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INTRODUCTION
Researchon learning andmemory
has beendrivenby modelssince at least the
1940s. Over the years, the emphasisin mathematicalmodelinghas shifted
205
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from precise fitting of single experimentsto what might be best described as
semi-quantitative fitting of a wide variety of phenomenafrom a numberof
experimental paradigms [compare for instance Bower’s one-element model
(Bower 1961) to any of the current models such as ACT*(Anderson 1983b),
SAM(Raaijmakers & Shiffrin 1981; Gillund & Shiffrin 1984) or TODAM
(Murdock t982)].
The complexities of recent modelscontributes to the apparent impossibility
of deciding between them. Although couched in quite different terms, they
often makevery similar predictions, at least under appropriate choices of
parameters. This makesit difficult to generate critical empirical tests. Onthe
other hand, the similarity of predictions suggests real progress in theory
development, forced by the necessity to account for a standard and agreed
upon corpus of findings.
In this chapter, we review a number of the most important contemporary
modelsof memory,trying to highlight the similarities and differences in the
way they handle basic facts about recall and recognition. Space limitations
prevent us from any attempt at exhaustive coverage. For the same reason,
although a numberof modelscan or do predict response latencies, we leave
coverage of this important topic to a future chapter.

Theoretical Approaches
Although all classifications are to some degree unsatisfactory, we group
current models into three categories: 1. separate-trace models involving
spreading activation, or makingno explicit activation assumptions--weterm
these networkmodels; 2. separate-trace modelsinvolving parallel activation,
here termed episodic trace models; and 3. composite~distributed memory
models.

Network Models
Networkmodels propose that long-term memoryconsists of a set of nodes
with links connecting the nodes. The nodes represent concepts or cognitive
units (Anderson1983a,b), the links semantic or episodic relations. Whenever
two items are studied together, a link betweenthe nodes representing these
items may be formed. In most of these models, a process of spreading
activation determines the retrieval of information from memory.Basically,
there are two types of networkmodel: (a) the all-or-none activation model,
and (b) the continuous activation model.
The all-or-none activation model assumes that network nodes are either
active or inactive. The best knownexampleis the ACTE
model proposed by
Anderson(1976). In such a model, the spreading of activation is determined
by the (relative) strength of the nodes or the links. Supposethat twonodes,
and Y, are connected by a link l. If node X is active, the probability of
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activating Yin the next unit of time is a functionof s/S, the relative strength of
the link l comparedto all other links emanatingfrom X, or, alternatively, the
relative strength of node Ycomparedto all other nodeslinked to X. In such a
model,the probability of retrieving Y, given that X is active, is equal to the
likelihood that Y is activated before a specified cutoff time.
A continuous activation modelwas developed by Anderson(1983a,b) as
alternative to the all-or-none model. The basic difference is that network
nodes nowhave a continuously varying activation strength. This meansthat
one needs a different rule for determining whether a memorytrace has been
successfully retrieved. If a stimulus nodeX has an associative link to another
node Y, someactivation will spread from X to Y. The amountof activation of
Y is determinedby the relative strength of the link betweenX and Y (compared
to all other links from X). In such a modelit becomesmorenatural to assume
that the probability and latency of retrieving the trace Y are a function of the
amountof activation of Y. Thus, the notion of spreading activation has
changedfrom gradually activating connected nodes (i.e. distant nodes take
longer to activate) to a dynamicmodelin whichthe activation spreads rapidly
over the networkbut in varying degrees (i.e. distant nodeshave a lower level
of activation).
As an example, in the most recent version of Anderson’sACTtheory, the
ACT*model (Anderson 1983b), it is assumed that during storage memory
traces (called cognitive units) are formed. Traces vary in strength (a function
of the numberof presentations and the retention interval), and these strengths
determine the amountof activation that converges on the trace from associated nodes(thus, in this model,it is relative node strength, not link strength,
that determinesthe flow of activation; it is not evident whetherthis makesa
difference). Thus, in a paired-associate recall situation, where the subject
learns a list of pairs A-B, it is assumedthat the trace (the cognitive unit)
encodesthe information that this pair was presented in this context. At test,
the responsewill be retrieved if (a) such a trace has indeed been formed, and
(b) it can be retrieved within the cutoff time.
Episodic

Trace Models

The basic characteristic of episodic trace modelsis that they assumea set of
separately stored memory
traces that are activated in parallel. Suchmodelsare
sometimescalled "search models" because recall requires that someone of
these traces must be "found" and output. In one subclass of models, recall
of information from long-term memoryinvolves sequential samples from a
set of memorytraces. The best-known example of such a model is the
Search of Associative Memory(SAM) model proposed by Raaijmakers
&Shiffrin (1980, 1981). In SAMthe sampling probability of a particular
trace dependson the relative strength of that trace comparedto all other
memorytraces.
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The SAMmodelassumesthat during storage, information is represented in
"memoryimages," which contain item, associative, and contextual information. The amount and type of information stored are determined by coding
processes in short-term store (STS). In most (intentional) learning paradigms
the amountof information stored is a function of the length of time that the
item is studied while in STS. According to the SAMmodel, retrieval from
long-term store (LTS) is based on cues (context, items, category names).
Whetheran imageis retrieved or not dependson the associative strengths of
the retrieval cues to that image.Thesestrengths are a function of the overlap
of the cue information and the information stored in the image.
Animportant property of the SAM
model is that it incorporates a rule to
describe the overall strength of a set of probe cues to a particular image: The
overall activation strength (A(i)) is equal to product of the individual cue
strengths (weighted if necessary for relative salience or importance). This
multiplicative feature focuses the search process on those images that are
strongly associated to all cues.
In recall tasks, the search process of the SAM
modelis based on a series of
elementary retrieval attempts. Each attempt involves selecting or sampling
one image based on the relative activation strengths. Sampling an image
allows recoveryof informationfromit. For simple recall tasks, the probability
of successfully recovering the name of the encoded word is assumedto be a
simple function of the weighted strengths.
Although the SAMmodel assumes that the process of activating information is basically the samein recall and recognition, it postulates someimportant differences betweenthese two processes. It is assumedthat recognition
does not necessarily involve sequential sampling but is (mostly) based on
direct-access process involving a single retrieval step (Gillund &Shiffrin
1984:55-56). The recognition decision in this direct access process is based
on the sum(E A(k)) of the activation strengths; if the samecues are used to
probe memory
for recall and recognition, the activations are the samein both
cases, though used in different ways. As we shall see, the process of summing
activations makes the SAMmodel for recognition remarkably similar in
structure to modelsthat appear quite different on the surface, even models
(e.g. most composite, distributed models) that sum inputs at storage rather
than retrieval.
Becausean "old" response is madewhen~ A(k) is greater than a criterion
value, the distribution of the sumdetermines performance. For this reason,
SAM
incorporates specific variance assumptions; in particular, the standard
deviation of the distribution of a given strength is assumedto be proportional
to the meanstrength value (Gillund & Shiffrin 1984; Shiffrin et al 1990).
The SAMmodel assumes that for typical episodic-memory tasks, contextual information is always encoded in the memoryimage, and context is
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one of the retrieval cues. Mensink& Raaijmakers (1988, 1989) proposed
extension of the SAMmodel to handle time-dependent changes in context.
The basic idea, adapted from Stimulus SamplingTheory(Estes 1955), is that
a randomfluctuation of elements occurs betweentwo sets, a set of available
context elements and a set of (temporarily) unavailable context elements.
Performanceis a function of the relationship betweensets of available elementsat different points in time (i.e. study and test trials).
Hintzman (1984, 1986, 1988) developed a model for episodic memory
similar to Gillund &Shiffrin’s SAMmodel for recognition. This model,
MINERVA
2, has been applied primarily to category learning and recognition
memory.It is assumed that each experience produces a separate memory
trace. Both items and memorytraces are represented as lists of features or
vectors. In simulations of the model, it has been assumedthat each feature is
independently encodedwith probability L, a learning rate parameter. Whena
probe cue is presented, all memorytraces are activated in parallel. The
amountof activation of any particular trace is a nonlinear function of the
similarity to the probe cue.
As in the SAMmodel, recognition performance in MINERVA
2 depends
on a single value, the summed
activation of all traces. In order to allow recall
to be carried out, the modelalso stipulates that a vector is retrieved. This
vector (called the echo) is the sumof all trace vectors, each weightedby its
activation value. Becauseof the weighting, and the nonlinear activation rule,
the echowill contain a disproportionalrepresentation of those traces similar to
the memory
probe. Thus, if part of trace j is used as a probe, the echo will
contain a strong representation fromthe entire trace j. For example,if a trace
encodes a studied pair A-B, and A is used as a probe, the echo will contain
somethingsimilar to A-B, allowing B to be recalled. Of course, the retrieved
trace is actually a compositeof manytraces (unlike the SAMmodel), so some
mechanismis needed to extract some particular item from the composite-Hintzman(1986, 1988) discusses several possibilities, such as comparingthe
echoto the stored traces, or repeating the retrieval processseveral times, each
time using the retrieved echo as a probe, until the echoachieves a stable value
(usually matching some stored trace). In any event, one basic difference
between SAMand MINERVA
2 is that the latter model assumes that in recall
a kind of compositememory
trace is retrieved (at least initially), whereasthe
SAM
modelfor recall holds that a specific memory
trace is sampled(initially,
though different traces maybe sampled subsequently).
Distributed

Memory Models

In recent years, composite/distributed memorymodelshave enjoyed a rapidly
growingpopularity. [For additional discussion we refer the reader to a recent
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AnnualReviewchapter by Hintzman(1990)]. These modelsfall in two related
but somewhatdifferent classes. In one class, items are represented by vectors
(as in MINERVA
2) or matrixes of elementary features and the memory
consists of a sum of the vectors or matrixes [e.g. TODAM
(Murdock1982),
CHARM
(Eich 1982; 1985), James Anderson’s vector model (Anderson
1973), and the Matrix model(Pike 1984; Humphreyset al 1989); Kanerva’s
SDMmodel(Kanerva 1988) falls part way betweenthis class and the separate
storage class of the previous section]. In the secondclass, memory
consists of
nodesconnectedby weightedlinks; items are represented by a pattern or set of
activations of the nodes, and long-term memoryconsists of the values of the
weights on the links [e.g. Grossberg’s ARTmodel (Grossberg 1987; Grossberg & Stone 1986), James Anderson’s BSBmodel (J. A. Anderson et
1977), McClelland&Rumelhart’s recurrent model, or any of the feedforward
back-propagation models].
The basic difference between such models and the models discussed previously is that composite/distributed memorymodels assume that a memory
trace is not a distinct, localized entity but rather part of a combinationor
superimpositionof all traces input to the system.It is this aspect that has made
manyof these models seem both mysterious to the novice (who wonders how
memorycan be as good as it is) and attractive to manyexperts (who can
explain whymemoryis as bad as it is, and howwe can extract averages and
prototypes from inputs, and wholike the analogy to neuronal structures).
These composite/distributed storage assumptionscan serve as a basis for a
memorymodelbecause for each version there exists an appropriate retrieval
operation. In somecases the cue will retrieve a noisy version of the original
trace containingthat cue; in other cases the cue will retrieve a noisy version of
an item originally stored as an associate of the cue; in yet other cases the
retrieval may be a clearly definable response, but with a type of noise
determining the probability of reaching such a state, and determiningwhether
the state wouldbe the correct one. The retrieved information can be matched
against the input to performrecognition, or if necessary can be "cleaned up"
in somefashion to allow a response to be emitted.
As an example, consider one version of the Matrix model proposed by
Andersonet al (1977; termed BSBfor "brain state in a box"). Whenevertwo
items (fi, gl) are associated, a matrix Ai is producedwith cell elementsAi(r,s)
= fi(r)gi(s).
The composite memory(M) consists of the sum of all
association matrixes, M= Y, Ai. Ignoring for simplicity the details of the
node activation process (such as its nonlinear limitations on activation
growth),the retrieval of an associate (gi) given a cue item (fl) can be obtained
by postmultiplying Mwith fi: the result, Mfi, is a noisy compositeof those
vectors that had beenstudied with both fi and items similar to f~ (see Anderson
et al 1977:417). Althoughthis modelis formulated specifically for paired-
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associate recall, a simple modification will handle recognition memory.The
basic idea is that recognition involves a matchingoperation of the composite
memorytrace with the to-be-recognized item. In order for this to work, it
must be assumedthat the memory
trace includes not only associative information but also item information.
Although we have ignored the short-term activation features of the BSB
model,it is a memberof our secondclass. Webegin our discussion of the first
class with a modelclosely related to Anderson’sbut without a node activation
process(and its nonlinear limit on activation values). This is the Matrixmodel
proposed by Pike (1984; see also Humphreys
et al 1989a,b). Associations
item vectors are represented by matrixes to form a compositememorymatrix.
In recent versions of this model, context-to-item associations have been
incorporated in the matrix modelin order to account for the fact that memory
of a to-be-memorizedlist is to someextent "isolated" from all other memories. Thus, instead of storing a two-wayassociation betweenthe membersof a
paired associate, a three-wayassociation amongthe two items and the context
is stored (in the form of a 3-dimensionalmatrix). In order to retrieve gi the
memorymatrix (M) is multiplied in a specific way (see Humphreyset
1989a)with the matrix obtained by multiplication of the context (x) and item
(fi) vectors. The latter product defines the "interactive" retrieval cue
representing the association of context and stimulus item. This incorporation
of contextual associations makesit possible to distinguish betweenepisodic
(list-specific) and semantic(preexisting) associations.
Related models have been proposed by Murdock(1982) and Eich (1982;
1985; see also Metcalfe & Murdock1981). In both Murdock’s Theory of
Distributed Associative Memory (TODAM)and Metcalfe’s Composite
Holographic Associative Recall Model(CHARM),
1 the associative encoding
and retrieval operations are the mathematicaloperations of convolution and
correlation, respectively (see Eich 1982, 1985).
The TODAM
model assumes that when each association A-B is studied, the
vectors representing A and B, and the convolution vector representing A-B,
are all added to a slightly decayedversion of the single compositememory
vector that contains all of episodic memory.In this model, recognition
involves matchingthe to-be-recognizeditem vector to the memory
vector (i.e.
taking the dot product) and using the resulting scalar numberas a measureof
familiarity. Recall starts by correlating the cue item vector with the memory
trace, producing a noisy vector containing componentsrepresenting versions
of all items associated to the cue vector during study. The noisy vector must
~Theterm "’holographic" refers to the analogy between the properties of humanassociative
memoryand those of holograms (Pribram et al 1974; Willshaw 1981), in particular their
resistance to local damageand the associative properties.
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then be cleaned up to produce a response (say, by comparingthe retrieved
vector to a list of separately stored vectors representing items in semantic
memory).
Rather than store vectors, CHARM
(Eich 1985) stores autoconvolution
vectors for each single item; these are stored along with the convolution
vector for the association. For all studied pairs, these vectors are summed
into
a single compositememory
vector. The retrieval operation is correlation, as in
TODAM.
In CHARM,
a probe with A retrieves a composite noisy version of
all items eonvolvedwith A, including A itself, so that item and associative
information are not independently retrieved (as they are in TODAM).
usual, the trace must be cleaned up to generate a response in a recall task.
Recognitioncan be accomplishedby comparingthe retrieved vector to the test
vector.
The second class of composite/distributed modelexplicitly incorporates
processes of node activation (often thought of as short-term memory)as well
as weight modification (the set of weights representing long-term memory),
both processes typically being nonlinear. The complexities introduced have
led most investigators to explore these models in the form of computer
simulations (with the notable exception of James Andersonand Steve Grossberg -- see below). Such models are often described by the terms "connectionist" or "neural net." Most applications have been to learning phenomena, categorization and classification, or perceptual phenomena,but
some discussion of applications to memoryis useful.
Considerfirst a representative back-propagationmodel(Ackley et al 1985;
Rumelhartet al 1986). This modelassumesa 3-1ayer representation: a layer of
input units or networknodes, a layer of output units, and a middlelayer of
so-called hidden units. Activation is fed from the input units to the hidden
units (using a nonlinear transform) and from these to the output units. All
connections betweenlayers have weights that determine howmuchthe activation of a particular, say, hidden unit dependson the activation of a particular
input unit. The basic rule of the back-propagationmodelis that these weights
are adjusted during training in order to optimize the correspondencebetween
predicted and actual output vectors (the back-propagationalgorithm performs
a kind of least-squares fitting procedure). One can use such a model to
performrecognition and recall in a numberof ways; perhaps the simplest is to
have each input association attempt to reproduce itself at the output layer.
Thena subsequenttest with an item will tend to producea noisy version of the
association containing that item at the output layer. Recognition can be
accomplished by matching, and recall by cleaning up the trace in some
fashion.
These networks can represent virtually any computablemappingfrom input
to output layer (given enoughhidden units). However,for our purposes the
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important issue is howsuch a mappingis learned and retained under various
conditions. These aspects have been considered by McCloskey& Cohen
(1989) and Ratcliff (1990).
McCloskey& Cohen(1989) showedthat in two-list recall tasks the backpropagation model suffers from "catastrophic forgetting": The second list
leads to almost completeforgetting of the first list. Similar problemswere
uncovered by Ratcliff (1990), who analyzed the model’s predictions for
recognition memory.This result is understandableif it is realized that these
neural net modelsadjust the connectionweightsto fit the most recent stimuli,
and that it is assumedthat the inputs during the secondlist are of second-list
items only. At the start of second-list learning, the weightswill be configured
optimally for the first list. However,there is no mechanism
in the modelthat
will keep the weights from obtaining completely different values, optimizing
the "recall" of the second-list items. Hence,after a few training trials on the
secondlist, the networkwill have "forgotten" the first-list items. Ratcliff
(1990) also showedthat this modelfails to predict a positive effect of amount
of learning on the dI measure for recognition. [Ratcliff also showedthat
several related models, including the auto-associative modelproposed by
McClelland& Rumelhart(1985)---see below, failed to resolve the problems.
Research going on at the time of this writing suggests a number of new
approaches that might work; e.g. Sloman & Rumelhart (1992); Kruschke
(1992); Lewandowski(1992). Below we discuss Grossberg’s ARTmodel,
whichdeals with the problemexplicitly.]
The back-propagation models are "feedforward" networks: Activation
flows only forward through the system (the amountof error is in a sense
propagated backwards through the system in order to adjust the weights
appropriately, but this should not be confusedwith the flow of activation). On
the other hand, a numberof models are recurrent: Activation that leaves a
node can be fed back to that same node, possibly after flowing through a
numberof intermediate nodes, and the process typically continues until a
stable pattern of activation results. (The BSBmodelhas this character, though
we did not discuss the dynamicsof activation.)
Consider first the McClelland&Rumelhart(1985) model. In brief, a set
nodes accepts input from external sources and is fully interconnected (except
that nodes do not directly activate themselves) by directional links having
weights. Activation moves through the system driven by the sum of the
external and internal inputs to a node, until a stable pattern is reached. Then
weights are adjusted so as to reduce the difference betweenthe internal and
external input to each cell (so that the networkwill try to reproduce its
external inputs). Recognition can be accomplishedby matching an input to
the stable pattern of activation it produces, and recall by cleaning up the same
stable pattern in somefashion.
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Finally, consider the recurrent ARTmodelsof Grossberg (e.g. Grossberg
& Stone 1986, although the original models date back before 1970). We
describe here a greatly simplified version of the theory to give the flavor of the
approach. Memory
consists of a series of ordered layers of nodes. Consider
just two layers, with perceptual inputs to layer 1, (and, in general, top-down
inputs to layer 2). In addition, weightedlinks exist in both directions between
nodes in the two layers, and activations pass in both directions along these
links. Withina layer, there mayalso be connections, but these are inhibitory
and do not carry activations directly. The two layers pass activation rapidly
back and forth until a stable result is achieved. Becauseof inhibition within
layer 2, a single nodewill cometo be active in this layer, in stable resonance
with a pattern of activation on the nodesin layer 1. Thestable pattern maybe
used for recognition or recall in ways similar to those we have discussed
already.
A particularly noteworthyfeature of the modelis its methodfor picking the
single active node in layer 2. The pattern of activations sent downfrom this
node to layer 1 is comparedwith the pattern in layer 1. If these do not match
well, the currently active layer 2 nodeis turned off, the systemresets, and a
new node in layer two wins the competition. This continues until a good
matchis found, until a nodenot yet used as a template for a pattern is found,
or until no nodesare left, in whichcase all layer 2 nodesbecomeinactive. The
result is that different patterns are assigned newnodes, and newlearning does
not harmold learning in the destructive fashion of other modelsof this class.
The weights on the links change continuously also, but at a muchslower
rate than the activation changes. The upwardweight changes are madeso as
to reduce the difference betweena weight itself and the signal passed upward
along that link. Thusa set of weightsleading to a single active node comesto
correlate with the activation pattern in the nodes. Also the downwardlinks
from the active node are adjusted to matchthe activation pattern in the layer 1
nodes, so that top-downtemplates of the presented patterns are learned. The
weights leading to and from any one layer 2 node come to encode a set of
highly similar patterns, so that each node in layer 2 can be thought of as a
category prototype. A particularly noteworthyfeature of this systemis the fact
that the systemcan havea distributed representation at somelevels (e.g. level
1) and a potentially separate representation at other levels (e.g. layer 2).
Differences and Similarities
In this section we compare the various models on a number of important
theoretical dimensions. Althoughthe various approaches we have considered
are superficially quite different, basic phenomenaare often explained in a
similar manner, albeit using different terminologies. Here we focus on the
basic issues concerning the conceptualization of memoryprocesses. The
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discussion deals with issues as if they wereindependent,but it is importantto
rememberthat no one of the hypotheses discussed below can be right or
wrongin isolation; each mustbe analyzed in the context of the modelin which
it is embedded.
VS COMPOSITE MEMORY TRACES The question here is whether
the modelassumesthat different items are stored in separate traces or in one
compositememorytrace. Whetherthis is a meaningfultheoretical distinction
dependson a numberof auxiliary assumptionsin the modelsin question. For
example, Shiffrin & Mumane(1991) showed that an arbitrary number
events can be stored in a single numberon a single link in a waythat allows
each event to be retrieved without error. The methodis not a physically
realizable one, however. Plausible composite systems, incorporating the
equivalent of neural noise, all seem to have at least one testable property:
Whenthe system is densely composite, then the storage of new inputs, or
eventhe repetitions of old inputs, tends to degradethe representations of other
old inputs. Ratcliff et al (1990) tested this notion empirically and found that
repetitions of somelist items did not reduce recognition performancefor other
list items (see also, Murnane&Shiffrin 1991).
Shiffrin et al (1990) looked at the implications for extant models. All
then-current models were found wanting. They concluded that composite
modelsdense enoughto predict forgetting caused by the compositionproperty
could not predict the findings. Theyconcludedthat modelspositing separate
traces had the potential to predict the results, and they developeda variant of
the SAMmodel that did so. This variant assumed that repetitions were
accumulatedin a single trace (a kind of local composition hypothesis--see
below). It also incorporated a "differentiation" hypothesis: Supposetwo
different items A and B were not rehearsed together. If B is stored in memory
morestrongly, then A used as a cue will tend to activate it less.
A more local composition issue concerns whether two separate presentations of a given item are encodedseparately or in the sametrace. That is,
if an item is repeated, does the secondpresentation lead to a strengthening of
the originally formedtrace, or will a new trace be formed?
MINERVA
2 assumes that each separate encoding of a single item (repetition) leads to a separate episodic memorytrace, ACT*assumesthat repetitions strengthen a given trace, and the early versions of SAM
were somewhat
ambiguous about this point. Recently (see Raaijmakers 1991), the SAM
modelhas beenextendedto deal specifically with the effects of repetition and
the spacing of repetitions. In this version, a kind of study-phase retrieval
assumptionhas been added to the model. That is, on the second presentation
an (implicit) retrieval attemptoccurs. If the trace representingthe first presentation is retrieved, it is assumedthat the newinformationwill be addedto the
SEPARATE
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"old" memorytrace; otherwise, a new trace will be formed. In addition,
Shiffrin et al (1990) had to assumea strengthenedtrace to explain the lack of
list-strength finding in recognition.
This view gained support from a study by Mumane
& Shiffrin (1991). They
tried to induce separate storage of a repeated word by embedding it in
different sentence contexts; this manipulationproducedthe expected positive
list-strength effect in recognition. Evidenceof a different sort supportingthis
view arises from a study by Ross & Landauer (1978). They showedthat the
traditional spacing effect only occurs for the probability of recalling single
items presented twice and not for the probability of recalling either one of two
different items each presented once. This result seemsto require that repetitions of an item should be treated differently from the case of multiple items,
each presented once (although firm conclusions dependon the details of each
model).
REPRESENTATIONAL
ISSUESWe consider three representational aspects: 1.
the nature of the information encodedin the memorytrace, 2. whether links
betweenmemorytraces are assumed,and 3. the representation of "associative
strength."
The models we have considered differ in their assumptions about the
information encodedin the memorytrace. In the all-or-none activation model
ACTE
of Anderson(1976), storage of a simple pairwise association involves
the formation of a newlink betweenpre-existing networknodes. In the ACT*
model, whatis stored is a cognitive unit representing the episodic experience.
It is assumedthat such a newnetwork node has associative links with nodes
representing the constituent parts of the item--i.e. (in this case) stimulus,
response, and list context. In ACT*,associative strength is represented
simply by the strength of the memorytraces. As described above, these
strengths determine the amountof activation that spreads to the trace from
associated nodes.
SAMand MINERVA
2 also assume that the trace represents the "episodic
experience"but are less specific about the exact nature of what is stored. The
original SAMmodel focused on the relation between cues and images:
Associativerelations are representedby a "retrieval structure" rather than the
moretraditional "storage structure." The modeldoes not makeuse of explicit
associative connections betweenimages, though these are present implicitly
in the following sense: Supposetwo items are studied together; whenone is
used as a cue the retrieval strength to the imageof the other is high. SAM
was
not entirely explicit concerning the nature of the "image," though for most
verbal studies an image was based on the individual word. Shiffrin et al
(1989) presented evidence that a gooddeal moreflexibility is needed, and that
a sentence is often a single image(and that, under somecircumstances, a pair
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of words is a single image). Thus in principle a pair association could be
stored in two ways: separate images governedby an implicit association that
is represented in the retrieval structure, or a single combinedimage.
MINERVA
2 assumes that episodic experiences and memorytraces can be
representedas vectors of feature values. Since the nature of these features is
left unspecified, this assumptiondoes not really pose any restrictions. It is
noteworthy that MINERVA
represents pairs by encoding the component
vectors back to back in a single stored vector. There is a nonlinear activation
process during retrieval that lets the system distinguish whether two stored
items are in the sameor different traces.
Finally, what about the modelswith composite/distributed representations?
The final representation is generally a vector or matrix; it is a compositeof
similar vectors or matrixes (or degradedforms of these) stored for individual
items and pairs. The question is howassociations and single items are handled
during storage. TODAM
has item vectors, and convolutions of item vectors
for associations. Contextinformationcould in principle be part of each vector
but in recent workhas been treated as a separate vector. CHARM
treats single
items as autoconvolutions but is otherwise similar to TODAM
in most
respects. The Matrix modeltreats individual item vectors separately, and
context as a separate vector. Single items are stored as an association matrix
madefrom the item, context, and a unit vector. Pairs are matrixes madefrom
the product of the two item vectors and the context vector. One issue left
unresolved for these modelsis the basis on which sometypes of information
are encodedin a given vector while other types are singled out for treatment as
a separate vector. For example, howwouldcategory information be treated?
(See Humphreyset al 1991 for one possible solution.)
A moregeneral solution to this problemis possible if the various types of
information, and various items to be associated, are all treated as components
of a single vector, or single pattern of activation across a set of nodes. For
example, in the McClelland & Rumelhart autoassociative recurrent model,
and in Grossberg’s ARTmodels, all items to be associated, and related
information, are encodedas a single vector or pattern of activation values sent
to a set of nodes. Anderson’s BSBmodel, and various versions of feedforward back-propagation models, use either of two methods. In one method,
similar to those in the recurrent modelsjust mentioned,items to be associated
are encoded together in a single input vector [for example, the model of
Ackleyet al (1985) tries to reproduceat the output layer the vector presented
to the input layer]. All such models use a pattern-completion property to
retrieve associates. In the second method, the items to be associated are
treated as separate vectors; for example,the input layer could encodeone item
and the output layer could encode the associated item (J. A. Andersonet al
1977).
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CONTEXTUAL
ENCODING
Any model that is designed to explain data from
episodi c memoryexperiments must somehowaccount for the fact that a
paired associate item such as apple-enginecan be learned despite the presence
of strong competitive semantic associations (apple-pear). It seems highly
unlikely that one or two presentations of a list wouldcreate such a strong
association that it dominatesthe pre-experimentalassociations. Thus, subjects
are able to learn different associative relationships in different situations. This
contextual dependence is a fundamental property of episodic memory.
It therefore seems highly desirable for a modelof memoryto have some
meansof selectively accessing memory
traces stored under particular temporal or contextual conditions. Note that a simple recency-basedmechanismwill
not suffice--subjects can access information from contextually identifiable
periods in the past. To give just one example, subjects are able to access
selectively not the list learned mostrecently but the list learned prior to that
(Shiffrin 1970; Anderson & Bower 1972).
Most models incorporate contextual associations as the means to focus
retrieval processes in episodic memory,either by including the contextual
information in the memory
trace or by treating the contextual information as a
separate item. Whether this alone will suffice is an open question. For
example, ACT*and MINERVA
2 assume an additive rule for combining the
associative strength due to context and item. Such a rule maynot have a
sufficiently strong focusing effect to eliminate strong interference by preexperimental associations. The multiplicative combination rules used, for
example, in SAMand the Matrix modelare such that retrieval is focused on
those traces (or those componentsof the compositetrace) that are consistent
with the context at test. Evena multiplicative rule maynot, by itself, be
sufficient to focus retrieval properly. For example, Humphreys
et al (1989a)
call attention to crossed-associateslists, in whichthe subject is askedto learn
pairs like doctor-king and queen-nurse. Versions of the SAMmodelin which
individual words(but not pairs) have a single (semantic) memoryrepresentation wouldnot easily predict the learning seen in such cases. However,SAM
modelstypically assumethat images are episodic in nature, not semantic.
It should be no surprise that modelsthat do not incorporate context will not
fare well. For example, a modelthat does not include a way to reduce the
effect of irrelevant associations will have serious problemsexplaining whythe
interfering effect of the numberof items on a single experimentallist is not
completely swampedby the millions of previously acquired associations. A
simple forgetting assumption,e.g. a reduction of strength for previous associations (as in TODAM),
will not do the job without added assumptions about
context: The strong empirical list-length effects wouldrequire too rapid and
massiveforgetting.
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STORAGE
The issue we focus on here is the predicted effect of increasing
study time for a list. TODAM,
CHARM,
and the Matrix model provide
examples of models in which simply adding more copies of each trace to
memorymay not improve memory:Both the mean and standard deviation of
the retrieved signal rise together in such a waythat performancedoes not
change (Murdock & Lamon 1988; Shiffrin et ai 1990). At least two
approaches have been used to solve this problem. Hintzman(1986, 1988) and
Murdock & Lamon(1988; see also Murdock 1989) have proposed a probabilistic encoding assumption: Each feature of an item is encoded(stored)
with a probability p that rises with presentationtime. If not stored it is givena
neutral value (or in a variant discussed by Shiffrin et al 1990, replaced by
randomvalue). Eich (1985:28) proposes a variant in whichall features of
item are either encodedor not (all-or-none encoding). In all these variants,
both repetitions of an item and increased study time will improve storage
relative to variance in the system, and therefore increase performance.
Shiffrin et al (1990) discuss an alternative wayin whichthese modelsmight
showa learning or repetition effect. This alternative is basedon the fact that
performancein these modelsis related to the signal-to-noise ratio (or dl).
Since d’ measuresthe ratio of meansignal strength to the standard deviation,
d’ can showan increase with repetition if a constant is addedto the standard
deviation. Thereason for this is that the standard deviation will no longer be
completelyproportional to the meansignal strength. It is natural to suppose
that the constant represents activation of traces or trace components
fromlists
other than the one being tested, or from extra-experimental memory.(More
generally, this assumptionmayprove useful in all modelsbecause it lessens
the effect of list variables like list length and study time in accord with the
amountof extra-list activation).
The remaining models predict performance increases with repetitions or
study time for fairly obvious reasons: storage of stronger associations in SAM
or ACT*,or weight changes that produce better encoding in the neural net
models.
RETRIEVAL
One of the major differences amongthe models discussed here
concerns the mannerin whichthe retrieval process produces a recalled item.
In SAM
separate traces are accessed separately, so the recovered information
can be comparedto a standard lexicon; SAMdoesn’t provide any details of
this process but simplyassumesthe probability of successful recall rises with
the strength of the cues to image relationship. The ACTmodelsuse similar
probabilistic rules. MINERVA
2 also has separate storage but retrieves a
composite. This composite could be compared with the individual stored
traces, but this seemsunsatisfactory because recognition is also assumedto be
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a composite process. Hintzman (e.g. 1988) proposes a somewhat more
satisfactory solution in which the compositeretrieved vector is used as a
subsequentretrieval cue, the process continuingin this wayuntil the retrieved
vector comes to represent an unambiguous item. ARTalso has separate
storage, and test probes cometo activate somesingle node in at least one
layer; this node sends downa pattem of activation that could itself producea
clear recall, or (if it is a categorynoderather than a single itemnode)could
comparedto separately encoded patterns elsewhere in the system.
The models that assume composite storage and retrieval face a greater
problem: Howis the noisy retrieved trace cleaned up to allow an unambiguous
recall? TODAM,CHARM,and the Matrix model assume a lexicon of
separately stored items to which the retrieved trace can be compared.This
solution tends to dilute the compositecharacter of these models. The remaining connectionist and neural net modelsdo not offer clear solutions for cases
in which the retrieved trace is noisy enough to be ambiguous. Typically a
probabilistic recall rule is adopted, basedon the matchof the retrieved trace to
possible responses. If the modelis fully composite,however,it is not entirely
clear where the comparisonstimuli lie.
A second issue involves whether the retrieval process is assumed to be
probabilistic or not. Both ACT*and SAMassume a probabilistic retrieval
process. In these models, an item that was not retrieved on a first retrieval
attempt maystill be retrieved if an additional attemptat retrieval is made.(In
SAMit is usually assumed, however, that at least one new cue must be used
for a subsequent retrieval to have a chance at success.) The other models, on
the other hand, are such that a second attempt will always lead to the same
result (unless the cues are changed, or have added noise (see McClelland
1991).
Finally, only a few models (namely SAMand the convolution/correlation
model of Metcalfe & Murdock1981) have been applied to extended search
processes as in free recall, in whichthe subject uses a numberof different
retrieval cues in order to maximizerecall. It might be argued that the search
strategies that are probably involved in these paradigmsare not part of the
"basic" or "elementary" memoryprocesses. However,such a viewpoint does
not do justice to the fact that manyreal-life situations do involve this type of
unstructured memoryretrieval.
FORGETTING
Let us define forgetting as a failure to retrieve information
from memoryat time B whenit was retrievable at an earlier time A, or as a
decrease in the probability of retrieval. There seemto be three basic waysin
which forgetting might occur: 1. a decrease in the "strength" of the memory
trace--i.e, decay; 2. an increase in competitionby other, interfering, traces
(or items); and 3. a change in the nature of the cue betweentime A and time
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B--i.e. a change in the (functional) stimulus. There does not seem to be any
difference betweenthe modelswith respect to the third aspect, although not
all of themhave explicitly dealt with it. Mensink&Raaijmakers(1988) have
used this idea in their application of the SAMmodel to interference and
forgetting. In this model, part of the forgetting was assumedto be caused by
contextual changes--i.e, changes in the contextual cues between study and
test.
MINERVA
2 (Hintzman 1988:532) and TODAM
(Murdock 1989:77)
assume that trace information is subject to decay. In TODAM,
this is built
into the basic equation of the system(see Murdock1982, Eq. 1). It should
noted, however,that this decay assumptiondiffers somewhatfrom traditional
decayconceptionsin that it is related to the storage of newinformationin the
memorytrace: Eachtime a new item is added to the compositememorytrace,
a fixed proportion of what wasthere is lost, producinga strong recencyeffect
with a geometric character. (It should be noted that this assumeddecay is
independentof the interference that is common
to all ol~ the compositestorage
models, including TODAM.)All the memorymodels considered in this
chapter predict a decrease in performancedue to learning other items, and to
learning other pairs of items (in both AB-ACand AB-CD
type tasks), the only
general exception occurring when the other items are rehearsed or coded
jointly with the items in question. In general, several mechanismsin each
model help produce interference; these mechanismsmaybe different for
different tasks (as in SAM),and the mechanismsmaydiffer between models.
Wementionhere a few of the moreinteresting differences amongthe models.
Mostcompositemodelsincorporate explicit interference due to the superimposedstorage assumptions. Whenvectors or matrixes are added together,
or whena set of weights are jointly adjusted for each new input, the result
tends to be degradation of the representations of each item. There are of
courseexceptionsto this rule: If memory
is large enoughrelative to the size of
the inputs, then storage might be effectively separate (the amount of
superimposition might be minimal; see Kanerva1988), or if the inputs are
orthogonal enough, or if the system orthogonalizes or separates the inputs
(e.g. Grossberg’s ARTmodels), then interference would not be mandated
the factor of compositestorage.
Theremainingsources of forgetting are posited to arise during the course of
retrieval (in SAMthese are the only sources of forgetting). SAMassumes
summationof activations at retrieval to accomplishrecognition; as a consequence, extra items cause forgetting by increasing "noise." In MINERVA,
composition during both recall and recognition causes interference due to
increasing noise. One chief remaining cause of interference is based on the
relative strength of storage of different items. For example, in SAM,sampiing in recall is basedon a ratio of activation strengths. Reductionin relative
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strengths of targets due to extra items also plays an important role in manyof
the modelsunder discussion, especially the ACTmodels. This factor plays a
chief role in accountingfor list-length, fan, and cue-overloadeffects.
APPLICATIONS

TO PARADIGMS

In this section, we comparethe waysthe various modelspredict certain basic
findings in memoryresearch, both qualitative and quantitative.
Cued Recall
Cuedrecall is the basic paradigmfor associative memory,and the present set
of modelshave been formulated so that cued-recall predictions can be made.
ACT*and CHARM
have been applied more or less exclusively to cued-recall
data. In addition, ACT*and SAMhave been shownto be able to account for
both latency as well as accuracy data in cued recall (Anderson1981; Mensink
& Raaijmakers 1988).
List Length
All the modelsare capable of handling the basic list-length effect. However,
in some models (TODAM,
CHARM)
no distinction is made between (a)
to-be-recalled list and (b) extra-list and extra-experimentalinformation. When
list length is predicted to have an effect, it does so because retrieval is
restricted to the to-be-recalled list (without explanation). This seems unsatisfactory, and the natural way to resolve the difficulty would be the
adoption of someform of contextual cuing (as is the case with other models).
However,whether a contextual cue is used maybe less important than how
it is used. A typical multiplicative rule for cue combinationtends to focus
access upon regions of memoryin the intersection of the sets of memory
traces evokedby each cue separately, whereasa typical additive rule tends to
access traces in the union of these sets. Humphreyset al (1991) argue
convincingly for the intersection approach, implying that "strengths" or
"activations" should be acted uponin a wayfunctionally equivalent to multiplication (as in the SAM
model, the Matrix model, etc) rather than addition
(as in ACT*).
This type of explanation of list-length effects sees such effects as an
exampleof a moregeneral effect--i.e, that the efficacy of any probe cue is
inversely related to the numberof memorytraces or items associated to that
probe cue (whichmight be called the length of the list of associated items).
Interference
and Forgetting
Thebasic issues here are the effects of different types of interference (i.e.
AB-ACvs AB-CD),mechanismsfor (relative) spontaneous recovery, single-
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list forgetting paradigms, and whether or not somesort of decay notion is
used. ACT*, SAM,and CHARM
have all been explicitly applied to such
phenomena.
Anderson (1983a) and Mensink & Raaijmakers (1988) show that
results in this area necessitate the assumptionthat recall is based on both
relative and absolute associative strengths. Relative strength is a function of
the numberand strength of other associations, while absolute strength is
indexed by the amountof study time or the numberof presentations of an
item. In ACT*,absolute strength comesin through the assumptionthat trace
formation is morelikely as the total study time increases. In SAM,absolute
strengths determinethe probability of recovering enoughinformation from the
trace to give the nameof the item as a response.
Mensink&Raaijmakers(1988) present a theoretical analysis of traditional
interference phenomena. They show that modemmemorymodels such as
SAMcan reconcile phenomenathat have been problematic for traditional
interference theories. Suchanalyses bring out a numberof tacit assumptions
in the typical verbal (i.e. nonquantitative) modelsthat are not usually noted.
Free Recall
This paradigmis morecomplexthan cued recall. This is due to the fact that it
necessitates not only an exact formulation of the relation between STS/
working memoryand long-term memorybut also a description of search/
retrieval strategies. Onlya few of the modelshave dealt explicitly with such
data. Webriefly discuss predictions by SAM
(Raaijmakers & Shiffrin 1980)
and an early version of the CHARM
model (Metcalfe & Murdock 1981).
SAMassumesthat contextual and inter-item associations are built up as a
result of rehearsing the items in STS.A buffer process (Atkinson &Shiffrin
1968) is used to modelthe rehearsal process. Retrieval starts by outputting
any items still in STS.Thereafter the retrieval process is modeledas a series
of retrieval attempts either with the context cue alone or using both context
and a previously retrieved item as probecues. This process continues until the
numberof failed searches reaches a specific criterion.
Oneof the strong points of the SAM
modelis that it handles with a single
set of parametervalues data from lists with large variations in presentation
rate and list length. Thelatter result is predicted becausethe search termination criterion is exceededsooner for the longer lists, relative to list length:
Relatively fewersamplesare madefrom a longer list than from a shorter list.
This prediction is characteristic of sampling-with-replacementsearch models
with a fixed stop criterion. It also subsumesthe cue-overload principle
proposed by Watkins (1975; see also Mueller & Watkins 1977; Watkins
Watkins1976). This principle states that the probability of recalling any
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particular item decreases with the number of instances associated to the
retrieval cue.
Althoughthe Metcalfe & Murdockt1981) free-recall modelis described in
the terminology of the convolution-correlation model, the actual simulation
model does not in fact use the mathematical operations of convolution and
correlation. Instead, all-or-none associations are stored betweenlist items,
and betweenlist items and context (treated as a list item). Whenan item
used as a cue, a randomchoice is retrieved perfectly from the stored associates, if any.
The rehearsal process is conceptualized as a continuous cuing of the
memoryvector with the currently available item. Thus, when an item is
presented, it is associatedto the itemthat is currently available (context at the
start of the list). Thenthe just-presented item is used as a cue to generate an
item to whichit has been associated, and then this item is used as a newcue,
etc. This continuesuntil the next item is presented, whichis then associated to
the item that is currently available.
At the time of recall, the last rehearseditem is recalled and used as a cue to
generate another item; then this item is itself used as a cue, and this continues
until a certain criterion period has passed without any new items being
recalled. At that point, context is reinstated as a cue and the process begins
anew and continues until the criterion period passes for the second time
without any new recalls.
Each of these modelspredicts serial position effects. Since the SAM
model
is based on the two-store framework,it should not comeas a surprise that it
makes manyof the same predictions as the classic two-store model (see
Atkinson & Shiffrin 1971; Raaijmakers & Shiffrin 1980), and for the same
reasons: Primacyis predicted because of the cumulativerehearsal assumption,
while the output from STSleads to a recency effect. Althoughthe two-store
model is often described in textbooks as having problems handling data on
levels-of-processing and recency effects, this is in fact not correct (see
Raaijmakers 1991).
The Metcalfe-Murdockmodelhas a quite different flavor. In this model,
the shape of the serial-position curve is critically determinedby the cues
available at recall. Recencyis predicted because the last-presented item is
recalled first and then used as a cue. This item is assumedto be the optimum
entry point into the end of the list. The disappearanceof the recencyeffect by
the introduction of a delay betweenpresentation and test is explained by the
assumptionthat rehearsal continues during the delay.
Hence,at the end of the delay the currently available item will most likely
be someitem other than the last item on the list. The optimumentry point for
recall of the last few items is therefore lost. This explanation seemsunlikely
since providing the subject with the terminal item after the delay interval
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should reinstate the recency effect. (Another problematic aspect is the
assumptionthat rehearsal continues during the delay filled with arithmetic.)
Primacyis predicted by this modelbecausecontext is used as a retrieval cue
(in the second phase of the recall process), and context is nearly always
relatively strongly associated with the first item. Thus, this explanation is
quite similar to the typical two-store explanation of primacyas being due to
stronger traces for the initial items (in this case being morestrongly associated
to context).
One of the more important advantages of the recent work on models of
memoryis that it has led to model-basedsimulation programsfor specific
experimental tasks. These programs can then be used to see how the model
behavesunder specific experimental conditions. This is especially important
in free recall since this paradigmdoes not lend itself easily to analytic
approaches.
Oneaspect of the data wherethis has been provenhelpful is in the analysis
of the effects of various types of cuing manipulations of the likelihood of
recall. Wemention two: the (positive) effects of category cues and the
(negative) effects of cuing with randomlyselected list items (the so-called
part-list cuingeffect).
Raaijmakers&Shiffrin (1980) showedthat typical effects of cuing with
category names could be easily predicted by the SAMsimulation model.
These predictions do not greatly depend on the specific assumptions of SAM
(vis-~t-vis alternative models).Suchanalyses are, however,important to show
that observed effects are indeed consistent with particular theoretical
frameworks.
This is even morethe ease in the part-list cuing paradigm.In this paradigm
subjects are given somerandomlyselected items from the list as cues for the
remaininglist items. Thetypical finding is that such cuing leads to a slight but
unexpected decrease in the probability of recall for the remaining items.
Raaijmakers & Shiffrin (1981) spent a good deal of effort analyzing this
peculiar effect within their SAM
simulation of free recall. Theyshowedthat
this counterintuitive effect was in fact predicted by the model.In addition to
the basic result, a numberof related findings were predicted. Theseincluded
the effect of the numberof cues, the time at whichthe cues were given, and
the effect of interpolated learning (betweenpresentation and test). Raaijmakers (1991) showsthat the modelpredicts a reversal of the cuing effect if
delayed testing procedure is used. This prediction is indeed borne out. This
research has also shownthat it is by no meanseasy to intuit the predictions of
a relatively simple modelsuch as SAMin a complicated experimental situation.
This part-list cuing effect has also been dealt with by Metcalfe &Murdock
(1981). However,in their simulation it was assumedthat the list cues were
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not actually used by the subject. This assumptionmakesit relatively easy to
predict a negative effect of cuing but does not makemuchsense given the fact
that most subjects will expect the cues to be helpful (as did most memory
specialists). In addition, such an approach makesit impossible to predict
reversal of the cuing effect in delayed cuing.
Note, however,that these problemsare not due to the basic structure of the
convolution/correlation model (which was in fact put aside) but to the
assumptionsthat are madeconcerningthe subject’s strategy. This illustrates
that predictions for free-recall tasks dependcritically on the strategy used-i.e. on the assumptions madeconcerning the sequence of cues to be used in
retrieval. Gronlund&Shiffrin (1986) examinedthe effects of various retrieval
strategies on recall from natural categories and categorized lists. Theyshowed
that different strategies indeed have an effect on recall performance. This
result POSES
two problemsfor any modelfor free recall. First, it makesit
problematicto apply a specific (arbitrary) version of the modelto the data of
group of subjects, unless it can be shownthat the result of interest is
insensitive to the choice of strategy or that the subjects all use a similar
strategy. Second,given a specification of retrieval strategies (i.e. in terms of
the sequence of cues that are used), the model should be able to give
quantitative account of the resulting performance differences. Gronlund&
Shiffrin (1986) showthat a simple extension of SAMcould account for the
observed differences.

Recognition
Most current modelsof memoryassume that simple recognition decisions are
based on somesort of global familiarity value. By this we meanthat the
familiarity value is a kind of weighted,additive combinationof the activation
of all items in memory.This global familiarity value is determined by the
match between the probe cues and the memorytrace(s). This general type
model has been termed the General Global Matching Model (GGMM,
Humphreys et al 1989b) or the Interactive Cue Global Matching (ICGM)model
(Clark &Shiffrin, submitted). As these labels imply, such modelsdiffer from
previous local matchingmodelsin that all items in memory
are involved in the
match, not just the representation of the tested item. In this section we
consider someof the data used to test these models.

Pair Recognition
Pair recognition has been used as an experimental paradigmto test aspects of
recognition models. Basically, the issue here is the way associative information is assumedto contribute to recognition decisions. In these experiments
the subject first studies a list of wordpairs (AIBI, A2B2 .... ). At test, intact
pairs (A~i) have to be discriminated fromrearranged pairs (A.,Bj), mixedpairs
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(A/X), and/or new word pairs (XY). These results maybe comparedto those
obtained in single item recognition (Aivs X) and/or cued recognition (Ain i VS
A.,X where only the second item has to be judged; see Clark & Shiffrin
submitted). Humphreyset al (1989b) show that all extant versions of
global matching model (SAM, MINERVA
2, Matrix, and TODAM)
lead
similar equations for the meanmatchingstrengths. This wouldseem to imply
that it will be difficult to differentiate between these models. However,
predictions for d’ depend not only on the meanstrengths but also on the
variances. Furthermore, it maybe possible to distinguish betweenthe models
if one also takes the predictions for single-item recognition and cued recognition into account.
Clark & Shiffrin (submitted) examinedthe predictions for all types
recognition tests. They showthat the modelsdiffer with respect to whether
they predict an advantage for cued recognition compared to single-item
recognition. The results of their experimentswere reasonably well predicted
by TODAM
and SAM, with TODAM
producing the best fit. MINERVA
2
and the Matrix modeldid not fit the data well. Oneproblemwith such data,
however,is that it mightvery well be the case that subjects makeuse of recall
processes in addition to global matching. That is, the logic of the models
allows subjects to supplementglobal matching with recall.
Gronlund& Ratcliff (1989) pointed to another problemfor global matching
models. They examined the time course of the availability of item and
associative information using a response-signal procedure (Reed 1973, 1976;
Dosher1976). In this procedure, a recognition decision must be madeat one
of several predefined times after the onset of the test stimulus. With this
procedureit is possible to determinethe growthof accuracy as a function of
processing time. Gronlund& Ratcliff showedthat item information becomes
available sooner than associative information. This poses a problemfor global
matchingmodelssince these treat these two types of information as inseparable. To accommodate
the results, separate contributions of item and associative information are required, possibly by distinguishing betweenconcurrent
and compound
usage of cues (see Gronlund&Ratcliff 1989). That is, it might
be assumedthat memoryis probed in parallel with an interactive, compound
cue and with the item cues separately. As an alternative, it might be the case
that pair imagesare sometimesstored, and that the time course of pair-image
activation differs from that of single-item imageactivation.
List Length vs List Strength
Recent research by Ratcliff et al (1990) has focused on the effects of the
strength of other list items on the recall and recognition of target items. This
so-called "list-strength effect" concemsthe effects of strengthening (or
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weakening)somelist items upon memoryfor other list items. Ratcliff et al
(1990) showedthat strengthening someitems in the list decreases recall of the
remaining list items but has no or even a positive effect on recognition
performance.This contrasts with the list-length effect: Addingitems to a list
decreases both recall and recognition performance. Thus, the number of
irrelevant items, but not their strength, affects recognition. This is true not
only for strength variations due to amountof study time but also for variations
due to spaced repetitions.
This peculiar result should have a numberof consequencesfor models of
recognition. In particular, it will be necessaryto assumea structural difference betweenpresentation of two different items and two presentations of a
single item. Shiffrin et al (1990) showedthat current memorymodelsindeed
cannot predict both the presence of a list-length effect and the absence (or
reversal) of a list-strength effect.
Shiffrin et al (1990) also investigated whetherthe various modelscould
modified to enable prediction of these results. Such modification does not
seem possible for models that assume items are stored in one composite
memorytrace. Even considering recognition only, these modelscannot predict both a positive list-length effect and an absent or negative list-strength
effect whenstrength variations are due to spaced repetitions. Modelssuch as
SAMand MINERVA
2 that assume separate storage are in principle better
equippedto handle these results, although they too will haveto be modifiedto
enable prediction of negative list-strength effects.
Shiffrin et al (1990) show that a modification of SAMcan handle these
results. In this modified SAMmodelit is assumedthat different items are
stored in separate traces but repetitions of an itemwithin a list are stored in a
single memorytrace. Second, the variance of activation of each separate
trace, whenthe cue item is unrelated to the item(s) encodedin the trace,
constant regardless of the strength of the trace. The latter assumption is
inconsistent with previous formulations of SAMbut is defended using a
differentiation argument:The better the imageis encoded,the clearer are the
differences betweenit and the test item, and hencethe lowerthe activation. In
this way, a constant or even decreasing variance maybe predicted, depending
on the weighting of context and item cues.
A crucial aspect of this explanation is that repetitions of an item are
assumed to be stored in a single memoryimage. To evaluate it further,
Murnane
&Shiffrin (1991) tested whethera reversal of the list-strength effect
in recognition occurs if repetitions are presented in such a waythat they are
likely to be encodedin separate images. They found that repetitions of words
in different sentences produceda list-strength effect whereasrepetitions of
entire sentences did not. This demonstratesthat the nature of the encodingof a
repeated item is a crucial factor.
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the Models

In this chapter we have shownthat current mathematical models of memory
are capable of handling manyclassical and newfindings in recall and recognition. Wesuggest that modelsof this type are superior to verbally stated
theories of memory.Argumentsin favor of the modeling approach include
these: 1. the ability to predict the size (and not just the direction) of the effect
of experimentalfactors, 2. the ability to predict the effect of combinationsof
experimentalfactors, 3. the ability to examinethe combinedresult of theoretical assumptions, 4. the fact that a model (especially in the form of
simulation program)can be used to "experiment" with processing or strategy
assumptionsto determine the crucial variables that underlie a given prediction, and 5. the fact that modelsoften demonstratethe limitations of more
intuitive reasoning.
Sucha conclusion is, however,often criticized on the groundthat general
modelsof memory
of the type discussed in this chapter are too versatile. That
is, the modelsusually incorporate a relatively large numberof processes and
parameters that seemto enable them to predict almost any type of empirical
result. In addition, it is often difficult to intuit what a specific modelwill
predict in a given situation. This contrasts with the simplicity of typical
verbal, nonquantitative explanations of memoryphenomena.In this section
we argue that this difficulty is often moreapparent than real.
First, quantitative modelsalso makequalitative predictions that do not
dependon parametervalues. That is, in order to evaluate a model’sability to
predict data, one should not only examinethe phenomenathat it can predict
but also take into accountwhetherit makesstrong, parameter-free predictions
about results that should not occur (no matter what parameter values are
used). Second, if a particular prediction dependson the specific parameter
values used, it should be possible to arrange the experimentalsituation in such
a waythat that particular result is reversed. Third, the argumentmayalso be
turned around: If the ability of a modelto predict a particular phenomenon
turns out to dependon parameter values one maywell ask whether a correspondingqualitative explanation is in fact logically sufficient. Finally, some
results are indeed complex(i.e. dependent on a numberof interacting processes) whether we like it or not. In fact, one advantage of quantitative
modelsof the type discussed in this chapter is that they maybe used to see
whetherparticular "verbal" explanations hold true whentested in the context
of a comprehensive model of humanmemory. The next sections focus on
specific aspects of this discussion.
Number of Parameters
Current quantitative models of memoryfrequently incorporate a dozen or so
parameters. These parameters reflect both structural aspects of the memory
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system (decay rates, processing times) and task-related aspects (weighting
cues, stopping criteria, decision criteria). Whena modelis fitted to a set of
data, these parametersusually have to be estimated from those data; that is,
they are given values so as to optimize the fit to the data. Althoughthis
procedure can be rigorously defended on statistical grounds, it does seemto
manyto involve a bit of cheating. It is probably for this reason that the
relatively large numberof parameters in current models is frowned upon.
In manycases however, the numberof parameters is not really an issue.
That is, the qualitative nature of the predictions does not dependOnthe exact
parameter values. Thus, manyof the simulations are performedusing a single
set of parameter values (see, for example, Metcalfe &Murdock1981; Mensink & Raaijmakers 1988; Hintzman 1988). In those cases where parameter
values do reverse a particular prediction, empirical evidenceshould be obtainable concerningthis prediction (see, for example,the prediction of a reversal
of the part-list cuing effect as a function of the contextual strength parameter
in the SAM
model; Raaijmakers1991). Anotherpoint is that nonquantitative
modelsalso include parameters--that is, degrees of freedom--althoughthis is
rarely realized. To put this in another way, most explanations for memory
phenomenaby models of memorymight be formulated in a qualitative way.
In this way, there wouldnot be any basic difference betweenquantitative and
qualitative models. However,the resulting theories wouldhave lost most of
their explanatory power.
Number of Processes
Most of the difficulties with well-specified quantitative modelshave to do
with the relatively large numberof processes that are usually proposed. This
is especially the case whenmodelsattempt t.0 be applicable to a large number
of different experimental paradigms. As emphasizedby Smith(1978), there
a tradeoff between generality and simplicity of theoretical models. The
problem here is that due to the number of processes and the number of
parameters (or quantitative relations) involved in complexmemorymodels,
is often not possible to make predictions about the behavior of the model
except through quantitative simulations.
An example(drawn from ownexperience) illustrates this point. Whenthe
SAM
modelwas first applied to the part-list cuing paradigm(see Raaijmakers
&Shiffrin 1981), it wasnot at all clear whetherit wouldor wouldnot predict
this effect. Furthermore,even after the prediction turned out to be successful,
it was not immediatelyclear (to say the least) what factors in the modelwere
causingit.
Whatthis showsis that it is not possible to makeintuitive predictions about
the behavior of a modelunder specific task conditions. However,it should be
evident that a similar problemholds for "verbal" theories of memory.In such
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qualitative accountsit is not clear what the boundaryconditions are that apply
to a particular prediction. The lesson that can be drawnhere is that muchmore
effort should be invested in theoretical analyses of the factors involved in
predicting empirical phenomena.Such analyses should focus on the role of
each of the proposedprocesses in the explanation of a particular phenomenon,
Quantitative,
Qualitative,
and Semi-Quantitative
Fits
Althoughall the modelsthat we have considered are formulatedin a quantitative manner,there is a tendency in current work to restrict the analysis to
qualitative predictions; that is, one analyzes only whethera modelpredicts the
general direction of an effect, rather than the exact magnitude.In contrast to
the tradition of the 1960sand 1970s, typical goodness-of-fit measuressuch as
the chi-square statistic do not figure prominentlyin the typical article that
nowadayspresents a formal model of memory.
This poses a problem. On the one hand, it can be defended that one does
not want to focus too specifically on the exact numerical’details of one
particular experiment;on the other hand, it wouldbe desirable at least to look
at the relative magnitudeof a particular effect (relative to other predicted
effects). That is, supposethat there are two phenomena
of interest, effect
and effect B, whereA is a large effect and B a small (but consistent) one. It
conceivablethat a modelwouldbe able to predict both A and B in a qualitative
mannerbut that it wouldalways predict either A and B both small or A and B
both large. Sucha "misfit" wouldnot be detected if the analysis focuses only
on the qualitative aspects.
Fortunately, most presentations of formal models of memoryemploy a
strategy that falls betweenthese twoextremes. The typical approachis to use
a single set of parametersto examinea set of data (or data patterns) that
representative of empirical findings. Althoughnone of the actual data are
really fitted in the traditional sense, the use of a single set of parameters
makesit possible to verify that the model makespredictions in the right
ballpark in terms of relative effect sizes.
Hence, we maydistinguish amongthree degrees of comparingthe modelto
actual data: qualitative, quantitative, and what might be called semiquantitative analysis. The first involves only the direction of a difference
between conditions; the second involves a direct comparison between the
predicted and observeddata using a goodness-of-fit measure;finally, the third
does not involve a goodness-of-fit measurebut does look at the sizes of the
predicted and observed effects.
Althoughreal quantitative fits remain a desirable feature, it might be
arguedthat the proper approachis to aim first for a semi-quantitative prediction of the data. In this phase, the emphasisis on showingthat a modelcan
deal with a variety of findings from different task paradigms.At somepoint, a
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numberof promising modelswill have been developed. At that stage, the time
seems to be ripe for quantitative tests in which several models maybe
compared in terms of goodness-of-fit. Webelieve that the demonstrated
potential of current modelsof memoryjustifies the expectation that future
work in this area will involve more comparative, quantitative testing.
Quite recently, John Anderson(1990; see also Anderson& Milson 1989)
has proposed a model that attempts, in a sense, to meld some of the best
features of the two approaches we have been contrasting (detailed, formal,
quantitative, process models vs general, verbal, descriptive models). His
"Rational" modelbypasses details of representation and process to the greatest possible degree, and instead is aimed at the general proposition that
memoryis organized so as to solve the memorizer’s problems in an optimum
fashion. In any given retrieval situation, it is assumedthat each event stored in
memoryhas a numberassigned to it representing its probability of being
relevant (containing the desired information). It is assumedthat these events
are searched in order of their relevance, either until a retrieval occurs or a
stopping criterion is reached. The probabilities are based on two multiplicative factors: the past history of an event’s usefulness (independentof the
cues used to probe memory)and the likelihoods of relevance associated with
the cues. So far only the barest hints of applications to memory
paradigmsare
available. It is interesting that the modeloperates at a very abstract level and
yet offers quantitative predictions for certain phenomena.Althoughinitial
results are intriguing, it is far too early to assess the longrun usefulnessof the
approach.
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