
The neural basis of Bayesian 
inference

Lecture 6



Optimal cue integration (flat prior)Optimal cue integration (flat prior)
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Uncertainty is encoded through PPCUncertainty is encoded through PPC
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Question: how is this PPC used to implement the computation
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Neural variability model
Assume (only for now) independent Poisson variability.

Neural variability model
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General: Poisson‐like variability
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Fano can be unequal to 1; correlations allowed  more realistic



Relationship between h(s), tuning 
dcurve, and covariance
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Implementation of optimal cue integration

Auditory input
p(s|rA)

p(s|rAV)

Implementation of optimal cue integration
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If rA and rV are Poisson‐like with the same h(s), thenIf rA and rV are Poisson like with the same h(s), then 
addition implements optimal cue integration.
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Same dependence on s, therefore
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Relating back to behavior
Lecture 1: Fisher information

Relating back to behavior
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Exercises: 
• Compute Fisher information for Poisson‐like variability
• Show that r r + r implies 1 1 1• Show that rAV = rA + rV implies
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Special case: identical tuning curves and 
covariance matricescovariance matrices

Activity Probability
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Gain and precisionGain and precision
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High gain, high certainty: not guaranteed!



Multisensory gain and precisionMultisensory gain and precision
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What if h(s) not the same in both 
lpopulations?

• Instead of rAV = rA + rVInstead of rAV = rA + rV
• Linear combination rAV = WArA + WVrV

d i i h fi d• WA and Wv are synaptic weights, fixed across 
trials.

• Very general scheme for optimal cue 
combination.



So far: adding spike counts.
Does this work for realistic neurons?



Conductance‐based integrate‐and‐fire neuron
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Integrate‐And‐Fire NetworkIntegrate And Fire Network
Decoder

Auditory‐visual layer:Auditory visual layer:
conductance‐based
integrate‐and‐fire neurons

Gaussian connectivity

Visual input Auditory input

Spiking neurons with near‐Poisson statistics
and Gaussian tuning curves



Simulating cue combinationSimulating cue combination

1. Visual input only. Obtain mean and variance1. Visual input only. Obtain mean and variance 
of visual estimates from output spike counts.

2. Repeat for auditory input only.2. Repeat for auditory input only.
3. Multisensory input. Obtain mean and 

variance of estimates.variance of estimates. 
4. Compare mean and variance from step 3 

with optimal combinations based on steps 1with optimal combinations based on steps 1 
and 2.



Network performs near‐optimallyNetwork performs near optimally

Mean estimates Estimate varianceMean estimates Estimate variance
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Framework for optimal neural computation

Assuming a form of neural 
variability

Stimuli s
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Neural operations
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Probabilistic computations
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Output population activity Output probability distribution

neural activity space probability space

Motor action/judgment Assuming a form of neural 
variability



ConclusionsConclusions

• Poisson variability can be generalized to Poisson‐o sso a ab ty ca be ge e a ed to o sso
like variability.

• For Poisson‐like variability, a linear combination y
of population activity implements optimal cue 
combination.

• Mappings between Bayesian operations on 
probability distributions and neural operations 
can be foundcan be found.

• For more complex computations, a wide open 
area machine learning algorithms?area  machine learning algorithms?


