
The hippocampus represents abstract graph structure at
multiple scales along its longitudinal axis

Valerio Rubino1 Anna-Lea Beyer2,3 Charley M. Wu2,3 Manuela Piazza1

1 Center for Mind/Brain Science, University of Trento, 38068 Italy
2 Center for Cognitive Science, Institute of Psychology, Technical University of Darmstadt, Darmstadt, Germany

3 Hessian.AI, Darmstadt, Germany
valerio.rubino@unitn.it

Abstract

Humans extract latent structure from their environment,
and growing evidence suggests that the hippocampus
encodes such structure through predictive representa-
tions. In spatial domains, these representations are or-
ganized along the hippocampal longitudinal axis, with
posterior regions encoding finer-grained, local structure
and anterior regions supporting more global, coarse-
grained structure. To test whether this principle extends
to abstract, non-spatial relational structures, we rean-
alyzed fMRI data from participants viewing sequences
drawn from a previously learned graph. We found that
the left hippocampus represents abstract graph struc-
ture at multiple scales, with predictive scale increasing
from posterior to anterior regions. Our findings suggest
that hippocampal multi-scale predictive representations
may constitute a domain-general mechanism for rela-
tional processing.

Introduction
Humans readily extract latent structure from their sur-
roundings. For instance, by observing interactions
within a group, we can infer its underlying social net-
work and, at a larger scale, how groups relate to one
another. These multi-scale relational structures can be
naturally formalized as graphs, in which nodes corre-
spond to entities and edges to their relationships (Kemp
& Tenenbaum, 2008; Mark et al., 2020).

There is growing evidence that the hippocampal for-
mation supports structural learning through predictive
representations (Behrens et al., 2018; Garvert et al.,
2017; Mark et al., 2026; Schapiro et al., 2015), which
resemble the Successor Representation (SR; Stachen-
feld et al., 2017). The SR was originally introduced in re-
inforcement learning (Dayan, 1993), and encodes each
state in terms of its expected discounted future occu-
pancy, governed by a parameter 𝛾 (Gershman, 2018).
By varying 𝛾, the SR naturally captures structure at mul-
tiple scales (Momennejad, 2020).

In spatial domains, such multi-scale organization of
SR-like maps is reflected along the hippocampal longitu-
dinal axis (Brunec & Momennejad, 2021). While behav-
ioral and computational evidence suggests that SR-like
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Figure 1: (a) During fMRI scanning, participants viewed
pseudorandom sequences of seven items drawn from a
previously learned graph. (b) We estimated voxel-wise
neural dissimilarity and modeled it using the SR.

representations also support planning (Momennejad et
al., 2017), social reasoning (Son et al., 2024), and con-
ceptual knowledge (Haga et al., 2023), it remains un-
known whether the hippocampus encodes non-spatial
relational structure at multiple scales. Here, we test
this possibility by reanalyzing fMRI data from partici-
pants who previously learned an abstract graph struc-
ture (Garvert et al., 2017).

Results
In the original Garvert et al. (2017) study, participants
learned the structure of a 12-node graph (Fig. 1a). On
the following day, they underwent fMRI scanning across
three runs while viewing pseudorandom sequences
drawn from a subset of seven nodes, with transition
probabilities reflecting the learned graph structure. We
used the preprocessing pipeline from Garvert et al.
(2017). Using a repetition suppression approach, we
modeled each trial as one of the 42 possible transitions
between node pairs. For each voxel, we estimated one
𝛽 coefficient per transition, with larger responses re-
flecting reduced repetition suppression between items
(and thus greater dissimilarity). Averaging 𝛽 estimates
across the three runs yielded a dissimilarity matrix for
each voxel (Fig. 1b, left).
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Figure 2: (a) Spatial distribution of fitted 𝛾̂ values across
the hippocampus. (b) Longitudinal gradient of Δ𝛾̂ (de-
meaned within participant) along the hippocampal lon-
gitudinal axis, shown separately for each hemisphere.
The dashed line marks the anterior–posterior boundary
at y = −21 mm (Poppenk et al., 2013).

All functional images were normalized to Montreal
Neurological Institute (MNI) space. We defined a hip-
pocampal region of interest (ROI) using the probabilistic
Julich Brain Atlas (Amunts et al., 2020), including cornu
ammonis and dentate gyrus, thresholded at p ≥ 0.80.
We modeled voxel-wise neural dissimilarities within bi-
lateral hippocampal ROIs using parametric representa-
tional similarity analysis (Fan et al., 2024; Kriegeskorte,
2008; Fig. 1b). From the graph learned on the previ-
ous day, we computed the SR (Dayan, 1993; Gershman,
2018; Stachenfeld et al., 2017; Fig. 1b, right), as:

M = (I − 𝛾T)−1, (1)

where T is the transition probability matrix and 𝛾 ∈ (0, 1).
We predicted voxel-wise neural dissimilarity as:

𝛽0 + 𝛽1 M(𝛾), (2)

and fit 𝛽0, 𝛽1, and 𝛾 to minimize the mean squared error.
We averaged voxel-wise R2 within each hemisphere

for each participant, and found them significantly higher
than zero (left: t(22) = 3.93, p < .001; right: t(22) =
4.78, p < .001), with no statistically significant difference
between hemispheres (paired t(22) = 2.03, p = .055).

Next, we tested whether 𝛾̂ varied along the hippocam-
pal longitudinal axis (Fig. 2a), using mixed-effects mod-
els predicting voxel-wise 𝛾̂, including participants as ran-
dom intercepts. We found that 𝛾̂ increased with the y -
coordinate in MNI space (b = 0.03, [0.02, 0.04], p <
.001; Fig. 2b), with a significant negative interaction
with the right hemisphere (b = −0.03, [−0.05,−0.01],
p = .002): the effect was significant in the left hippocam-
pus (b = 0.03, [0.02, 0.04], p < .001), but not in the right
(b = 0.00, [−0.01, 0.01], p = .948).

To rule out that the gradient was driven by poorly fitted
voxels, we restricted analyses to voxels exceeding pro-
gressively stricter goodness-of-fit thresholds, and found

consistent results (R2
min ∈ [0, .01, .025, .05]). Further-

more, averaging 𝛾̂ across voxels at each y -coordinate
still yielded a significant effect (b = 0.04, [0.01, 0.07],
p = .009). The effect remained significant (b = 0.03,
[0.02, 0.05], p < .001) when controlling for the effects of
estimated slope 𝛽1 (b = −0.06, [−0.24, 0.13], p = .548)
and R2 (b = 1.70, [1.28, 2.12], p < .001). Therefore,
the gradient was not driven by collinearity between 𝛽1
and 𝛾̂ or by differences in model fit. Results qualitatively
replicated when predicting 𝛾̂ on the logit scale, given its
bounded range (0, 1).

Collectively, these results suggest that the left hip-
pocampus represents abstract graph structure at mul-
tiple scales along its longitudinal axis.

Discussion
Our environment contains structure at multiple scales
(Rubino et al., 2026). Poppenk et al. (2013) proposed
that the hippocampus concurrently represents them
along its longitudinal axis, with posterior regions en-
coding finer, more detailed representations and anterior
regions encoding coarser ones. Accordingly, Brunec
and Momennejad (2021) showed that spatial represen-
tations become progressively coarser along this axis.
This gradient was captured by the SR, with 𝛾 increasing
from the posterior to the anterior hippocampus.

Replicating and extending these findings, we found
that the hippocampus represents multi-scale SR-like
maps of a non-spatial, abstract graph structure, with 𝛾
increasing along its longitudinal axis. One key difference
is that this effect was restricted to the left hippocampus,
possibly reflecting a bias toward representing discrete
structure rather than continuous space (Jordan, 2019).

These findings suggest that the multi-scale SR pro-
vides a domain-general model for organizing relational
knowledge, potentially underlying other hippocampal
coarse-graining gradients observed in non-spatial do-
mains such as narrative processing (Collin et al., 2015)
and conceptual learning (Viganò & Piazza, 2021). In-
deed, Stoewer et al. (2022) showed that abstract cate-
gories, such as animals or vehicles, emerge from SR-
based semantic models with higher 𝛾 values. Thus,
similar representations may support semantic abstrac-
tion, suggesting a possible mechanistic account of hip-
pocampal contributions to semantic knowledge acquisi-
tion (Elward & Vargha-Khadem, 2018).

Representing structure at multiple scales may enable
flexible, task-dependent switching between local and
global representations. Kahn and Daw (2025) showed
that humans adaptively arbitrate between detailed and
temporally abstract world models. Our results suggest
that such flexibility may be supported by specialization
along the hippocampal longitudinal axis, with anterior re-
gions supporting coarser, longer-range predictions and
posterior regions encoding finer, more local structure.
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