Effects of higher-order
statistics on activity in V1

Research talk, 24.09.2014.
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Reprezentac

e Milyen modellek
jonnek létre?

¢ valtozok, paraméterek
e mik a korlatozasok?

e Milyen algoritmusok
alapjan valtoznak a
modellek?

e paraméterillesztés

e modellkivalasztas

e Mik a modellek biofizikai korrelatumai?
e neuralis kod

® seqiti a keresést



Ismert neuralis kddok

e ElsOdleges szenzoros

e Hubel-Wiesel

e Auditorikus

e Taktilis-szomatoszenzoros

e QOlfactory,
e Magasabbszintll szenzoros

o \2, textura, élkombinaciok, ...
e Multimodalis

e objektumok, koncepciok

e place és grid sejtek




Hova kellene eljutni?

e Mentalis modellek:

empiriokriticizmus, erkalcsi yes
bizonyitvany, szdjafasirt ‘y
e Nyelvi informacio integracioja pid

e EszkOz a valoszinlsegi modellek
Keretrendszere

e valoszinuség mint informacio
e valszam mint logika

e neuralis variabilitas
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A vizualis feldolgozas hierarchiaja

PFC

o AZt gondOIjUk, hogy Van, részben currentvisul task instructions behavior, planning
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objects, categories

* Hubel és Wiesel 6ta minden gyanus
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egy kICSIt s::r’nplex shapes.objectcomfnents
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e Aztis gondoljuk, hogy az egész egy —
generativ modell c“:
O

V2
figure/ground,
illusory contours

® Természetes képek statisztikaja w  \)g=

* Top-down és bottom-up folyamok mnarce conae+ 7 ©
i nteg réCiéj a luminance contrast o
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e Unconscious inference

e Sampling from the posterior
(and prior)
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Hogy allunk V1-(simple cell-)modellekkel?

¢ QOlshausen-Field modell
e (Gabor-szUrok

e sparse eloszlas az
egyutthatok folott

* |[ndependent
Component Analysis

e GSM
e folytonos keverék
e kontrasztinvariancia

e divisive normalisation
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Mi van foljebb?

e Freeman és tsai: texturak V2-ben

e Karklin és Lewicki: a simple sejtek kovarianciaja latensek
kombinaciojabdl épul fel (komplex sejtek)

e &s még sokan masok
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Convolutional Neural Network

Deep Belief Network,

Machine learning megkozelitések

e Adja magat a hierarchikus
sztochasztikus neuralis halo
¢ Deep Boltzmann Machine,
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fejez ki egy valtozo



Top-down hatasok

e Az objektumok (alakzatok)
percepcioja visszahat az
alkotoelemek jelenlétének
erzekeléesére

o (Gestalt-elvek

e folytonossag idoben és
terben

e |lluzorikus konturok

e ¢lt latunk ott is, ahol a
stimulusban nincs, de a kép
ertelme alapjan van




Komponensmodell
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K
p(v]g) =N(@;0,» g;C;)
j=1

p(z | v,2) = N(x; 2Av, 0, 1)

a

Gestalts are learned from data as covariance components Ci...x

Coefficient variables of covariance components, g, are generated from Gamma priors
The global contrast variable, z, is also generated from a Gamma prior

Linear filter set A transforms V1-level variables, v to pixels, x, adding independent
observation noise



Mintak a poszteriorbOl

e Gibbs sampling

X

N
2 »2 K
p(v| @, g,2) = N (U; U—Cv|x,g,zAT$70v|x,g,z) ; Cle,g,z = (%ATA + (Z %’Cj) )

e Conditional g and z activations can be sampled by MCMC schemes

I K K —1
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logp(g | z,v,z2) ~ ~5 log <det (Z ng’j>> 4ol (Z ng]) v| + logp(g)
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A parameterek tanulasa

¢ |terative stochastic generalised expectation maximisation
e (Collecting L samples with Gibbs sampling as E-step
e Reparametrise with Cholesky components to ensure validity of covariance matrices

K
CU = ngUgUk
k=1

e (Gradient of the complete-data log-likelihood over N observations

oL %Tr Dlogp(al, !, g | U k) 9C!
0 [Uk]zj 1—1 acql) 0 [Uk]z’,j_

e (Gradient descent as generalised M-step

new old oL
[Uk]i,j — [Uk]z’,j | Ea[Uk]i,j



Tanulas szintetikus adatokon - példa

Component 1 at step 1 Component 1 at step 2 Component 1 at step 3 Real component 1

Real component 2

Component 3 at step 1 Component 3 at step 2 Component 3 atstep 3 Real component 3

N

Samp cov w. for comp. iSamp coy w. for comp. 1 Real hidden variable covariar



Unit matrices init

Tanulas szintetikus adatokon

Individual parameters summed parameters Learning curve

RMS error

0.05 r g T{-

1

Estimated value

CD pre-training

01223456 7
Truevalue | o |earned True value Timestep
< nitial - (s 0.2

0.15
0.1

RMS error

0.05 :

Estimated value




Jobb kiinduloallapot keresése

e Kobzelitd modell

restricted boltzmann
machine a rejtett
rétegekbol

contrastive
divergence tanulas

kovarianciakomponen
sek a tanult sulyokbdl

sokkal gyorsabb
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A modell tesztelése illuzorikus konturokkal

e Stimulaljuk egy kovarianciakomponens

receptiv mezejének egy részét ‘ /\ ,

e A nem kOzvetlenul aktivalt, de ahhoz egy L A
komponensen keresztll kapcsolodo rész
felel meg az illuzérikus konturnak “

stimulated confound stimulus

Stimulus
e To compare model responses to
experimental results with IC a test
stimulus is constructed
e | eft: mean stimulus in the v space
e Right: receptive field of one of the
covariance components in the v space \

gestalt-activated receptive field of g



Tuzelesi ratak
¢ Alternating sampling from v and g conditioned on the
observation, starting with v

¢ Non-stimulus-evoked activity in v follows the activation of
higher-level areas
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Aktivacio sorrendje

(c). V28 (n = 39) (a). V18 (n = 49)

(d)

Neural Response to Squares, real or illusory

Neural Response to lilusory Contour Neural Response 1o lilusory Contour L
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e Lee & Nguyen (2001) report that the response to ICs
arrives with an additional latency of 55 ms compared
to real contours

¢ |n the model, rates of Gestalt-activated v units
increase 2-3 Gibbs steps later

e Membrane potential autocorrelation typically
diminishes after 20 ms, taking this as the duration of
a sampling step, the model predicts 40-60 ms latency
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Variancia

e Within-trial variance of stimulated and Gestalt-activated v units decrease in the model as

the g activation of the covariance component that has them in its receptive field increases

All samples High-g samples Low-g samples

(O - (O L (O L=
stim.  gestalt other stim. gestalt other stim. gestalt othet
e Haider et al. Neuron, 2010. C
) 0.35¢ * RS.
report that the spike train 03| % e
. g . . _ 025} *
reliability of V1 cells increase with % .l
3 }

non-classical RF activation when e % ;

0.1
added to classical RF stimuli. 005}

vm vm Spkaos Spikes

only stim. stim. + gest. CRF CRF+nCRF CRF  CRF + nCRF



Kovetkezo lépések

e Mintavéetelezés sok komponenssel
e Tanitas természetes képeken

e Osszevetés tovabbi adatokkal

Predicted correlations

¢ The model predicts that noise correlations increase with g activations

e Correlations appear between only congruently activated cells too ..
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Osszefoglalas

A vizualis reprezentacio felsobb szintjeirdl nagyon
keveset tudunk

A komponensmodell a Gestalt-elveket formalizalja
generativ probabilisztikus modellben

Inferencia megvalosithatdé Gibbs sampling
segitségével

A komponensek adatbdl tanulasa lehetséges EM-mel

llluzorikus konturokra adott atlagos valaszok
tulajdonsagai reprodukalhatok

Valaszvariabilitas egyes tulajdonsagai
reprodukalhatok



