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NEURAL REPRESENTATIONS OF UNCERTAINTY
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A PROTO-MODEL: GAUSSIAN SCALE MIXTURE

Wainwright & Simoncelli 2000, Schwartz & Simoncelli 2001, Coen-Cagli et al 2012

visual cortical activities u ~ P(u|x)

T

visual features intensities contrast level

u~ N(0,C) z ~ Gamma(k, 0)

visual features

(eg. Gabor filters) A

pixels x=zAu+o.€ e ~N(0,1)
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PLAN OF THE TALK

<+ neural circuit models
analog variables
speed
E-1 networks

< empirical evidence (almost model-free)

neural: evoked-spontaneous activity — Jozsef Fiser’s talk yesterday
behavioural: role of time
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NEURAL NETWORK DYNAMICS: A SIMPLE CASE STUDY

Hennequin et al, NIPS 2014

generative model: _ linear network dynamics
factor analysis noise &
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maximally

LANGEVIN SAMPLING IS \LER(SLOW iy

@ ulx = NM(p(x),X) Hennequin et al, NIPS 2014
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Langevin
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THE PROBLEM WITH LANGEVIN
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Hennequin et al, NIPS 2014
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A MORE GENERAL SOLUTION

Hennequin et al, NIPS 2014

W=I-¢;2""'4+55"' v ST=-8
extra O(N?) degrees of freedom!

a measure of slowness: total autocovariance ||K(7)|, » total slowness
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OPTIMIZE FOR SPEED

Hennequin et al, NIPS 2014

W=I-¢;2""'4+55"' v ST=-8
extra O(N?) degrees of freedom!
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Murphy & Miller, 2009; Hennequin et al, 2014

NON-NORMAL AMPLIFICATION TO THE RESCUE

Hennequin et al, NIPS 2014
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E/| BALANCE

Hennequin et al, NIPS 2014

Langevin optimized E/I

—1 0 1 —1 0 1 —1 0 1
E/I corr. E/I corr. E/I corr.
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NONLINEAR CASE

Hennequin et al, NIPS 2014
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Wu u

E/I NETWORKS FOR SAMPLING

Aitchison & Lengyel, arXiv 2014, in prep
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E/I| NETWORKS FOR SAMPLING (HAMILTONIAN)

Aitchison & Lengyel, arXiv 2014, in prep

OSCILLATION FREQUENCY DEPENDS ON CONTRAST
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E/I| NETWORKS FOR SAMPLING (HAMILTONIAN)

Aitchison & Lengyel, arXiv 2014, in prep

OSCILLATION FREQUENCY DEPENDS ON CONTRAST
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E/I| NETWORKS FOR SAMPLING (HAMILTONIAN)

Aitchison & Lengyel, arXiv 2014, in prep

FIRING RATE TRANSIENTS
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SLOW OSCILLATIONS

‘tempered transitions’
Neal 1996

B 4 A
Py =r|x
¢ H P(y; = ri|x)
marginals ~+ correlations
(no correlations)
p: Y
0 A

> U1

feed-forward + recurrents

Maté Lengyel | A sampling-based representation of uncertainty 11 Sept 2015, Probabilistic inference and the brain, Paris http://www.eng.cam.ac.uk/~m.lengyel 17


http://www.eng.cam.ac.uk/~m.lengyel

HIPPOCAMPAL FLICKERING

o
EXPERIMENT -
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Savin et al, PLoS Comput Biol 2014
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A PSYCHOPHYSICAL HALLMARK OF SAMPLING

Lengyel et al, arXiv 201
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A GRADUAL REFINEMENT OF THE REPRESENTATION OF UNCERTAINTY
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A PSYCHOPHYSICAL TEST

Lengyel et al, arXiv 2015
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EFFECTS OF TIME

Lengyel et al, arXiv 2015

error and uncertainty
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SUMMARY

sampling
< is a simple and powerful way of representing uncertainty
<+ can be efficiently implemented by E/I neural circuit dynamics
< provides a natural account of
<+ neural variability

<+ the match between evoked and spontaneous activity
<+ hippocampal flickering? — Savin et al, PLoS Comput Biol 2014

a new paradigm to obtain trial-by-trial measure of uncertainty:
humans’ representation of uncertainty

<+ is well calibrated, multidimensional & uses a unitary scale
<+ reflects hallmarks of sampling (2-3 ms / sample)
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