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Mechanistic models VS.

® designed using mechanistic

principles
® hard to fit to data

Statistical/ML models

® built with statistical
convenience in mind

® can be directly fit to data
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How can we make statistical inference tractable for

mechanistic models of neural dynamics?




How can we make statistical inference tractable for

mechanistic models of neural dynamics?

1) An algorithm
2) A couple of applications
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Bayesian inference: finding parameters of a model

which are consistent with data and prior knowledge
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Challenging! Simulation-based inference comes to the rescue
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For ‘simulation based’ models (and neuroscience models in particular), we can
simulate x, but we cannot evaluate the likelihood p(xI10).

How can we do Bayesian inference, if all we have is a simulator, but no explicit
likelihoods?

Likelihood-free Bayesian Inference or Approximate Bayesian Computation (ABC)
Blum & Francois 2010, Papamakarios & Murray 2016
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Sequential Neural Posterior Estimation, SNPE
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A couple of applications

— |dentification of parameters in canonical neural model

— Sensitivity to perturbations in a neural network model




Inference of 8 biophysical parameters in Hodgkin-Huxley

models
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Stronger constraints from additional data features
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Stronger constraints from additional data features
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Sensitivity to perturbations in a neural network model

Michael Deistler




Neural systems operate under multiple perturbations
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change in external ionic concentration

synaptic delays

synaptic noise
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N Calaim*, FA Dehmelt*, PJ Goncalves*, CK Machens (2021) bioRxiv
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Model of the pyloric network

AB/PD

Fast glutamatergic

=== Slow cholinergic

31 parameters:

« 8 maximal membrane conductances per neuron
« 7 synaptic strengths

Prinz, Bucher, Marder 2004
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Analysing the posterior




Robustness to perturbations
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Parameter sets producing similar outputs are

connected in parameter space: no ‘islands’
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Can small perturbations lead the circuit to break

down?
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Small perturbations can lead the circuit to break
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But other projects ongoing at different scales in the brain. Also, cosmology and
climate sciences.
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But other projects ongoing at different scales in the brain. Also, cosmology and
climate sciences.

Workshop on simulation-based inference for scientific discovery, 09/2021, Tubingen.




Discussion
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