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Are neural networks poised at a
thermodynamic critical point?
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Signatures of criticality in a recording of retinal
ganglion cells: Are population codes ‘critical’?
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We consider the distribution P(x) of binary ‘spike-

words’ x.
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‘K-pairwise model’: An Ising model with spike-count
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The simplest possible model of a patch of retina
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The simplest possible model of a patch of retina
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The simplest possible model of a patch of retina
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If you use use smart parameter-updates, you do not
need to store the entire MCMC sample.

L) A F(zm)— Mlog (Z exp (ATF(x)))

resS

AL(5)

2

M6 (F())data — M log (Z €Xp (5TF($)))

x€S
For x € {0,1} : exp(ax) = zexp(a)+ 1 —x
Assume that only 6; F;(x) # 0O :
exp (0' F(z)) = Fi(x) exp(d) + 1 — Fy(z)

As long as we only update one h or J term (or all of the spike count terms) at each
iteration, we only need to store the feature-means, not the entire MCMC sample.



Signatures of criticality arise in a simple simulation of
the retina, without any tuning or adaptation.

|
. 15| —3Rd5m
1.5 = |
| © 1
| .
I 7
0.5-
20 40 60 80 100
N 3 n
E
(&) 1 -
©
]
.
=
@
Q
(Vs
05 - f,{l
y |
|
|
|
|
Y
i

T 1
1.5 2
temperature T



Signatures of criticality arise in a simple simulation of
the retina, without any tuning or adaptation.
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Analysis: Subsampling a homogeneous population
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In the beta-binomial model, all limits of interest can
be calculated in closed form.

Specific heat diverges linearly, and
peak always moves to T=1.
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In the beta-binomial model, all limits of interest can
be calculated in closed form.

Specific heat diverges linearly, and Rate of divergence:
peak always moves to T=1. More correlation, more criticality
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One source of ‘criticality inducing correlations’:
Random subsampling of a correlated population
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Neural data analysis:

“Infinite-range” correlations are ubiquitous in local neural populations
Shared inputs and latent modulators

Random subsampling gives rise to spurious infinite-range correlations
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Neural data analysis:
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Neural data analysis:
“Infinite-range” correlations are ubiquitous in local neural populations
Shared inputs and latent modulators
Random sulbsampling gives rise to spurious infinite-range correlations
(Equilibrium) statistical physics:
“Infinite-range” correlations are unusual
No external, shared input
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Is thermodynamic criticality an organising principle of neural codes”?
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