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Abstract

Objectives: Effective goal-directed decision making relies on memory and planning-processes that are known to decline
with age. We tested the hypothesis that these declines stem from a common mechanism by focusing on mnemonic
discrimination, a measure of memory precision that shows unique vulnerability to age-related decline.

Methods: We used a latent learning task that measures the ability to learn and make judgments about associations among
interconnected stimuli, assessing performance across the adult life span. This task allows us to measure multistep
inference judgments that reflect how individuals organize relational structure, previously shown to capture the internal
model-construction processes that support model-based planning. In Experiment 1, we examined relationships between
judgment performance and memory precision. In Experiment 2, we tested whether a “blocked” learning schedule
designed to reduce memory interference by separating overlapping objects could improve performance for individuals
with weaker memory abilities.

Results: Across the life span, both younger and older adults showed evidence of successful latent learning and inference,
but variability in judgment performance was explained by mnemonic discrimination ability. In Experiment 2, mnemonic
discrimination interacted with training condition: intermixed training benefited those with high memory precision,
whereas blocked training benefited those with low memory precision. We also implemented artificial neural network sim-
ulations, which reproduced these qualitative patterns.

Discussion: These findings suggest that age-related declines in complex judgments stem from declines in mnemonic
discrimination and demonstrate that individualized, memory-based training interventions can improve learning and
reasoning processes that support goal-directed planning, offering a promising approach to preserving decision-making
abilities across the life span.
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Humans across the life span must often make decisions with
lasting consequences for themselves and others. Increasingly,
older adults occupy positions of power at the highest levels of
government and major corporations, making their decision-
making abilities particularly consequential for constituents and
employees (Akhtar, 2019; Hall & Hickey, 2022; Ingraham, 2014;
Schnoor, 2020). Yet aging is associated with declines in several
cognitive abilities, including decision making (Craik & Salthouse,
2011; Hess et al., 2015; Raz, 2000). In particular, older adults
show impairments in complex decision making requiring multi-
step associations and judgments, such as forward planning
(Drummond & Niv, 2020; Eppinger & Bruckner, 2015; Eppinger

et al., 2013). However, the mechanism by which multistep infer-
ence and planning decline with age is unclear, limiting efforts to
develop effective interventions to reverse age-related cognitive
decline. One challenge is that existing behavioral assays do not
distinguish whether age-related declines arise from the judg-
ment process itself or from difficulties learning the associations
needed for such judgments, as in model-based planning (Feher
da Silva & Hare, 2020; Konovalov & Krajbich, 2020).

Many real-world decisions require inferring structure from
disparate experiences to form flexible, goal-directed plans. For
instance, consider a student, Alice, preparing to present at an
out-of-town conference. She books a 4 PM Friday flight and
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plans to call a taxi at noon to allow ample time for travel. Even if
this is her first conference, she can engage in multistep planning
by assembling relevant knowledge from related experiences: af-
ter many delayed flights, she opts to arrive the night before her
presentation (as opposed to the morning of); she anticipates
heavier Friday afternoon traffic; and she chooses a taxi over
driving due to past struggles finding airport parking.

Recent work in younger adults suggests that such goal-directed
planning depends on inferring structure from the environment.
Rmus et al. (2022) developed a task that measures how partici-
pants learn the associative structure among image pairs (edges) ar-
ranged along a latent “graph.” Participants implicitly learned
complex associative structures (latent structure learning) from ran-
domized exposures to individual graph edges. This knowledge was
assessed via shortest path judgments requiring multistep infer-
ence. Importantly, performance on the judgment task predicted
greater use of model-based planning on a goal-directed decision-
making task. A major strength of the task developed by Rmus et al.
(2022) is its sensitivity to both the degree of latent structure learn-
ing and the ability to measure performance across varying associa-
tive distances. One open question, however, is how structured
learning occurs, and what type of knowledge representations sup-
port multistep inference judgments.

One reasonable assumption is that memory may influence
how individuals learn latent structures from experience, as
model-based planning involves hippocampal contributions and
effective memory search (Bornstein & Daw, 2013; Doll et al,,
2015; Vikbladh et al., 2019). In the task by Rmus et al., an accu-
rate representation of individual associations is critical for learn-
ing the graph. More specifically, memory precision may be
especially important for forming representations that enable ef-
ficient planning. For example, remembering Friday afternoon
traffic patterns (rather than Monday afternoon or Friday eve-
ning) allows Alice to make more accurate predictions for her
trip. In episodic memory, high precision can be achieved
through pattern separation, in which competing information is
encoded as distinct neural patterns (Bakker et al., 2008; Yassa &
Stark, 2011). Pattern separation reduces or resolves memory in-
terference, enabling discrimination of similar events (Lacy et al.,
2011; Poppenk et al., 2013), but this ability declines with age
(Burke et al., 2010; Stark et al., 2013; Toner et al., 2009; Yassa &
Stark, 2011). Declines in pattern separation may explain older
adults’ increased susceptibility to interference and related
memory failures (Campbell et al., 2010; Wilson et al., 2006). We
therefore asked whether age-related deficits in multistep plan-
ning stem from impaired latent structure learning due to re-
duced precision and greater interference.

If older adults’ increased susceptibility to memory interfer-
ence undermines their ability to learn the structures necessary
for multistep planning, training interventions aimed at bolster-
ing encoding may improve multistep inference judgments
needed for complex decision-making tasks. In support of this
idea, work on episodic memory has shown that manipulating
learning sequences or temporally separating overlapping associ-
ations can reduce memory interference and bias formation of
distinct neural representations to support associative inference
(Zeithamova & Preston, 2017; Zhou et al., 2023).

What is the nature of the representations
that support structural inference?

Research suggests that associative inference can be supported
by at least two kinds of neural representations (Eichenbaum,
2001; Eichenbaum, 2017; Poppenk et al., 2013; Schlichting et al.,
2015; Zhou et al., 2023). In standard associative inference tasks,
participants learn A-B pairs, then B-C pairs, and are later tested
on their knowledge of the indirect association between A and C,
despite never having been presented with an A-C pair. If partici-
pants encode A-B and B-C as separate episodes during learning
via pattern separation, they may form localist (orthogonalized)
representations of each pair (Kumaran & McClelland, 2012; Zhou
et al., 2023) and A-C inference requires effortful retrieval and re-
combination at test (e.g., “A paired with B, and B paired with C,
so A is associated with C”). Although localist representations
yield high precision and resist interference, they may be less effi-
cient for making inferences due to the additional effort required
for information retrieval and recombination. (Zeithamova et al.,
2012; Zhou et al., 2023).

Alternatively, encountering B-C may reactivate A-B, allowing
integration of new (-C) information into an updated A-B-C rep-
resentation (Morton et al., 2017; Schlichting & Preston, 2015;
Zeithamova et al., 2012). These distributed representations sup-
port rapid inference but are prone to interference and false
memories (Bowman et al., 2021; McCloskey & Cohen, 1989; Zhou
et al., 2023), making them potentially challenging for individuals
such as older adults who are already vulnerable to interference.
If age-related declines in memory precision cause inference fail-
ures, then a learning method that reduces memory interference
should improve latent structure learning and judgments.

Current study

In the present study, we tested whether age-related declines in
memory precision affect performance on a multistep associative
inference task (the “graph” task; Rmus et al., 2022). Unlike stan-
dard associative inference tasks that use independent triads to
test inference (e.g.,, AB-BC — AC; Carpenter et al.,, 2021;
Schlichting et al., 2015; Zhou et al., 2023), our task requires par-
ticipants to integrate many overlapping associations into a co-
herent cognitive graph and to estimate relative distances within
that graph. These representational operations have been shown
to predict the degree to which individuals rely on model-based
planning strategies (Rmus et al., 2022; Yoo et al., 2024). In
Experiment 1, participants studied randomly presented object
pairs drawn from an underlying graph of 12 nodes (objects) and
16 edges (object pairs). At test, they judged relative distances
between object pairs (considered to be a fundamental computa-
tion for high-level planning; Huang et al., 2019) assessing their
ability to mentally navigate associations and make shortest-
path judgments. Although the task does not involve overt goal-
directed action or planning, the multistep inference judgments
directly probe the internal model-construction processes that
support goal-directed planning. Accordingly, we interpret per-
formance on our inference judgment test as indexing the fidelity
of internal relational models that underlie overt planning behav-
ior. We expected performance deficits with age, specifically
driven by poor memory precision, so participants also
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completed the Mnemonic Discrimination Task to independently
measure mnemonic discrimination, a sensitive behavioral index
of pattern separation ability that tracks age-related decline
(Stark et al., 2019) and predicts decision making beyond chrono-
logical age (Noh et al., 2023). In Experiment 2, we tested the pre-
diction that separating overlapping edge pairs during learning
(blocked training) would reduce working memory load and im-
prove multistep inference judgment performance for older
adults or those with low memory precision (Schlichting et al.,
2015). To confirm the relationship between training condition
and memory precision, we simulated task performance using
variants of artificial neural network (ANN) models that differed
only in their internal representational capacity and compared
the model outputs to our behavioral findings.

Method

Experiments 1 and 2 were identical except for the learning-phase
presentation order (intermixed vs blocked). Data were collected
concurrently, with participants randomly assigned to the inter-
mixed condition (Experiment 1) or blocked condition (Experiment
2). Although the two training conditions were implemented under
a single overarching protocol with random assignment of partici-
pants to conditions, we present the work as two experiments to re-
flect their distinct conceptual aims. Experiment 1’s task closely
followed Rmus et al. (2022) but included a life span sample with
older adults, was administered online, and incorporated an addi-
tional measure of memory specificity. Thus, Experiment 1 uses the
original intermixed schedule (Rmus et al., 2022) to replicate prior
findings and to test whether age or mnemonic discrimination bet-
ter explains multistep inference performance across the adult life
span. Experiment 2 implements a temporally separated schedule
to test the hypothesis that reducing interference would preferen-
tially benefit low-precision learners. Anticipating that older adults
might find the original task difficult, we implemented the blocked
sequence in Experiment 2, based on prior work in associative
memory suggesting that temporally separating overlapping associ-
ations might reduce cognitive load and improve performance in
populations with lower memory capacity (Schlichting et al., 2015).
Note that the “blocked” manipulation used here (i.e., separating
overlapping edges across time over the course of training) is con-
sistent with similar manipulations of “blocking” used in episodic
memory (Beukers et al., 2024; Schlichting et al., 2015; Zhou et al.,
2023) and is somewhat distinct from how “blocking” is used in the
category learning literature (Brunmair & Richter, 2019; Kang &
Pashler, 2012; Noh et al., 2024, 2016). Methods are described jointly
below, with procedural differences between the two experiments
noted explicitly.

Participants

Sample size was based on prior work with similar designs
(N=81; Rmus et al., 2022), with a ~25% increase to offset higher
noise in our online data (relative to the supervised in-person
data collected by Rmus et al., 2022). We aimed for ~100 partici-
pants per experiment post-exclusion. A total of 219 participants
(112 women, 107 men; ages 19-84, mean[SD] age=55.7[14.2])
were recruited online (see online supplementary material;

Online Data Collection): 113 in Experiment 1 (59 women, 54
men, ages 22-84, mean[SD] age=56.7[13.8]), and 106 in
Experiment 2 (53 women/53 men, ages 19-79, mean[SD]
age=54.8[14.7]). Participants received monetary compensation
and completed a tutorial plus a rotation-detection screener (10
practice trials; >70% accuracy required within two attempts to
ensure attention to task instructions) to be eligible to partici-
pate in the full task. All protocols were classified as an “Exempt
Online Survey” by the Institutional Review Board of the
University of California, Irvine.

Procedure

Mnemonic discrimination task

Participants completed the MST (Figure 1) as an independent mea-
sure of memory ability to assess whether mnemonic discrimination
explained individual differences in graph task performance.

Encoding phase

Participants viewed object images and made indoor/outdoor
judgments (cover task). No MST images overlapped with those
used in the graph task, and participants were unaware that their
memory would later be tested.

Mnemonic discrimination test

On a surprise discrimination test, participants saw object images
that were identical (old), similar (lures), or novel (foils) relative to
objects shown during encoding, and judged each object as “old,”
“similar,” or “new.” A Lure Discrimination Index (LDI) was calcu-
lated for each participant: p(‘sim’|lure) - p(‘sim’|foil). Higher LDI val-
ues indicate better ability to classify lures as “similar” relative to
foils, reflecting greater mnemonic discrimination and better mem-
ory encoding precision (Stark et al., 2019).

Structural inference “graph” task

Study phase

Participants viewed and were told to memorize a series of object
pairs (Figure 2A), each presented for 1s in random order.
Participants provided a rotation judgment on each trial to en-
sure attention. No information about the underlying structure
was given, though pairs were drawn from a hidden 12-node, 16-
edge graph (Figure 2B). In Experiment 1, all 16 unique edge pairs
were repeated 44 times (704 trials total) in a random sequence
(Figure 2C, “intermixed”). Experiment 2 grouped object pairs
into 4 mini-blocks, each with 4 unique, non-overlapping pairs
(Figure 2C, “blocked”). This separation of potentially confusing
(overlapping) edges across time aimed to reduce memory inter-
ference and improve learning of the graph structure.

Following the study phase, participants completed two differ-
ent tests to measure how well participants can use their knowl-
edge of the graph structure (Figure 3A, Judgment Test), as well
as how well they learned the graph structure (Figure 3B, Graph
Reconstruction Test).

Judgment test

After completing the learning phase, participants completed a
relative distance judgment task. This task measured partici-
pants’ ability to use learned information for structural inference.
Participants were asked to judge which of two objects (left vs
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Figure 1 The mnemonic discrimination task. (A) Participants view a sequence of objects during an incidental encoding phase in which participants
are asked to classify each object as an indoor or outdoor object. (B) In a surprise discrimination test, participants view a series of objects and are
asked to determine whether each object is an “old,” “new,” or “similar” item relative to what was shown during the encoding phase. (C) Relationship
between chronological age and LDI across participants in both experiments. Shaded bands indicate 95% confidence intervals around the best fit
regression line for each experiment (dashed lines). LDI = Lure Discrimination Index.
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Figure 2 Structural inference task learning phase. Participants learn individual edges (A) drawn from a latent structure made up of several
overlapping edges (B). In Experiment 1, edges are drawn randomly and presented in an intermixed fashion (C, intermixed), whereas in Experiment 2,
overlapping edges are separated in time across different mini-blocks (C, blocked).
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Figure 3 Structural inference task test phases. (A) After the learning phase, structural inference-based judgments were assessed for each participant.
Participants were presented with three objects and asked whether the object on the left or right was closer to the center object, based on the
associations they learned in the previous study phase. Judgment phase trials varied in difficulty based on the difference between choice options. The
most difficult trials were ones in which options differed by an associative distance of 1 (distance 2 vs 3, 3 vs 4, or 4 vs 5), whereas the easiest trials
were ones in which choice options differed by an associative distance of 3 (distance 2 vs 5). (B) After the judgment phase, participants were asked to
reconstruct the graph to the best of their knowledge by placing all studied objects on a “canvas” on their screen and connecting objects only if they
had been directly paired together during the study phase. Correctly drawn connections were classified as “hits,” whereas incorrectly drawn
connections were classified as “false alarms.” Participants were required to place all objects on the canvas, and each object had to be connected to

at least one other object to complete this phase.

right) was closer to a central object, based on indirect relation-
ships learned previously (i.e., graph distance). Responses were
made using keyboard buttons, across 204 trials with up to 10s
per trial. Each unique object served as a central node 17 times.
Choice options were randomly selected with the following con-
straints: (1) neither option was directly paired with the central
node during the study, and (2) the shortest path length between
the central node and the two options (associative distance) was
not equal. Trial difficulty varied based on the difference in asso-
ciative distance between choice options and the reference node
(ranging from 1 to 3). Accuracy was calculated within each diffi-
culty bin.

Because online data are unsupervised and noisier, judgment
test data were screened for outliers prior to analysis using a
two-step reaction time (RT)-based procedure, as RTs were not
analyzed directly (see online supplementary material; RT-based
Filters for additional details). Filtered judgment-phase data were
analyzed using linear mixed-effects models (R nlme package;
Pinheiro et al. 2017, with difficulty [distDiff=1, 2, 3; 1= most diffi-
cult]), age, LDI, and sequence (blocked vs intermixed) specified
as fixed effects, and participant as a random effect.

Graph reconstruction test

Following the judgment test, participants completed a graph re-
construction task to assess explicit knowledge of the learned
structure. All 12 study-phase objects were displayed above a
blank canvas, and participants arranged them by clicking and

dragging each object onto the canvas. Participants were asked
to place and link objects that were directly paired during the
study by selecting two objects sequentially; linked items were
connected with a straight line. All objects had to be placed on
the canvas and linked to at least one other object be-
fore submission.

We used a Signal Detection Theory approach to analyze the
reconstruction data (Carterette, 1967). We scored reconstruc-
tions as follows: “hits” for correctly linked study pairs, “false
alarms” for incorrectly linked pairs, and the total number of
edges drawn. Accuracy was computed in two ways: (1) sensitiv-
ity (d’), defined as “hit rate—false alarm rate,” and (2) precision.
Across the 12 nodes, there are a total of 66 possible edges that
could be drawn if every object pair were connected. Of these, 16
edges are true edges in the underlying graph structure “hits”,
and 50 represent non-edges “false alarms”. Thus, the hit rate is
calculated as hits/16, and the false-alarm rate is calculated as
false alarms/50, and d’ is computed as hit rate minus false-
alarm rate. We also examined an additional measure of accuracy
(precision), taken from machine learning (Blair, 1979), to com-
plement d’. Although d’ separately considers hits and false
alarms relative to the total possible true and false edges, preci-
sion instead evaluates the proportion of drawn edges that were
correct (hits/total edges drawn). Precision is useful for compar-
ing reconstruction accuracy across individuals who may differ in
memory capacity. For example, an individual with high memory
capacity may draw more edges overall, whereas a lower-
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capacity individual may draw fewer; precision helps interpret re-
construction accuracy in light of these differences. Thus, the
precision metric adjusts performance based on the number of
edges drawn, allowing for better comparisons across individuals
with varying memory capacity.

Analyses were conducted in R using linear regression (Im). We
separately modeled hits, false alarms, total edges, accuracy,
and precision as a function of LDI, training sequence (blocked vs
intermixed), and their interaction. For each analysis, the full
model was specified as follows: DV ~ LDI + Sequence +
LDIxSequence. If no significant interaction was found, the
model was refitted without the interaction term to test for main
effects (Grace-Martin, 2011).

Artificial neural network model

We implemented a set of simple five-layer feedforward autoen-
coders to simulate associative learning of the graph structure.
The models learned to predict each object’s corresponding pair
(as presented during study) and were then used to infer repre-
sentational structure within their hidden layers. As with our hu-
man participants, half of the models were trained via the
intermixed sequence, and the other half were trained via the
blocked sequence. Across models, we also varied the number of
units in the hidden layers to simulate differences in memory ca-
pacity (fewer units = lower memory capacity). This approach
allowed us to test whether representational capacity could qual-
itatively reproduce the observed human interaction between
memory precision and learning sequence. Full model specifica-
tion, optimization parameters, and training details are provided
in Supplementary Material.

Results

Experiment 1: Better memory encoding
ability improves structural inference-
based judgments

Judgment test

We used a linear mixed-effects model to examine whether trial
difficulty (relative distance difference between choice options)
and chronological age predicted judgment accuracy (Figure 4):
judgment accuracy ~ age + distDiff + age X distDiff, random =
~1|subject (adjusted R* = 0.23, AIC= —152.55). There was a main
effect of age (fage = —0.030, SE=0.012, t(110) = -2.57, p=.011),
with older adults performing worse than younger adults.
There was also a main effect of difficulty (Bgiswirr = 0.032, SE=0.009,
t(216) = 3.50, p < .001), with performance improving as relative
distance increased. The age x difficulty interaction was signifi-
cant (Bagexdistoit = —0.022, SE=0.009, t(216) = —2.41, p=.017)
such that younger adults showed greater performance gains as
trials got easier (i.e., greater relative distance between options).

Adding mnemonic discrimination ability (LDI) to the model
revealed that it was a stronger predictor of judgment accuracy
than age: judgment accuracy ~ age + distDiff + LDI + age X
distDiff + age x LDI + distDiff x LDI + age x distDiff x LDI, ran-
dom = ~1|subject (adjusted R? = 0.26, AIC = —133.98). When both
age and LDI were included, the main effect of age (fage = —0.021,

SE=0.012, t(108) = —1.72, p=.088) and its interaction with diffi-
culty (Bagexdistoif = —0.012, SE=0.010, t(214) = —1.24, p=.218)
were no longer significant. Instead, higher LDI predicted better
performance (8. = 0.031, SE=0.013, t(108) = 2.42, p=.017), with
a significant LDI x difficulty interaction (fpixdistoif = 0.033,
SE=0.010, t(214) = 3.34, p=.001) indicating that memory preci-
sion benefits emerged primarily in easier trials. Age X LDI and
the three-way interaction were non-significant. Given LDI’s pre-
dictive strength, we re-ran the model excluding age (Figure 5,
intermixed condition; adjusted R* = 0.26, AIC=-164.19). This
model confirmed significant main effects of LDI (8.5 = 0.035,
SE=0.012, t(110) = 2.99, p=.003) and difficulty (Baistoits = 0.032,
SE=0.009, t(216) = 3.50, p <.001) as well as a robust LDI x diffi-
culty interaction (B pixaistoif = 0.034, SE=0.009, t(216) = 3.84,
p <.001), with higher LDI predicting greater gains in eas-
ier trials.

These results suggest that structural inference performance
depends on the precision of encoded associations, with the larg-
est differences observed in trials requiring comparisons across
larger associative distances (i.e., easier trials). Notably, partici-
pants with low memory abilities performed at chance across all
difficulty levels, suggesting minimal or no latent structure learn-
ing. We hypothesized that this may reflect greater susceptibility
to memory interference, which might be mitigated by training
on non-overlapping subsets one block at a time. Thus,
Experiment 2 introduced the “blocked” training intervention to
reduce interference for low-LDI participants during learning and
potentially improve subsequent judgment performance.

Experiment 2: Memory-based inference
can be improved via
individualized training

To test whether training conditions modulate structural infer-
ence as a function of memory ability, we combined data from
Experiment 1 (n=113, intermixed sequence) and Experiment 2
(n=106, blocked sequence) and fit a linear mixed-effects model
(Figure 5): judgment accuracy ~ LDI + distDiff + Sequence + LDI
X distDiff + Sequence x LDI + Sequence X distDiff + LDI X
Sequence x distDiff, random = ~1|subject (adjusted R? =0.21,
AIC=-304.55). There was a significant 3-way interaction be-
tween mnemonic discrimination ability, difficulty, and learning
sequence (B pixdistpiffxsequence = 0.054, SE=0.013, t(422) = 4.10,
p <.001), indicating that the relationship between mnemonic
discrimination ability (LDI) and performance differed by training
sequence and trial difficulty. Importantly, there was an interac-
tion between learning sequence and mnemonic discrimination
ability (SLpixsequence = 0.038, SE=0.016, t(214) = 2.26, p=.025):
participants with low LDI benefitted from blocked training,
whereas those with high LDI performed better with intermixed
training. This crossover interaction was evident only in the easi-
est trials (distDiff=3). Still, reducing memory interference via
blocked training improved structural inference for individuals
with weaker memory ability, enabling more accurate inference
judgments when associative distances were large.
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ANN captures relationship between training
sequence and memory capacity in distance-
dependent judgment performance

Given the observed interaction between training sequence and
mnemonic discrimination ability (LDI) in Experiments 1 and 2,
we tested whether such effects could be reproduced by manipu-
lating a neural network’s representational capacity (Figure 6A).
To test this, we implemented a five-layer feedforward autoen-
coder, which jointly optimizes encoding and decoding of se-
quential inputs (Blanco Malerba et al., 2024; Chandak et al,,
2024), trained to associate paired items (edges) from the graph
task (704 presentations; see online supplementary material:
Artificial Neural Network Model).

To model variability in memory precision, we manipulated
the number of units in the second and fourth layers (L2/L4;
Figure 6A). Larger widths corresponded to more distinct, nono-
verlapping representations of each node (analogous to higher
LDI), whereas smaller widths simulated representational merg-
ing before latent structure extraction (analogous to lower LDI).
Consistent with our behavioral results, there was a three-way in-
teraction between layer width, difficulty, and training sequence

(ﬁwidthxdistDiffxsequence = 0.0032, SE=0.0006, t(23996) = 5.58,
p <.001) (Figure 6B). Additionally, there was an interaction be-
tween training sequence and the models’ layer width
(Bwidthxsequence = 0.0147, SE=0.0008, t(11996) = 18.37, p < .001)
such that structural inference-based judgments were optimized
by different training conditions (blocked vs intermixed learning
sequences) depending on the neural network model’s capacity
(larger vs smaller hidden layer width) in a similar pattern to
those seen in the human data (blocked > intermixed for low
LDI, intermixed > blocked for high LDI). These interactions show
that lower-capacity models benefited more from blocked train-
ing, whereas higher-capacity models benefited more from inter-
mixed training - precisely the crossover pattern observed
between memory precision and sequence in our human
participants.

Graph reconstruction

To get a sense of the memory representations that participants
may have formed during learning, we analyzed hits (correct
edges), false alarms (incorrect edges), total edges drawn, and
two accuracy metrics (sensitivity and precision) from the graph
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reconstruction phase as a function of mnemonic discrimination
ability (LDI) and training sequence (blocked vs intermixed). Each
of these five reconstruction metrics (hits, false alarms, total
edges, sensitivity, and precision) was used as the outcome mea-
sure with LDI and sequence as independent predictors (outcome
~ LDI + Sequence + LDIxSequence). Across all five regressions,
the LDI X Sequence interaction was not significant, so interac-
tion terms were removed and models were refit to assess main
effects; the results reported here are from those main-effects
models. For hits, the linear regression (hits ~ LDI + Sequence)
was significant, adjusted R* = 0.03, F(2, 212) = 4.09, p = .018, with
a main effect of LDI, § = 0.65, SE=0.23, t(212) = 2.81, p = .005,

indicating that participants with better memory ability pro-
duced more correct edges; there was no effect of training se-
quence (Figure TA). For false alarms, the model (false alarms ~
LDI + Sequence) was significant, adjusted R* = 0.03, F(2, 212) =
4.07, p = .018, with a main effect of training sequence, =1.53,
SE=0.55, t(212) = 2.77, p = .006, such that participants in the
intermixed condition produced more false edges; LDI was not
significant (Figure 7B). For total edges, the model (total edges
~ LDI + Sequence) was significant, adjusted R?=0.05, F(2,212) =
6.38, p =.002, with main effects of LDI, #=0.79, SE=0.33, t(212) =
2.36, p =.019, and Sequence, f#=1.71, SE=0.67, t(212) = 2.55,p =
.011, indicating that higher-LDI participants and those in the
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Figure 7 Behavioral results combining data from experiment 1 (blue) and experiment 2 (red) for the graph reconstruction phase. Shaded bands
indicate 95% confidence intervals around the best fit regression line for each training condition (dashed lines). LDI = Lure Discrimination Index.

intermixed condition drew more edges overall (Figure 7C). We
also assessed reconstruction accuracy using two metrics: sensi-
tivity (proportion of hits—proportion of false alarms) and preci-
sion (number of hits divided by the total number of drawn
edges). For sensitivity, the model (sensitivity ~ LDI + Sequence)
was significant, adjusted R? = .02, F(2, 212) = 3.12, p = .046, re-
vealing a main effect of LDI, g = 0.04, SE=0.01, t(212) =2.49,p =
.014, with higher-LDI participants showing better reconstruction
accuracy (Figure 7D). For precision, which adjusts for the ten-
dency of low-memory participants to draw fewer edges, the
model (precision ~ LDI + Sequence) was marginal, adjusted R* =
.02, F(2, 212) = 3.03, p = .050, with trending effects of LDI, g =
0.04, SE=0.02, t(212) = 1.72, p = .088, and Sequence, # = -0.09,
SE=0.05, t(212) = -1.86, p = .065, suggesting higher precision for
participants with better memory ability and for those trained in
the blocked condition (Figure 7E).

Discussion

The present study examined whether multistep inference judg-
ments requiring latent structure learning are affected by age-
related cognitive decline. In Experiment 1, we found that older
adults performed worse on structural inference judgments, but
these deficits were better explained by individual differences in
mnemonic discrimination ability (LDI) than by chronological
age. Experiment 2 demonstrated that structural inference can

be improved through individualized training: intermixing over-
lapping associations benefited those with high LDI, while
blocked training benefited those with low LDI. These behavioral
findings were reinforced by ANN model simulations that varied
in memory capacity to examine multistep inference perfor-
mance under blocked and interleaved training conditions.
Although the models are a simplified system, manipulating rep-
resentational capacity in these networks successfully repro-
duced the sequence X memory precision interaction observed
in human participants, thereby providing converging evidence
for our hypotheses.

Collectively, our findings suggest that the way individuals en-
code and organize information interacts with memory ability to
shape representations that vary in their effectiveness for sup-
porting accurate inference. Matching training to an individual’s
representational tendencies may be critical for optimizing judg-
ment performance. Although our task did not require partici-
pants to execute planned sequences of actions, the multistep
inference judgments it elicited engage the representational
mechanisms thought to support model-based planning (Rmus
et al,, 2022; Yoo et al., 2024). Specifically, the judgment test
requires estimating which of two stimuli is “closer” within a
learned associative graph, effectively querying the internal rela-
tional model used to chain together multiple steps of the struc-
ture. Prior work using similar graph-learning tasks has
demonstrated that the integrity of these relational models pre-
dicts individuals’ reliance on model-based strategies (Rmus
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et al., 2022). Thus, our findings offer insight into how age- and
memory-related variability in representational fidelity may con-
strain the computations that underlie goal-directed planning.

In Experiment 1, evidence of latent structure learning
emerged only in participants with high mnemonic discrimina-
tion ability. High-LDI individuals achieved above-chance infer-
ence performance, especially on easier trials, whereas low-LDI
participants performed at chance. The lack of learning observed
in low-LDI participants who performed our task may explain
why certain populations such as older adults and individuals
with mild cognitive impairments may exhibit deficits in goal-
directed planning (Eppinger & Bruckner, 2015; Samanez-Larkin,
2013), as prior work shows that these populations are particu-
larly vulnerable to deficits in memory precision (Yassa & Stark,
2011; Yassa et al., 2010). High-LDI participants also produced
more accurate graph reconstructions across multiple metrics
(number of correct edges, reconstruction accuracy measured us-
ing sensitivity and precision), but they also generated more false
alarms and total edges. One explanation is that making infer-
ence judgments before reconstruction induced false memories
by misattributing inferred information as directly experienced
(Bowman et al., 2021). However, this order effect should have
applied equally to all participants, making it unlikely to explain
the selective increase in false alarms for high-LDI individuals. A
more plausible account is that high-LDI individuals tend to form
distributed representations during learning (Kumaran &
McClelland, 2012; Zhou et al., 2023). According to parallel dis-
tributed processing models such as C-HORSE, distributed repre-
sentations support flexible inference but are prone to false
alarms (Zhou et al., 2023). Our data fit this prediction: high-LDI
participants outperformed others on inference judgments but
also produced more false edges.

In Experiment 2, we tested whether separating overlapping
pairs in time (blocked training) would reduce memory interfer-
ence and improve inference for low-LDI individuals. Indeed,
blocked training improved structural inference for low-LDI par-
ticipants but impaired performance for high-LDI participants,
producing a crossover interaction. Visual inspection of graph
reconstructions of the best performers in each condition
(Supplementary Figure 1) suggests why: high-LDI participants in
the intermixed condition tended to create highly intercon-
nected, distributed graphs, whereas blocked training led them
to form more fragmented, localist graphs. In contrast, low-LDI
participants generally produced localized graphs, but blocked
training encouraged more interconnections relative to intermix-
ing. These patterns suggest that memory encoding ability may
bias representational style—distributed for high-LDlI, localist for
low-LDI—and that training sequences aligning with these prefer-
ences yield better performance. This hints at the idea that
blocked vs interleaved learning sequences can be leveraged to
improve multistep inference and other forms of inferential rea-
soning as a function of one’s memory capacity.

This framework may help reconcile conflicting findings in as-
sociative memory research. Some studies report that intermix-
ing promotes distributed representations (Zhou et al., 2023),
whereas others find it encourages more localist coding
(Schlichting et al., 2015) with the reverse pattern for blocked
learning. A key methodological difference is that Zhou et al.’s
“blocked” condition still included intermixed trials within the

same learning phase, likely negating interference-reduction ben-
efits. This design may have disproportionately favored high-LDI
participants while preventing low-LDI learners from reaching
performance levels sufficient to influence overall effects.
Supporting this, Zhou et al. excluded many low performers, yet
performance remained low relative to Schlichting et al.

Recent neural network modeling shows that distributed rep-
resentations are more likely to emerge when information is pre-
sented in an intermixed sequence (Zhou et al., 2023). Models
with distributed coding predict that blocked learning increases
memory interference as new information is acquired (McCloskey
& Cohen, 1989; Zhou et al., 2023). Our behavioral data support
this: the high-LDI intermixed group showed the best inference
performance but also the highest false alarms during recon-
struction—consistent with distributed coding—although the
high-LDI blocked group exhibited low false alarms (Figure 7B)
and high graph reconstruction precision (Figure 7E), suggesting
more localist coding. However, this gain in precision came at
the cost of impaired judgment performance (Figure 5). This
tradeoff parallels evidence that temporally contiguous presenta-
tion facilitates integrative encoding (Pudhiyidath et al., 2022;
Schapiro et al., 2013; Zeithamova & Preston, 2017; Zhou et al.,
2023), whereas separating overlapping information can disrupt
inference if it requires linking across longer temporal gaps
(Zeithamova & Preston, 2017; Zhou et al., 2023). Visual inspec-
tion supports this: high-LDI blocked learners’ graphs were less
cohesive than those in the high-LDI intermixed group
(Supplementary Figure 1), consistent with blocking fragmenting
an otherwise distributed network into more localized sub-
graphs, making cross-representation inference harder.

For low-LDI learners—such as older adults with age-related
decline—susceptibility to memory interference can severely im-
pair learning and memory encoding in an intermixed schedule.
With 16 overlapping pairs, interference may be so severe that
learners can only focus on memorizing a small subset of pairs—
similar to older adults’ strategy of selectively encoding high-
value items (Castel, 2007; Castel et al., 2002). Indeed, the top
performers in the low-LDI intermixed condition reconstructed
only the minimum six edges required to complete the task, sug-
gesting encoding of a few localized subsets. Since our graph
task likely benefits from distributed representations, the main
challenge for low-LDI learners is overcoming interference during
encoding (Kirwan & Stark, 2007; Pettigrew & Martin, 2014,
Shimamura & Jurica, 1994). Blocked training may mitigate this
by spacing overlapping pairs across time, allowing learners to
consolidate subsets (e.g., A-B) before encountering related pairs
(e.g., B-C). Previous studies in episodic memory have also sug-
gested that stabilizing A-B representations prior to introducing
overlapping B-C episodes can prevent memory interference and
promote integration of the related episodes (Noh et al., 2026;
Schlichting et al., 2015). Once initial representations are stabi-
lized through repetition, new overlapping pairs can be inte-
grated into existing knowledge (A-B-C) by pattern completing
the overlapping memory traces (Schlichting et al.,, 2015).
Consistent with this account, low-LDI participants in the blocked
condition showed better inference judgments (Figure 5) and
fewer false alarms (Figure 7B), indicating reduced interference.
This pattern was also replicated with the ANN model simula-
tions, showing that smaller-capacity models performed better

920z Aey g0 uo Jasn suidieos eieqieg Aq G0S+zS8/8£06eqb/S/1 8/810nue/ABojojuctafoosyoAsd/woo dno-olwapeoe)/:sdiy Woll papeojuMo(]


https://academic.oup.com/psychsocgerontology/article-lookup/doi/10.1093/geronb/gbag038#supplementary-data
https://academic.oup.com/psychsocgerontology/article-lookup/doi/10.1093/geronb/gbag038#supplementary-data

The Journals of Gerontology, Series B: Psychological Sciences and Social Sciences, 2026, Vol. 81, Issue 5 11

under blocked (vs intermixed) training conditions. Visual recon-
structions suggest blocked training promoted more integrated
networks in low-LDI learners than intermixing, consistent with
prior work showing that blocking overlapping pairs fosters inte-
grated representations, while intermixing promotes pattern-
separated representations (Schlichting et al., 2015).

Collectively, these results indicate that structural inference
depends on both memory encoding ability and the alignment of
training structure with representational tendencies. For high-LDI
learners, intermixing supports distributed networks that facili-
tate inference; for low-LDI learners, blocking reduces interfer-
ence and fosters integration. These findings suggest that some
age-related deficits in model-based planning and decision mak-
ing may stem from failures to form adequate latent structures.
Because multistep inference over a cognitive graph provides a
substrate for evaluating relational distances and future action
paths, these findings have direct implications for models of
goal-directed decision making. The present task therefore con-
tributes to understanding how aging- and memory-related rep-
resentational constraints shape the cognitive computations
underlying planning, even in the absence of overt behavioral
choice. Future work should test how disruptions in latent struc-
ture learning impair multistep planning (Harhen & Bornstein,
2023; Yoo et al., 2024), directly measure memory for individual
associations, and use neuroimaging to track the formation of
representations during learning. Given that successful inference
can emerge from different representational formats, future stud-
ies should also examine their flexibility and limitations across
different inference and planning contexts. Despite limitations,
our results offer a mechanistic basis for individualized learning
interventions to mitigate cognitive decline effects on decision
making across the life span.

Supplementary material

Supplementary material is available at The Journals of
Gerontology, Series B: Psychological Sciences and Social
Sciences online.
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