscopic condition describesthe
error rate when word targets (W) followed related (R), neutral
(N), or unrelated (U) primes. Unrelated primes caused more
errors than did neutral primes, whereasrelated primes caused
fewererrorsthan did neutral primes. The upper curve describes
the error rate when nonword targets (Nw) followed R, N, or U
primes. A nonword targetis constructed from a word targetthat
is in the designatedrelation R, N, or U to a prime by changing
one of the word target's interior letters. With nonword targets,
the reverseeffectoccurred: Related primes causedmore errors
than did neutralprimes,and unrelatedprimescausedfewererrors
than did neutral primes.
Thesecurvesare consistentwith two hypotheses:
I. The bottom-up pathwaysfrom V. to {A4, A,} are capable
of activating the auditory list representations,but the action of
the visual mask 33.3 ms after the onsetof the target obliterates
target-induceditem activation and preventstop-down template
signals {A4, A,} -V.
from causing resonantsharpeningand
equilibration. Thus, in this casetransientactivationsare the only
dynamic eventson which the model can basea decision.
2. On the average,R, N, and U primes causeequal amounts
of interferencein the bottom-up registrationof word and nonword targetsat the item levelof V'. This hypothesisis compatible
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Fig~l~e 6. Res~lfs from the Schv~neveldt and M~Donald. (1~81) lexical
decIsion experiments: (a) A tachistoscoPIc experiment wrtha backward
pattern mask. Error rates in response to word (W) and no,word (Nw)
targets that follow related word (R), neutral (N), or unrelated word (U)
primes. (b) A reaction-time experiment without a backward p.ttern mask.
Reaction times in response to Wand Nw targets that follow R, N, or U
primes. (From "Semantic Context and the Encoding ofWorqs: Evidence
for Two Modes of Stimulus Analysis" by R. W. Schvaneveldt and J. E.
McDonald. 19811,
Journal ofE.-rperimental PsJ'Chology:Human Perception
and Performance. pp. 680, 683. Copyright 1981 by the A"1erican Psychological Assodiation. Reprinted by permission.)

with the R, N! and U categories'being defined by semanticrelatednessto tile targetsand not be similarity of visu~l features.
Independentexperimentalevidencefor Hypothesis1 wasprovided by the Igap detection experiment of Schvan~veldtand
McDonald (1981). This experimentdiffered from the lexical decision experiments only in that the altered-word foilslwereconstructed by introducing a gap in the letter that had beer replaced
in the lexical decisionstudy. The task was to indicate whether
or not a gaphad beenpresent.Detecting thesegaps~hould not
haverequired semanticinformation. In the tachistoscopiccondition of this experiment,word targets (without gaps)were recognized with (:qual error rates after R, N, or U wo,d primes.
This resultwould not beexpectedif the differentprime categories
had causedun~qualamounts of interferencewith the !lisual registration of the targets.The following discussioncomp~respriming effectsfirstIon words,then on nonwords. After that, we considerword-nonword comparisonsto describeeffectsof response
bo
I
,
las.
Word Target IComparisons-

Tachistoscopic

Eachtachistoscopiccondition is identified by prim~ type followed by target type: For example. R/Nw denotes at) R prime
followed by an Nw target.The following discussionsuggestswhy
nonword respQnses
to word targetsincreasein the order from R
to N to U primes.
R/W-N/W i According to Hypothesis 2, the targe~word receivesapproxif11atelyequal interference on the item level from
the prior Rand N primes becauserelatednessis defin~d seman-
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tically, not in terms of shared item features. By contrast, the R
prime strongly activates list nodes of the word target because of
their semantic relatedness. When the word target occurs after an
R prime, its input to its list representation augments the prior
activation that has lingered since the R prime presentation. The
N prime does not significantly activate the list representations
of target words. Hence the R prime facilitates recognition more
than does the N prime.
N/~V-U/W
The N prime and the R prime cause equal
amounts of interference on the item level. The N prime does
not significantly activate the list representations of any target
words. The U prime does not strongly activate list nodes of the
word target. In fact, the U prime can activate list nodes that
competitively inhibit the list nodes of the word target, because
of the recurrent lateral inhibition between list representations
that exists within a masking field (see Section 10). Hence a target
word is recognized more easily after an N prime than after a U

prime.
Nonword TargetComparisons- Tachistoscopic
The following discussionsuggestswhy word responsesto nonword targetsdecreasein the order from R to N to U primes.
R/NII'-N/NI\" According to Hypothesis 2, the target word
receivesapproximatelyequalinterferenceon the item level from
the prior Rand N primes. The N prime does not significantly
activatethe list level. The R prime does. Moreover,the R prime
significantlyactivatesthe same list representationthat the subsequenttargetword activates.Thus the nonword targetis more
often misidentified as a word after an R prime than after an N
prime.
N/NK'-U/Nw. The N prime does not significantly activate
the list level.The U prime significantlyactivatesword representations on the list level that inhibit the word representationthat
is activated by the nonword target. The nonword target can significantly activateits word representationon the list level. Template feedbackcannot act to correct this misidentification. Inhibition from the U prime can. Thus a nonword target is misidentified asa word more frequently after an N prime than after
a U prime.
We now compare the transient bursts caused by word and
nonword targetsafterthe sametype of prime. We showthat both
burstsare similar if the mask actssufficiently quickly after target
onset. The sizesof thesebursts increaseacrossthe prime conditions from R to N to U. Thus the different error rates in responseto word and nonword targetscanbe ascribedto response
biases.For example,a subjectwho demandsa fully blown resonance in order to respond "word" will be biased to respond
"nonword" in all conditions.
R/W-R/N»'. Both word and nonword targetsreceiveequal
amountsof interferenceon the item levelbecauseof the R prime.
Both word and nonword targets similarly activate the list representationof the word. This list representationreceivedsignificant activationfrom the prior R prime. The targetmaskprevents
template feedbackfrom correcting activation of a list representation of a word by a nonword. Consequently,both word and
nonword list representationsgeneratesimilar activation bursts,
both of which are amplified by the prior R prime.
U/W-U/NII'. Accordingto Hypothesis2, both the word target
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and the nonword target receive equal amounts of interference
from the prior U word prime activating their item representations
within V*. Because of the brief presentation of word and nonword targets, both targets activate similar list nodes in A4 and
As. In particular, letters that are interior to words or word syllables
are less important in the adaptive filtering of items into lists than
are letters at the ends of words or syllables (Grossberg, 1978a,
1985). This property is due to the primacy and recency gradients
of temporal order information that form in the pattern ofSTM
activation across active item representations. The rapid pnset of
the target mask prevents the template feedback from lists to items
from correcting the misclassification of a non word target as a
word. Consequently, both word and nonword list represetttations
generate similar activation bursts, both of which are att~nuated
by the prior U prime.
Schvaneveldt and McDonald (1981) obtained a differbnt pattern of results with the same design when no mask was presented
and reaction times were recorded. We now trace the di~erences
between the data of the reaction time condition (Figure 6b) and
of the tachistoscopic condition (Figure 6a) to the actio~ of the
feedback template from list to item representations. To emphasize
these differences, we compare pairs of data points in the lieaction
time condition with the corresponding pairs of data p~ints in
the tachistoscopic condition. Several of our explanations depend
on a trade-off that exists in these networks between ad initial
tendency to misidentify a word at the list level and the ability of
this initial tendency to generate an error-correcting mismatch at
the item level before false recognition can occur. We 4all this
trade-off the list-item error trade-off
Two changes in the reaction time data are of particular ~nterest.
First, there was no increase in reaction time on word trials due
to a U prime relative to an N prime, although a U prime in~reased
error rate relative to an N prime in the tachistoscopic expe~iment.
Second, an R prime decreased reaction time relative to an N
prime whereas an R prime increased error rate relative to an N
prime in the tachistoscopic experiment. We will analyze the difference between the two types of experiments by making ~airwise
comparisons of the data points.

NonwordComparisons-ReactionTime
Each reactiontime condition is againidentified by priq1etype
followed by target type suchthat unmaskedtargetsare in~icated
by an apostrophe: For example, N/W' denotesan N prime followed by an unmasked W target.
I
RjNw'-UjNw' versusRjNw-UjNw. Thesecomparisbnsanalyze the large difference betweenthe error rates for R/Nw and
U/Nw in the tachistoscopiccondition and the insignificilnt difference betweenboth the error rates and the reaction times of
R/Nw' and U/Nw' in the reaction time condition.
Compare R/Nw with R/Nw'. In R/Nw, both the R prime and
the nonword target activate the list representationof t~ word
from which the nonword wasderived.Hencethe nonword target
generatesa relatively large number of word misidentific~tions.
The processingin R/Nw' starts out just as it does in IR/Nw.
In R/Nw', however,the conjoint activation of the word's list representationby both the R prime and the nonword targetg~erates
largetemplate feedbackfrom the word list representationto the
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nonword item representation.Thus the very factor that causes
many falseword identifications of the nonword target in R/Nw
leads to a relatively strong feedback signal with which to disconfirm this misidentification in R/Nw'. The mismatchbetween
the nonword's item representationand the word's item representationcausesa significant collapse in the item-to-list signals
that were supporting the word's list representation.Thus the
number of word misidentifications of the nonword target in
R/Nw' is reducedrelative to R/Nw.
Moreover,the fact that the word representationis still active
becauseof the R prime when the nonword target is presented
speedsup as well asamplifies the read-outof the word template,
therebycausinga speed-upin reaction time.
Compare R/Nw' with U/Nw'. In contrast with R/Nw', in
U/Nw' the U prime inhibits the list representationof the word
that the nonword targetactivates.Thus the net activation of the
word's list representationby a nonword target is weakerin U/
Nw' than it is in R/Nw'. Consequently,the word template that
is read out by the list representationin U/Nw' is weakerthan
that read out in R/Nw'. The U/Nw' template is therefore less
effectivethan the R/Nw' template in mismatchingthe nonword
item representation.
Thus a trade-off (list-item error trade-off) exists betweenthe
initial tendencytoward word misidentification at the list level
and the ability of this initial tendencyto triggertemplate feedback
that can correct this tendencybefore erroneousrecognition can
occur.The two factors-degree of incorrect initial list activation
and degreeof item mismatch-tend to canceleachother out.
This trade-off holds for both activity levelsand rates of activation. A large prior activation of the word's list representation
by the R prime helps to cause a rapid read-out of the word
template. This rapid reactionelicits a strong item mismatchcapable of undercutting the already large initial activation of the
word's list representation.The greaterspeedis herebycompensated for by the largeractivation that mustbe undercut.Thus in
both error rate and reaction time, R/Nw' and U/Nw' are similar
despitethe largedifference betweenR/Nw and U/Nw.
N/Nw-U/Nw' versusN/Nw-U/Nw. The main points of interest concern why in the reaction time paradigm U/Nw' is reliably fasterthan is N/Nw' eventhough their error ratesare comparable,whereasin the tachistoscopicparadigm,the error rate
in U/Nw is reliably lessthan that ofN/Nw. Our task is to show
how the feedbacktemplate in the N/Nw'-U/Nw' comparison
alters the N/Nw-U/Nw dynamics of the tachistoscopiccase.
Once again,a list-item error trade-off betweenthe amount and
timing of list representationactivation and its effects on the
amount and timing of item mismatch forms the core of our
analysis.Our explanation,moreover,differs from the hypothesis
that Schvaneveldt
and McDonald ( 1981)derived from thesedata.
The N prime does not activatethe list representationsnearly
as much as a word prime does. Hence a nonword target can
modestly activate its word representationwithout major interference or augmentation from the prior N prime. The word's
list representationthen reads out a template whose ability to
mismatch the nonword's item representationdependson how
stronglythe nonword was able to activate the word's list representation.Thus the sizeof the initial tendencyto ~isidentify the
nonword targetcovarieswith the ability of the feedbacktemplate
to correct this error.

This balan e between initial list activation and subsequent
item mismatc also occurs in the U prime condition. In this
condition, ho ever,the U prime inhibits the word list representation that the onword targetactivates.This list representation
is thus activat by the nonword less after a U prime than after
an N prime. e weakertendencyto misidentify the nonword
as a word after a U prime leads to a weakertemplate read-out
and a weakerit m mismatch with the nonword's item representation. The simi ar error rates in the N and U nonword conditions
can thus be tra ed to the list-item error trade-off.
Why thenis t e reactiontime in the U prime condition reliably
faster(36:t 12 s,p < .01) than in the N prime condition? We
suggestthat a ajor factor is the following one. In the U prime
condition, the onword target causesa relatively small initial
activation of th word level becauseof the prior occurrence of
the U prime. Th s relativelysmall initial activationtendsto cause
a relatively wea item mismatch that can only causethe initial
list activationto come evensmaller.We suggestthat the absence
of a largerate or mount of activation within the list level at any
time providesa r lativelyrapid cue that a nonword hasoccurred.
By contrast,w thin the N prime condition, the nonword target
cancausea relat vely large initial activation of the list level. Althoughthe larget mplate read-outthat is causedby this activation
can compensate or it, via list-item error trade-off, more time
is required to in ibit this initial activity surge than is required
to registerthe ab nce of sucha surge in the U prime condition.
Thus the reaction ime tendsto be longerin the N prime condition
than in the U pri e condition. This explanation assumesthat
subjects in the re ction time condition tend to respond to the
network's equilib ated activities rather than to momentary activity surges.Sub cts who do respond to initial surges might
respond faster an be more prone to make word misidentifications.
Schvaneveldtan McDonald (1981)discussthesedata in terms
of the hypothesis hat "the priming event can lead to general
activation oflingui tic information-processingmechanisms"(p.
681) in responset an R prime or U prime but not an N prime.
This hypothesisis used to explain why the reaction times to
nonword targetsa er R or U primes are faster than those after
an N prime. This e planationdoes not seemto sufficeto explain
thesedata, at least ot usinga serial searchmodel of verification.
This is becausethe N prime should not generateany semantic
set. Even if R and primes can speed up searchthrough their
semanticsets,such searchwould presumablytake longer than
no searchat all.
Our questioning how a nonspecific activating mechanism
could modulate ser al searchdoes not mean that we deny the
existenceof nonspe ific activating mechanisms.Within the context of adaptive r nance theory, a level Fi can also nonspecifically activate a lev I F;+I in addition to specificallyactivating
Fi+l. This nonspeci c activation lowers the gain of F;+I and
therebyenablesthe; ---F;+I signalsto supraliminally activate
the STM tracesof '+1.As summarized in Section 9, the need
for suchnonspecific in control canbe seenby considering how
a higherstageFi+2re ds tOP-downtemplatesinto F;+I. The theory suggeststhat F;+2 an activelyread suchtemplate signalsinto
Fi+1 without supra~i inally activating Fi+l. These templates
subliminally prepare ;+1for supraliminal bottom-up activation
from F;. When Fi d s sendbottom-up signalsto Fi+I' it "opens
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the F;+1gate"-that is, nonspecificallyaltersthe gain-to enable
the bottom-up signalsfrom F; and the top-down template from
F;+2to begin to supraliminally match or mismatch, as the case
might be.
A role for bottom-up nonspecific gain control within our
theory would require that Rand U primes are more vigorously
processedby V* than are N primes and hence can elicit larger
nonspecificsignalsto {A4' As}. This property does not occur in
the outputs of the V* item level, becauseall the R, N, and U
primes are constructedfrom equal numbersof letters.The property can,however,occur in the outputs of the V* list level,because
a familiar word prime of a fixed length can generategreateractivation within a masking field than can an unfamiliar prime
with the same number of letters (Section 10). Thus, the Schvaneveldtand McDonald (1981)hypothesiscan be restatedas the
suggestionthat V* containsa list representationalstagethat obeys
the laws of a maskingfield. Then the presentanalysisstill holds
if lists in V* project to lists in A4 and/or As.
R/Nw'-N/Nw' versusR/Nw-N/Nw. This comparisonis already implicit in the R/Nw'-U/Nw' versus R/Nw-U/Nw and
N/Nw'-U/Nw' versusN/Nw-U/Nw comparisons.It is included
to emphasizethe importance of the list-item error trade-off.
In the tachistoscopicexperiments, R/Nw has a higher error
rate than condition N/Nw due to significant conjoint activation
of word list representationsby the R prime and the subsequent
nonword target. In R/Nw', by contrast,the large initial activation
of the nonword targetdue to the prior R prime elicits a faster
and strongertemplate read-outand item mismatch than in the
N prime condition. The fasteracting template in the R prime
casethan in the N prime caseleadsto a faster reactiontime in
R/Nw' than in N/Nw'. The strongertemplate read-outand item
mismatch in the R prime case than in the N prime casecompensatesfor the larger initial activation via the list-item error
trade-off, thereby reducing the relative error rates of R/Nw' to
N/Nw' compared with the error rates of R/Nw to N/Nw by
causing a significant collapse in the incorrect initial activation
of word list representations.
Our theoryovercomesthe objectionwe madeto a serialsearch
versionof verification in the following way.At the moment when
an Nw' target occurs,a word representationis already significantlyactive in caseR/Nw' but not caseN/Nw'. Evenif the word
representationwere capableof generatingsuprathreshold topdown signalsto the item level at this time, thesesignalswould
not elicit suprathresholditem activation until the targetoccurred
(seeFigure 4a). In any case,the Nw' target causesthe list representation of the corresponding word to exceed its output
threshold fasterwhen it follows an R prime than when it follows
an N prime, becausethe N prime does not significantlyactivate
this list representation.Thus list-item error trade-off beginsto
act soonerand more vigorously in the R/Nw' casethan in the
N/Nw' case.
Word Comparisons-Reaction

Time

N/»"-U/w' versusN/W-U/W versusN/Nw'-U/N»,'. The
main points of interestare that in the reactiontime experiments,
the reaction times to word targets after Nand U primes were
not significantly different (the U prime condition was slightly
slower),although the error rate in the U prime condition was
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larger(.042)tha in the N prime condition (.029),although this
trend was not s gnificant. A similar pattern of error rates was
found in the tac istoscopicexperiments(N/W-U/W). By contrast, the reactio time to a nonword target after a U prime was
significantly less hanthe reactiontime to a nonword target after
an N prime (N/ w'-U/Nw'). Why does letting a nonword-activated template ct preserverelative error rateswhile producing
approximatelye ual reactiontimes (N/W'-U/W' versusN/WU /W), whereas etting a word-activatedtemplate act does not
produce approx.mately equal reaction times?
When a word target occurs after an N prime, it can activate
its representatio on the list levelwithout experiencinginhibition
or facilitation d e to the prior N prime. In the reaction time
experiments,the ord targetcanalsocauseread-outof a template
capable of matc ing its item representation.By contrast, when
a word target 0 urs after a U prime, its list representationis
still experiencingresidualinhibition becauseof the prior U prime.
However,the w rd target remains on long enough for its list
representationt be activatedand to read out a template capable
of matching its tern representation.Matching the item representationcan in urn further amplify input to the list representation. In all, de pite a slower initial start in being activated, if
the word targetsays on long enough,it generatesequal levelsof
equilibrated list ctivation after both an N prime and a U prime.
The initial differe ce in list activationlevels,which is so important
in the tachistosc pic experiments(N/W-U/W), becomeslessso
in the reaction t.me experiments (N/W'-U/W') becauseof the
similar courseof ist-item equilibration afterthe initial activation
difference is ove come. Nonetheless,a slightly longer reaction
time can be cau ed by the U prime's inhibitory effect on the
initial course of rocessing.
This explanati n makesimportant use of the different effects
of template-medated item matching or mismatching on subsequent list acti ation. An item match due to a word target
tends to strengt n the word list representation.An item mismatch due to a onword target tends to weakenthe word list
representationa cording to list-item error trade-off. These different consequenesof word targetsand nonword targetssuffice
to explainthe rea tion time differencesbetweenN/W'-U /W' and
N/Nw'-U/Nw'.
It remains to say why the error rates are not the same in
N/W'-U/W', wh reasthe reactiontimes are approximately the
same.The upper limit on reaction time differencesis set by the
equal equilibrati n of list activation due to word targets that
follow N primes nd U primes. Even if subjectsrespond with a
statistical distrib tion of reaction times that is concentrated
throughout the ti e interval until equilibration is finalized, the
differencein mea reactiontimes should not significantlyexceed
the brief interval neededto offset U prime inhibition. Nonetheless,if some subects do respond at times before equilibration
occursand use t e level of list activation to determine word or
nonword respon s, thenthe initial U prime inhibition cancause
a significant incr ase in nonword responsesto the word target.
This tendencysh uld correlate with shorter reaction times.
R/W'-N/W' v rsltsR/~'-N/W
The R/W error rate is less
than the N/W e or rate becauseof the priming of the correct
word list repre tation after an R prime but not after an N
prime. The sam is true for the relative sizes of the RfW' and
N/W' error rate, although this trend was not significant. In
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R/W' and N/W', a word targetthat follows an R prime canmore
quickly and stronglyread out its template than cana word target
that follows an N prime. These templates tend to match and
amplify the word item representation. Thus R/W' possesses
a faster reaction time and a lower error rate than does condition N/W'.
In summary, these lexical decisiondata 'Canbe qualitatively
explained using the following properties:
I. R, N, and U primes all generatecomparablelevels of interferenceto later targets at the item level.
2. R primes subliminally activate semanticallyrelated word
list representationsvia recurrentconditionedexcitatorypathways
within the list levels. U primes inhibit semanticallyunrelated
word list representationsvia recurrent unconditioned inhibitory
pathways within the list levels. N primes neither activate nor
inhibit word list representationsby a significantamount.
Thesepriming propertiesassumethat the list representations
of words with more than one letter can inhibit the list representations of their constituent letters,including the list representations of letters that form the N prime. This property, which is
neededto learn selectiveword list representations,is achieved
by designingthe list levelsas masking fields (seeSection 10).
3. A larger activation of a word list representationdue to a
word targetcausesfasterand strongeritem matchingand activity
amplification at the item and list levels.
4. A larger activation of a word list representationdue to a
nonword target causesfaster and stronger item mismatch and
activity suppressionat the item and list levels.This compensatory
property is called the list-item error trade-off.
This property assumesthat mismatch of a single letter in a
word at the item level can cause a significant collapse in the
activation of the word's list representation.Thus for our explanation to hold, activation of a list level representationmust be
selectivelysensitiveto word length in a mannerthat is consistent
with the propertiesof a masking field (Cohen & Grossberg,in
press).

12. Word FrequencyEffects in Recognitionand Recall
Recognitionevents that occur during lexical decision experiments are often analyzedasa world unto themselves.Relations
with other sorts of word recognition and recall phenomenaare
often neither noted nor used to provide additional constraints
upon understandingof word recognition phenomena.The remaining sections of this article relate lexical decision data to
another sort of word recognition and to recall.
A number of experimentshavedemonstratedthat word frequency manipulations can have different effects on recall than
on recognition of prior occurrence. A unified explanation of
theseeffectsis suggestedby our theory and leadsto interesting
comparisons with previous explanations. Our explanation invokes unitization and interlist associativereactions in a basic
way.Thus whereasour explanation of lexical decisiondata did
not require an analysisof LTM changes,our analysisof memory
of previous occurrence does. Some of the main experimental
phenomenaare nowsummarized.
In lexical decision experiments,different effects of word frequency occur with and without the use of a backward pattern
mask. Under conditions of backward masking,word frequency

typically does not have a signficant effect on accuracyof word
recognition, although insignificant improvementsin recognition
have beennoted as a function of increasingfrequency(Manelis,
1977; Paap& Newsome,1980). By contrast, if a backward mask
is not used,then high-frequencywordsare consistentlyclassified
fasterthan low-frequencywords (Landauer & Freedman,1968;
Rubenstein,Garfield, & Millikan, 1970; Scarborough,Cortese,
& Scarborough,1977).This differencehas beenusedto support
the verification model hypothesisthat word frequencydoes not
influence word encoding but does influence the later stage of
word verification.
A paradoxicalpatternof dataemergeswheninfluencesof word
frequency on recognition and recall are contrasted. This data
pattern, which is often called the word frequency effect.states
that high-frequencywords are recalled better than low-frequency
words,but low-frequencywords are recognizedbetter than highfrequency words (Glanzer & Bowles, 1976; Gorman, 1961;
Schulman, 1967;Underwood & Freund, 1970).To explain this
effect,it is necessary
to carefullydefine the relevantexperimental
procedures.
Underwood and Freund (1970) useda two-alternativeforcedchoice recognition procedure. In Stage 1 of their experiment,
subjectsstudied a list of 50 low-frequency(L) words or a list of
50 high-frequency(H) words. In Stage2, subjectswere shown
pairs of words. One word in each pair was chosenfrom the list
of study words. The other word in eachpair was chosenfrom a
list of either H words or from a list of L words. Thus subjects
fell into one of four categories-L-L, L-H, H-L, H-H-in
which the first letter designatedwhetherthe study list wascomposedof L or H words and the secondletter designatedwhether
the distractor word in eachpair was chosenfrom an Lor H list.
The subjectswere instructed to identify the word in each pair
that they had seenon the study trial.
The resultsof Underwoodand Freund (1970)are summarized
in Figure 7. The main word frequency effect compares H-H
with L-L; that is. when studied L words were paired with unstudied L words, recognition was better than when studied H
words werepaired with unstudied H words. This effectreversed
in the H-L and L-H conditions. Studied H words in the H-L
conditionwererecognizedwith fewererrorsthan studied L words
in eitherthe L-H or L-L conditions.To understandtheseresults,
one needsto considerthe effectof word frequencyon the study
trial as well as the effect of word frequency differenceson the
test trial. Underwood and Freund (1970) offered an interesting
explanation of their results. Our explanation is compared and
contrastedwith theirs below.
This experimentraisesfundamentalquestionsabout the processesthat lead to judgments of recognition. Unlike a judgment
betweenword and nonword, all items in the Underwood and
Freund (1970)experimentare words. The task is to judge which
of thesewords have recently beenseen.This type of recognition
has beencalled different names by different authors. Concepts
suchas "the judgment of previous occurrence" (Mandler, 1980;
Mandler, Pearlstone,& Koopmans, 1969),"familiarity" (Juola,
Fischler, Wood, & Atkinson, 1971; Kintsch, 1967; Mandler,
1980), "situational frequency" (Underwood & Freund, 1970),
and "encoding specificity" (Tulving, 1976;Tulving & Thomson,
1973)havebeenusedto distinguishthis type of recognition from
other types, such as the word-nonword recognition of lexical
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assumed to increase the situational frequency to 2. However,
discriminability of an item increases as a slower-than-linear
function of situational frequency, so that two study trials have
little more effect than one study trial on discriminability. Jt is
also assumed that a subject chooses that item in a pair of items
with the higher discriminability.
A critical assumption that differentiates the effects of Hand
L words concerns the role of implicit associational responses
(JARs). Jf a studied item elicits an IAR, then the JAR also acquires
a frequency of 1. It becomes an "old" item even if it does not
explicitly appear in the study list. Jt is also assumed that H words
have more JARs than do L words and that the JARs ofH words
tend to be other H words.
Consequently, H-L recognition is best. H words directly receive
an increment of 1due to study. They may also indirectly achieve
a greater discriminability than 1 by being the IARs of other
studied H words. By contrast, the unstudied L words are unlikely
to be the JARs of studied H words, so that the frequency differences between Hand L words in H-L pairs is maximal. By
contrast, in the H-H situation, many of the unstudied JARs of
studied H words may be the new words in the H-H pairs. Furthermore, studied H words that are JARs of other studied H
words derive little extra advantage from this fact. Hence many
of the H-H pairs tend to have similar discriminability values,
so that many errors occur. L-H should produce fewer errors
than H-H, because the studied L words acquire a large frequency
1 without increasing the frequency of the unstudied H words.
L-L should also produce fewer errors than H-H, for a similar

.-
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reason.

decision tasks, or recognition of the individual items in a list.
The Underwood and Freund (1970) experiment underscored the
difficulty of making such a concept precise by showing that recent
presentation can interact in a complex fashion with word frequency. In other words, these data show that subjects may confuse
the internal recognition indices that are due to recent presentation
with internal recognition indices that are due to the cumulative
effects of many past presentations. This is not surprising when
one considers that it is the long-term cumulative effects of many
"recent presentations" that yield the internal representations that
subserve word frequency effects. How one should proceed from
such general observations is, however, far from obvious, as we
shall see by reviewing two of the leading models of this type of
recognition.

13. Analysis of the Underwood and Freund Theory
Underwood and Freund's (1970) explanation of the data in
Figure7 is a prototypeof laterexplanationsof the word frequency
effect. A measureof "situational frequency" is assignedto each
item. A study trial is assumedto increase the situational frequency of a studied word from 0 to I. A second study trial is

The other comparisons follow less easily from this analysis.
The advantage of H-L over L-L can be attributed only to the
slight benefit received by studied H words that are JARs of other
studied words. In the data, the error difference between H-L
and L-L is at least a third of the difference between H-L and
H-H. Jf studied words derive little benefit from being JARs of
other studied H words, then this difference should be small. Jf,
however, studied H words derive a great deal of benefit from
being JARs of other studied H words, then H-H should not
produce nearly so many errors. However, this difficulty would
be less pronounced if L words have more L word JARs than do
H words.
A further difficulty concerns the model's implications concerning the real-time events that translate situational frequencies
into decisions. The situational frequency changes may be likened
to changes in LTM. The theory does not, however, explain how
a new H item that was an JAR of a studied H item translates its
LTM situational frequency value of 1 into a decision on a test
trial. In particular, suppose that the frequency change between
a studied H word and an JAR H word were due to a change in
the L TM strengths within the conditionable pathways between
internal representations of these words. Tlten these LTM traces
would have no effect on the activation of the JAR H word on a
test trial unless the studied H word with which it is paired is the
word that activated it as an JAR on the study trial. Thus, something more than the strengthening ofinterword associative linkages is needed to explicate the situational frequency concept.
Suppose, for example, that all the activated H words, both studied
words and JAR words, form new LTM linkages with internal
representations of contextual cues, notably with visual reDre-
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sentations of the experimental context. Then these contextual
cuescould activatethe list representationsof the studied words
and the fAR H words on recognition trials. Such a contextual
contribution could savethe formal properties of the situational
frequencyconceptbut still could not explain the relativelylarge
error differencebetweenH-L and L-L. Despitetheseuncertain
and incomplete aspects,the Underwood and Freund (1970)
model provided a seminal framework for later models of the
word frequencyeffect.

14. Analysis of the Mandler Theory
Mandler (1980)and Mandler, Goodman, and Wilkes-Gibbs
(1982) further developedthe theory and the data of theserecognition and recall differences.In the Mandler et al. (1982)experiments, a lexical decision task provided the occasion for
studying Hand L words. The subjects' task, as usual, was to
identifywordsand nonwords.Theywere not told that theywould
beaskedto rememberthesestimuli. Half the subjectswere then
giventhe samewords and askedto define them. The remaining
subjectswere not. Then all subjectswere askedto return in 24
h. At that time. half of the subjectsin each group underwenta
recognition test in which old and newwords were intermixed.
More L words were recognizedthan H words. After the recognition test,thesesubjectswerealso givena recall test. Recallwas
betterfor H words than for L words.The other half of the subjects
weretestedfor recallbeforerecognition. A prior recognition test
was found to increase recall significantly, but it also increased
errors due to distractors from the recognition test.
Mandler et al. (1982)also did an analysisaimed at replicating
the major results of Underwood and Freund (1970), although
they did not usea two-alternativeforced-choiceparadigm. This
analysiswas restricted to data from the definition task group.
becausethis task provided a learning experienceanalogousto
that in the Underwood and Freund (1970)study. Mandler et al.
(1982)analyzedthe hit ratesand falsealarm rates for the Land
H new and old words that were usedduring the recognitiontest.
They showedthat the d' for the L-L comparisonwas largerthan
that for the H-H comparison,whereasthe d' for the H-L comparison was larger than that for the L-H comparison. Also the
d' for the H-L comparison was larger than that for the H-H
comparison.
The model of Mandler (1980) introduces refinements and
modifications of the Underwood and Freund (1970) model but
also newdifficulties. Mandler replacesthe notion of situational
frequencyand the slower-than-linear
increaseof discriminability
with frequencyby introducing his conceptof familiarity. Mandler
discusseshow an event's familiarity and a retrieval processcan
work togetherto determine recognition. He lets ..F = the probability that an eventwill becalledold on the basisof its familiarity
value; R = the probability that an event will be called old as a
result of retrieval processes;Rg = the probability that an event
will be called old" (1980, p. 257). Theseprobabilities obey the
equation
Rg = F + R -FR.
(5)
Both Mandler (1980)and Mandler et al. (1982)argued that retrieval processes
are not rate limiting in determining the reversal
that occurs during word recognition. Consequently,they devel-

opedthe propertiesof the familiarity conceptto explainthe word
frequencyeffect.
Familiarity of an event is determined by the integration. perceptual
distinctiveness,
and internalstructureof that event. ..and by the amount
of attention expendedon the event or item itself[italics ours]. Retrievability. ..is determinedby intereventrelationshipsand the elaboration
of the target eventin the context of other eventsor items. (Mandler et
al., 1982,p. 33)

Thus intraitem changesin familiarity bear the total burden of
explaining the recognition reversalin the Mandler (1980)model,
unlike the role of IARs in the Underwood and Freund (1970)
model.
The actual implementation of the familiarity conceptto explain the word frequencyeffectfacesseveraldifficulties. Despite
these difficulties, the intuitions that led to the Mandler (1980)
theory are instructive. Hence we describe both the model's intuitive basisand its formal difficulties before suggestinghow our
theory overcomesthesedifficulties.
Mandler (1980) assumedthat every word has a "base familiarity" before it is presentedin a recognition experiment. Typically the base familiarity Fa of a high-frequencyword is larger
than the base familiarity value10 of a low-frequencyword. In a
theory that explainsjudgments of recentoccurrence using a familiarity concept, a base familiarity value must be defined or
one could not evencomparethe familiarities of old-word targets
and new-word distractors. Mandler (1980) and Mandler et al.
(1982)acknowledgedthis need with their discussionsof the Underwood and Freund (1970) experiment and the Glanzer and
Bowles (1976) experiment. The latter experiment revealedthe
basic fact that
false alarms demonstratethe dominance of high-frequencywords; that
is, hit ratesare higherfor low-frequencywords, but falsealarm ratesare
higher for high-frequencywords. In other words, in the absenceof retrievability the recognition judgement (for distractors) dependson the
familiarity of the item. (Mandler, 1980,p. 267)

The crucial step in a theory basedon familiarity is to explain
howbasefamiliarity is altered whena word is presented,or how
a new word becomesan old word. Because
Fa> 10,

(6)

one needsan operation that can reversethe effect of word frequency on the basefamiliarity value. Formally,the question becomes, How do increments AF and Afin familiarity alter the
basefamiliarity valuesFaandlo to generatenew familiarity values
F. andfj such that
F1 <.Ii?

(7)

Mandler (1980) makes the plausible assumption that "the increment in familiarity (integration) for all words is a constant
function of the amount of time that the item is presented"
(p. 268). In other words,

d=M=~f.

(8)

Given Assumption 8, no obvious additive model can convert
Inequality 6 into Inequality 7. Mandler therefore choosesa
ratio model. He suggeststhat "the operative F value for a word

~
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be df(d + F), where F is the preexperimentalbase familiarity
value of the word" (1980, p. 268). In other words,
Ft = d
(9)

Xd
Fl = Fo + -.:.--

d+F~'
and

d+Fo'
jj=lo+d+Io'

and
djj=~

(10)

Mandler goeson to apply this definition by using Equation 5 to
determine when
h + r -rj;

> F1 + R -RF.

(II)

(1980, p. 268) under the condition that the retrievability (r) of
low-frequencywords and that of high-frequencywords (R) are
equal. He notes that Inequality 6 is the basis for deriving Inequalities7 and II.
Despitethe ingenuity of this familiarity concept,it is not entirely satisfactory.For example,a comparison of Inequalities 6
and II showsthat a single study trial, no matter how short, must
reversethe Inequality 6 governingbase familiarities, which are
determined by a large number of prior word exposuresunder
natural conditions.This paradoxicalconclusionfollows because
for any positive Ilf= IlF, no matter how small, F1 <h if Fo >
.10.Another way to state this problem is as follows. One might
expectthe operative familiarity value to approachthe basefamiliarity value as the increment in familiarity approacheszero:
that is,
jj -fa as 6./-0.
(12)

and
F1 ---Fo as ~F ---O.

( 13)

Instead,the Definitions 9 and 10 imply that

j; ---0 as ~f---0

(14)

F

(15)

and
OasM---O.

One might wish to salvagethe situation by replying that if an
item has not beenstudied in the experiment, it has a zero familiarity value. Howeverone cannot then explain how newdistractorsgeneratefalsealarms on the basis of word frequencyin
the Underwood and Freund (1970) and Glanzer and Bowles
(1976)experiments.
Moreover,the Mandler et al. (1982) analysis of d' scores in
their definition task experiment is inconsistentwith the Underwood and Freund (1970)data in an important respect.Mandler
et al. (1982)assumethat familiarity is an intraitem variable and
that forced-choiceresponsesare basedon selectionof the more
familiar word in eachpair. Under suchassumptions,a d' analysis
requires that the lines betweenpoints (L-H, H-H) and points
(L-L, H-L) be parallel. This is not true in the Underwood and
Freund (1970)data(Figure7). Thus,althoughthe Mandler(1980)
modelescapesits worstdifficulties when it doesnot combine old
words with new words, it fails to be able to make sucha comparison both formally and in important data. Thesedifficulties
suggestthat the Mandler (1980)familiarity conceptis insufficient
to capture major properties of subjects'ability to judge previous
occurrences.
One can escapethe limit problem expressedin Properties 12
and 13 by redefining F1 andJj as follows. Let

(16)

Xd

"fl

where A is a positive constant. Then the desired limit Properties
12 and 13hold. Moreover,if A is sufficiently large and d is not
too small, then F1 < jj even if Fa > 10.Using this new model,
one can explain the Underwood and Freund (1970) data as follows. To explain th~ greater errors for H-H than for L-L, we
needto showthat
F.-Fo<Jj-Jo.

(18)

By Equations 16 and 17,this reducesto the inequality
Fo > Jo

(6)

for the basefamiliarities. To explain the greatererrors for L-H
than for H-L, we needto showthat
FI-Jo>Jj-Fo.

(19)

This inequality reducesto
(20\

which is attainable for a range of d values, given any X, 10,
and Fo.
Although the new definitions of familiarity (Definitions 16
and 17) escapesome problems of the Mandler (198O) model,
they face challengesof a more subtle nature. Mandler himself
hasemphasizedthe cumulative nature of familiarity: "Each additional presentationand processingof an eventaddssomespecified degreeof integration to the target. ...Repeated recognition tests (presentations)not only preventlossof familiarity but
actually increment it" (Mandler, 1980, pps. 267, 269). If presentationsalter an item's familiarity by incrementing the integration of an item's internal representation,then where do incremental terms such as df(d + F) leave off and new base familiarities begin?In other words, no matter howlarge d gets in
a formula suchas
F1 =Fo+-

Xd

d+Fo'

(16)

whether because of a single sustained presentation or many brief
presentations, the formula does not show how an old "base"
familiarity Fo generates a new "base" familiarity Fl, It makes
no physical sense to arbitrarily write
Xd
F2 = F. + d+"F;

(17)

for the next round of recognition experiments. A formula such
as Equation 16 fails to explain how the cumulative effects of
many presentationsdetermine the influence of word frequency
on the basefamiliarities Faandfo. It is also difficult to understand
how a subjectcould separatelystore, as part of an item's "integration," an increment d and a basevalue Fa for 24 hr before
comparing them on later recognition trials. Becauseof the fundamentalnature of theseissuesin explaining the word frequency

70

STEPHEN GROSSBERG AND GREGORY STONE

effect, a different theory must be soughtthat capturesthe insights
of the Underwood and Freund (1 970)and Mandler (1980)models
but escapes their pitfalls.

15. Role of Intralist Restructuring and

ContextualAssociations
Our explanationof the word frequencyeffectcontainselements
in common with both the Underwoodand Freund (1970) model
and the Mandler (1980)model in that we suggestboth interitem
and intraitem organizationalchangessubservethis effect. As in
our interpretation of the IARs of the Underwood and Freund
(1970) model,we note that contextual associationsbetweenV.
and {A4' A,}, as well as betweenA4 and A" can form as a result
of studying a list of old words. This conclusiondoes not require
any newassumptionswithin our theory. Such LTM associations
alwaysform whenthe relevant item and list representationsare
simultaneouslyactivated in STM. Suchassociationscan also be
quickly restructured by competing LTM associationsor masked
by competitiveSTM interactions unlesstheir triggering environmentaleventscan utilize or form distinctive list representations,
buffered by their own top-down templates, betweenwhich to
build these newassociativebonds (Grossberg,1978a).
Thus a unique visual experience,via contextually mediated
bonds betweenV. and {A4' A,}, can have an enduring effecton
word recognition. In a similar way, embedding an item in a
unique verbal list can generatestrong contextual effectsdue to
the formation of new list representationswithin {A4' A,}. Such
contextualeffectsare not usually important in a lexical decision
task becausesucha task does not define lists of old items and
of new items. Contextualeffectsare important, however,in experiments studying the word frequency effect, serial verbal
learning,and the like.
To understandhow contextualassociationscan be differentially
formed with old L words and old H words, we first need to
understandhow L wordsand H words differentiallyactivatetheir
internal representationsin STM. We showhow such differential
STM activations can differentially alter the intralist LTM organization or "integration," to use Mandler's phrase,of the corresponding list representations.These differential STM activations canalso differentially form new interlist LTM associations
with contextual representationsin V. and, under appropriate
experimentalconditions, with A,. Such interlist LTM reactions
are closerto the Underwoodand Freund conceptsof IARs. Both
of thesetypesof LTM changescooperateto alterthe total reaction
to old words on testtrials.
Even in an experiment in which old words are not divided
into two classes,such as Land H, contextual associationscan
still contribute an increment in integration over and abovethe
increment causedwithin the internal representationsof the old
words. This contextual increment helps to reduce the overall
error rate in recognizingold words as distinct from newwords.
We suggestthat subjectsuse relatively simple STM indices to
maketheserecognitionjudgments. In experimentsin which presentationof a memory item can activate an informative contextual impression,say,via an A4 --+A, --+ V. pathway or a V. --+
{A4' A,} --+ V. pathway,then differential STM activations of
the contextual representationsthemselvesmay be usedas cues.
In experimentsin which the experimental context is the same

on study trials and test trials, context can differentially act primarily via V* --+{A4' As} associations.Then the subjectis reducedto usingSTM indices suchasthe differential sizesofSTM
bursts or equilibration valuesto judge old from new.Theseare
the same types of STM indices that subjectsuse to make their
judgments in a lexical decisiontask(seeSection II). Our theory
herebyunifies the explanation of lexical decisionand word frequencydata by showing how different types of experimentscan
differentially probe the same perceptualand cognitive mechanisms.

16. Explaining Recognitionand Recall Differences
To start our explanation of the main recognition and recall
differencesdescribedin Sections12-14. we note the obvious fact
that both Land H words can be recognizedas words by experimental subjects. Both types of words possessunitized internal
representationsat the list level(seeFigure 5). Their differences,
or lack of differences,in recognition and recall properties thus
cannot be attributed to unitization or lack thereof per se. However.severalquantitative differencesin the learnedencodingand
interlist interactions betweenHand L words are relevantto our
discussion.
The first difference can be understood by consideringa property of the bottom-up featuretuning processdescribedin Section
7. There we concluded that an LTM Vector Zj(t)equalsa timeaverage

:,

~t

:..

Lk ~k)(t)S(k)
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of all the bottom-up signal patterns SJk)that its node Vjcan ever
sample. If a particular pattern SJM>appears with a high relative
frequency, then its weight aJM>(t)in Summation 21 becomes relatively large. Once Zj(t) approximately equals S~M>further presentations of S~M>cause relatively small changes in Zj(t). The
converse is also true. If a particular SJM>has not been occurring
frequently, then its reoccurrence can begin to cause a significant
change in Zj(t) toward SJM>.Thus presentation of infrequent patterns can begin to significantly retune LTM, other things being
equal.
This conclusion depends on the fact that the pattern of signals
1j = SJM>.Zjthat is caused by an infrequent pattern SJM>is sharpened by contrast enhancement before being stored as a pattern
ofSTM activities Xj- Thus relatively infrequent patterns SJM>can
cause relatively large xis in those encoding populations Vjwhose
STM activities survive the process of contrast enhancement.
These surviving STM activities can then drive learning within
the corresponding L TM vectors Zj via the learning equation
(Equation I).
The contrast enhancement property helps to explain the insignificant difference between Hand L word recognition in lexical
decision tasks using a backward mask. The differences that may
exist between the tuning of the LTM vectors to Hand L words
tend to be offset by contrast enhancement in STM. Nonwords,
by contrast, cannot easily activate any list representations.
This conclusion no longer follows when the bottom-up activation process can read out top-down templates, as in lexical
decision tasks that do not use backward masks. Then the same
template-matching property that implies the list-item error trade-
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off (seeSection II) progressivelyamplifies the small differences
betweenHand L word LTM tuning that exist in the bottomup and top-down pathwaysto generatelarge STM differences
in the list representationsofH and L words.Thus,whereasinitial
contrast enhancementwithin a list level tends to reduce word
frequencyeffects,asymptotic template match-mismatch differencesbetweenlist and item levelstend to amplify word frequency
effects. A significant difference in the speed of Hand L word
recognition is also generatedby the better top-down matching,
and hence larger and faster STM activation, that occurs in responseto H words than to L words.
This difference in the size and degreeof sharpeningof the H
word list representationsalso helps to generatebetter H word
recall than L word recall. In recall, as opposedto recognition,
the task is to generateold words, whether H words or L words.
On a study trial, H wordsgenerategreaterSTM activationsthan
do L words.This differenceis reflectedon later recognitiontrials
in the lower error rates of H-L than of L-L. During a study
trial, the greateractivation of H words facilitates the formation
of inter item chunks (with A,) and contextual associations(with
V*). On a later recall trials, those chunks and contextual associations that survive intervening competitive recoding can lead
to better retrieval of old H words than of old L words.The better
tuning of the sensory-motor associativemap A. --+A3 --+ M3
(seeSection 10)to H words than to L words also contributes to
this effect.
We can usethesepropertiesto begin our explanation of why
old L words paired with new L words are recognizedbetter than
old H words paired with new H words yet old H words paired
with new L words are recognizedbetter than old L words paired
with new H words. Before turning to the role of contextual associations,we considerthe interaction of two properties:(I) the
greater LTM retuning of list representationscausedby L word
presentationthan H word presentationand (2)the greaterSTM
activations,both of a word's list representationand its interlist
associates,
causedby an H word than an L word.
Property I may becomparedwith the Mandler (1980)concept
of a changein familiarity. As in Mandler's model, L wordscause
a largertuning changethan do H words.Unlike Mandler'smodel,
a very brief training trial need not reversethe base"familiarity"
values. Property 2 may be compared with the IAR concept of
Underwoodand Freund (1970).As in their model,we assertthat
learned interlist interactions playa role. Unlike their model,we
do not associatevaluesof I with all the IARs of a study item.
Instead we focus on the effect of study conditions on the total
STM activationgeneratedby a new or old L word or H word.
Using these properties,we draw the following conclusions.
The old-H-new-H comparisoncausesa relatively high number
of errors, in part becausestudy of an H word causesrelatively
little LTM tuning of its chunk (Property I). Hence on a later
recognition trial, both the old H words and the new H words
causelargeand similar amountsof total STM activation(Property
2). The old-L-new-L casecausesa relativelylow numberof errors
becausethe study of an L word causesrelatively rapid LTM
tuning of its chunk (Property I). Hence on a later recognition
trial, an old L word causesa relatively large STM activation,
whereasa new L word causesa relatively small STM activation
(Property 2). The better recognition of an old H word paired
with a new L word compared with an old H word paired with

a new H word is also easily understood from this perspective.
To understandthe reversaleffect, note that an old H word generatessignificantlymore STM activation than doesa newL word
(Property 2), whereasthe additional STM activation caused by
an old L word (Property I) is offset by the largeSTM activation
causedby a new H word (Property 2).
Property 3 in our explanation is the formation of contextual
associationsto old L word and H word list representations.Contextualassociationscan form to all old wordsand their associates
but not to new words that are not associatesof old words. Contextual associationscan hereby lower the overall error rate in a
recognition task by augmenting the STM activations of all old
words.
Some finer learned interactions can occur among the list representationsof study items and with contextual list representations when the study period is organized in a way that approximates serial verbal learning or paired associativelearning conditions (Grossberg, 1969d, 1982a, 1982c; Grossberg & Pepe,
1971),such as when lists of L words are studied together (Underwood & Freund, 1970). Although such learned interactions
have not beenneededto explain the main comparisons within
the datadescribedabove,theydo provide a clearerunderstanding
of how H items becomeassociativelylinked with many list representations,and they may eventuallyhelpto explain why certain
H-H, L-L, H-L, and L-H comparisonsare not invariant across
experimental conditions. Finally, other mechanismsdescribed
in this article may help to expand the data baseexplained by
our theory. For example,the competitive interaction of all viable
sublistrepresentationsin the maskingfield (seeSection 10)could
explain why new distractors that are compounds of previously
presentedwords produce increasedfalse alarm rates (Ghatala,
Levin, Bell, Truman, & Lodico, 1978).

17. Concluding Remarks
The presentarticle describesa macrotheoryand a microtheory
capable of modifying and unifying severalmodels of languagerelated behaviorand of characterizingthe relations betweendifferent types of language-relateddata that are often treated separately from one another. Development of circular reactions,
analysisby synthesis,motor theory of speechperception, serial
and paired associateverbal learning, free recall, categoricalperception,selectiveadaptation,auditory contrast,word superiority
effects,word frequency effects on recognition and recall, and
lexical decisiontasks can now all beanalyzedusinga singleprocessingtheory (seeFigure 5). The core of this theory consistsof
a few basic design principles such as the temporal chunking
problem, the LTM invariance principle, and the factorization
of pattern and energy(seeSections9 and 10). Theseprinciples
are realized by real-time networks built up from a few basic
mechanisms such as bottom-up adaptive filters, top-down
learned templates,and cooperative-competitiveinteractions of
one sort or another.
No alternativetheoryhas yet beenshownto havea comparable
explanatory and predictive range. In particular, as the debate
continues concerningthe relative virtues of matrix models and
convolution models (Anderson,Silverstein,Ritz, & Jones,1977;
Eich, 1985; Murdock, 1983, 1985; Pike, 1984),it should be realized that the embeddingfield theory,which is assimilatedwithin
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the adaptiveresonancetheory,long agoprovideda detailedanalysis of the classicalbowed and skewedserial position curve and
of the error distributions found in serial verballearning (Grossberg,1969d,1982c;Grossberg& Pepe,1971).Thesefundamental
data have not yet beenexplained by either the matrix model or
the convolution model. We trace this explanatory gap to the
absencewithin thesemodelsof the very sortsof designprinciples
and nonlinear mechanisms that we have used to explain data
about word recognition and recall. We suggestthat any future
theory that may supplantthe presentone mustalsoinclude such
designprinciples and nonlinear mechanisms.
Superimposedupon these designprinicples and mechanisms
are a number of new functional ideas that can be used in a
model-independentway to think about difficult data. For example, the idea of adaptive resonanceprovides a newvantage
point for understandinghowlearnedcodesare stabilized against
chaotic recoding by the "blooming buzzing confusion" ofirrelevant experience,and for thinking about processingstagesthat
interact via rapidly cycling feedbackinteractions. The concept
of resonantequilibration provides a helpful way to think about
verification and attentional focussing without being led into a
serialprocessingmetaphorthat seemsto haveno plausible physical realization.The list-item error trade-offprovidesa newperspective for analyzing certain deviations from speed-accuracy
trade-off, especiallyin situations wherein matching due to topdown feedbackcan compensatefor initial error tendencies.The
conceptsof top-down subliminal control and bottom-up supraliminal control rationalize the distinction between attentional
gain controland attentionalpriming and indicate howto supplant
the intuitive conceptsof "automatic activation" and "conscious
control" by a mechanisticunderstanding.Such known principles,
mechanisms,and functional ideasenablea largedata baseto be
integrated concerning how humans learn and perform simple
languageskills and provide a foundation for future studiesof the
dynamical transformations whereby higher languageskills are
self-organized.
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