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Abstract
A crucial component of decision-making is the ability to
learn from experience and form internal representations,
or ’cognitive graphs.’ Here we relate participant learning
of different non-spatial associative networks to their subse-
quent inferences about the latent graph. Participants first
actively explored and implicitly learned stimulus-stimulus
associations by viewing groups of images (nodes) rep-
resenting potential paths (edges) and selecting images
which triggered the presentation of the next image group.
Next, participants were tested on their ability to navigate
quickly through the graph. We analyzed how participant
exploration related to their later navigation performance
using a successor representation (SR) fit to exploration
response times, capturing individual differences in plan-
ning horizon as a function of graph structure. We found
that people who changed their planning horizon to bet-
ter align with the optimal planning horizon of a particular
graph had better knowledge of that graph. Additionally, we
found that individual differences in memory specificity con-
strained the ability to adjust to the least-structured graph
(longest planning horizon). Overall, our results suggest
that humans adapt their learning and use of internal rep-
resentations during associative network learning in ways
that reflect their environmental regularities and memory
constraints.

Background
How do people build memories that help them later make
decisions? The regularities of our environment shape
our memory for events, and our memory of those reg-
ularities are critical to planning and navigation in later
encounters (Noh* et al., 2026; Peer et al., 2024; Rmus
et al., 2022; Yoo et al., 2024). Such latent-learned as-
sociative representations can usefully be understood as
cognitive graphs: “edges” within these graphs reflect-
ing associations between “nodes” (Chrastil and Warren,
2014). Organizing information into cognitive graphs that
reflect underlying environmental regularities and struc-
ture may aid in learning and memory (Coutrot et al., 2022;
Kahn et al., 2018; Karuza et al., 2019; Lynn and Bassett,
2020; Schapiro et al., 2013).

One biologically plausible mechanism (Lee, 2022) by
which people learn compact representations of cogni-
tive graphs is the successor representation (SR), which

Figure 1: Graph structures.

encodes each state of the environment in terms of the dis-
counted future occupancy of other states (Dayan, 1993;
Stachenfeld et al., 2017). An SR can model individu-
als’ navigation decisions in a community-structured state
space, and when fit to response times better captures
performance on a non-spatial navigation task than com-
parison models (Wientjes and Holroyd, 2024). Despite
SR’s ubiquity in research (Boorman et al., 2021; Ger-
shman et al., 2012; Son et al., 2023; Tacikowski et al.,
2024), it remains unknown whether people can adapt
their internal planning horizon - how far in the future pre-
dictive associations extend - to best fit the structure of
their environment.

In this experiment, individuals explored different graph-
structured state spaces (Fig. 2, 1). We predicted that a
successor representation would model individuals’ navi-
gation responses and that individuals would be able to
adapt their planning horizon to the specific pattern of
long- and short-range regularities in each type of graph.
Indeed, we found that individuals who can flexibly adapt
their internal representations to best suit their environ-
ments have better navigation performance across vari-
ous non-spatial graphs. Furthermore, in an unstructured
graph, this correlated to the individual’s memory speci-
ficity.

Methods
Study Design We recruited 58 male and 58 female
young and healthy adults (18-35 years old) through Pro-
lific. Each participant completed a learning phase (4
minutes), navigation test phase (10 trials), and distance
judgment phase (48 trials) for four different graph struc-
tures (Fig. 1). See Figure 2 for task description. On
day two of the experiment, participants underwent the
Mnemonic Similarity Task (MST) - an established object
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Figure 2: A) Example exploration trial. Participants were
shown groups of images. When they selected an image,
the next group presented was adjacent on the underlying
graph. Participants were never shown the underlying
graph. B) Example navigation test trial. Participants were
tasked with finding the target node within 20 seconds.
C) Example distance judgment test trial. Participants
viewed three images and were asked whether the left or
right image was closer to the center image.

recognition task designed to test one’s ability to remem-
ber and distinguish between similar items (Stark et al.,
2015, 2019).

Successor Representation We modeled participants’
knowledge of the graphs as a successor representation
(SR). The agent learns a matrix M where there are s
states in the environment. Learning is calculated us-
ing the temporal difference algorithm (Dayan, 1993). 𝛾
indicates the planning horizon (discount factor) and 𝜆
indicates the learning rate, fixed at 0.1 (Wientjes and
Holroyd, 2024, Pudhiyidath et al., 2022).

M[st , :] = M[st , :] + 𝜆(1st + 𝛾M[st+1, :] − M[st , :]) . (1)
The planning horizon parameter indicates how far into
the future predictions extend. To determine the optimal
planning horizon for each graph, we simulated random
walks along the graph at a range of planning horizons
(.01 to .99 with a step size of .01) and calculated shortest
path distances. The shortest possible path of the actual
graph was then subtracted from the shortest possible
path of the successor representation, averaged across
start/target pairs.

We fit the SR to participants’ trial-by-trial exploration
response times in each of the four graphs, modeling RTs
as a regression on the mean parameter of a shifted log-
normal distribution. Our model and priors were taken
from Wientjes and Holroyd, 2024:

yij − ndti ∼ lognormal(𝛼 + 𝛽xi , 𝜃i ) (2)
Where i represents the participant and j represents the

trial.
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Figure 3: 10,000 Random walks for each graph were sim-
ulated and the shortest possible path calculated across
different planning horizons.

Results
We expected participants would adapt their planning hori-
zon to each graph. Our simulations revealed the bridge
graph to have the shortest planning horizon, therefore
we used each individuals’ bridge graph 𝛾 as their base-
line, subtracting it from those fit to the other graphs. We
found that individuals whose planning horizons adapted
to a greater degree between random and bridge also had
fewer excess steps (r = −.28, p = .006), and similarly
for community and bridge (r = −.30, p = .004) and grid
and bridge (r = −.23, p = .03). Memory specificity (Lure
Discrimination Index) positively correlated to planning
horizon on the random graph (r = .28, p = .005, all other
r < .15, p > .12).

Discussion
The planning horizon is a key individual difference mea-
suring how far into the future one extends their predic-
tions. Here we expand on previous work indicating the
importance of predictive representations for navigating
structured environments (Dayan, 1993; Stachenfeld et al.,
2017; Wientjes and Holroyd, 2024). We found individual
differences in planning horizons that relate to improve-
ments in graph learning. The more people adapted their
planning horizon between graph structures to be better
aligned with the optimal planning horizon, the more ef-
ficient their navigation. Intuitively, in the bridge graph,
a short planning horizon may be beneficial because it
allows for stronger learning of local associations, while
in the random graph a longer planning horizon allows for
learning varied associations. However, a longer planning
horizon may require stronger memory abilities. This is
supported by our results correlating better memory speci-
ficity to longer planning horizon on the random graph.
Overall, our results suggest that representational flexi-
bility during exploration benefits learning of non-spatial
graph structures, and ones representations may be con-
strained by memory in the absence of structural regulari-
ties.
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