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Preliminaries

Problem Setting
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Preliminaries

Example: Particle Physics
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Figure adapted from Kyle Cranmer’s PhyStat-SBI 2024 talk.
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Example: Agent-Based Models for Immersive Environments
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Figure from Huang et al. (in prep).
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Example: Full-Head fNIRS Simulator
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Preliminaries

Probabilistic Recipes

Generative (forward) notation indicates a probabilistic recipe:

6 [p®) (1)
y Lply | 6) (2)
Note: Overloaded semantics of the [Csjymbol, means “distributed as” and “sampled
from”.
Generative notation mimics probabilistic programs (e.g., Stan):

model {
theta [Cmdormal (0, 1);
y [Cnormal(theta, 1);
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Preliminaries

Simulators vs. Likelihoods

Likelihood-Based (Explicit) Simulation-Based (Implicit)
Bayesian model p(8,y): The same Bayesian model p(8,y):

6 [po) 0 [p)
y Cply|6) y = Sim(8,2z), z [pikz|0)

Prior p(0) can be sampled and Prior p(8) can be sampled and
evaluated. optionally evaluated.

Data model p(y | 8) can be sampled Data model p(y | 8) can be sampled
and evaluated. ) but not evaluated. )
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Preliminaries

The Hardships of Being Bayesian

Bayesian inference is notationally straightforward:

p(®1y) Cpdy | 6)p(8) (3)

“Bayesian inference is hard because integration is hard”:

|| 1
P(®1y)=p(y[®)p(®) >  'ply[6)p(6)d6 (4)
Simulation-based inference is harder because integration is twice as hard:
- (1) [
PO 1Y) = _ply,2[8)dz>p(®)>  'p(y|0)p(6)dod ()
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Preliminaries

Non-Amortized Bayesian Inference
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Preliminaries

Bayesians Now and Then

Bayesians then
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Solves complex integrals; finds
conjugate models and compares
them analytically; proves new
theorems in probability theory;

computes Bayes factors by hand.

Bayesians now

Sampler did not
converge. Help.
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Preliminaries

Amortized Bayesian Inference
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