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Bayesian inference is very useful.

The brain might be making use of Bayesian inference.

For Bayesian inference, one needs likelihoods. 

For most models in cognitive science and 
neuroscience, likelihoods are not tractable. 

(How) can we do Bayesian inference without 
likelihoods?

All we need is a simulator and neural networks.
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Parameters

✓ = [ḡNa, ḡK , . . . ]
Data x

forward model
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Bayesian inference: Finding parameters of a model 
which are consistent with data and prior knowledge



p(✓|x) / p(x|✓)p(✓)

posterior: hard to compute

likelihood: often not tractable

Vo
lta

ge
 (m

V
)

40

-20

-80

0 20
time (ms)

40

3.65

3.55

3.45
4.75 4.77 4.79 4.81

log(gNA) (log mS/cm2)
_

lo
g(

gK
) (

lo
g 

m
S

/c
m

2)
_

For ‘simulation based’ models, we can simulate x, but 
we can not evaluate the likelihood p(x|params). 



Idea and Figures from Brehmer et al 2018



p(✓|x) / p(x|✓)p(✓)

posterior: hard to compute

likelihood: often not tractable

Bayesian inference is intractable for many models in 
neuroscience and cognitive science.

How can we do Bayesian inference, if all we have is a 
simulator, but no likelihoods?
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Approximate Bayesian Computation (ABC)

Blum & Francois 2010, Papamakarios & Murray 2016 
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CV̇ =
X

c

ḡcgc[Ec � V ] + I 1. Sample data from 
multiple parameters
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2. Train Neural network 
(NN) to predict 

parameters from samples

P (✓|x
o

) = NN
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(x = x
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2. Train Neural network 
(NN) to predict 

parameters from samples

3. Use NN to propose 
new samples

P (✓|x
o

) = NN
�

(x = x

o

)
Lückmann, Goncalves et al, NIPS 2017



Application I: Estimating receptive fields of neurons in 
primary visual cortex

receptive field model spikesspike generation
model

stimulus

spatial filter temporal filter yhg

Giacomo Bassetto, Marcel Nonnenmacher







Application II: Inferring parameters of biophysical 
neurons models
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Inferring connectivity rules in cortical circuits (with M. 
Oberlaender, caesar Bonn, DFG SPP Connectomics) 
 
  Effects of prior expectation on probabilistic computations 

(DFG SFB Robust Vision with H Nienborg and F Wichmann) 
 
 
 

Inferring action potentials from 2photon imaging data 
(Speiser et al, NIPS 2017) 
 
  Source reconstruction for super-resolution microscopy 

(Speiser et al, in prep., leaderboard on EPFL challenge) 
 
 



Flexibility: Inference approach does not depend on specifics of 
forward model.

Amortized inference: Once the network is trained,  
inference is very fast.

A strategy for efficient inference in the brain?

Lots of work to be done to make this user-friendly.

Model 

Data 

Prior 

1

2

Algorithm finds 
automatically does Bayesian 

inference for us



code and preprints at www.mackelab.org
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