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Context: neural representation of spatial position

Spatial position encoding should
have the following properties:

compositionality

robustness to noise

high spatial resolution
similarity preserving encoding



Representation of self spatial position

Hippocampus
k}’eﬁ-}!“u Place cells

@

spatial location where
one cell fires

‘ <7 5
S

\

(O’keefe & Nadel 1978)

neurons fire in one
particular spatial location

Behrens, T. E., Muller, T. H., Whittington, J. C., Mark, S., Baram, A. B., Stachenfeld, K. L., & Kurth-Nelson, Z. (2018). What is a cognitive map? Organizing knowledge for flexible behavior. Neuron,
100(2), 490-509.



Representation of self spatial position

spatial locations where
one cell fires
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(O’keefe & Nadel 1978) (Hafting et al., 2005)
neurons fire in one neurons fire at many spatial
particular spatial location locations on a triangular lattice
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Grid cells organisation in modules

Grid cell activations in 2D space
2,300 um 3,100 um

Stensolaetal, 2012

grid cell firing
location

Grid cells are organized into modules. Each has many grid cells of (approximately)
the same spatial scale.



Grid cells organisation in modules T

Grid cell activations in 2D space N
posterior
anterior

Shpektor et al., 2024

Stensolaetal, 2012

grid cell firing
location

Grid cells are organized into modules. Each has many grid cells of (approximately)
the same spatial scale.
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Why are grid
cells organised
into modules ?

coordinate their
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Grid cell modules give high precision spatial position

true spatial position

e Individual grid cell modules encode spatial position at varying scales.
e Combined, these modules enable accurate representation of precise 2D
locations.



How to represent 1D position with random high
dimensional vectors ?

e Avrepresentation of xis the binding (element wise multiplication) of high dimensional
vectors of different spatial periodicities

p(z) = gi(z) ® g2(z) ® gs3(=)

T P

High dimensional vectors of respective spatial
periodicities 7711, 772, M3 (Random Fourier features)



How to represent 1D position with random high
dimensional vectors ?
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vectors of different spatial periodicities
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A Residue Number System Attractor Neural Network
couples grid and place cells
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The resonator network
iteratively factorizes the place
cell representation into its grid
cell representations according to
different modules
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cell representation into its grid
cell representations according to
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A Residue Number System Attractor Neural Network
couples grid and place cells
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The resonator network
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2. Intra-module
attractor dynamics




A Residue Number System Attractor Neural Network
couples grid and place cells

3. Repeat steps 1 and 2
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Scaling laws of RNS attractor networks
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What about 2D ?

Composition (binding) of the 1D
representations along 3 axis.

Voronoi tesselation of triangular
frame has 3m?2 — 3m + 1 states,
compared to m? for square frame:
higher spatial resolution

2D place cell representation is the
binding of the 1D representations
along the 3 axis

p(r,s,t) = pr(r) © ps(s) © pi(t)
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Path integration results
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Attractor dynamics limit noise
accumulation along the 2D spatial
trajectory.

Encoding with triangular coordinate
systems produce hexagonal receptive
fields.
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Path integration in conceptual spaces
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Thank you'!



