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The grid cell system in the MEC

 Grid cells in the medial Entorhinal Cortex (mEC)
keep track of allocentric location modulo
a hexagonal lattice.
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The grid cell system in the MEC

 Grid cells in the medial Entorhinal Cortex (mEC)
keep track of allocentric location modulo
a hexagonal lattice.

» Different grid cells keep track of this information
with respect to lattices of different phases and
lattice spacings.

» Periodicity is arranged along dorso-ventral (DV) axis of mEC

Stensola et al, The entorhinal grid map is discretized. Nature (2012)
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Supervised learning
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We can use these insights to formulate a self-supervised learning SSL problem

Path Invariance |
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looped trajectory

This ‘loop closure’ property is needed for path integration



We can use these insights to formulate a self-supervised learning SSL problem
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See also: Dorrell et al (2023)



We can use these insights to formulate a self-supervised learning SSL problem
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Extending the self-supervised learning SSL problem to spatial navigation

To create a trajectory, we sample 1" velocities (v, v, ..., vy), with v; ~;; 4 p(V)
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Formulating a self-supervised learning SSL problem: loss functions
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Formulating a self-supervised learning SSL problem: architecture

Architecture

Norm-RelLU
m self-supervised
SIC loss

velocity inputs

Vx(t) >
Vy(t)—>

W(v:) = MLP(v;)

g: = o(W(vt) gt-1)

o(-) = Norm(ReLU(-)) = ReLU(-) / ||ReLU(-)||

Normalization of neural population activity: prevent trivial solutions often found by contrastive SSL

Understanding Dimensional Collapse in Contrastive Self-supervised Learning. Jing et al (2021)

What shapes the loss landscape of self-supervised learning? Liu et al (2023)



Result: It is possible to get multi-periodic grid-like solutions!

12 cells from a 128 neuron RNN



Solutions generalize to larger environments and distinct input statistics without any additional training

extent of training data O

1 10004, 0.8
C ! (]
0.8 > .9 ! 8
= £ ® | s
. . . pYe = o T 0.6
Out of distribution 3 - 2 s3I S . .
o = s o oy g Perfect path integration
generalization S S o g K 04 &
o S T i =
<. e S= | 5
8 qe) : 0.2 é
00 0 = I
0.0 0.5 1.0 1.5 2.0 2.5 3.0 35 4.0 OI l T 1
7 X(m) 0 ] 00
training speed spatial separation (m) eval speed
distribution distribution
. i - Room trajectories
E 0:5_ N - 01
5 -
O 0.0
(@) - 1
000 002 004 006 008 010 012 014 0000 0025 0050 0075 0100 0125 0150 0175 0200

speed (m/s)

speed (m/s)

3
-

"“.
o

@
.
k3

L

MR R R R
‘l,l
-

°
FeRrenp

“"‘Q.
*8 Ao

ll"‘.‘u.
.-‘.‘5

L
- =
-
4
-
o
=
-
a ©
‘C
-

il E T
\

’

»
4
-
s
[
<
.
“

Issousa
o""‘tq
"‘no.‘

¢




Dissecting a single module shows key properties of grid cells
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When does a multi-periodic solution NOT appear?

Still see 1 perfect module of grids!
capacity loss ablation

capacity loss ablation +0.=0.1
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