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PPC - Perception as Bayesian inference
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I Bayesian fusion of sensory information produces a posterior
density

p(x |v , t) ∝ p(v |x) · p(t|x) · p(x)

I Brain is a Bayesian decoder

p(s|r1, r2) ∝ p(r1|s) · p(r2|s) · p(s)

I Neurons have tuning curves

p(r |s) = N (µ, σ2)
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I How do neurons represent probability distributions?

I How do neurons compute the posterior?

I Simple posterior over the stimulus

p(s|r) ∝ p(r |s) · p(s)

I Independent Poisson neural variability

p(s|r) ∝
∏
i

e−fi f rii
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· p(s)



PPC - Tuning curves
25

20

15

10A
ct

iv
ity

5

0

25

20

15

10A
ct

iv
ity

5

0

0 45 90 135 0 45 90 135

Preferred stimulus

0 45 90 135
Preferred stimulus

Stimulus

0 45 90 135
Stimulus

g

g
Bayesian
decoder

Bayesian
decoder

0.04

0.02P
(s

 r
)

0

0.04

0.02

0

a

b

σ

σ

P
(s

 r
)

I How do neurons represent probability distributions?

I How do neurons compute the posterior?

I Simple posterior over the stimulus

p(s|r) ∝ p(r |s) · p(s)

I Independent Poisson neural variability

p(s|r) ∝
∏
i

e−fi f rii
ri !

· p(s)



PPC - Tuning curves
25

20

15

10A
ct

iv
ity

5

0

25

20

15

10A
ct

iv
ity

5

0

0 45 90 135 0 45 90 135

Preferred stimulus

0 45 90 135
Preferred stimulus

Stimulus

0 45 90 135
Stimulus

g

g
Bayesian
decoder

Bayesian
decoder

0.04

0.02P
(s

 r
)

0

0.04

0.02

0

a

b

σ

σ

P
(s

 r
)

I How do neurons represent probability distributions?

I How do neurons compute the posterior?

I Simple posterior over the stimulus

p(s|r) ∝ p(r |s) · p(s)

I Independent Poisson neural variability

p(s|r) ∝
∏
i

e−fi f rii
ri !

· p(s)



PPC - Tuning curves
25

20

15

10A
ct

iv
ity

5

0

25

20

15

10A
ct

iv
ity

5

0

0 45 90 135 0 45 90 135

Preferred stimulus

0 45 90 135
Preferred stimulus

Stimulus

0 45 90 135
Stimulus

g

g
Bayesian
decoder

Bayesian
decoder

0.04

0.02P
(s

 r
)

0

0.04

0.02

0

a

b

σ

σ

P
(s

 r
)

I How do neurons represent probability distributions?

I How do neurons compute the posterior?

I Simple posterior over the stimulus

p(s|r) ∝ p(r |s) · p(s)

I Independent Poisson neural variability

p(s|r) ∝
∏
i

e−fi f rii
ri !

· p(s)



PPC - Tuning curves
25

20

15

10A
ct

iv
ity

5

0

25

20

15

10A
ct

iv
ity

5

0

0 45 90 135 0 45 90 135

Preferred stimulus

0 45 90 135
Preferred stimulus

Stimulus

0 45 90 135
Stimulus

g

g
Bayesian
decoder

Bayesian
decoder

0.04

0.02P
(s

 r
)

0

0.04

0.02

0

a

b

σ

σ

P
(s

 r
)

I How do neurons represent probability distributions?

I How do neurons compute the posterior?

I Simple posterior over the stimulus

p(s|r) ∝ p(r |s) · p(s)

I Independent Poisson neural variability

p(s|r) ∝
∏
i

e−fi f rii
ri !

· p(s)



PPC - Perception as Bayesian inference

X

V T

I Bayesian fusion of sensory information produces a posterior
density

p(x |v , t) ∝ p(v |x) · p(t|x) · p(x)

I Brain is a Bayesian decoder

p(s|r1, r2) ∝ p(r1|s) · p(r2|s) · p(s)

I Neurons have tuning curves

p(r |s) = N (µ, σ2)



Vision and touch

For a Gaussian likelihood with mean md and precision λd and
a Gaussian prior with mean m0 and precision λ0
the posterior is a Gaussian with

m = λd
λ md + λ0

λ m0

λ = λd + λ0



Vision and touch

For a Gaussian likelihood with mean md and precision λd and
a Gaussian prior with mean m0 and precision λ0
the posterior is a Gaussian with

m = λd
λ md + λ0

λ m0

λ = λd + λ0

The two solid curves show the
probability densities for the prior
m0 = 20 , λ0 = 1 and the likelihood
md = 25 and λd = 3. The dotted curve
shows the posterior distribution with
m = 23.75 and λ = 4. The posterior is
closer to the likelihood because the
likelihood has higher precision.

23.75 = 3
425 + 1

418
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For a Gaussian likelihood with mean md and precision λd and
a Gaussian prior with mean m0 and precision λ0
the posterior is a Gaussian with

m = λd
λ md + λ0

λ m0

λ = λd + λ0

I Precisions add

I The resulting mean is the sum of
the means, each weighted by their
relative precision
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I Besides linear summation works also with integrate-and-fire
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Table I. Comparing characteristics of the two main modeling approaches to probabilistic neural representations
desab-gnilpmaSsCPP

Neurons correspond to selbairaVsretemaraP
Network dynamics required (beyond the first layer) )tnetsisnoc-fles(citsahcotScitsinimreteD
Representable distributions Must correspond to a particular

parametric form
Can be arbitrary

Critical factor in accuracy of encoding a distribution gnilpmasrofdewollaemiTsnoruenforebmuN
Instantaneous representation of uncertainty Complete, the whole distribution is

represented at any time
Partial, a sequence of samples
is required

Number of neurons needed for representing
multimodal distributions

Scales exponentially with the
number of dimensions

Scales linearly with the number of
dimensions

Implementation o� earning detius-lleWnwonknU
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