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e.g. Olshausen & Field, Nature 1996,
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sampling In perception
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sampling In perception

Necker cube

27 02 2019, CBL | Stimulus complexity shapes response correlations in primary visual cortex | 14



Quantitative consequences of sampling

Moreno Bote et al (2011) PNAS
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Quantitative consequences of sampling

Moreno Bote et al (2011) PNAS

® Different weighings of different modes of the posterior
iIntroduce systematic variations in sampling times

® Relative dominance of percepts can be predicted
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Quantitative consequences of sampling

Moreno Bote et al (2011) PNAS

N
-

percept A percept B

1 11 EBE
time (1 min)

® Binocularly projected moving grating images

® [he proportion of one or the other perceived in the
foreground is measured
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Quantitative consequences of sampling

Moreno Bote et al (2011) PNAS

® WO cues can be manipulated:
@ wavelength of the grating
@ Speed of the grating

® [he cues are affecting independently the dominance of
percepts — the weights of the modes
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percepts — the weights of the modes
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® WO cues can be manipulated:
@ wavelength of the grating
@ Speed of the grating

® [he cues are affecting independently the dominance of
percepts — the weights of the modes

A
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Moreno Bote et al (2011) PNAS

® WO cues can be manipulated:
@ wavelength of the grating
@ Speed of the grating

® [he cues are affecting independently the dominance of
percepts — the weights of the modes

N
M [ Yy 7%
@@ & Gy,
Cue 1:wave|ength Cue 2:speed
® Simultaneous presence of the two cues results in

combination of the probability distributions implied by
individual cues: £ = il

R+ A=R)A=F)
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Quantitative consequences of sampling

Moreno Bote et al (2011) PNAS
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Quantitative consequences of sampling

Moreno Bote et al (2011) PNAS [ s
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Quantitative consequences of samp\ing
Moreno Bote et al (2011) PNAS s
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Quantitative consequences of samp\ing
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Contextual modulation of posterior

® Ambiguity can be resolved by contextual cues

® Dwelling times can be drastically modulated

Schrater & Sundereswara, NIPS, 2007
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Contextual modulation of posterior

® Ambiguity can be resolved by contextual cues

® Dwelling times can be drastically modulated

Schrater & Sundereswara, NIPS, 2007
® Note: a much more delicate computation is happening here:

conditioning on the context, assessment of probabillity of perspective
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RECAP: role of priors

P(feature | stimulus) o< P(stimulus | feature) x P(feature)

posterior: inference likelihood: evidence prior : expectations

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

21


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

RECAP: role of priors

A light direction

>
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P(feature | stimulus) o P(stimulus | feature) x P(feature)

posterior: inference likelihood: evidence prior : expectations
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Full response statistics
prior expectations Inferences

spontaneous activity evoked activity
P(a) P(a|x)
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Full response statistics

P(a) = /daﬁP(a\X) P(x)

?
spontaneous activity = average evoked activity
P(a) P(a|x)
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* the stimulus statistics tested Is
appropriate
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spontaneous activity = average evoked activity
P(a) P(a|x)
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Measuring priors

® Structurred
® Adapted to the environmental statistics
® Depends on subjective experience

® [ask independence
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Motion illusions as optimal percepts
Weiss, Simoncelli & Adelson (2002) Nat Neurosci

http.//www.cs.huji.ac.il/~yweiss/Rhombus/rhombus.html

a

o

iIndependent pieces of evidence
(conditioned on the
movement of the object)
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Motion illusions as optimal percepts
Weiss, Simoncelli & Adelson (2002) Nat Neurosci

http.//www.cs.huji.ac.il/~yweiss/Rhombus/rhombus.html

a

b

iIndependent pieces of evidence
(conditioned on the
movement of the object)
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Motion illusions as optimal percepts
Weiss, Simoncelli & Adelson (2002) Nat Neurosci

http.//www.cs.huji.ac.il/~yweiss/Rhombus/rhombus.html

a

b

What kind of movements is the stimulus compatible with?
(which movements have high probabillity given the evidence?)

iIndependent pieces of evidence
(conditioned on the
movement of the object)
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Motion illusions as optimal percepts

Weiss, Simoncelli & Adelson (2002) Nat Neurosci

Likelihood Likelihood
Stimulus at location a at location b
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Motion illusions as optimal percepts

Weiss, Simoncelli & Adelson (2002) Nat Neurosci

Likelihood Likelihood Likelihood
Stimulus at location a at location b at location ¢
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Inference of the joint underlying cause:
the movement of the object

P(d|a,b,c) = P(a,b,c|d)P(d) =
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Motion illusions as optimal percepts
Weiss, Simoncelli & Adelson (2002) Nat Neurosci

Image
O
—
O_
’ l ‘
b

Prior leellhood 1 L|ke||hood 2

X

Inference of the joint underlying cause:

the movement of the object
P(d|a,b,c) = P(a,b,c|d)P(d) =

e e = P(ald)P(b|d)P(c|d)P(d)

V'/

g

Posterior
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Motion illusions as optimal percepts
Weiss, Simoncelli & Adelson (2002) Nat Neurosci

Image
O
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O_
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Prior leellhood 1 L|ke||hood 2

X

Inference of the joint underlying cause:

the movement of the object
P(d|a,b,c) = P(a,b,c|d)P(d) =

e e = P(ald)P(b|d)P(c|d)P(d)
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Motion illusions as optimal percepts
Weiss, Simoncelli & Adelson (2002) Nat Neurosci

Image
O
—
O_

V, V, V, ‘
‘lv ‘
- "" "v a vertical velocity
Prior Likelihood 1 leellhood 2 component appears

Q Inference of the joint underlying cause:
the movement of the object

P(d|a,b,c) = P(a,b,c|d)P(d) =
e e = P(a|d) P(b|d) P(c|d) P(d)

Posterior
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Motion illusions as optimal percepts
Weiss, Simoncelli & Adelson (2002)

® |llusion emerges as a result of optimal computations under
uncertainty

® [he prior the experiment hints at reflects a simple regularity
of the environment

® [he prior IS very generic, No subjective aspects can be
revealed
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

IDEA:

® [he model of a particular domain of knowledge can be directly
corresponded to a prior
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corresponded to a prior

® [he prior distribution contains the information we now about a
specific domain and we are relying on this prior to make

decisions

Statisztikus tanulas az idegrendszerben

http://golab.

wigner.mta.hu

37



Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

IDEA:

® [he model of a particular domain of knowledge can be directly
corresponded to a prior

® [he prior distribution contains the information we now about a
specific domain and we are relying on this prior to make
decisions

® Samples can represent a probability distribution, which
obviously includes the prior distribution as well
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corresponded to a prior

® [he prior distribution contains the information we now about a
specific domain and we are relying on this prior to make

decisions

® Samples can represent a probability distribution, which

obviously includes the prior distribution as well

® Design an experiment where the decisions of humans produces
samples from the prior distribution
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Markov Chain Monte Carlo with people

Sanborn & Griffiths (2008) NIPS

IDEA:

® [he model of a particular domain of knowledge can be directly
corresponded to a prior

® [he prior distribution contains the information we now about a
specific domain and we are relying on this prior to make
decisions

® Samples can represent a probability distribution, which
obviously includes the prior distribution as well

® Design an experiment where the decisions of humans produces
samples from the prior distribution

® [he sequence of samples will reveal the prior distribution
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® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established
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PS

® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established

P (z)

Alternative phrasing of acceptance probability: Barker dynamics
a(Xt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(Xt))
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established

P (z)

Xt

Alternative phrasing of acceptance probability: Barker dynamics
a(Xt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(Xt))
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established

Q(Xt+1 ;X7

Xt

P (z)

Alternative phrasing of acceptance probability: Barker dynamics
a(Xt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(Xt))
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established

proposal distribution
Q(Xt+1 ;X7

Xt

P (z)

Alternative phrasing of acceptance probability: Barker dynamics
a(Xt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(Xt))
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established

proposal distribution
Q(Xt+1 ;X7

Z

Xt

P (z)

Alternative phrasing of acceptance probability: Barker dynamics
a(Xt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(Xt))
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established

proposal distribution
Q(Xt+1 ;X7

z

Xt

P (z)

proposal

Alternative phrasing of acceptance probability: Barker dynamics
a(Xt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(Xt))
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and

a Metropolis Hastings sampler can be established
proposal distribution

P*(x)
Q(Xt+1 ;X7
/7
- — ¢ >
Xt
proposal
P*(X¢41)

acceptance probability is proportional to
P*(xy)

Alternative phrasing of acceptance probability: Barker dynamics
a(Xt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(Xt))
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and

a Metropolis Hastings sampler can be established
proposal distribution

P (z)

Q(Xt+1 ;X7
/.
-

X

proposal

P*(X¢41)
. . P*(x,) . .
Alternative phrasing of accepté(nce probabillity: Barker dynamics

aXt+1, Xt) = P*(Xt+1) / (P*(Xt+1) + P*(xv)
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® cquivalence between choice behaviour and
a Metropolis Hastings sampler can be established

proposal distribution
Q(Xt+1 ;Xt)/

7A LN

Xt
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proposal

P*(X¢41)
. . P*(x,) . .
Alternative phrasing of accepté(nce probabillity: Barker dynamics
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® two objects are shown: x1, and x2

® the subject is told that one of them is coming from a particular
category c

® ‘choose the object that you think comes from category ¢’

® a Bayesian learner assumes two hypotheses:
h1: x1 comes from p(x | ¢), x2 comes from g(x)
h2: the other way round
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® two objects are shown: x1, and x2

® the subject is told that one of them is coming from a particular
category c

® ‘choose the object that you think comes from category ¢’

® a Bayesian learner assumes two hypotheses:
h1: x1 comes from p(x | ¢), x2 comes from g(x)
h2: the other way round

osterior probabllity for hi:
P P y p(x1,x2|h1)p(hy)

hilx1,x =
p(halze, z2) p(z1, z2|h1)p(ha) + p(x1, z2|he)p(hs)
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® two objects are shown: x1, and x2

® the subject is told that one of them is coming from a particular
category c

® ‘choose the object that you think comes from category ¢’

® a Bayesian learner assumes two hypotheses: Fsl a4 i = olhel (o)) e[ 64
h1: x1 comes from p(x | ¢), x2 comes from g(x
h2: the other way round

P(x1,x2]h2)= g(x1) p(xlc)

posterior probability for h:

h h
p(hi|x1,2) = p(z1, z2|h1)p(h)

(21, 22|h1)p(he) + p(21, 22|h2)p(he)
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® two objects are shown: x1, and x2

® the subject is told that one of them is coming from a particular
category c

® ‘choose the object that you think comes from category ¢’

® a Bayesian learner assumes two hypotheses: Fsl a4 i = olhel (o)) e[ 64
h1: x1 comes from p(x | ¢), x2 comes from g(x
h2: the other way round

P(x1,x2]h2)= g(x1) p(xlc)

posterior probability for h:

h h
p(hilz1,22) = p(z1, z2|h1)p(hy)

p(z1,x2|h1)p(h1) + p(z1, 22|h2)p(h2)

d(x) is an alternative
hypothesis for the

origin of x
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Markov Chain Monte Carlo with people
Sanborn & Griffiths (2008) NIPS

® two objects are shown: x1, and x2

® the subject is told that one of them is coming from a particular
category c

® ‘choose the object that you think comes from category ¢’

® a Bayesian learner assumes two hypotheses: Fsl a4 i = olhel (o)) e[ 64
h1: x1 comes from p(x | ¢), x2 comes from g(x
h2: the other way round

P(x1,x2]h2)= g(x1) p(xlc)

posterior probability for h:

h h
p(hi|z1, 22) p(z1, z2|h1)p(hy)

g(x) is an alternative p(x1, x2|h1)p(h1) + p(z1, 22|he)p(he)

hypothesis for the — p(z1]c)g(z2)p(h1)
origin of x p(z1lc)g(z2)p(hi) + p(x2|c)g(x1)p(h2)
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® training subjects on a novel ‘lab category’

(fish from the ocean)

® and later test their prior with MCMC
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® training subjects on a novel ‘lab category’

(fish from the ocean)

® and later test their prior with MCMC

Subject 44

Fish Width (cm)

i_—:.—:—._'=' e SR P AT = = = >
3 . . . . . Subject 19
10 20 30 40 50 60 70 80 Training Kernel Gaussian
Trial Number Density Fit
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® exploring a learned category (animals)

PS

® wire-frame animals are used which are easy to parametrise
(tail length, neck length, neck angle, etc)
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® exploring a learned category (animals)

PS5

® wire-frame animals are used which are easy to parametrise
(tail length, neck length, neck angle, etc)

stimuli

A Which animal is a giraffe?

Button 1
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® exploring a learned category (animals)

PS5

® wire-frame animals are used which are easy to parametrise
(tail length, neck length, neck angle, etc)

stimuli

A

Button 1

1 trials remaining.
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