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Abstract

Adult aging is associated with a decline in memory for the specific details of past
experiences, but the reasons for these declines remain to be fully elucidated. Here, we
consider the potential of computational process models of memory to reveal mechanisms
underlying age-related changes in memory specificity. We define empirical benchmarks in
the most widely used tasks for studying age differences in memory — recognition and free
recall. We then systematically review two broad classes of process models — global
matching and retrieved context models — that are well-suited to explaining these
benchmarks. We discuss and at times illustrate through simulations how age differences in
memory specificity can arise from different mechanisms in these models, such as reductions
in encoding fidelity, cue-selectivity of retrieval, contextual reinstatement, or retrieval
monitoring. These models hold great promise for uncovering the latent mechanisms of
age-related memory change, but several explanatory shortcomings must be addressed for a
more comprehensive theory to emerge. Because process models often incorporate
simplifying shortcuts, they risk advancing descriptive rather than mechanistic explanations
for age differences in memory. Furthermore, models that have identified multiple processes
of age-related memory impairment have left unaddressed the ways in which these processes
affect each other. By illuminating these and other challenges in current process models, our
review aims to stimulate future advances that can dramatically reshape our understanding

of the processes of age-related changes in memory specificity.
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Public Significance Statement
Failing to remember the specific details of our past experiences can have profound
consequences. These failures become increasingly common as we age, yet the mechanisms
underlying why older adults are more prone to forgetting specific details remain to be fully
elucidated. Here, we evaluate what leading computational process models of memory have
to say about these memory lapses. Our review identifies strengths and weaknesses in the
abilities of current models to explain age-related memory changes, pointing to areas of
improvement that could substantially improve our ability to understand, and potentially

predict, why these memory changes occur.
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Process Explanations of Age-Related Changes in Memory Specificity

Adult age-related declines in episodic memory have been widely reported (Light),

11991}; Naveh-Benjamin & Old, [2008; Zacks, Hasher, & Li, 2000)) and manifest to varying

degrees on tests of recall and recognition (for meta-analyses, see Fraundorf, Hourihan, |

|Peters, & Benjamin| [2019; |Old & Naveh-Benjamin, 2008; Rhodes, Greene, & |

Naveh-Benjamin|, 2019). These declines are evident in both cross-sectional and longitudinal

studies (Salthouse, 2019)) and can be detected with experimental (e.g., Craik & McDowd,

11987 Naveh-Benjamin|, 2000)) or self-report/interview (e.g., Dixon & Hultsch) |1983; |Levine,|

Svoboda, Hay, Winocur, & Moscovitch|, 2002)) methods. Explanations for these declines

range from limitations in attention (Craik & Byrd} |1982), inhibition (Hasher & Zacks),

1988), recollection (Jennings & Jacobyl, [1997), or associative binding (Naveh-Benjamin,

2000); to general cognitive slowing (Salthouse, 1996) or sensory/perceptual loss (Baltes & |
Lindenberger;, [1997)); and from single- (Benjamin, 2010)) to multi-component (Healey &

Kahana, 2016|) process impairments. Here, we consider the specific suggestion that these

declines are rooted in changes in the specificity or fidelity of episodic memories with age

(Greene & Naveh-Benjamin) 2023a; cf., Brainerd & Reyna, [2015; [Surprenant & Neath),

2009). Our goal is to consider the etiology of these representational shifts through the lens
of computational process models of memory. In doing so, we aim not only to shed light on
mechanisms underlying age differences in memory specificity, but also to identify

theoretical shortcomings in current models to stimulate future advances in memory theory.
What Is a Computational Process Model?

Before continuing, we first distinguish different classes of computational memory
models to clarify which types of models will be placed under our microscope.
Computational models encompass virtually any memory model that includes equations for
relating unobserved (latent) cognitive processes to observed outcomes (e.g., recognition or
recall accuracy). Latent cognitive processes are captured by free parameters, whose values

depend on the data to which they are fitted (for a tutorial geared toward cognitive aging
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researchers, see (Greene & Rhodes, [2022). All models make assumptions about how the
processes they purport to measure give rise to behavior. Yet, models differ in the degree to
which they formalize assumptions about how memories are represented and how they are

encoded/stored and subsequently retrieved (for a review, see Kahana) 2020)).

Perhaps the most widely used computational memory models are those rooted in
signal detection theory (Green & Swets, |1966; Tanner & Swets, |1954)), which isolate
mnemonic sensitivity from response bias in choice-discrimination procedures like old /new
recognition. A similar class of models — multinomial-procressing-tree (MPT)
models (Batchelder & Riefer, (1999) — map the independent and joint contributions of
unique cognitive and guessing processes to observed responses (e.g., “old” responses to
similar lures). An example of an MPT model that separates the retrieval of specific details
(verbatim representations) from the retrieval of the general meaning of an episode (gist
representations) is depicted in Figure . This model, motivated by fuzzy-trace
theory (Brainerd & Reyna, (1990), which we will soon review, independently estimates the
probabilities of verbatim (V') versus gist (G) retrieval based on the observed rates of “old,”
“similar,” and “new” responses to old, similar, and new /different recognition probes.
Verbatim retrieval (V') yields unambiguous information about the true nature of the test
probe (i.e., whether it is old, similar, or new/different). Gist retrieval in the absence of
verbatim retrieval ([1 — V] x G) yields uncertainty about the status of old and similar
items that must be resolved through guessing. Finally, complete forgetting

([1 = V] x [1 = G]) yields uncertainty for all test probes.

Signal detection and MPT models formalize assumptions about how participants
make decisions under conditions of uncertainty. For example, in a conventional signal
detection model, the latent strength (s;) of recognition probe ¢ is evaluated in light of an
internal criterion (c), and an “old” response is given when s; > ¢. However, these models
do not formalize assumptions about how memories are represented, and they lack memory

trace dynamics that explain how memories are encoded and retrieved (cf. |Osth & Dennis,
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Figure 1

A Memory Model for Measuring Specific and Gist Retrieval.

In a recognition task with old items, similar lures, and new items, models can estimate the
independent contributions of verbatim (V) and gist (G) retrieval to observed responses. V' states
yield complete certainty in the true status of any test probe relative to the studied item. In

(1 —=V) x G states, one only has access to gist but not verbatim memory, resulting in uncertainty
for probes that share the same gist (old items and lures) but not for unrelated items. When neither

verbatim nor gist memory is retrieved ([1 — V] x [1 — G)]), there is uncertainty for all probe types.

2024)). For example, the MPT model in Figure [1| does not specify how one stores and later
accesses an item’s verbatim or gist representation, and it does not define how verbatim and

gist traces are represented at allE]

I The MPT model is rooted in fuzzy-trace theory, which assumes parallel storage and retrieval of verbatim
and gist traces (Brainerd & Reynal [1990)). However, these assumptions are not technically present in the
model because it makes no claims about how items are encoded, and its retrieval process measures the
probabilities of verbatim or gist retrieval but does not define how verbatim and gist representations are
retrieved. These assumptions have been formalized in more recent computational models of fuzzy-trace

theory (Chang, Johns, & Brainerd, [2025]).
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The types of computational models that we will interrogate here formalize
representational assumptions and memory trace dynamics. Unlike signal detection and
MPT models, these models lay bare specific assumptions about how memories are
represented (e.g., as n-dimensional feature vectors), how they are encoded (e.g., by binding
an item to a specific state of context), and how they are retrieved (e.g., by computing a
global match between a currently attended item and all traces stored in memory). Some
have used the term generative to describe these models (Darby & Sederberg, [2022),
emphasizing their ability to explain how memory functions to generate observed
outcomes (cf. |Osth & Dennis|, 2024)). We focus on two broad classes of so-called generative
computational process models — global matching (Hintzman) [1984; |Shiffrin & Steyvers|,
1997)) and retrieved context (Howard & Kahanay, 2002) models. Because these models
attempt to explain how memory works, they hold great potential for revealing mechanisms

of age-related changes in memory specificity.
Précis of the Present Review

We review previous computational modeling of age differences in memory, with a
particular focus on global matching (Hintzman)|, [1984; [Shiffrin & Steyvers, (1997)) and
retrieved context models (Howard & Kahana, |2002; [Polyn, Norman, & Kahana, [2009) that
have successfully explained many aspects of recognition and recall (for a more formal
review, see Kahana, |2020)). Efforts to extend these models to explain adult age differences
in memory have been limited, despite their potential to identify latent mechanisms
underlying these differences (Benjamin, [2010; Healey & Kahana, 2016} Salthouse, [1988).
We pursue a didactic and theoretical approach to computational process modeling of age
differences in memory specificity.

On the didactic end, we discuss computational process models in a relatively
informal way, only wading into more technical territory where necessary. We are not
concerned with whether any specific model constitutes the “ground truth” of how memory

operates, nor do we intend to formally compare competing models. Readers interested in
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formal comparisons may refer to reviews by [Clark and Gronlund (1996) or |Osth and |

(2024). On the theoretical end, we aim to interrogate the assumptions that current
models make regarding how memories are encoded, represented, and retrieved. The goal of
this interrogation is to identify potential shortcomings in a model’s ability to explain why

older adults’ episodic memories are impoverished in specific details, with the hope that this

will stimulate future empirical or computational efforts to address these shortcomings.

In what follows, we first define empirical benchmarks of age differences in memory
specificity. We focus on representative findings from studies of recall and recognition both

because these are among the most widely used tasks for studying age differences in

memory (e.g., Fraundorf et al., 2019; Rhodes et al., 2019) and because they are amenable

to computational process modeling (Kahanal [2020)). Other benchmarks could be identified

in domains such as reading or language comprehension (Radvansky & Dijkstray, 2007}

Stine-Morrow, Morrow, & Leno III, 2002; |Stine & Wingfield, 1988)) or autobiographical

memory (Grilli & Sheldon), [2022; Levine et al., 2002); we refer the interested reader to

\Greene and Naveh-Benjamin| (2023a) for a more comprehensive review.

After presenting these benchmarks, we briefly summarize leading theoretical

explanations for age differences in memory specificity. We appeal primarily to fuzzy-trace

theory (Brainerd & Reynaj 2015), given its focus on cognitive mechanisms of these

differences. Fuzzy-trace theory’s relatively high degree of computational

formalization (Brainerd, Reyna, & Mojardin, |1999; Brainerd, Reyna, & Howe, 2009; |Chang

et all, [2025) also provides a bridge to our review of computational process models.

We then devote the remainder of the review to evaluating computational process

model-based explanations for age differences in memory specificity. Because current models

have already accounted for the observed benchmarks (e.g., Healey & Kahanal [2016]), we do

not intend to (re)fit the models to data. Instead, we adopt a bird’s-eye view of the models,
allowing us to evaluate their assumptions from a distance remote from the perspective of

the original theorists who developed them. Our goal here is two-fold. First, we aim to
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highlight the strengths of applying computational process models to studying age
differences in memory specificity. Second, we aim to identify hidden assumptions and blind
spots in current models that must be addressed for a more comprehensive account of these

age differences to emerge.
Benchmarks of Age Differences in Memory Specificity

Here, we summarize representative recognition and free recall findings that
constitute empirical benchmarks of age differences in memory specificity. Figure [2] depicts
these benchmarks. Before continuing, we acknowledge that our review primarily considers
memory for items (e.g., specific words or images that were studied), for which ample
evidence (discussed in the ensuing) attests to age-related declines in item specificity.
However, age differences in context — remembering where or when something occurred — are
also widely established and often dwarf those for item memory (Old & Naveh-Benjamin,
2008). It is conceivable that older adults’ difficulties with remembering contextual features
of an episode contribute to their less detailed memory for items encountered in those
contexts. Indeed, some of the models we will soon review — particularly those rooted in
retrieved context theory (Howard & Kahana, |2002)) — emphasize the role of contextual

retrieval in older adults’” memory lapses.
Lure Similarity Effects in Recognition

In recognition procedures, one can infer age differences in memory specificity from
the magnified effects of lure similarity on older adults’ false alarms (recognizing unstudied
items as“old”). Compared to younger adults (typically 18-30), older adults (typically
65-80) generally commit more false alarms to unstudied lures that share salient features
(e.g., similar semantic or perceptual characteristics) with studied items, but not to
unrelated novel items (Abadie, Gavard, & Guillaume, 2021 [Koutstaal, [2003; Koutstaal &
Schacter], [1997; Norman & Schacter, |1997}; |Rankin & Kausler, 1979; Stark, Yassa, Lacy, &
Stark,, 2013} [Trelle, Henson, Green, & Simons, 2017} [Tun, Wingfield, Rosen, & Blanchard)

1998 Yassa, Mattfeld, Stark, & Stark|, 2011)). Figure depicts this typical pattern from
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Benchmarks of Age Differences in Memory Specificity Data in each panel were extracted
from published figures, using WebPlotDigitizer, or from tables and re-plotted. As such, the data
depicted here are approrimate but may not exactly match the values in the original published
works. Error bars or ribbons in all panels depict standard errors; solid circles and triangles
represent group means for young and older adults, respectively. See text for more details, and

online article for color reproduction.
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Koutstaal (2003), in which older adults were approximately 50% more likely than younger

adults to misjudge lures (e.g., silver keys when gold keys were studied) as “old” despite
comparable accuracy to novel foils (e.g., a pen). Older adults’ heightened sensitivity to lure
similarity suggests that they often forget details (e.g., were the keys silver or gold?) but

retain more general information (e.g., whether they studied keys or a pen).

Age differences in recognition are magnified on associative compared to item

recognition tasks (Naveh-Benjamin| |2000; Naveh-Benjamin, Hussain, Guez, & Bar-On,

2003; Old & Naveh-Benjamin, 2008), likely owing to the greater demands these tasks place

on remembering specific information (Craikl, |1983; |Greene & Naveh-Benjamin| 2020}

Surprenant & Neath) [2009). Whereas item recognition could be mediated by familiarity

with an item without awareness of when or where it was encountered, associative

recognition requires explicit recollection of which items co-occurred during

encoding (Yonelinas, 1997). For example, was A paired with B or with C? Figure

depicts a typical result, from Experiment 1 of Naveh-Benjamin et al.| (2003)), of large age

differences in associative recognition (remembering which two pictures were paired
together) but only a modest one in item recognition (recognizing whether a picture is old

or new). Nonetheless, age differences in lure similarity effects in associative recognition

resemble those in item recognition (Greene, Chism, & Naveh-Benjamin| 2022; Greene & |

Naveh-Benjaminl, 2020, [2022, [2024b} for similar cued recall results, see [Castel, 2005} [Castel,
[Farb, & Craik| 2007)). In a face-scene associative recognition task (see Figure 2C),

(2022) reported substantial age differences in false alarms to test pairs that were
similar to what was studied (e.g., an old man, who was studied with one park, appears
with a different park) but not to those that were dissimilar (e.g., the old man now appears

with a gym).

Alongside their heightened false alarms to similar lures, older adults often express

high confidence that they studied these lures (Greene et al., 2022; Norman & Schacter,

1997)). Figure plots confidence rating data from Experiment 2 of Norman and Schacter|
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(1997), separately for studied items, new (unrelated) items, and critical lures in a
Deese-Roediger-McDermott (DRM) task (Deese, [1959; Roediger & McDermott, [1995), a
paradigm known to produce extremely high rates of false recognition and recall (see
Figure ) among older adults (Devitt & Schacter, 2016}, Schacter, Koutstaal, & Norman,
1997). Confidence ratings are ordered as 1 = “sure new,” 2 = “probably new,” 3 =
“probably old,” and 4 = “sure old.” Although young and older adults assign similar
confidence attributions to studied and new (unrelated) items, older adults endorse critical
lures as “old” with high confidence (rating 4) at a much higher rate than younger adults
do. In summary, there are both objective (increased false alarms to similar lures) and
subjective (increased confidence that these lures were studied) indicators of age differences

in memory specificity in recognition tasks.
Age Differences in the Dynamics of Free Recall

Whereas recognition lure similarity manipulations provide a straightforward method
of measuring age differences in memory specificity, in free recall, these differences must be
inferred in less obvious ways. There are typically large age differences in correct
recall (Craik & McDowd, |1987; Danckert & Craik, |2013; Rhodes et al, 2019), as shown, for
example, in the DRM true recall data depicted in Figure 2E. However, an isolated analysis
of correct recall might underestimate how much one actually remembers. Most free recall
tasks instruct participants to recall only the items from the most recent list. Given this
instruction, a participant who remembers an item’s gist (e.g., that they studied a fruit) but
not its exact identity (e.g., whether it was an “apple” or an “orange”) might recall no item
or one that was not on the list, lowering their correct recall. Thus, to infer age differences
in memory specificity in free recall, we must consider additional outcomes beyond correct

recall rates.

Figure 2F through depict representative findings of age differences in four key
metrics from both immediate (Kahana, Howard, Zaromb, & Wingfield, 2002)) and

delayed (Healey & Kahanal 2016)) free recall that collectively highlight age changes in
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memory specificity. The recall by serial position curve in Figure breaks down age
differences in veridical recall into the specific encoding positions in the list where these
differences emerge. Although age differences are negligible for the first item (primacy) and
the last couple items (recency), older adults recall fewer items from the middle of the list,
suggesting they struggle the most with remembering items encountered in less distinctive
positions (for similar findings in serial recall, see Golomb, Peelle, Addis, Kahana, &

Wingfield, |2008)).

The recall transition dynamics plotted in Figure and Figure provide deeper
insights. The lag conditional response probability (lag CRP) curve (Kahana, [1996)) in
Figure plots the probability of recalling item j after recalling item ¢ based on the
temporal distance (lag) between ¢ and j during encoding (e.g., lags of 1 and -1 indicate
that j was studied immediately after or before i, respectively). Young adults have a strong
tendency to recall together items that were studied close in time, reflected in the much
higher conditional response probabilities at small (e.g., lag = 1) versus large (e.g., lag = 5)
lags in Figure , particularly in the forward direction (positive lags). This tendency to
temporally cluster recalls is attenuated (but not eliminated) among older adults, as
reflected in the more subtle differences in CRP values for small versus large values of lag in
the older adult data in Figure 2G. This points to a reduced ability of older adults to
remember the specific time in which an item appeared (Kahana et al., [2002; Golomb et al.

2008; [Naveh-Benjamin, [1990)) — a contest failure.

However, older adults exhibit a preserved tendency to recall together items that
share similar semantic content (Figure ; Healey & Kahanaj, 2016|), pointing to an intact
ability to remember the meanings of items one encountered. Similar results have been
reported in categorized free recall (Wingfield & Kahana, 2002; Wingfield, Lindfield, &
Kahanal, [1998)), in which participants study multiple items belonging to each of several

PP AN4

categories (e.g., “apple,” “orange” and “pear” from the fruit category, and “plane,”

“truck,” and “train” from the vehicle category). In these tasks, older adults semantically
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cluster their recalls (e.g., recalling all fruit items before recalling vehicle items) to a

comparable extent as younger adults do.

Finally, older adults make more intrusions — recalling items that were not present on
the most recent list — than younger adults do (Figure ; Healey & Kahana, 2016|), further
pointing to age differences in memory specificity. This is particularly so because intrusions
tend to be strong semantic associates of studied items (e.g., [Zaromb et al., [2006)).
Collectively, the reduction in correct recalls (particularly for items from less distinctive
serial positions; Figure ), the weakened tendency to recall together items studied close in
time (Figure ), the preserved effect of semantic similarity on recall transitions
(Figure [2H), and the elevated intrusions of semantically similar items (Figure 2[) indicate
that older adults forget specific details in free recall — like exactly which items were studied,
and when they were studied. Yet, older adults often remember more general information,

like what types of items were studied, leading to their elevated false recalls of similar items.
A Current Leading Explanation for Age Differences in Memory Specificity

The empirical benchmarks highlight an age-related decline in memory specificity
but do not address why these declines occur. Answers have been advanced by several
theories on memory representation (e.g., Brainerd & Reynal 2015; |Craik, |2002; |Robin &
Moscovitch, [2017)). Although these theories have rarely been formalized in computational
models (for an exception, see Chang et al., [2025)), we briefly discuss one leading theory as a
bridge to more formal modeling of these benchmarks. We limit our focus here to
fuzzy-trace theory (Brainerd & Reynay (1990; Reyna & Brainerd, 1995) not because it is
inherently the correct account of age differences in memory specificity, but because it is
generally representative of most other representational theories (Greene &
Naveh-Benjamin|, 2023a)) while enjoying a relatively higher degree of mathematical
formalization (Brainerd et al., [2009; Chang et al.l 2025). It also emphasizes cognitive,
rather than neural, mechanisms of age differences in memory specificity, aligning it more

closely with the computational models we review in the next section (for proposed neural
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mechanisms, see |Stark, Kirwan, & Stark, |2019; [Yassa et al., 2011).

Fuzzy-trace theory posits that memories are represented in two dissociated traces — a

verbatim trace representing the specific details of the episode, and a gist trace representing

its meaning (Brainerd & Reynay, [1990; Reyna & Brainerd, 1995)). Compared to gist traces,

verbatim traces consume more attention and processing time during encoding and retrieval

and are more vulnerable to interference and decay. These assumptions have been upheld in

empirical studies reporting more pronounced effects of divided attention (Greene & |

Naveh-Benjamin|, 2023b; |Odegard & Lampinen| 2005)), speeded encoding (Greene & |

Naveh-Benjamin|, 2023c, [2024b; Tatler, Gilchrist, & Rusted, |2003), and study-test

delay (Greene & Naveh-Benjamin| 2022; [Sachs|, [1967; [Sekeres et al., 2016]) on verbatim

than gist memory. Gist representations can be encoded and retrieved relatively more
automatically because they are molded by prior knowledge, allowing one to rapidly make
sense of an episode by connecting it with established semantic memory. Thus, individuals

with less developed knowledge bases, like young children, are less prone to semantic false

memories like those observed in the DRM paradigm (Brainerd, Reyna, & Forrest|, 2002).

Collectively, the reduced processing demands, greater stability, and inherent

connection to prior knowledge make gist traces the dominant form of memory

representation among older adults (Brainerd & Reyna, 2015; cf., |Greene & |

Naveh-Benjamin|, 2024al). These properties of gist traces overcome older adults’ limitations

in attention (Craik & Byrd, 1982)), processing speed (Salthouse, |1996), and

inhibition (Hasher & Zacks| |1988), and connect with their expansive knowledge

base (Umanath & Marsh, [2014), allowing them to retain the core essence of events for

which they often forget more specific (verbatim) details (cf., Radvansky & Dijkstral 2007)).

Mathematical models of fuzzy-trace theory (Brainerd et al., [1999; |Brainerd, Wright,|

Reyna, & Mojardin) 2001; Brainerd et al., 2009} Stahl & Klauer], 2008) have provided

converging evidence that adult age differences in memory quality are primarily restricted to

verbatim but not gist representations. Several studies testing age differences in lure
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similarity effects in recognition (Abadie et all 2021} Greene & Naveh-Benjamin, 2020,
2022, [2024b) have relied upon the (simplified) conjoint recognition MPT model depicted in
Figure |1} These models have consistently identified age-related declines in V' (verbatim)
but not G (gist) parameters (for applications to free recall, see |Brainerd et al., [2009)). More
recently, fuzzy-trace theory’s verbatim/gist distinction has been embedded within a global
matching model framework (Chang et al., [2025), a class of computational models that we
will soon review. To return to our earlier discussion of different classes of computational
models, Chang et al’s (2025) model more completely instantiates memory trace dynamics
than the earlier conjoint recognition models. Thus, it could be a valuable tool for future

research assessing why an age difference in V' emerges at all.
Process Interpretations of Age Differences in Memory Specificity

There have been a few isolated attempts to computationally model the benchmarks
of age differences in memory specificity depicted in Figure 2] Table [I] summarizes these
previous attempts. Although most of these attempts were limited to explaining age
differences in a single type of task like recognition (e.g., [Stephens & Overman, 2018) or
serial recall (e.g., |[Neath & Surprenant| 2007; Surprenant, Neath, & Brown, 2006)), they are
almost unanimous in their endorsement of representational impairments as a key driver of
age differences in task performance. Global matching models (reviewed in the next
section), like those based on MINERVA 2 (Hintzman) [1984) or REM (the Retrieving
Effectively from Memory model; Shiffrin & Steyvers|, [1997)), attribute age differences in
recognition to older adults’ degraded (or reduced fidelity) representations of encoded
events, which results in less diagnostic information available to discriminate new from old
experiences (Benjamin, 2010; [Stephens & Overman, 2018). Retrieved context models
(reviewed in the section “Retrieved Context Models”) have implicated multiple processes
underlying age differences in free recall (Healey & Kahana, [2016), with one of these
processes pertaining to noisier item representations at retrieval. Models explaining age

differences in serial recall, a task similar to free recall but with added constraint of recalling
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items in the order in which they appearedEl, have similarly attributed these differences to

reduced fidelity representations of items (Neath & Surprenant| 2007; Surprenant et al.|

2006]) or temporal context (Maylor et al., [1999), which blurs older adults’ memories for

which items appeared in which specific list positions. Finally, models based on

connectionist principles (Buchler & Reder| 2007 Li, Naveh-Benjamin, & Lindenberger,

assume that older adults’ recognition failures stem from more diffuse association
networks, which makes representations of individual episodes less distinctive.

In the next sections, we take a deeper dive into global matching models and
retrieved context models. We focus specifically on these classes of models owing to their
relatively widespread use in the mainstream memory literature (for a review, see ,

2020). Moreover, global matching and retrieved context models have previously identified

processes underlying age differences in recognition (Benjamin) [2010; [Stephens & Overman),

2018) and recall (Healey & Kahana, [2016) [f| respectively. They are thus well-suited to

modeling age differences in memory specificity (the benchmarks we presented in Figure .
We will later revisit the ideas of alternative models, like connectionist models, in our

closing discussion.
Global Matching Models
Overview

Global matching models describe memory retrieval as a comparison process between

a probe item and multiple stored traces in memory (Clark & Gronlund) |1996; Osth & |

Dennis| [2024)), as illustrated in Figure [3] Global matching is well suited to explaining

recognition memory (e.g., Arndt & Hirshman, [1998) and has been extended to explaining

2 As in free recall, in serial recall, there are large age differences in correct and false recall, along with a
higher incidence of order errors (recalling items in the wrong position) among older adults (Golomb et al.
|2008F |Maylor, Vousden, & Brownl, |1999|; |Naveh—Benjamin, Cowan, Kilb, & Chenl7 |2007|).

3 |Healey and Kahana (2016) extended their retrieved context model to explain age differences in item

recognition, as well.
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Model Processes of Age-Related Representative | Further Reading
Memory Impairment Papers
DRYAD | Reduced representational fidelity, Benjamin (2010) | MINERVA 2
especially for context. (Hintzman, 1984)
REM Fewer item features encoded and /or | Stephens & Shiffrin & Steyvers
similar features represent multiple | Overman (2018) | (1997), Criss
items (poor distinctiveness). & Shiffrin (2005)
SIMPLE | Degraded item representations re- | Surprenant et al. | Brown et al. (2007)
duce item distinctiveness (2006)
Feature Less efficient encoding resulting in | Neath & Sur- | Nairne (1990)
Model impoverished item representations | prenant (2007)
OSCAR | Less distinctive temporal context | Maylor et al. Brown et al. (2000)
signals associated with each item (1999)
CMR2 Noisier retrieval and failures to sus- | Healey & Lohnas et al.
tain attention, retrieve contexts, | Kahana (2016) (2015), Howard
and filter intrusions. & Kahana (2002)
SAC Diffuse semantic association net- | Buchler & Reder | Reder et al. (2000)
works activate similar episodes, re- | (2007)
ducing distinctiveness
Binding | Neuromodulatory declines yield less | Li et al. (2005) | Li et al. (2001)
Model* distinctive stimulus representations
Table 1

Computational Modeling of Age Differences in Memory.

Note. DRYAD = Density of Representations Yields Age-Related Dissociations. REM =

Retrieving Effectively from Memory. SIMPLE = Scale-Invariant Memory, Perception, and

Learning. OSCAR = OSCillator-based Associative Recall. CMR2 = Context Maintenance and

Retrieval. SAC = Source of Activation Confusion. * = the full name of the model is the

feature-association conjunctive-binding model.
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frequency judgments (Hintzman, [1988), categorization (Chubala, Johns, Jamieson, & |

Mewhort,, 2016} (Curtis & Jamieson, 2019), cued recall (Hintzman, (1984} 1986), and serial

recall (Guitard, Saint-Aubin, Reid, & Jamieson|, 2025al, 2025b), among other tasks.

Although numerous global matching frameworks exist, including MINERVA

2 (Hintzman), |1984), REM (Shiffrin & Steyvers, [1997), TODAM (Theory of Distributed

Associative Memory; Murdockl, 1982)), GCM (Generalized Context Model; Nosofsky, [1986),

and SAM (Search of Associative Memory; Gillund & Shiffrin, [1984)), we limit our focus to

MINERVA 2 as a representative global matching model. The process assumptions of
MINERVA 2 serve as the bedrock of current computational theories of age-related memory

change, such as Benjamin’s (2010) Density of Representations Yields Age-Related

Dissociations (DRYAD) framework (cf. |Guitard, Reid, Greene, Saint-Aubin, & Jamieson),

2025)). It has also recently provided a computational foundation for formalizing fuzzy-trace

theory’s verbatim-gist distinction (Chang et al. 2025).

MINERVA 2 (Hintzman| 1984} [1986|, [1988) represents each studied item as a

separate trace in memory, a standard approach in global matching models (for alternative

approaches, see Murdockl, [1982). Each item is represented as an n-dimensional feature

vector, where each dimension corresponds to the presence or absence of a given feature.
Conventionally, these vectors were randomly generated (i.e., engineered) to capture
inter-item similarities (e.g., Arndt & Hirshman)|, [1998)). Recent advances (e.g.,
2025 |Guitard, Saint-Aubin, et al. 20254, [2025b; [Osth & Zhang), [2024; Reid, Yang, & |

Jamieson, 2023 Reid & Jamieson, |2023) have supplanted the use of engineered feature

vectors with realistic representations derived from methods like latent semantic

analysis (Landauer & Dumais, 1997)) or word2vec (Mikolov, Sutskever, Chen, G., & Dean,

2013)) that represent similarities across items based on their co-occurrences in natural

language. These advances make MINERVA 2 a scalable cognitive model (see |Johns, |

Jamieson, & Jones| |2023), one that integrates semantic and episodic memory in a single

framework (cf. |Guitard, Saint-Aubin, et al., 2025al). We will soon revisit the implications
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How Global Matching Works.

Global matching models represent items as n-dimensional feature vectors. The learning rate (e.g.,
L) determines how many features are faithfully stored in memory. In A, the learning rate is high,
ensuring high fidelity representations of each encoded item A-F (simulating a young adult). In B,
the learning rate is low, resulting in impoverished representations of each encoded item A-F
(simulating an older adult). When a recognition probe is presented, whether an old item (e.g., C)
or a new one (e.g., H), its representation is compared against all encoded representations. A
global match is computed based on the summed similarities of the probe with the encoded items,
and if the familiarity exceeds a threshold, the probe is judged to be an old item; otherwise, it is
classified as new. The sparser representations of encoded items in panel B reduces the number of
available dimensions along which mismatches can be detected, increasing false alarms to unstudied

items. See online article for color version.
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of these advances in understanding age differences in memory specificity.

The core parameters of MINERVA 2 are summarized in Table 2| During encoding,
each item’s feature vector is stored within a memory matrix M, and the success of
encoding depends on the learning rate L. Higher values of L yield richer item
representations, as more of their features are successfully stored in M, whereas lower values
of L result in impoverished representations, where many features are replaced with random
noise (e.g., 0’s). During recognition, the test probe is compared against all traces stored in
M simultaneously to derive a global familiarity value f. Formally, this familiarity (or

global match) computation proceeds as follows:

B Zj(%’ X M;j) ’
f_zi:(\/szg\/Zjij) v

In Equation |1} g; refers to the j" feature of the memory cue (q) and M;; refers to

the j" feature of the ¥ memory trace stored in M. The operation inside the large
parentheses computes the cosine similarity between the cue vector and the vector of the 7
memory trace. The parameter 7 raises these cosine similarity values to an exponent,
scaling the similarities to impact the “sharpness” of activations. Higher values of 7 amplify
the signal-to-noise ratio, such that memory traces with high cosine similarities to the cue
are given more weight in the global match computation. Summing the scaled cosine
similarities of the cue with each memory trace gives the overall global familiarity f of the
probe. This familiarity value is then compared against a threshold 7', and if it exceeds the
threshold, the probe is judged to be “old.”
Modeling Age Differences

The global matching computation described in the preceding section (see
Equation [1)) provides a simple but elegant way of modeling true and false
recognition (Arndt & Hirshman| 1998} (Chang et al., [2025), making it a viable model for
understanding age differences in the recognition benchmarks depicted in Figure |2l Despite

its relative simplicity, MINERVA 2 contains several unique ways of simulating these age
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Param. | Description Modeling Age Differences

L Controls the learning rate (i.e, how | Lowering L yields sparser repre-
many features of each item are | sentations, reducing distinctions
stored in memory). between old and new items.

T Controls the cue-specificity of re- | Lowering 7 makes retrieval less se-
trieval (i.e., which stored traces | lective, such that weaker traces
contribute most strongly to famil- | contribute to the overall familiar-
iarity computation). ity of a probe.

T Determines the decision threshold | Lowering 7 makes recognition
(i.e., the familiarity threshold for | more liberal, increasing false
judging an item to be “old”). alarms.

Table 2

MINERVA 2 Model Parameters and Their Relation to Age Differences in Recognition

differences (see Table [2)).

To demonstrate how age differences could arise in the model, we conducted a

small-scale simulation using a variant of MINERVA 2 that incorporates structured

semantic representations derived through latent semantic analysis (Reid & Jamieson,

2022). We trained the model on 10 six-item DRM-style lists of semantic associates to an

unpresented critical lure. Lists were created by selecting words with similar University of

South Florida word association, rhyme, and word fragment norms (Nelson, McEvoy, &

Schreiber;, |2004)) to maximize the probability of producing false recognition for the critical

lures; complete details can be found in in Experiment 1 of |Guitard, Saint-Aubin, et al.

(2025b). At test, the model was presented with the 60 studied items, 10 corresponding
critical lures, and 70 unrelated distractors. We simulated the recognition behavior of the
model under four conditions, each with 200 simulations (corresponding to 200 participants

performing the task under the same condition), to demonstrate two approaches of modeling
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age differences. In all conditions, we held the decision threshold T' constant between the
young and older adult version of the model; we fixed T" to the 42.86th percentile of the
familiarity distribution to match the study-to-test ratio (i.e., 60 studied items out of 140
total test items). Model simulation code can be found at

https://osf.io/7mfh4/overview?view_only=6cceleadef7940daaOb3793054cb2747.

Figure [4] represents the results of our simple demonstration. In Figure [4A, we
specified a different learning rate for simulating young adult (L = 0.6) and older adult
(L = 0.4) performance, while holding 7 = 3 constant across conditions. Lowering L
increases the probability that a given feature value is replaced by 0, resulting in sparser or
more impoverished representations. As a consequence, when cosine similarity is computed
(see Equation [1]), the surviving (i.e., non-zero) features receive proportionally greater
weight. This is a consequence of the normalization of the feature vectors in computing
cosine similarity; it amplifies coincidental matches on the few remaining active dimensions.
This can lead to a modest increase in summed familiarity for distractors (as illustrated in
Figure [3), even though encoding accuracy is overall poorer. Indeed, the lower learning rate
resulted in a pattern of results somewhat aligned with the benchmark finding of lure
similarity effects on item recognition in Figure 2JA. Although the difference in false alarms
to similar lures is smaller in the simulations than in the observed data, directionally, the

model predicts more false alarms when L is reduced.

Meanwhile, in Figure B, the learning rate was held constant across age groups
(L =0.6), but 7 varied, with a higher value for young adults (7 = 5) than older adults
(1 = 3). Recall from Equation [l that 7 scales the magnitude of the cosine similarity value
between the memory probe ¢ and each individual memory trace M;. If 7 = 1, then we just
add together the cosine similarities for ¢ with all traces in memory. But as 7 increases, the
relative weights of the cosine similarity values become apparent; items that are more similar
to the probe play a greater role in the global match computation. Consider, for example,

that the cosine similarities between the memory probe ¢ and three items M;, Ms, and M3
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MINERVA 2 Simulation of Age Differences in Recognition

We simulated the recognition performance of 200 hypothetical participants per condition using
MINERVA 2. Each simulation involved learning 10 siz-item lists of semantic associates to an
unpresented critical lure (see text for details). Recognition tests featured the 60 studied items, 10
corresponding lures, and 70 novel (unrelated) items. In A, a lower learning rate (L) was used to
stmulate the performance of older relative to younger adults, while holding T constant. In B,
different settings of cue selectivity (1) were used to simulate these age differences, while holding L

constant. See online article for color version.

in memory are 0.2, 0.3, and 0.4, respectively. At 7 = 1, the memory item most resembling

the probe (M3) contributes twice as strongly to the global match as the memory item least
like the probe (M;). But if we square these cosine similarities (7 = 2), now Mj contributes
four times as much information as M; (0.4% = 0.16 versus 0.22 = 0.04). The relative weight
of M3 over M; doubles yet again if we set 7 = 3. Thus, as 7 increases, retrieval increasingly
favors matches with high similarity to the probe. Indeed, the higher setting of 7 resulted in

more selective retrievals for younger adults, dramatically lowering their false alarm rates.

The foregoing simulation demonstrates two ways in which an age difference in

effects of lure similarity on recognition accuracy could arise in a global matching
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framework. The change in learning rate in Figure aligns with conventional approaches
of modeling age differences in recognition with global matching models (Benjamin, [2010;
Guitard, Reid, et al., [2025; Stephens & Overman, [2018). A viable alternative to the lower
learning rate was demonstrated in our second simulation (Figure 4B), which revealed that
age differences in effects of lure similarity could stem from the cue selectivity of retrieval
(differences in 7). Although typically researchers set 7 = 3 (Hintzman, (1984} |1986, [1988), 7
is a free parameter that could vary across conditions (e.g., Chang et al.| 2025). When 7 is
lower, items that are weakly activated by a cue nonetheless contribute noise to the signal,
inflating the global match of the probe with the contents of memory. Thus, even if older
adults encode as many features of each item as younger adults do (i.e., Lojg = Lyoung), an
age difference in 7 (i.e., Toia < Tyoung) Would make older adults more prone to false alarms
to unstudied items, especially to similar lures that enjoy higher cosine similarities with

studied items, a finding confirmed by our demonstrative simulation.
Ezxplanatory Gaps in Global Matching Models

As our foregoing discussion highlights, global matching models like MINERVA 2 can
readily explain age differences in memory specificity in recognition tasks. Yet, these models

have several explanatory shortcomings.

Can Global Matching Explain Age Differences in Recall? Global matching
works by comparing a probe to existing memory traces, but in free recall, no probes are
provided at retrieval. Thus, whether the mechanisms these models use to explain age
differences in recognition would similarly explain age differences in free recall cannot be
ascertained currently. Any future application of global matching models to free recall
would have to contend with the temporal contiguity effect (Kahanal, [1996)), necessitating a
role of context in the model.

Some promising developments suggest that MINERVA 2 may one day be suited to
modeling free recall. Recent work has extended MINERVA 2 to the domain of serial recall

by incorporating positional representations into the model (Guitard, Saint-Aubin, et al.)
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2025al, 2025b; |Guitard, Reid, et al., 2025)). Each item is represented by both its lexical
content (e.g., its semantic or phonological features) and its positional content (i.e., which
position it occupies in a list), and a free parameter governs the similarities between
positional representations of adjacent items in a list. These additions make MINERVA 2
well-suited to explaining order errors in serial recall, but it remains to be seen whether they

can also account for the free recall dynamics depicted in Figure [2]

What Causes Poorer-Fidelity Encoding? Global matching models typically
attribute age differences in recognition to reduced fidelity of encoding, captured by a lower
learning rate in older adults (Benjamin|, 2010; (Guitard, Reid, et al.| 2025; |Stephens &
Overman), 2018)). Although these models are more formal than verbal theories, they do not
reveal why older adults have more impoverished representations. In MINERVA 2. for
instance, there is no theoretical justification for why L is lower in one condition than
another; it is simply a necessity for the model to be able to simulate a specific pattern of
data, like age differences in recognition. In a sense, although the model itself is a process
model (in that it explains a process of how memory operates), its explanation for age
differences in memory is descriptive. Without defining the role of processes that affect the
learning rate (e.g., how attention is deployed to different features of an item), the model
cannot reveal the causes of poorer-fidelity encoding on its own. One could of course
observe a lower setting of L in empirical conditions of divided versus full attention that
implicates a role of attention in the learning rate (e.g., Chang et al., [2025), yet this would
still rely on ad hoc assumptions about how attention and memory interact to influence
encoding fidelity. Note that this limitation also applies to our simulation of varying 7.
Although higher 7 makes retrieval more selective (favoring items that are more similar to

the probe), the model does not explicate mechanisms that dictate the value 7 assumes.

The point is that global matching models like MINERVA 2 do not generally explain

what unmeasured processes affect their parameters, and thus they do not fully explain why
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older adults encode or retrieve less detailed memories[] But there is reason for optimism.
The incorporation of structured item representations derived from natural language models
into MINERVA 2 and similar models (Chang et al., 2025; |Guitard, Saint-Aubin, et al.,
2025al, 2025b; |Osth & Zhang, 2024 Reid et al., [2023; Reid & Jamieson|, 2022} 2023)) holds
great promise for advancing more process-pure theories of age changes in memory
specificity. Because these models derive their representations from item co-occurrences in
natural language, there are opportunities to explain age differences in the fidelity of
representations in more mechanistic ways. For example, following the approach of |[Johns,
Jones, and Mewhort| (2012)), tuning parameters that affect the model’s lexicon (its
“long-term memory”) could directly influence the representations it stores for each item in
a memory experiment. If, for example, item representations were derived from a larger
lexicon (simulating an older adult’s more expansive long-term memory), then there could
be potential for more diffuse associations across items that would be otherwise unrelated in
a model possessing a smaller lexicon (like a younger adult’s long-term memory). This
approach would echo the idea of connectionist models like SAC (Buchler & Reder| 2007)
that attribute older adults’ recognition errors to more diffuse association networks,
whereby each item activates more features distributed across more items, reducing the
distinctiveness of each trace in memory. Exploring the downstream consequences of
changes to a global matching model’s long-term memory constitutes a highly promising

direction for future computational modeling of age differences in memory specificity.
Retrieved Context Models
Overview

Retrieved context theory (Howard & Kahanal 1999, 2002) posits that items bind to

the specific contexts in which they occur; retrieving an item retrieves its previous contexts,

4 To be clear, global matching models can be more sophisticated than what we have described here. For
example, some models include temporal dynamics that capture the speed with which competing

representations enter the global match computation (Cox & Shiffrin, 2017, |Osth, Zhang, & Williams, 2025)).
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and vice versa. Retrieving an item’s past contexts also cues items encountered in
temporally similar contexts or those that are semantically related, thus facilitating
temporal or semantic recall transitions like those observed in Figure and [2H,
respectively. These assumptions have been formalized in TCM (Howard & Kahanay, 2002)
and the Context Maintenance and Retrieval (CMR; [Polyn et al., 2009) and

CMR2 (Lohnas, Polyn, & Kahana, |2015) models.

Table |3| summarizes the representational assumptions of retrieved context models,
while Table 4] summarizes the core parameters of the CMR2 model. Each time an item is
encoded or retrieved, it activates its unique feature representation on F' (the feature
vector). No two items are represented by the same feature, ensuring complete
orthogonality in item representations. Nonetheless, items with similar semantic content, or
those encountered in similar temporal contexts, become associated through their
co-activation in context. Because context is a continuously evolving state, the context
active at the time item ¢ is presented resembles the context associated with items 7 — 1 and
t + 1 more strongly than items from the remote past. Furthermore, when item i is
presented, it co-activates semantically associated items, increasing those items’
representations in the current state of context. Associative matrices MF¢ and MCF store
feature-to-context and context-to-feature associations, respectively. These associations are
a weighted sum of pre-experimental (semantic) associations, derived from item
co-occurences in natural language (Landauer & Dumais, [1997; Mikolov et al., [2013), and
newly formed experimental (episodic) associations acquired through learning. Free
parameters vpc and yop weight the influence of experimental to pre-experimental
associations; higher values of these parameters yield stronger emphasis on newly formed

over long-standing associations (see Table .

Figure | illustrates the encoding and retrieval processes in CMR2. During encoding,

an item (e.g., the word “cat”) activates its feature representation f; on F. Passing f;
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Component | How it is Represented in the Model

Context The state of contextual experience at time ¢ is represented by the
vector c;, which represents items based on recency, such that more
recently encoded items are more strongly represented in c; than dis-

tantly encoded items are.

[tems Each item activates a single (localist) feature on F' (the n-dimensional

(Features) feature vector), such that f; # f; for any items ¢ and j.

Associations Associative matrices MFC¢ and MCF store feature-to-context and

Between context-to-feature connections, respectively. Each element in M€

[tems and and MCF is a weighted sum of pre-experimental (semantic) and ex-

Contexts perimental (episodic) associations formed through Hebbian learning,.
Table 3

Representational Assumptions of Retrieved Context Models.

through M retrieves the item’s prior contexts. Blending this retrieved context with the
current context yields a new state of context that carries over into the next encoding
episode. A free parameter [.,. weights how strongly context updates with each encoding
event, effectively controlling how similar the context is between adjacent items (see

Table . If Bene is high, context drifts substantially between items, yielding more
distinctive item-context associations, whereas if [3,,. is low, context remains relatively
stagnant across encoding, blurring contextual distinctions among items. Over the course of
learning items in a sequence, earlier context states gradually fade, such that the relative

activation of items in the current context is determined by how recently they were encoded.

> This process is formalized by the equation cf*** = M . f; where cF°** denotes the retrieved context of

i
the *" item. Context then updates according to the equation c;11 = p;c; + ﬁencc;"etr, where c;4; is the
new state of context, c; is the current state of context, Bene is a free parameter controlling how strongly

context updates to the retrieved context (cf®**), and p; is a normalizing constant (see Polyn et al., |2009).
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Parameters

Description

6encu ﬂretr*a

recall
post

Control how much context updates following each encoding (fen.) or

recall)
post J*

retrieval (f,..-) event or between lists ( Higher values yield

greater context drift between successive events.

YFC, YCF

Weight the relative influence of experimental versus pre-experimental
feature-to-context (yrc) and context-to-feature (ycop) associations.

Higher values emphasize experimental associations.

SFC, SCF

Scale the magnitude of pre-experimental (semantic) feature-to-context
(src) and context-to-feature (scr) associations. Higher values make

these associations stronger.

¢s*, da*

Increases encoding strength for the first item (¢5) and decays this added
strength with each additional item (¢,4) to capture the primacy gradient

in recall. Higher values of both result in a steeper primacy effect.

K, A%,

Control the retrieval race. k determines how fast item activations decay
(higher x = faster decay). A determines how much each item inhibits
other items during the race (higher A = stronger inhibition). 7 governs

the amount of noise in the retrieval process (higher = more noise).

*
Cthresh

Threshold for filtering recalls based on similarity between an item’s
retrieved context and the current context. Higher values yield more

conservative recalls.

Scale an item’s retrieval threshold after it is successfully recalled. w
increases the item’s threshold for the next recall attempt, making re-
recall less likely, and o gradually lowers the threshold back to baseline

with each successive recall attempt.

Table 4

CMR2 Model Parameters

Note. Values of the asterisked parameters reported to differ between young and older adults

(Healey & Kahana, 2016)
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For example, when “ball” is encoded as the sixth item in the list in Figure [5JA, the newly
generated context c; strongly represents “ball” and “tool” (the fifth item) but only weakly
represents items from much earlier in the list (e.g., “cat,” “tree”). A pair of primacy
parameters ¢, and ¢4 (see Table [4)) controls the primacy gradient — the well-established
tendency for superior recall of the first item(s) in a list relative to middle-position items

(see Figure ) — by increasing the encoding strength for the first item in the list.

The recall process depicted in Figure is a modeled as a competitive race among
recall candidates (cf. [Usher & McClelland, 2001)ﬁ Items are cued for recall in proportion
to their relative representation in the current context at the start of retrieval, which
determines their starting point in the recall race. For example, in the first panel of
Figure , the most recently encoded item (“ball”) has the strongest activation in the
start-of-retrieval context, so it enjoys the highest starting point (closest to its retrieval
threshold) in the second panel. During the course of the race (second panel of Figure ),
evidence in favor of each item accumulates gradually (see Table |4] for a description of
parameters governing this process). Given the stochastic nature of the recall process, the
first item to reach its threshold is not always the item with the strongest activation in the
current context. For example, despite being the item with the third highest activation at

the start of the race, “frog” wins the competition in Figure [5B.

Once an item wins the competition, it reactivates its feature f; on F' (third panel in

Figure ) The ensuing process plays out like encoding, whereby passing f; through M¥¢

retrieves the past context associated with the item. Next, this retrieved context (cfe®™) is
compared to the current state of context (fourth panel in Figure [fB). If the similarity

retr
7

between the two context states exceeds a threshold (i.e., c “ C; > Cipresh), the item is

6 For recognition, the process begins at the third panel, where a given memory probe activates its
corresponding feature. This in turn retrieves its past contexts, which are then compared against the
current context to determine whether the context associated with the probe is familiar enough to warrant

an “old” response.
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Figure 5

Encoding and Retrieval in Retrieved Context Models.

A. When an item is encoded (shown separately for the first, second, and sizth items in a list), it
activates its feature f;, which retrieves past context states through M¥C. A new context
representation c; is formed by integrating the context evoked by the present item with past states
of contexts weighted by their recency. B. At retrieval, the current state of context c; cues items
through MCF | yielding a set of item activations that pass into a competitive race for retrieval.
The first item to cross the recall threshold (dashed red line in the second panel) wins the
competition and reactivates its corresponding feature f;. Passing this feature through MTC
retrieves the item’s previous context c"". This retrieved context is then compared against the
current context, and if the resulting similarity c"" - ¢; exceeds a threshold (cipresh), the item is
recalled. A new state of context c;y1 is formed by blending " and c;, and this new context

becomes c; in the next evolution of retrieval.
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deemed familiar enough to recall it or to recognize it as “old.” If an item is recalled,
context updates by blending the item’s retrieved context with the current context. A free
parameter [, controls the degree of context updating with each successful retrieval much
like Bene does during encoding (see Table 4| and Footnote [5)). The recall process then
repeats with this updated context as the new c;, such that items that were encoded near
the just-recalled item enjoy stronger activations at the start of the next raceﬂ This process

continues until a maximum time is reached, at which point the recall period terminates.
Modeling Age Differences

Given its complexity, a retrieved context model like CMR2 must simulate multiple
outcomes in tandem for its parameter space to be identifiable. Thus, rather than simulate
these outcomes ourselves, we summarize the prior work of |[Healey and Kahana (2016]), who
applied CMR2 to the free recall benchmarks of age differences in memory specificity
(Figure fI). They first simulated young adult data from [Kahana et al.| (2002) to find the
best-fitting parameters that could account for the recall performance of young adults.
They then selectively “lesioned” (i.e., freed) parameters of the model to fit older adult data
from that study, allowing them to identify which parameters accounted for age differences.
Next, they validated the model in an independent sample from the Penn Electrophysiology
of Encoding and Retrieval Study (PEERS). Their approach identified six free parameters,
representing four unique processes, that differed between young and older adults (see
Figure @ These parameters, and the processes they represent, are summarized in Table .

First, 8, was lower for older than younger adults, such that the retrieval context
remains more stagnant with each recall among older adults. Healey and Kahana; (2016)
interpret this as evidence that older adults are less likely to reinstate the contexts in which

items were encoded. We revisit this interpretation in the next section.

" To avoid successively recalling the same item, the retrieval threshold for an item is augmented by a
parameter w after it is recalled (see Table . The elevated threshold is gradually reduced by « with each

additional recall attempt.
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Age Differences in Retrieved Context Model Parameters.

Parameter difference scores re-plotted from Healey € Kahana (2016) using WebPlotDigitizer, so
values may not be exact. The Context Maintenance and Retrieval (CMR2) model was fitted to
individual participant data from Kahana et al. (2002); participant-level estimates were then
z-scored and averaged within age group. Points denote the mean difference (young - older adults),
and error bars correspond to the 95% confidence interval (CI) of the difference. If the 95% CI
excludes 0, the parameter significantly differs between age groups. These parameters are denoted

with asterisks. Parameter descriptions are given in Table 4.
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Second, older adults had higher estimates of both primacy parameters — ¢, and ¢g —
than younger adults did. The higher value of ¢, gives a greater encoding boost for the first
item in the list, while the higher value of ¢, yields faster decay of this encoding boost with
each additional item in the list. Healey and Kahana (2016) interpret the age-related
increase in these parameters as evidence that older adults fail to sustain their attention

across an encoding episode. As above, we revisit this interpretation in the next section.

Third, older adults had higher estimates of the lateral inhibition parameter (A) and
the retrieval noise parameter (n). These parameters affect overlapping aspects of the
competitive retrieval race. Higher values of 1 contribute more random noise to the evidence
accumulation process (see Figure , second panel), blurring distinctions among studied
and unstudied items. Higher values of A increase inhibition, such that items with stronger
activations more effectively inhibit items with weaker activations, which is generally
advantageous. Healey and Kahana, (2016)) reported a near unity correlation between A and
n, r = 0.93, arguing that they measure approximately the same process (noisy retrieval),
which is at odds with the original conception of these parameters: higher A yields more
organized retrieval, while higher 7 yields less organized retrieval (Polyn et al., 2009;

Sederberg, Howard, & Kahana, [2008).

Finally, older adults had a more liberal (lower) context familiarity threshold cpyesp
than younger adults did, making them more prone to recall or recognize items that are
only weakly similar to the current context. Healey and Kahana (2016) interpret the more
liberal setting of c¢p,..sn among older adults as reflecting an impaired ability to monitor for

intrusions.

This impressive modeling revealed that multiple processes, affecting both encoding
and retrieval, underlie age differences in memory specificity. This multi-component account
challenges more conventional single-process theories of age-related memory decline, such as
those that attribute these declines to slower processing speed (Salthouse| [1996)), attentional

limitations (Craik & Byrd, |1982)), inhibition failures (Hasher & Zacks| [1988), or binding
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deficits (Naveh-Benjamin, [2000)).
Ezxplanatory Gaps in Retrieved Context Models

Retrieved context models have uncovered multiple processes of age changes in
memory specificity in free recall (Healey & Kahana, [2016). However, several explanatory
gaps remain to be addressed.

Inter-Dependency in Processes of Impairment? Although each parameter in
CMR2 purportedly measures a specific process (see Table , they also exhibit some degree
of collinearity. As noted earlier, for example, Healey and Kahana (2016) found that A and
n were highly positively correlated (r = 0.93), despite the fact that these parameters exert
opposite effects on retrieval, with higher A\ yielding more organized retrieval, and higher n
more disorganized retrieval (Polyn et al., 2009).@ Even if all parameters were orthogonal,
the processes those parameters represent might exhibit some degree of inter-dependency.
Put simply, are there truly four independent processes of age-related memory
“impairment,” or does one process cause the others? For example, could a faster decay of
the primacy boost (i.e., higher ¢4), arising perhaps from attentional lapses, weaken item
encoding sufficiently to render the ensuing retrieval competition noisier (affecting the values
of n and \) or the participant more liberal in their recalls (lowering the value of ¢;ppesn)?

If there exists a superordinate process that exerts downstream effects on other
processes, then what appears to be a multi-component account of age-related memory
change might be a single-process model in disguise. If, for example, one could eradicate an
age difference in primacy decay and, in turn, observe no age differences in the level of noise
in the retrieval competition, or in the degree of context updating at retrieval, then the
primacy decay causes the other impairments. This inter-dependency question must be
resolved any time a multi-component theory of age-related memory change is advanced. To

be clear, we do not object to the idea that there are multiple mnemonic processes that

8 Is it even fair to call an age-related increase in A an “impairment” if the increase in inhibition might be

acting to combat the increased noise in the retrieval process?
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differ between young and older adults, but from a causal perspective, knowing how one
process affects other processes is critical, even if their respective parameters are
uncorrelated. A possible first step toward addressing this inter-dependency question would
be to identify the latent structure of the parameter space, using dimensionality reduction

methods like principal component analysis or factor analysis.

Process-Based or Descriptive Explanations? Echoing our earlier critique of
global matching models, some of the processes of age-related memory impairment identified
by retrieved context models are merely descriptive rather than explanatory. Specifically,
the primacy parameters ¢, and ¢4 do not define a specific process of how primacy arises;
rather, they operate descriptively to fit a specific pattern of primacy in a given dataset.
Here, a brief history lesson is in order. The original TCM (Howard & Kahanaj 2002)) lacked
any mechanisms to simulate the widely-established (e.g., [Murdock & Metcalfe|, [1978;
Rundus, [1971)) primacy effect in free recall. To address this short-coming, [Sederberg et al.
(2008) added an initial encoding boost for the first item (¢,) that ensured stronger
item-context binding. For each additional item in the sequence, this encoding boost
decayed exponentially at a rate determined by ¢d.ﬂ This descriptive mechanism enabled
TCM and CMR/CMR2 to simulate different primacy gradients in free recall by selectively
tuning the settings of ¢ and ¢, without explicating a process (e.g., rehearsal) that causes
primacy. To quote Sederberg et al. (2008), p. 901, “Not wanting to complicate [TCM] by
including a rehearsal mechanism during encoding, we chose to model primacy as an
exponentially decaying boost in the learning rate for early serial positions.”

Because the primacy parameters do not measure a process of how primacy arises,
any connection to a process, like rehearsal or fluctuations in attention, is merely ad hoc.
The model itself does not include a rehearsal mechanism, nor does it explicate a role of
attention in encoding or retrieval. Accordingly, it is unsurprising to observe different values

of ¢s and ¢4 among young and older adults (e.g., Healey & Kahana, [2016]) because there

9 Formally, the added learning rate for the i*" item in a list, ¢;, is given by: ¢; = ¢~ ?4(=1) 4 1.
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are different primacy gradients in each age group (see, for example, Figure ) This makes
the observed age differences in ¢, and ¢4 tautological rather than explanatory.
Nonetheless, the finding of different primacy gradients among young and older adults (e.g.,
Kahana et al., 2002) warrants a model-based explanation for these differences. A major
leap forward for retrieved context models would be to formalize the processes that generate
primacy in a mechanistic way. For example, if a rehearsal mechanism were incorporated
into CMR2, it could reveal whether age-related changes in rehearsal causes the differences

in memory specificity.

What Do the Identified Processes Actually Measure? Verbal theories leave
ambiguous how proposed processes operate. Although computational models remove much
of this ambiguity (Oberauer & Lewandowsky, 2019), some interpretative barriers still
persist. Different researchers might interpret what a process means in different ways. For
example, Healey and Kahana| (2016)) interpret the age difference in [, as evidence of
reduced context reinstatement among older than young adults. However, technically
speaking, [3,.;, does not measure context reinstatement. Instead, it weights how strongly
the retrieval context updates each time an item is successfully recalled; that is, how
strongly the retrieved context blends in to the current context to generate a new context
state. Thus, older adults’ lower estimates of (.., could reflect a preference to “stay” in the
current context, even if a previous context state was initially reinstated. Older adults
might retrieve these past contexts but reorient their attention to the test context, perhaps

because they deem it important to stay focused on the task.

Nonetheless, evidently the lower value of (., affects how well older adults recall
items that were encountered in neighboring temporal contexts, whether because they fail to
reinstate those earlier contexts or because they do reinstate an item’s context initially but
then weight the current context more strongly. Yet, if older adults’ reduced tendency to
merge retrieved contexts with the current retrieval context stem from a preference to stay

focused on the retrieval context, then presumably the age-related declines in temporal
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contiguity (e.g., Figure ) could be eliminated through cuing manipulations that shift
retrieval intentions, as by making retrieval more spontaneous rather than deliberate.
Indeed, under incidental retrieval conditions, older adults can successfully retrieve the
details of past experiences as well as younger adults (Koutstaal, [2003), suggesting that
older adults conceivably can access past memory states, but they do so less effectively

based on retrieval intentions (e.g., incidental versus intentional).

Alternative Processes of Age Differences? A significant challenge for
explaining age differences in memory with a model as complex as CMR2 (Lohnas et al.|
2015)) is that the number of parameters that could differ between age groups ranges from
one to 15 (see Figure[6)). For the model to be identifiable, one must fit it to a rich set of
behavioral metrics, like the entire ensemble of free recall benchmarks in Figure 2JF-1. This
was the approach taken by Healey and Kahana| (2016)). Although their approach identified
significant age differences in only six parameters in the data from Kahana et al.| (2002)), it
is conceivable that were the model initially validated on a larger sample, reduced
uncertainty in estimates of some of the parameters (e.g., Bene O Spe) in Figure @ could

have identified other processes that differed between age groups.

Our confidence in the four-component model is increased by its ability to produce a
good account of age differences in an independent sample. However, it is worth pointing
out that model fit was evaluated on the basis of relative fit, that is, the degree to which one
version of CMR2 (in which the six identified parameters differed between age groups) fit
the data better than alternative versions (in which different subsets of parameters differed
between age groups). Relative fit was evaluated both by Bayesian information criteria
(BIC) and root-mean-square deviation (RMSD) metrics. Given a candidate set of models,
the one with the lowest BIC and RMSD is the preferred model. In the validation sample
from Kahana et al.| (2002), the four-component model bested a number of alternative
models on the basis of both BIC and RMSD, but an unrestricted model in which all

parameters were free to vary between age groups yielded a superior fit (lower BIC; its
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RMSD value was not reported). Meanwhile, in the independent sample from PEERS, the
four-component model was only evaluated against one single alternative model and was
deemed to better fit the data on the basis of a lower BIC. In this sample, the unrestricted
model was not reported, so it is conceivable that other processes, beyond those implicated
in the four-component model, could have differed between age groups in this independent
sample. Our argument is not intended to cast doubt on the four-component account of age
differences in memory. Rather, it is to encourage further validation of the model in other

independent samples and, ideally, other tasks.
Discussion

In many ways, the present review is a sequel to the work of |(Greene and
Naveh-Benjamin| (2023a)). Their extensive review of age differences in memory attributed
age-related quantitative performance declines across diverse memory tasks to qualitative
changes in the specificity of episodic memories (cf. Brainerd & Reynaj, 2015). Building on
this prior work, we reviewed current computational process model-based explanations of
these qualitative changes in memory specificity. Along the way, we highlighted explanatory
shortcomings in current models to stimulate future theoretical advances. Here, we
summarize what was learned by this review and propose solutions to the challenges

confronting current process models as they endeavor to explain these changes.
Key Insights Advanced by the Present Review

We began our review by defining a set of empirical benchmarks of age differences in
memory specificity in recognition and recall (Figure . This constitutes the first attempt
to group these well-established findings from the most widely used tasks for studying age
differences in memory (for meta-analyses, see Fraundorf et al., |2019; Rhodes et al., 2019;
Old & Naveh-Benjamin, 2008)) under a common framework. These empirical benchmarks
represent behavioral manifestations of underlying processes that cannot be observed
directly. To make inferences about these latent processes, researchers often turn to

mathematical measurement models that can estimate the contributions of a given process
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(e.g., verbatim or gist retrieval; see Figure [1) to the observed outcome (e.g., Brainerd et al.,
1999, 2009; Stahl & Klauer, 2008). Yet, measurement models do not define memory trace
dynamics; they simply measure the outputs of some undefined process. Computational
process models formalize assumptions about how memories are encoded, represented, and
retrieved and thus hold great promise for understanding the processes that underlie age

changes in memory specificity.

Although limited, previous attempts to computationally model age differences in
memory (see Table [1)) have generally converged on the idea that impairments in the
representational quality or fidelity of encoded events (captured by a free parameter in the
model) underlie older adults’ errors in recognition and play a contributing role in their
recall failures. Thus, one of the major insights of the present review is that there is
substantial consistency between verbal and computational theories in their endorsement of
age changes in the specificity of memory as key to older adults’ episodic memory errors.
This majorly extends the empirical review of (Greene and Naveh-Benjamin! (2023a) by
showing that the proposed principle that memory becomes “fuzzier” or less precise with

aging is also largely upheld in computational models.

In recognition, global matching models like MINERVA 2 (Hintzman, [1984) can
simulate age differences in effects of lure similarity on recognition accuracy by setting the
learning rate (L) to a lower value for older than younger adults, thereby yielding sparser
representations of each event in memory (Benjamin|, 2010; Guitard, Reid, et al., |2025;
Stephens & Overman), 2018). However, our demonstrative simulation with a recent variant
of MINERVA 2 (Reid & Jamieson, [2022) identified that differences in the cue selectivity of
retrieval might constitute an alternative mechanism of older adults’ heightened false alarms
to similar lures (see Figure . We revisit the implications of this finding in the next

section (see “Challenges to Current Process Models”).

In serial recall, models like SIMPLE (Scale-Invariant Memory, Perception, and

Learning; Surprenant et al., 2006]), the Feature Model (Neath & Surprenant, 2007, cf;
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Nairne, 1990)), and OSCAR (OSCillator-based Associative Recall; [Maylor et al., |[1999) all
incorporate mechanisms of representational imprecision into their explanations of older
adults’ poorer serial recall. For example, echoing the effects of lowering the learning rate in
MINERVA 2| in the Feature Model, less efficient encoding leads to sparse representations of
each item in older adults’ memory, yielding downstream effects on older adults’ abilities to
recall items in the order in which they appeared.

Meanwhile, age differences in the free recall benchmarks in Figure [2| have been
simulated with the CMR2 model of retrieved context theory (Healey & Kahana, 2016). As
summarized in Figure [6] and Table [ several CMR2 parameters controlling different
encoding and retrieval processes assume different values in modeling young versus older
adult free recall data. [Healey and Kahana| (2016)) interpret these parameter differences as
broadly reflecting four components of age-related memory impairment: (1) failures to
sustain attention during encoding, (2) increased noise in retrieval competition, (3)
decreased sensitivity for monitoring intrusions, and (4) reduced contextual reinstatement
following each recalled event. Nonetheless, we identified several explanatory gaps in

retrieved context model explanations that we summarize in the ensuing section.
Challenges to Current Process Models

As our focused review of global matching and retrieved context models highlighted,
several gaps need to be filled for these models to advance a more comprehensive theory of
why memories become less detailed as we age. In fact, it is the very effort to extend these
models to explain age differences in memory that illuminates some of their hidden
assumptions and philosophical shortcomings. When the purpose of computational
modeling is to explain how task performance in one condition arises, then certain shortcuts
in the model — like providing a descriptive method of simulating primacy without
explicating a process that gives rise to primacy (e.g., Sederberg et al., [2008) — probably do
not majorly limit the inferences we can draw. This is so because we make no claim about

how the process the shortcut circumvents differs across conditions. But when one seeks to
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identify processes that differ between two conditions or groups (e.g., young versus older
adults), then these shortcuts can be problematic, particularly if the parameters that differ
between groups relate to these undefined processes. This makes applying computational
models to cognitive aging data a powerful way of identifying hidden (or sometimes not so

hidden) assumptions of the models.

We identified two examples in which so-called “processes” that differed between
young and older adults in a given model operate in a more descriptive rather than
mechanistic way. First, in global matching models like MINERVA 2 (Hintzman, |1984), a
lower learning rate (L) yields sparser representations for older than younger adults, but it
does not define why the learning rate is reduced with aging. What causes older adults to
store fewer features of each item faithfully into memory? The model has no mechanism in
place to resolve this question, so the difference in learning rate acts more descriptively than
mechanistically to explain age differences in recognition (see Smyth & Naveh-Benjamin,
2016, for a similar critique). Second, in retrieved context models like CMR2 (Lohnas et al.
2015)), primacy parameters ¢, (encoding boost for the first item in the list) and ¢, (decay
in this added boost with each additional item) ensure the model can successfully simulate
the primacy gradient in free recall. However, these parameters operate at a descriptive
level but do not explicate a specific process (e.g., rehearsal) of how primacy
arises (Sederberg et al. 2008). Thus, the fact that these parameters differ between young
and older adults (Healey & Kahanal 2016) does not in itself reveal a mechanistic process

that gives rise to different primacy gradients across age groups.

Other challenges arise when models contain multiple (sometimes competing) ways of
simulating an age difference in memory. In CMR2, for example, the fact that there are (at
least) four processes of age-related impairment (Healey & Kahana), 2016) warrants
additional consideration of whether any of these processes operates at a superordinate level
over the others. That is, does one process of impairment cause the others? In addition,

because CMR2 is a highly complex model, containing at least 15 free parameters (Table ,
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it is conceivable that other combinations of parameter changes could underlie age-related
performance differences in free recall or recognition in different (e.g., larger) samples than
those on which the four-component model was validated. This poses a substantial
challenge to proposing the four-component model as a universal theory of age-related
memory change, especially as noted earlier that, even in the samples on which the model
was validated (namely, [Kahana et al., [2002), an unrestricted model in which all parameters
varied between groups exhibited superior fit to the data based on BIC values (BIC = -251

for the unrestricted model; BIC = -230 for the four-component model).

This issue might appear to be less endemic to a simpler model like MINERVA 2,
though the relative simplicity of the model has other drawbacks (e.g., the model is not
currently suited to simulating free recall). However, even in a model with as few
parameters as MINERVA 2, it is possible that an age difference could be simulated from
several different combinations of those parameters. Although most applications of global
matching models to cognitive aging data have focused on the effects of changing the
learning rate (e.g., Benjamin, 2010 Stephens & Overman, [2018), it is possible that
selectively tuning the cue-selectivity of retrieval might offer a viable alternative way of
simulating age differences. As noted earlier, we conducted a simple demonstrative
simulation in which we selectively tuned either the learning rate (L) or the cue-specificity
of retrieval (7) between age groups (see Figure [4)) and found that, in both cases, lower
settings of the respective parameter increased recognition false alarms. As before, we
caution reading too much into this demonstration, because we did not fit the model to a
specific experimental dataset. However, the fact that the demonstration revealed that
changes in other parameters besides L can also influence the relative proportions of hits
and false alarms warrants a deeper consideration of this issue in future global matching

modeling of age differences in recognition.
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Promising Directions for Future Research

Despite (or perhaps because of) the foregoing challenges to current process models
that our review identified, there are several promising directions to extend these models in
the future, which will have enormous implications for memory theory broadly, and for
understanding age changes in memory more specifically. One of the most promising
directions will be for the models to formalize assumptions about mechanistic processes that
can supplant some of their more descriptive components. For example, adding rehearsal to
CMR2 could provide retrieved context models with a specific mechanism that generates
primacy, replacing the descriptive ¢ parameters all together (Sederberg et al. 2008). Then
age differences in the primacy gradient in free recall (e.g., [Kahana et al., 2002, see
Figure ) could arise from different ways in which young and older adults rehearse items.
For example, perhaps rehearsing earlier items preserves the primacy boost for the initial
items in a list across age groups but induces more interference for later items in the list for

older than younger adults.

Similarly, in global matching models like MINERVA 2 (Hintzman, (1984)), defining
processes that affect the fidelity of encoding could yield valuable insights into why the
learning rate inherently differs between age groups. Here, there are several viable options
whose seeds have already been planted. First, the emerging use of structured item
representations into global matching models (e.g., |(Chang et al., 2025; |Guitard,
Saint-Aubin, et al 2025a) 2025b; |[Reid & Jamieson, [2023) provides opportunities for
modeling how experience shapes the nature of the representations the model learns in a
given context. Inter-item similarities might be more diffuse if the model’s long-term
memory (its lexicon) was derived from a larger corpora of words (perhaps simulating the
more expansive long-term memory of an older adult), potentially increasing ambiguities
between studied and novel items in a recognition task (cf. [Johns et al., 2012). Second,
representing an item with different types of features (e.g., phonological versus semantic),

each derived in a structured way, has potential to reveal whether older adults selectively
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attend to different features than younger adults do. For example, Chang et al’s (2025)
recent incorporation of fuzzy-trace theory’s dual verbatim/gist distinction into MINERVA
2 allows each item to be represented by both its surface-level, orthographic

features (derived from holographic word-form vectors; see Cox, Kachergis, Recchia, &
Jones| 2011)) and its gist-level semantic features (derived from BEAGLE; see |Jones &
Mewhort, [2007). This innovative use of multiple representational types for each item could
supplant the need to simulate an age-related reduction in learning rate (L) all together by
instead allowing the model to prioritize encoding different feature types for young versus

older adults (cf. Caplan|, 2023; Caplan & Guitard, 2024)).

Another highly promising direction for future modeling will be to blend elements of
both global matching and retrieved context models to create a more unified theory of
memory and how it changes with age. As noted earlier, global matching mechanisms have
been extended beyond recognition to categorization (Chubala et al., [2016)), frequency
judgments (Hintzman) 1988), cued recall (Hintzman| 1986)), and serial recall (Guitard,
Saint-Aubin, et al. 2025b), yet challenges persist in the ability to extend global matching
to free recall. The main challenge is that, in the absence of a specific memory cue, one
must define a role of context in driving recalls. This is well handled in retrieved context
models (Howard & Kahanal 2002; Polyn et al., 2009)), which have also been extended to
modeling recognition (Healey & Kahana, 2016; Jin, Halpern, & Kahanal [Submitted)).
Indeed, given that retrieved context models can already model both free recall and item or
associative recognition, one might question the need to combine these two classes of models
at all. What we see as the main benefit is that embedding structured item representations,
the emerging standard in global matching models, into retrieved context models could have
huge consequences for understanding age differences in memory specificity across recall and
recognition in a unified way. Because retrieved context models represent each item as a
single localist feature, they possess no mechanism for modeling what types of features (e.g.,

semantic versus phonological) of an item bind to a given context and thus no way of
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modeling whether older adults differentially associate a certain type of feature (e.g.,
semantic) to its encoding context than younger adults do. In fact, the models only
represent long-standing semantic associations among items (stored in the pre-experimental
associations in M and M“F) but have no way of jointly representing other types of
associations (e.g., phonological or orthographic associations), which limits their ability to
measure true and false recall across non-semantic domains. But if the localist
representational assumption (a current shortcut in models like CMR2) was relaxed, and
items were instead represented by structured representations as in recent global matching
models (e.g., |Guitard, Saint-Aubin, et al., [2025a; Reid & Jamieson, [2023)), then there
would be a whole host of ways in which to model age differences in memory that previously

were not feasible in CMR2.

Finally, although our review has focused on the implications of computational
modeling for understanding “normal” age-related changes in memory, future applications
to pathological aging are certainly needed. A computational model could potentially
identify processes of memory that differ between healthy older adults and
cognitively-impaired older adults, making it a valuable tool in the diagnosis and prediction

of cognitive impairment in older adults.
Conclusions

Computational process models have enormous, untapped potential for revealing the
processes underlying age-related changes in memory specificity. Here, we discussed how
two of the most widely used classes of process models in the mainstream memory literature
— global matching and retrieved context models (Kahanal 2020) — explain empirical
benchmarks of age differences in memory specificity in recognition and free recall.
Nonetheless, several gaps remain to be filled for a more comprehensive theory of these
differences to emerge. We meticulously laid out these gaps and provided future modelers
with a roadmap of how to address them. Accordingly, this review not only serves to

illuminate the potential of computational modeling for cognitive aging research but also
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sets the stage for critical new developments in process models that will reverberate far

beyond.

48
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