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Abstract

Biological neural systems often represent information on
low-dimensional manifolds that reflect the topology of their
encoded variables. This suggests that neural activity can be
naturally organized in geometrically meaningful ways, as
seen in rodent head direction cells forming circular mani-
folds. This proposal examines whether artificial neural net-
works (ANNSs) trained on tasks with well-defined topolo-
gies—such as planar or spherical coordinates from au-
tonomous driving datasets like Apolloscape, cyclic temporal
variables, or graph-structured road networks—develop sim-
ilar low-dimensional representations aligned with the vari-
ables’ inherent topology. We consider convolutional and vi-
sion transformer models for image data, graph neural net-
works for road network graphs, and 3D or point-based models
for LIDAR point clouds, analyzing their internal activations
with dimensionality reduction and topological data analysis.
If successful, this approach not only elucidates the nature of
internal representations in ANNs but also offers insights into
the computational principles that bridge artificial systems and
biological cognition.

Introduction

Neural activity in biological systems often resides on
low-dimensional manifolds that reflect the topology of
the encoded variables. For instance, head direction (HD)
cells in rodents produce population activity tracing a one-
dimensional loop, capturing the circular nature of head ori-
entation (Peyrache et al. 2015; Chaudhuri et al. 2019). Such
alignments suggest that ensembles of neurons—biological
or artificial—might represent information in ways that pre-
serve intrinsic topological properties.

We ask if artificial neural networks (ANNs) can develop
similar topological alignments. Consider a vision model
trained on geographical tasks: if the model’s internal repre-
sentations map onto a manifold reflecting planar or spherical
coordinates, it parallels biological strategies for representing
space. Datasets like Apolloscape (Huang et al. 2018), with
dashcam images, LIDAR data, and road network graphs, of-
fer natural testbeds to investigate such questions. Beyond
computer vision, tasks involving temporal cycles (e.g., day
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of the week) or three-dimensional orientations prompt in-
vestigations into how networks encode loops, spheres, and
other topological structures.

If ANNSs reveal manifold structures aligned with topol-
ogy, it suggests a deeper connection to biological cogni-
tion, where neural codes also reflect such intrinsic geometric
properties. Understanding these correspondences may en-
hance our ability to interpret and improve ANN architectures
and bridge insights between neuroscience and Al research.

Background

In neuroscience, manifold-like representations have been
found in multiple systems: rodent HD cells encode angles as
loops (Peyrache et al. 2015; Chaudhuri et al. 2019), motor
cortex dynamics fall into low-dimensional embeddings tied
to action sequences (Elsayed et al. 2016), and hippocam-
pal representations capture geometric abstractions (Bernardi
et al. 2020). Theoretical work has explored how intrinsic di-
mensionality and embedding shape relate to neural compu-
tation (Jazayeri and Ostojic 2021).

In deep learning, representations often become low-
dimensional in deeper layers (Ansuini et al. 2019), and man-
ifold geometry evolves across layers to support complex
classification tasks (Cohen et al. 2020). It remains unclear,
however, if these low-dimensional embeddings can reflect
topologies inherent in the data, as seen in biological sys-
tems. Prior work on language models or molecular embed-
dings found structured low-dimensional representations but
did not explicitly test for topological correspondences.

This project focuses on tasks with known topologies to
test the hypothesis more directly. Autonomous driving data
from Apolloscape (Huang et al. 2018) provides camera im-
ages suitable for convolutional neural networks (CNNs) or
vision transformers (ViTs), and three-dimensional LIDAR
point clouds for 3D CNNs or point-based architectures.
Road network graphs can be processed by graph neural net-
works (GNNs), potentially revealing embeddings that reflect
graph loops or connectivity. Time-series models like RNNs,
LSTMs, or transformers can capture periodic patterns and
may yield loop-like internal state trajectories. Identifying
such structures in ANNs would strengthen analogies to bi-
ological cognition, suggesting common computational prin-
ciples underlying representation formation.



Approach

We will select tasks with clear topologies and train mod-
els suited to the data. For planar or spherical structures
(e.g., mapping coordinates in an urban environment), we
will use CNNs or ViTs on images from Apolloscape, which
includes diverse urban scenes with known GPS locations.
This setup tests if the model’s internal activations form man-
ifolds aligned with underlying spatial topologies.

When processing road network data, GNNs allow direct
encoding of graph structure, providing a natural substrate for
discovering loop-like embeddings if the data include closed
routes. For LIDAR data, which represent 3D geometry, 3D
CNN s or point-based models (e.g., PointNet) can be used to
test whether representations align with continuous surfaces
or spherical topologies. For time-based cyclic tasks, like pre-
dicting the day of the week from sequences, recurrent or
transformer-based sequence models can be used, examining
whether their hidden states form closed manifold loops.

Following training, we will extract intermediate represen-
tations and analyze their geometric organization. Dimen-
sionality reduction methods such as PCA, t-SNE, UMAP,
Isomap, and LLE will help visualize and identify whether
data cluster on low-dimensional manifolds reflecting the
task’s topology. Persistent homology and Betti numbers
from topological data analysis (TDA) will quantify topolog-
ical features, providing rigorous criteria to evaluate whether
observed embeddings align with the expected topology.

Evaluation

The evaluation will focus on both qualitative visualization
and quantitative topological analysis. Dimensionality reduc-
tion techniques (PCA, t-SNE, UMAP, Isomap, LLE) will
help visualize extracted representations. For instance, if a
network trained on a circular variable exhibits a ring-like
structure in a reduced embedding space, this is a strong qual-
itative indicator of topological alignment.

We will then apply topological data analysis (TDA) meth-
ods, such as persistent homology, to assess the presence and
prominence of topological features like loops or holes in the
learned representations (Carlsson 2009; Edelsbrunner and
Harer 2010). By computing Betti numbers at various scales,
we can quantitatively confirm the dimensionality and con-
nectivity of the manifold. For a circular topology (e.g., a
cyclic time variable), we expect to find a single prominent
one-dimensional hole; for a spherical topology, we may find
the characteristic topological invariants of a sphere. When
processing Apolloscape images with a CNN or ViT, if the
network’s intermediate activations cluster on a manifold that
resembles a 2D surface, Betti numbers may characterize its
connectivity and dimensionality.

Statistical validation, including nonparametric tests or
bootstrapping (Efron and Tibshirani 1994), will ensure ob-
served patterns are not due to chance. Comparisons with
control experiments—where the network is trained on tasks
lacking intrinsic topological structure—will help confirm
that topological features arise due to the inherent nature of
the data. If we observe consistent and statistically signifi-
cant topological invariants that match theoretical expecta-
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tions (e.g., circular manifolds for cyclic tasks, loops corre-
sponding to road network structure, etc.), the evaluation cri-
teria will be met.

Discussion

If we find that ANNs form embeddings aligned with a task’s
topology, it could suggest that artificial systems and bio-
logical networks share underlying principles for represent-
ing complex variables. Such a result would indicate that,
like biological neurons that naturally cluster activity on low-
dimensional manifolds matching the structure of encoded
features, ANNs can discover and leverage the topology in-
herent in their training data. This similarity may help ex-
plain why certain types of representations are so effective
for tasks involving spatial, spherical, or cyclic variables and
could guide the development of new architectures that inten-
tionally incorporate topological constraints.

Alternatively, if ANNs don’t exhibit such alignment, it
may indicate that they do not naturally develop topologi-
cally aligned structures under current training regimes. New
approaches, such as regularizers or specialized loss terms
might be introduced to promote topological coherence in
the latent space, guiding the network to represent cyclic or
spherical variables as loops or spheres in its intermediate
layers (Rifai et al. 2011). These interventions could improve
the interpretability and stability of the learned representa-
tions, potentially leading to better performance on tasks re-
quiring a deep understanding of the underlying structure.

Positive results could bridge part of the gap between
neuroscience and Al (Kriegeskorte and Diedrichsen 2019),
highlighting that both fields might converge on common
strategies for information encoding. Such parallels can sup-
port the application of neuroscientific principles to Al, lead-
ing to models that mimic brain-like efficiency and adaptabil-
ity. They also have significant implications for interpretabil-
ity. If we know that certain layers represent features in a
topologically meaningful manner, we can better understand
the network’s internal reasoning, improving transparency.

Conclusion

This work aims to determine whether internal representa-
tions in ANNSs trained on tasks with known topologies re-
flect those underlying structures. By applying CNNs, ViTs,
GNNs, 3D models, and sequence models to datasets like
Apolloscape and tasks involving cyclic or spherical vari-
ables, and rigorously evaluating with dimensionality reduc-
tion and topological data analysis, we seek evidence of topo-
logically grounded representations. Confirming such struc-
tures would align artificial neural computation with biolog-
ical principles and illuminate fundamental aspects of how
brains and machines organize information.
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