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Robotics
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Cell migration
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Approximate Bayesian Computation (ABC)

1. Draw proposal parameters 6, from the prior p(0).

2. Simulate synthetic observations for each parameter

3. Accept parameters 0, if d(x;, x,) < € for some distance d.

4. For e — 0, accepted parameters are sampled from the posterior
p(0|z.).



Neural methods

p(x[0)p(6)

p(@|z) = (@)

e Neural Likelihood Estimation (NLE): estimate p(x|8)
e Neural Posterior Estimation (NPE): estimate p(0 |x)

e Neural Ratio Estimation (NRE): estimate 2Z.¢)
p(z)
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Neural Likelihood Estimation (NLE)

Sample a dataset (0, x) ~ p(x|0)p(0)

e Train a neural density estimator on x conditioned on 6.

At the optimum the density estimator models p(x| 0)

Use Markov Chain Monte-Carlo or Variational Inference to
approximate p(0 |x = x,).

Neural density estimators are typically normalizing flows.
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Neural Posterior Estimation (NPE)

e Sample a dataset (0, x) ~ p(x| 0)p(0)
e Train a neural density estimator on 8 conditioned on x.

e At the optimum the density estimator models p(0 |x)
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Neural Ratio Estimation (NRE)

Sample dataset and train a classifier
(2.6) ~ pa.0) |y=1
(.8) ~ p(x)p(8) | y =0

The Bayes optimal classifier d* can be expressed

o e p(x|0)  d(6.x)
TO.-2) = o) 1 pOp@ * p@) 1 d0.2)

Recover approximate posterior

(@.6) i0,2) - (0Je) = 1921 10)
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Epidemiology
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Conference (WSC). IEEE, 2013.



Simulator
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Observed data
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1. Simulation 2. Machine Learning 3. Inference
. Train NN classifier, interpret as Amortized: cheap
Run simulator and save data - X X
likelihood ratio estimator to repeat for new data

Credits: Johann Brehmer
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Arnst, Maarten, et al. " A hybrid stochastic model and its Bayesian identification for
infectious disease screening in a university campus with application to massive COVID-19
screening at the University of Liege.” Mathematical Biosciences 347 (2022): 108805.
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