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RECAP: role of priors

A fényirany
evidence

\ expectation

>

\ gorbulet  INference

P(feature | stimulus) oc P(stimulus | feature) x P(feature)

posterior: inference likelihood: evidence prior : expectations

features ~ neurons
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Bayes inferencia

Miert erdekes a poszterior eloszlas!?

(i Y= e Y=
stimulus perception action
inference
P(z|x) xP(x|z)P (z) M
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decision making

R(a) = /dzU(z,a)P(z\X)
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Neuralis valaszok
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Neuralis valaszok

Simple Cell
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Neuralis valaszok

V1 characteristic response

g -—

500 ms
Hubel & Wiesel, J Physiol 1968
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s (orientation angle in degrees)
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s (orientation angle in degrees)
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V1 spike train variability

50 100 150

Gur & Snodderly, Cereb Cortex 2006
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Receptiv mezo

0 - 0 _
r (degrees) 3  (degrees) Y
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Receptiv mezo tulajdonsagok

neural response

0

neural response

0
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Receptiv mezo tulajdonsagok
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Input:
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Unsupervised learning

T1,%2,...,7; Osszefoglalo néven: adat -
vizualis, auditoros, szoveg
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Unsupervised learning

Input:  z,25,...,2; Osszefoglalo neven: adat -
vizualis, auditoros, szoveg

Gol: P (x)
(Supervised learning:

InPUt: {$17y1}7{$27y2}7°"7{$tayt}
Gol: Pxly) )
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P (x) Bonyolult!

Miert is!?
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Unsupervised learning

Input:  z,25,...,2; Osszefoglalo neven: adat -
vizualis, auditoros, szoveg

Gol: P (x)

(Supervised learning:
Input: {21, y1} {@2, Y2}, - {@e, ye}
Gol: P(xly) )

P (x) Bonyolult!
Miert is?

EgyszerUsités: P (x) = P (x|z) P (z)
X
* az adatot a “‘z’-k tereben reprezentaljuk

e kategorizacio, dimenzio redukcio
e altalanosabban a feladat: predikcio, donteshozatal, kommunikacio
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Linearis modellek

P (x| z) = Normal (x;2,0) = C'exp ((:1: — AT (o — Az))
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Linearis modellek

P (x| z) = Normal (x;2,0) = C'exp ((az — AT (o — Az))

PCA
* A oszlopvektorai ortogonalisak
*D(x) =D(z)

* lzotrop zaj
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Linearis modellek

P (x| z) = Normal (x;2,0) = C'exp ((x — AT (o — Az))

PCA
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* lzotrop zaj
L2 L2 L2
° A A
1 M ¢ | ° .
N L S N et L
Il O (N * e * *
State space of two pixel images Random images Structured images

Statisztikus tanulas az idegrendszerben http://golab.wigner.mta.hu 18


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

Linearis modellek

P (x| z) = Normal (x;2,0) = C'exp ((x — AT (o — Az))

r=A -z+c¢€
PCA
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* D(x) = D(z)
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PCA tulajdonsagok

e Kompakt kodot eredményez

e Egy adatpont (kep) leirasaért altalaban a teljes halozat
felel
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Marginalis statisztika

logarithmic scale
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p(log(pixel value))

Marginalis statisztika

5 6 7 8

log-pixel value

http://golab.wigner.mta.hu

21


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

Statisztikus tanulas az idegrendszerben

p(log(pixel value))

Marginalis statisztika

true
Gaussian

6 7

log-pixel value
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Ruderman, 1994
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Pixel korrelaciok
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normalised correlation

Pixel korrelaciok
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normalised correlation

Pixel korrelaciok
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Magasabb rendu korrelaciok: ritkasag
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Sparse kodolas, ICA

e “z"-k fuggetlenek
e y priorja “ritka”( P(z) )
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Sparse kodolas, ICA

r=A-z+e¢€
e “z"-k fuggetlenek
e y priorja “ritka”( P(z) )
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Sparse kodolas, ICA

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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Sparse kod tanulasa: E-M

Algoritmus:
* [taracio EM lepesekkel
e Random kezdeti feltetelek

* Adott konnektivitasi matrixnal az aktiviasok segitsegevel a koltseg
minimalizalasa
* Adott aktivitasokkal a koltseg minimalizalasa a sulyok adaptalasaval
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Sparse kod tanulasa: E-M

Algoritmus:

* [taracio EM lepesekkel

* Random kezdeti feltetelek

* Adott konnektivitasi matrixnal az aktiviasok segitsegevel a koltseg
minimalizalasa

* Adott aktivitasokkal a koltseg minimalizalasa a sulyok adaptalasaval

Adott konnektivitasi matrix eseten a legjobb aktivitasok megtalalasa:

A i

O
J
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A i

O
J
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Sparse kodolas: eredmeny

tréningezes termeszetes kepekkel
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Tanulas és stimulus statisztika
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Tanulas és stimulus statisztika

Statisztikus tanulas az idegrendszerben

Sparse gratings

W EN

Sparse gabors
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Tanulas és stimulus statlsztlka

a  Sparse pixels

¥ NE

\\ lI&.’a:M
VEAVIE

b Sparse gratings

W EN

SAGAEMD K
SNEEENEE
N 8 ) —— SAEENMEEE

SUEEERT =

¢ Sparse gabors
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Magasabb rendu korrelaciok: ritkasag
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Generativ/rekognicios modell
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Generativ/rekognicios modell

Z
szitudcié / kornyezet
ne) (}é‘g 8( % [® < 5
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objektumok

P

objektum elhelyezkedése |

méret, hely, helyzet, vilagitas

P

objektum tulajdonségai |

élek, feltileti mintazatok

P

stimulus
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Generativ/rekognicios modell

Z
szitudcié / kornyezet
ne) (}é‘g 8( % [® < 5
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objektumok =1

< - T g

. > |2
objektum elhelyezkedése | = A
méret, hely, helyzet, vildgitas = 12
®

objektum tulajdonsagai | o ?3
élek, feliileti mintdzatok Y

P

stimulus
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Generativ/rekognicios modell

szitudcié / kornyezet

= =

objektumok

P

objektum elhelyezkedése |
méret, hely, helyzet, vilagitas
objektum tulajdonségai |
élek, feltileti mintazatok

P

stimulus
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Generativ/rekognicios modell

szitudcié / kornyezet

= =

objektumok

P

objektum elhelyezkedése |

méret, hely, helyzet, vilagitas

P

objektum tulajdonségai |

Modell definicio -> rekognicio:

élek, felileti mintazatok P (z]2)

P

stimulus

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

33


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

Generativ/rekognicios modell

szitudcié / kornyezet

= =

objektumok

P

objektum elhelyezkedése |

méret, hely, helyzet, vilagitas

P

objektum tulajdonségai |

Modell definicio -> rekognicio:
P (zz)

.' Inferencia igenye -> rekognicio:
stimulus P (z|z)

élek, feltileti mintazatok
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Statisztikus tanulas az idegrendszerben

Independens komponensek

BN

http://golab.wigner.mta.hu
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Independens komponensek

Baboon Flowers White noise

Schwartz & Simoncelli, 2001
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Gaussian Scale Mixtures

Q? P(x|ly) = ./\/'(X;Ay,ail)

y = zu
P(u) = N(u;0,C)
P(z) = Gammal(z;k,0)

image
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linear features

Gaussian Scale Mixtures

P(xly) = N(x;Ay, o)

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

ha)
£«
|

image
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Gaussian Scale Mixtures

2
9 P(xly) = N(x;Ay,o:l)
y = zu
P(u) = N(u0,C)
P(z) = Gammal(z;k,0)
image = aq feature; + as features + ... + a featurey

linear features

image
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Gaussian Scale Mixtures

P(xly) = N(x;Ay, o)

y = zu
P(u) N(u;0,C)
P(z) = Gamma(z;k,0)

o

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

image
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Gaussian Scale Mixtures

P(xly) = N(x;Ay, o)

y = zu
P(u) N(u;0,C)
P(z) = Gamma(z;k,0)

o

linear features

image = contrast X (a1 feature; + a- features + ... + ay featurey  + noise)

var (Li|L,)=wL>+ o°
Li

R1 —
2
WL%+G

var (L;iI{L;, j&N}) :Z WjiL§+ o’
L

= Z & 2 2
image 2. wilito
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N
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Mean firing rate
N
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Mean firing rate

N
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Mean firing rate
N
o

o

Neuralis adatok és GSM

Cell Model
(Skottun et al., 1987)
Contrast:
=(0.8
=0.2
0.05
50 0O 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
A 01
e (0.2
.01 0.1 1 .01 0.1 1

Signal contrast

Signal contrast

Schwartz & Simoncelli, 200

Statisztikus tanulas az idegrendszerben

a < .,

(Cavanaugh et al., 2000)

e
© 80
()}
£
= 40
C
3]
(0]
= 0
0.03 03 1
Signal contrast
b .
© 80
()]
£
= 40
3]
(0]
=

0
0.03 0.3 1
Signal contrast

http://golab.wigner.mta.hu

Model
Mask contrast:
m No mask
A 0.13
e 0.5
0.03 0.3 1

Signal contrast

Mask contrast:

m No mask
A 013
e 0.5

0.03 03 1
Signal contrast

Mask  Signal

\

Mask  Signal

==

VA
VA

1)
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