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e Mit mondhatunk az agy altal hasznalt modellrol?
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¢ —0
* A oszlopvektorai ortogonalisak
*D(x) = D(z)

Statisztikus tanulas az idegrendszerben http://golab.wigner.mta.hu


http://people.brandeis.edu/~ogergo

Principla component analysis

r=A-z+¢€
)(Iineéris) filterek
AL A M AN IO
RADEERED
KHMAESEE=W
X = X 21+ X ZH +
PCA
e c— 0
* A oszlopvektorai ortogonalisak
* D(x) = D(z)

Statisztikus tanulas az idegrendszerben http://golab.wigner.mta.hu 9


http://people.brandeis.edu/~ogergo

Statisztikus tanulas az idegrendszerben

p(log(pixel value))

Marginalis statisztika

true
Gaussian

6 7

log-pixel value

http://golab.wigner.mta.hu

Ruderman, 1994

10


http://people.brandeis.edu/~ogergo

Statisztikus tanulas az idegrendszerben

normalised correlation

Pixel korrelaciok
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Independent component analysis

* “z”-k fuggetlenek
e y priorja “ritka”( P(z) )
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Independent component analysis

r=A-z+e¢€
* “z”-k fuggetlenek

e y priorja “ritka”( P(z) )
Komputacios kritériumok:

o Hiteles rekonstrukcio
koltseg egy adatpontra (képre):

2
cost; = (m — Z Al Zz)
;

o Kis “energiafelhasznalas (keves szimultan aktiv neuron)
tovabbi koltseg a kod “ritkasaga”:

costo = — ZS (%)

S a Gauss-nal nagyobb kurtozissal biro eloszlas

o teljes koltseg (~energia): E = —cost; — Acosts
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Tanulas és stimulus statisztika

c Sparse gabors

NaEn
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Tanulas és stimulus statlsztlka

a  Sparse pixels
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b Sparse gratings
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Independens komponensek

Baboon Flowers White noise

Schwartz & Simoncelli, 2001

Statisztikus tanulas az idegrendszerben http://golab.wigner.mta.hu

18


http://people.brandeis.edu/~ogergo

Independens komponensek

Baboon Flowers White noise

Schwartz & Simoncelli, 2001

var(y; | y,) = wy; + 6°
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Y1
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Independens komponensek

Baboon Flowers White noise

-

Schwartz & Simoncelli, 2001

var(y; | y,) = wy; + 6°

amennyiben y; aktivitasat normalizaljuk
2
Y1
wys + 62

R1:

akkor a fugges eliminalhato
2

1 4 1 4 ’ V 4 LX) V 4 ° ° y.
feltetelezes: analog modon tobb masik sejtre: R; = :
ZJ- w;iy7 + o*
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Baboon Flowers White noise

-

Schwartz & Simoncelli, 2001

var(y; | y,) = wy; + 6°

amennyiben y; aktivitasat normalizaljuk

)
V1
wys + 62

R1:

diviziv nomarlizacio

akkor a fugges eliminalhato /-

2

1 4 1 4 ’ V 4 LX) V 4 ° ° y.

feltetelezes: analog modon tobb masik sejtre: R; = :
j I 18
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Scale Mixtures of (Gaussians and the
Statistics of Natural Images

Martin J. Wainwright Eero P. Simoncelli
Stochastic Systems Group Ctr. for Neural Science, and
Electrical Engineering & CS Courant Inst. of Mathematical Sciences
MIT, Building 35-425 New York University
Cambridge, MA 02139 New York, NY 10012
mjwain@mit. edu eero.simoncelli@nyu.edu
Abstract

The statistics of photographic images, when represented using
multiscale (wavelet) bases, exhibit two striking types of non-
Gaussian behavior. First, the marginal densities of the coefficients
have extended heavy tails. Second, the joint densities exhibit vari-
ance dependencies not captured by second-order models. We ex-
amine properties of the class of Gaussian scale mixtures, and show
that these densities can accurately characterize both the marginal
and joint distributions of natural image wavelet coefficients. This
class of model suggests a Markov structure, in which wavelet coeffi-
cients are linked by hidden scaling variables corresponding to local
image structure. We derive an estimator for these hidden variables,
and show that a nonlinear “normalization” procedure can be used
to Gaussianize the coefficients.
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Gaussian Scale Mixtures

Oe P(xly) = N(X;Ay,ail)

° P(u}; : /Z\/lzu;O,C)
° P(z) = Gamma(z;k,0)

image
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Gaussian Scale Mixtures

°° P(xly) = ./\/'(X;Ay,ail)

° P(u}; : j\flzu;O,C)
° P(z) = Gamma(z;k,0)

linear features

image
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Gaussian Scale Mixtures

: 1m —
linear features age

image
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P(xly) = N(x;Ay, o)
y = zu
P(u) = N(u;0,C)
P(z) = Gamma(z;k,0)

aq feature; + a- features + ... + a featurey

http://golab.wigner.mta.hu
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Gaussian Scale Mixtures

°° P(xly) = WN(x;Ay,o2])

O D
P(u) N (u;0,C)
Gamma(z; k, 0)

i,
—~
A\
~—
|

o

linear features Image = contrast X (CL1 feature; + ao features + ... + a featureny  + noise)

image
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Neuralis adatok és GSM

Cell Model
(Skottun et al., 1987)
Contrast:
= 0.8
= 0.2
0.05
50 0 50 -100 _ O 100
Orientation Orientation
Cell Model
(Bonds, 1989)
= = single
grating
== mask
grating
-100 0 100 -100 0 100
Grating orientation Grating orientation
Cell Model
(Bonds, 1989)
Mask
contrast:
m 0.05
4 0.1
e (0.2
.01 0.1 1 .01 0.1 1

Signal contrast

Signal contrast

Schwartz & Simoncelli, 200
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Cell

(Cavanaugh et al., 2000)
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Egyrétegl modellek: filter korrelaciok

Valtozok a korrelacios strukturat kodoljak

.- e e | S ¢ . .1
AR AR ARYOES
NN NN NN
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Egyrétegl modellek: filter korrelaciok
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Egyrétegl modellek: filter korrelaciok

™
"

c Orientation Phase
(ref.4) (ref.2)
1
o)
-§ /\
(o)
£
[0)
O L 1 J
0 50° 0° —50° 0° 180° 360°
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ﬁ <10M Latency
(IT representation)

A B
STP, AIT ~100 ms
~16 M
Runy  pem)
7a STP, CIT ~90 ms
~17 M
1
LIP }lST FST PIT ~80 ms
~36 M
o1 ~15 M (V4 representation)
}AIP PO | | mT ~70ms
[P | [_wa I
~29 M (V2 representation)
~60 ms
Retina LGN ~37 M (V1 representation)
~50ms
~190 M
~1 M (LGN representation, ~
Lan & g ) 40ms

Retina Q ~1M (RCG representation)
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Linearis modellek

X=Az+eps
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Linearis modellek

V1 receptive mezOk:

e orientalt
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e |okalizalt
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V1 receptive mezOk:

e orientalt

® sgvatereszto

e |okalizalt
X=Az+eps

X=C(Az)+eps
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Linearis modellek

V1 receptive mezOk:

e orientalt

® sgvatereszto

e |okalizalt
X=Az+eps

V1 stimulus-fuggés

()bjektum tulajdonségai | ® kontraszt invariancia
o extra-klasszikus

élek, feliileti mintazatok receptiv mezék

P

stimulus X=C(Az)+eps
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Gerg6 Orban -

Gauging V2 responses so far

gratings

contours

angles

other forms of second order stats

border ownership

http://golab.wigner.mta.hu/
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THE COBELINC CLUTTONS

ONCE JPON A TIME, WALDC

ENBARKED UPON A FANTASTIC

JOURNEY. FIRST AMONG A

THEONC OF COBELING SLUTTONS,

HE MET WIZARD WHITEEEAKD WHLU
COMMADED RN TOFIND A SCROLL AND
THENTO FND ANOTER AT EVERY STAGE CF
HISTOURNEY. FOR WHEN HE HAD FOUND

12 SCROLLS, HE WOULD UNDERSTAND T'HE
TRUTH ABOUT [uMSIL

INEVERY PICTUBRE FIND WALLO WOOF [FU'Y
ALL YOU CAN SEE IS HIS TAILL WENDA, WIZARD
VHITEBEARD, CDLAW AND THE SCHOLL. [H-N
FIND MALDCYS KFY, WOOF'S BONE (IN THS SCENE
ITS THE BONE THATS NEAREST TO HIS TAILL
WERDAS CAMERA, AND ODLAW S BINCCLLAKS
¥ 4 o o S
THERE ARE ALSO 25 WALDO WATCHEES, EACH OF
WHOM AFFEANS LINLY ONCE SOVEWHERF IN
THE FCLLCWING 12 PICTURES, AND ONE MORE
THING! CAN VOU FIND ANOTHIF CHARACTES,
NOT SHOWN HELOOW WEO APPEARSONCE N
EVERY PICTURE EXCEPT THE LAST?
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% International Journal of Computer Vision 40(1), 49=71, 2000

(© 2000 Kluwer Academic Publishers. Manufactured in The Netherlands.

A Parametric Texture Model Based on Joint Statistics
of Complex Wavelet Coefficients

JAVIER PORTILLA AND EERO P. SIMONCELLI
Center for Neural Science, and Courant Institute of Mathematical Sciences, New York University,
New York, NY 10003, USA
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Learning about the stats of an image

e Registering the responses of linear filters (simple cells)
e Registering the responses of energy filters (complex cells)

e Marginal statistics: variance, kurtosis, skewness
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Learning about the stats of an image

e Registering the responses of linear filters (simple cells)
e Registering the responses of energy filters (complex cells)

e Marginal statistics: variance, kurtosis, skewness

e Registering correlations between orientations
e Registering correlations between spatial frequencies

e Registering correlations across positions
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Synthetic textures
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nature
Ncuroscicnce

Metamers of the ventral stream

Jeremy Freeman! & Eero P Simoncelli' 3

The human capacity to recognize complex visual patterns emerges in a sequence of brain areas known as the ventral stream, beginning
with primary visual cortex (V1). We developed a population model for mid-ventral processing, in which nonlinear combinations of V1
responses are averaged in receptive fields that grow with eccentricity. To test the model, we generated novel forms of visual metamers,
stimuli that differ physically but look the same. We developed a behavioral protocol that uses metameric stimuli to estimate the
receptive field sizes in which the model features are represented. Because receptive field sizes change along the ventral stream, our
behavioral results can identify the visual area corresponding to the representation. Measurements in human observers implicate visual
area V2, providing a new functianal account of neurons in this area. The model also explains deficits of peripheral vision known as
crowding, and provides a quantitative framework for assessing the capabilities and limitations of everyday vision.

size (deg)

Receptive field

0 S5 10 15 20 25 30 35 40 45 50
Receptive field center (deg)
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ARTICLES

nawre
NncurosCicncec

A functional and perceptual signature of the second
visual area In primates

Jeremy Freeman’>7, Corey M Ziemba'->, David ] Heeger'-%, Eero P Simoncelli’ %° & J Anthony Movshon!%°

There is no generally accepted account of the function of the second visual cortical area (V2), partly because no simple response
properties robustly distinguish V2 neurons from those in primary visual cortex (V1). We constructed synthetic stimuli replicating
the higher-order statistical dependencies found in natural texture images and used them to stimulate macaque V1 and V2
neurons. Most V2 cells responded more vigorously to these textures than to control stimuli lacking naturalistic structure; V1 cells
did not. Functional magnetic resonance imaging (IMRI) measurements in humans revealed differences between V1 and V2 that
paralleled the neuronal measurements. The ability of human observers to detect naturalistic structure in different types of texture
was well predicted by the strength of neuronal and fMRI responses in V2 but not in V1. Together, these results reveal a particular
functional role for V2 in the representation of natural image structure.
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V2 responses to Portilla textures
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V2 responses to Portilla textures
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fMRI responses to Portilla textures
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The mechanical Turk challenge
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The mechanical Turk challenge
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Representational untangling

Opinion TRENDS in Cognitive Sciences Vol.11 No.8 Full text provided by www.sciencedirect.com

ScienceDirect

R

Untangling invariant object
recognition

James J. DiCarlo and David D. Cox
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Representational untangling in the visual system

Texture family
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Bayesian inference
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contrast

O

linear features

expectation

neural activities
[ a1, az, ..., an]

evidence

Image

image = contrast X (a1 feature; + a- feature, + ... + a, featureyn ) + noise

Gerg6 Orban |



Bayesian inference

contrast

O

linear features

expectation

neural activities
[ a1, az, ..., an]|]

evidence

Image

image = contrast X (a1 feature; + a- feature, + ... + a, featureyn ) + noise

, \Z
P(image|ay, as,...,an,C)

\ . J/
V

sensory evidence

Gerg6 Orban |



Bayesian inference

contrast

O

linear features

expectation

neural activities
[ a1, az, ..., an]|]

evidence

Image

image = contrast X (a1 feature; + a- feature, + ... + a, featureyn ) + noise

. , \Z
P(ay,as,...,an |image, CZ X F(al, ag,...,aN | CZ X F(lmage|a1, as,...,anN, CZ
pos;grior p;iror sensory\gvidence

Gerg6 Orban |



Bayesian inference
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traditional theories

e.g. Olshausen & Field, Nature 1996,
Schwartz & Simoncelli, Nat Neurosci
2001

mean response ~ maximum a posteriori inference
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inference and uncertainty
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Stimulus-dependence of variance

?(al, as,...,ay |image, CZ X F(al, ag,...,aN | cz X F(image|a1, as,...,an, CZ
pos;grior p;i:)r sensorytvidence

Orbadn et al (2016) Neuron
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Stimulus-dependence of variance
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Stimulus-dependence of variance
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Stimulus-dependence of variance
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Stimulus-dependence of variance
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® image model
® consequence of the representation of prior
e stimulus-dependence of variability

e stimulus dependence of covariability of multiple neurons
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Stimulus onset quenches neural variability
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Stimulus onset quenches neural variability
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Stimulus onset quenches neural variability
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Stimulus onset quenches neural variability
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Response statistics in a simple model of natural images

linear features (y) contrast (c)

27 02 2019, CBL | Stimulus complexity shapes response correlations in primary visual cortex | 56



Response statistics in a simple model of natural images

linear features (y) contrast (c)

P(y | x) = JP()’ | x,¢)P(c | x)dc

27 02 2019, CBL | Stimulus complexity shapes response correlations in primary visual cortex | 56



Response statistics in a simple model of natural images

linear features (y) contrast (c)

P(y | x) = JP(y | x,¢)P(c | x)dc

feature intensity #2

>
feature intensity #@

27 02 2019, CBL | Stimulus complexity shapes response correlations in primary visual cortex | 56



Response statistics in a simple model of natural images
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Response statistics in a simple model of natural images
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Response statistics in a simple model of natural images

linear features (y) contrast (c) stimulus onset
| 5 N \ mean MP Fano
@ @ O \ activity variance factor
C% prior posterior

decreasing contrast

V-0 =] 2wt 1

Increased uncertainty

orientation change
P(y | x) = [P(y | x,c)P(c | x)dc | mean MP Fano
\\ \\ activity variance ® factor ®
@ unaffected uncertainty

‘ non-classical RF
N MP SC response
(4 o ‘ reliabilityt sparsenesst deoorrelatior1

reduced uncertainty schwartz & Simoncelli Orbdn et al (2016)
> @ (2007) Nat Neuro Neuron
, , Churchland et al (2010) Nat Neurosci; Ecker et al (2010) Science; Finn et al
feature intensity # (2007) Neuron; Vinje & Gallant (2001) Science; Haider et al (2007) Neuro|n

27 02 2019, CBL | Stimulus complexity shapes response correlations in primary visual cortex

>

feature intensity #2



Response statistics in a simple model of natural images

linear features (y) contrast (c)

stimulus onset

] 5 N N \ mean MP Fano
O \ activity variance factor
@ C% @ prior posterior
o decreasing contrast
\\ \\ mean MP Fano
activity variance factor
Increased uncertainty
orientation change
P(y | x) = [P(y | x,c)P(c | x)dc \ mean MP Fano
\ \\ activity variance ® factor ®
unaffected uncertainty
C:t\l': A
%” ‘ non-classical RF
S o MP SC response
c reliability sparseness@ decorrelation
% reduced uncertainty schwartz & Simoncelli Orbdn et al (2016)
S . (2007) Nat Neuro Neuron
QL Churchland et al (2010) Nat Neurosci; Ecker et al (2010) Science; Finn et al

feature intensity #

(2007) Neuron; Vinje & Gallant (2001) Science; Haider et al (2007) Neuron
27 02 2019, CBL | | 5

Stimulus complexity shapes response correlations in primary visual cortex



Response statistics in a simple model of natural images

linear features (y) contrast (c) stimulus onset

\ mean MP Fano
' \ activity variance factor

prior posterior

decreasing contrast

V-0 =] 2wt 1

Increased uncertainty

orientation change

P(Y|X)=[P(Y|X,C)P(C|X)d0 s+ ™ meant MP ® Fano ®
marginal statistics only 'YW~ varance factor

% A

= ’ non-classical RF

< .\ d MP SC response

IS reliability sparsenessfl decorrelation

= | wartz & Simoncelli Orbdn et al (2016)

S . joint statistics? 07) Nat Neuro Neuron

2 , , eurosci; Ecker et al (2010) Science; Finn et al
feature intensity # (2007) Neuron; V/nje & Gallant (2001) Science; Haider et al (2007) Neuro|n

27 02 2019, CBL | Stimulus complexity shapes response correlations in primary visual cortex



