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X ∼ N (µ(v, θ)︸ ︷︷ ︸
Newton

, Σ(v, θ)︸ ︷︷ ︸
Measurement error
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Intractable

likelihood
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X ∼ N (µ(v, θ),Σ(v, θ)) →

v⃗t+1 = v⃗t + Newton(v⃗t) +N (0,Σ)︸ ︷︷ ︸
Wind

x⃗t+1 = x⃗t +∆t v⃗t+1
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Parameters

θ ∼ p(θ)

Observations

x

Simulator

x ∼ p(x|θ)

Estimation

p̂(θ |xo)

Real observation

xo
Inference
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Approximate Bayesian Computation (ABC)

1. Draw proposal parameters θi from the prior p(θ).

2. Simulate synthetic observations for each parameter

xi ∼ p(x|θ = θi).

3. Accept parameters θi if d(xi,xo) < ϵ for some distance d.

4. For ϵ → 0, accepted parameters are sampled from the posterior

p(θ |xo).
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Neural methods

p(θ |x) = p(x|θ)p(θ)
p(x)

• Neural Likelihood Estimation (NLE): estimate p(x|θ)

• Neural Posterior Estimation (NPE): estimate p(θ |x)

• Neural Ratio Estimation (NRE): estimate p(x|θ)
p(x)
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Neural Likelihood Estimation (NLE)

• Sample a dataset (θ,x) ∼ p(x|θ)p(θ)

• Train a neural density estimator on x conditioned on θ.

• At the optimum the density estimator models p(x|θ)

• Use Markov Chain Monte-Carlo or Variational Inference to

approximate p(θ |x = xo).

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

• Sample a dataset (θ,x) ∼ p(x|θ)p(θ)

• Train a neural density estimator on θ conditioned on x.

• At the optimum the density estimator models p(θ |x)
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Neural Ratio Estimation (NRE)

Sample dataset and train a classifier

(x,θ) ∼ p(x,θ) y = 1

(x,θ) ∼ p(x)p(θ) y = 0

The Bayes optimal classifier d∗ can be expressed

d∗(θ,x) =
p(θ,x)

p(θ,x) + p(θ)p(x)
⇔ p(x|θ)

p(x)
=

d∗(θ,x)

1− d∗(θ,x)
.

Recover approximate posterior

Classifier(x,θ) d̂(θ,x) p̂(θ |x) = d̂(θ,x)

1−d̂(θ,x)
p(θ)
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https://www.rgare.com/knowledge-center/article/covid-19-brief-epidemiological-models-

explained
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