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Bayes inferencia

Miert erdekes a poszterior eloszlas!?
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Bayes inferencia

Miert erdekes a poszterior eloszlas!?

[ stimulus ) [perception) [ action )
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Miert erdekes a poszterior eloszlas!?

) )
[ stimulus ) {>( perception ) {>( action )

inference
P(z|x) xP(x|z)P (z)
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Bayes inferencia

Miert erdekes a poszterior eloszlas!?

) )
[ stimulus ) {>( perception ) {>( action )

inference

P(z]x) xP(x|z)P(2) clecisionV making

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

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


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

Independent Component Analysis

P (z|z) = Normal (x; z,0) = Cexp ((ZE — AN T (2 — Az))

P(z)
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Neuralis valaszok

S ~T
Encoding:
Plrls
Decoding:
ecoding Plr|s|Ps
Plslr] = =57

For binary discrimination:

Plsi|r] =

Plr|si| P|s1]

Pr|si| P

Pr]

51]

Plr|si|Plsi|+ P

7| s2] P [s2)
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Linearis dekodolas

For binary discrimination:

Plsi|r] =

Plr|si| Psi]

Plr|si| P

Pr]

51]

Pr|si|Plsi|+ P

7| s2] P [s2]
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Linearis dekodolas

For binary discrimination:

Plsi|r] =

Plr|si| Psi]

Plr|si| P

Pr]

51]

Pr|si|Plsi|+ P
1

7| s2] P [s2]

T 1+ exp(—

= o(a)

a)

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

12


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

Linearis dekodolas

For binary discrimination:

Plr|si| Psi]

P [81 |7“] — 2 [r] —
Plr|si] P|s1]
Plr|si] Psi]| + Plr|sz] P|s2]
1
~ 1+exp(—a) 7(e)

a = In il T 81 P 51
Pr|sa| Plsa
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Linearis dekodolas

For binary discrimination:

Plr|si| Psi]

P [81 |7“] — 2 [r] —
Plr|si] P|s1]
Plr|si] Psi]| + Plr|sz] P|s2]
1
~ 1+exp(—a) 7(e)

a = In P T 81 P 51
Pr|sa| Plsa

In the case of Gaussian noise on responses:

Plr|s1] =N(r;u, %)
w =" (1 — pi2)

Discrimination is linear:

Plsi|r] = o(w'r + wo)
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Linearis dekodolas

Discrimination is linear:
Plsi|r] =o(w'r+ wp)

sy

1

w0:§lﬁ
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Poisson process: In any given time window A the probability of firing is
determined by the firing rate
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N €Xp(—A)
k!

P|N|s] =\
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Tolhurst et al (1983) Vision Res

Poisson process: In any given time window A the probability of firing is
determined by the firing rate

P [N ‘ S] _ )\N eXP(_)\) mean[P [N | SH — )\
& Var[P [N | s]] = A

Homework: prove that we will obtain a linear decoder if the response noise is Poisson
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Neuralis valaszok

V1 characteristic response

g -—

500 ms
Hubel & Wiesel, J Physiol 1968
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V1 characteristic response
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Hubel & Wiesel, J Physiol 1968
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Neuralis valaszok

V1 spike train variability

0 50 100 150

Gur & Snodderly, Cereb Cortex 2006

s (orientation angle in degrees)

E[P(r[s)] = f(s)
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Bayes inferencia neuronhalozatokkal: PPC

V| orientacio-szelektiv neuronok
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V| orientacio-szelektiv neuronok

>

Mmean
response
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Bayes inferencia neuronhalozatokkal: PPC

V| orientacio-szelektiv neuronok

A
c & ( a neuronok azonban zajosak:
(4] o) ’ oo .e 7
£ 2 \ az ,atlag koryl az zlltlaggal.
S - 4 aranyos variabilitas van jelen
>

orientation
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Bayes inferencia neuronhalozatokkal: PPC

V| orientacio-szelektiv neuronok

( a neuronok azonban zajosak:
\ az atlag korul az atlaggal
_ "4 aranyos variabilitas van jelen
>

orientation

>

Mmean
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cel: orientacio becslese
megfigyelt valtozok: r={r1,72,...7n}

nem megfigyelt valtozo: S

Bayes: P(s|r) oc P(r|s) P(s)
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Probabilistic Population Codes

e Neuralis zaj varianciaja aranyos az atlagos aktivitassal:
Poisson zaj
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Probabilistic Population Codes

e Neuralis zaj varianciaja aranyos az atlagos aktivitassal:
Poisson zaj

e Likelihood alakja:
e_fi(s)fi S Ty
P(r|s) = H (5)

?”7;!

1
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PPC: Multiszenzoros integracio

25
320-
C1 S 157
&) 10+ 25
5| 20 _
0% og3—g1+gz

N
o
Activity
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90
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—_
O 01 O O,

@)
N
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O
Activity
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N
Activity

PPC: Multiszenzoros integracio

25

20

15

10' 25

5| 20 _

0% og3—g1+gz

Activity

— ok
S U o’

25 _
4- Pirls) =]
15} 90 L
10+ Preferred stimulus

5t
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PPC: Multiszenzoros integracio

25
22|
C;2 7|
1<LE> 10 25
5)g 20 _
03 £ 15 0o B=G*9: (s)
3 —fi(s) £. T
25 212 P(I‘|S):||6 ’ f@(s)z
>20- 0) S T!
c. £15f 90 i ¢
2 E, 10t Preferred stimulus
5 \
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PPC: Multiszenzoros integracio

25
22
C, 2
é:) 10+ 25
97 >, 20 g;=9,+9
45 90 135 s 12 °
Preferred stimulus O
_ <C
25 5 P(r|s) = | |
>520 0 -
C *g 15 90 135 1
2 E, 10 Preferred stimulus
5 \

111
c; O O3
o o
W3 = —H1+ 5 Ho
‘403 0%+63
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Receptiv mezok

Stimulus is not orientation or any other simple stimulus feature
rather a 2D image (sequence)

Dayan & Abbott (2000) Theoretical
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Receptiv mezok

Stimulus is not orientation or any other simple stimulus feature
rather a 2D image (sequence)
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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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® image model
® consequence of the representation of prior
¢ stimulus-dependence of variability

e stimulus dependence of covariability of multiple neurons
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inference and uncertainty

?(al, as,...,ay |image, CZ X F(al, ag,...,aN | CZ x P(image|aq, as, ..., an, C|)

posterior prior sensory evidence

Statisztikus tanulas az idegrendszerben Orban Gergo 33



inference and uncertainty

?(al, as,...,ay |image, CZ X P(al, ag,...,aN | CZ X ?(imageml, as,...,an, C|Z

posterior prior sensory evidence

P(contrast|image)

\

low high
contrast
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inference and uncertainty

?(&1,&2, ...,ay |image,c) P(al,ag, ...,an |c) x P(imagelay, as, . . . ,a,N,CIZ

J/ J/ \

Vo Vo TV
posterior prior sensory evidence

P(contrast|image)

pgsterior

a2

—_— 0 low high
al contrast
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inference and uncertainty

?(al,az, ...,ay |image,c) F(al,ag, ...,an |c) x P(imagelay, as, . . . ,a,N,CIZ

4 4 \ .

' Vv TV
posterior prior sensory evidence

P(contrast|image)

prior
a9 pgsterior \
al contrast
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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

posterior, high
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Stimulus onset quenches neural variability

blank posterior, high posterior, blank
0.1 h .

0.5 o 0.5 }
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Stimulus onset quenches neural variability

blank posterior, high posterior, blank prior
0.1 h -

0.5} : . 0.5 ) 0.5 .
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high e hagts Do fpead sl e e ted
ish contrast Gy Famed,
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MODEL

EXPERIMENT

Stimulus onset quenches neural variability

P (c]x)
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Fano factor
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Orientation-dependence of response statistics

251

201

—~ 15}

> 1o}
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Orientation-dependence of response statistics

-90 = -45

0
orientation (deg)
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45 90

orientation has a big impact on response mean
however, N0 change in uncertainty Is expected

no significant change in variance is expected in
membrane potential

3
2
N S 2l v e
5 £
D
: @
i 1
0
-90 -45 0 45 90 -90 30 0 30 90
orientation (deg)

orientation (deg)

Finn et al, Neuron 2007
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Orientation-dependence of response statistics

orientation (deg)

—
c
=1
Q
o
)

=
o
(2]

Statisztikus tanulas az idegrendszerben

— mean
——variance

0

45
orientation (deg)

orientation has a big impact on response mean
however, N0 change in uncertainty Is expected

no significant change in variance is expected in
membrane potential

2

~ S22l
5 E
< .—./.\.~. E '/m
; 7
B 1

0 0

-90 -45 0 45 90 -90 30 0 30 90

orientation (deg) orientation (deg)

Finn et al, Neuron 2007

spike count variance increases with firing rate

Fano factor is still expected to be

iIndependent of orientation
15
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Contrast-dependence of response statistics

e contrast has fundamental effect on mean: decreased contrast results in decreased mean

e decreased contrast results in increased uncertainty
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s.d. low contrast (mV)
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Finn et al, Neuron 2007
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Non-classical RF dependence of response statistics

®* non-linear interaction between with- e uncertainty is affected by extra
receptive field and extra-receptive field information
stimulation

20f o0 30 om0 — CRF+nCRF
N \
o i o
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2 2
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o 101 o 15
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Haider et al, Neuron 2010
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® image model
® consequence of the representation of prior
¢ stimulus-dependence of variability

e stimulus dependence of covariability of multiple neurons

Statisztikus tanulas az idegrendszerben Orban Gergo 39



Learning and correlations structure

P(responses | stimulus) o P(stimulus | responses) X P(responses)
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Learning and correlations structure

P(responses | stimulus) o P(stimulus | responses) X P(responses)
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Learning and correlations structure

P(responses | stimulus) o P(stimulus | responses) X P(responses)

prior
correlation

signal
correlation

posterior
correlation
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Learning and correlations structure

P(responses | stimulus) o P(stimulus | responses) X P(responses)

prior
correlation

signal
correlation

posterior
correlation

. 1
e~ 1 (Sm0+ Sa0i o)

t L2 2 2|
O
5
5 of
3
()
S
Q0
- 2|
=

-2 0 2
membrane potential, neuron 1
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Relationship between various forms of correlations

signal vs. spontaneous  signal vs. noise

correlation . correlation
0.06 — 0.04 —
o
A JAN m
< <C
90 0.03 Qo 0.02
v v
m
ol 0
rsignal< 0.5 rsignal> 0.5 rsignal< 0.5 rsignal> 0.5
0.06 S S 0.04 . S
A A
< <
€ 0.03 c~: W 0.02
v v b
ol ° 0
rsigna|< 0.5 rsignal> 0.5 rsigna|< 0.5 rsigna|> 0.5

Statisztikus tanulas az idegrendszerben Orban Gergo 41



