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Preliminaries

Problem Setting
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Preliminaries

Example: Particle Physics

Figure adapted from Kyle Cranmer’s PhyStat-SBI 2024 talk.
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Preliminaries

Example: Agent-Based Models for Immersive Environments

Figure from Huang et al. (in prep).
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Preliminaries

Example: Full-Head fNIRS Simulator
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Preliminaries

Probabilistic Recipes

Generative (forward) notation indicates a probabilistic recipe:

θ ∼ p(θ) (1)
y ∼ p(y | θ) (2)

Note: Overloaded semantics of the ∼ symbol, means “distributed as” and “sampled
from”.
Generative notation mimics probabilistic programs (e.g., Stan):

model {
theta ∼ normal (0 , 1 ) ;
y ∼ normal( theta , 1 ) ;

}
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Preliminaries

Simulators vs. Likelihoods

Likelihood-Based (Explicit)
Bayesian model p(θ, y):

θ ∼ p(θ)
y ∼ p(y | θ)

Prior p(θ) can be sampled and
evaluated.
Data model p(y | θ) can be sampled
and evaluated.

Simulation-Based (Implicit)
The same Bayesian model p(θ, y):

θ ∼ p(θ)
y = Sim(θ, z), z ∼ p(z | θ)

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

The Hardships of Being Bayesian

Bayesian inference is notationally straightforward:

p(θ | y) ∝ p(y | θ)p(θ) (3)

“Bayesian inference is hard because integration is hard”:

p(θ | y) = p(y | θ)p(θ) ×
(∫

Θ
p(y | θ)p(θ)dθ

)−1
(4)

Simulation-based inference is harder because integration is twice as hard:

p(θ | y) =
∫

Z
p(y, z | θ)dz × p(θ) ×

(∫
Θ

p(y | θ)p(θ)dθ

)−1
(5)
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Non-Amortized Bayesian Inference
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Bayesians Now and Then
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Amortized Bayesian Inference
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Preliminaries

Bayesians Now
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Preliminaries

Amortized Bayesian Inference in a Nutshell

1 Specify a parametric Bayesian model p(θ, y).
2 Generate a data set of model simulations Dtrain := {θ(b), y(b)}b=1,...,B.
3 Specify a conditional generative network θ ∼ G(θ; y) with proper inductive biases.
4 Train G(θ; y) on Dtrain until convergence.
5 Diagnose the statistical accuracy of G on a test set Dtest := {θ(s), y(s)}s=1,...,S .
6 Apply G(θ; y) to arbitrary many observed data sets Dobs := {θ(l), y(l)}l=1,...,L.
7 Detect potential simulation gaps and diagnose sample quality.
8 Perform your favorite posterior predictive (PPC) checks.
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Preliminaries

An Informal Working Definition

Clarifying Amortized Bayesian Inference (ABI)

The term amortized has been used inconsistently throughout the literature, often
denoting different generalization scopes.

Definition
Let A denote a learner, Y ∈ RD denote target variables, X ∈ X represent input
data, and C ∈ C denote context variables. A learner Y ∼ A(X, C) is an amortized
Bayesian approximator of a target quantity Y with respect to a joint distribution
p(X, Y, C) if it can directly approximate p(Y | X, C) for any (X, C) ∼ p(X, C)
without further training or additional approximation algorithms.
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Preliminaries

Inference as Optimization

A straightforward objective for amortizing inference (forward KL):

q∗ = arg min
q

Ep(y) [KL(p(θ | y) || q(θ | y))] (6)

= arg min
q

Ep(y)
[
Ep(θ | y) [log p(θ | y) − log q(θ | y)]

]
(7)

= arg min
q

Ep(θ,y) [− log q(θ | y)] (8)

In practice, we minimize the empirical mean of Eq.8:

q̂ = arg min
q

1
B

B∑
b=1

− log q(θ(b) | y(b)) (9)

Can be generalized to any (proper) scoring rule (e.g., Pacchiardi, Khoo, & Dutta,
2024).
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Preliminaries

Breakeven Points

MCMC:
no upfront training
5.66 seconds for 10k posterior
draws

Amortized inference:
23 seconds upfront training
0.07 seconds for 10k posterior
draws
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Preliminaries

Example: Epidemiological Modeling

Simplified compartmental model from Radev et al. (2021).
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Preliminaries

Example: Epidemiological Modeling (OutbreakFlow)
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Preliminaries

It’s Just the Beginning

There is a whole zoo of hybrid
methods and hybrid models (Figure
from Ye et al., 2025).
The line between statistical models
and statistical methods becomes
increasingly blurry (Bürkner,
Scholz, & Radev, 2023).
Amortized Bayesian inference can
be viewed as part of the new
simulation intelligence wave (Lavin
et al., 2021).
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Preliminaries

Example: Decision Making (I)
Assumption: Mental speed in simple cognitive tasks declines over time.
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Preliminaries

Example: Decision Making (II)

Challenge: Bayesian model-based analysis of 1.2 million participants (von Krause,
Radev, & Voss, 2022):
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Preliminaries

Example: Decision Making (III)

How the media read the paper...
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Preliminaries

What Do We Stand to Gain?

1 Qualitative: New capabilities / new tasks.
2 Quantitative: Better performance / faster sampling in certain scenarios.
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The BayesFlow Ecosystem

Overview of BayesFlow
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The BayesFlow Ecosystem

Important Links

GitHub page: https://github.com/bayesflow-org/bayesflow

Awesome amortized list:
https://github.com/bayesflow-org/awesome-amortized-inference

Project page: https://bayesflow.org/

Forums: discuss.bayesflow.org

BlueSky: https://bsky.app/profile/bayesflow.org

Zulip: https://bayesflow.zulipchat.com/
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Amortized Bayesian Inference in Action

Notes on Benchmarking (I)
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A subset of the benchmark problems from Lueckmann et al. (2021); Kruse et al. (2021).
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Amortized Bayesian Inference in Action

Notes on Benchmarking (II)

Parameter 

T-Shirt/Top Trouser Pullover Dress Coat Sandal Shirt Sneaker Bag Ankle Boot

Observation x

Mean

Std.Dev

Consistency models can easily sample from high-dimensional posteriors Schmitt, Pratz, et al.
(2024).
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Amortized Bayesian Inference in Action

Joint Learning: General Overview

JANA (Radev et al., 2023), inspired by SNPLA (Wiqvist, Frellsen, & Picchini, 2021):
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𝑦
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𝑦
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→ Likelihood Estimation 
→ Surrogate Simulations
→ PPL Integration

→ Marginal Likelihood Estimation
→ Posterior Predictive Estimation

Bayesian Model

Data Parameters
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Amortized Bayesian Inference in Action

Summary Networks Approximate Sufficient Summaries

Random forest regression of summary space variables on known sufficient summaries
(Wu, Radev, & Tuerlinckx, 2024):
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Amortized Bayesian Inference in Action

Expert vs. End-To-End Statistics

Data Expert Expert
Statistics

Inference
Network

Summary
Network

Learned
Statistics
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Amortized Bayesian Inference in Action

Joint Learning Can Approximate Hard Bayesian Problems
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Amortized Bayesian Inference in Action

Small World Validation Methodology

Simulation-based calibration (Talts et al., 2018, SBC): For all quantiles q ∈ (0, 1), all
uncertainty regions are well calibrated, as long as we have the true model and
posterior computation is exact. Formally:

q =
∫

Y

∫
Θ
I [θ∗ ∈ Uq(θ | y)] p(θ∗, y) dθ∗dy (10)

Idea: Approximate SBC via many simulations from p(θ∗, y) (or a surrogate) and
(fractional) rank statistics of the posterior samples {θ(s)}:

R(θ∗
m, θ1:S) =

S∑
s=1

I [θ∗
m > θs] (11)

SBC can be performed for free thanks to amortized inference!
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Amortized Bayesian Inference in Action

Simulation-Based Calibration in Action

But also on representative examples, e.g., aleatoric noise parameters (Radev et al.,
2021):

Posterior calibration

Joint calibration
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Amortized Bayesian Inference in Action

One Analysis Must Not Rule Them All

Illustration by David Parkins, reprinted in Wagenmakers et al. (2022).

Stefan T. Radev (RPI, CeMSIM) Learn Bayes @ Karolinska Institutet May 12, 2025 37 / 52



Amortized Bayesian Inference in Action

Meta-Amortized Inference (I)

In regular amortized inference, we typically minimize a strictly proper scoring loss S
in expectation over the Bayesian model p(θ, y):

min
q

{
Ep(θ,y)

[
S(q(· | y), θ)

]
≈ 1

B

B∑
b=1

S(q(· | y(b)), θ(b))
}

. (12)

If we want to extend the amortization scope, we can generalize over any number of
context variables C by adding additional conditions:

min
q

Ep(θ,y,C)
[
S(q(· | y, C), θ)

]
(13)
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Amortized Bayesian Inference in Action

Meta-Amortized Inference (II)

User-specified contexts

Stage 2: Inference
Amortized sensitivity analysis

Stage 1: Training
Extending the amortization scope

Simulator 𝑛

Posterior 𝑞𝑚𝑛

𝐶𝐿
𝑛

𝐶𝑃
𝑛 𝐶𝐴

Deep ensemble

with 𝑀 members

𝑁 simulations: 𝑛 = 1,… , 𝑁

Neural net 𝑚

𝑚 = 1,… ,𝑀

𝑉 context variations: 𝑣 = 1, … , 𝑉

𝑝(𝐶𝐿, 𝐶𝑃)

Likelihood 𝑛

Prior 𝑛

→ learn 𝑁 ∙𝑀 posteriors during training → efficiently evaluate 𝑉 ∙ 𝑀 posteriors during inference

Posterior 𝑞𝑚𝑣

𝐶𝐴

Deep ensemble

Neural net 𝑚

𝑚 = 1,… ,𝑀𝐶𝐷
𝑣

𝐶𝐿
𝑣

𝐶𝑃
𝑣

Data

Expanding the amortization scope via context awareness (Elsemüller et al., 2024).
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Amortized Bayesian Inference in Action

Easy Prior Sensitivity Analysis

Re-analyzing over a tilted p(θ)γ prior (Elsemüller et al., 2024).
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Amortized Bayesian Inference in Action

Sensitivity-Aware Inference of Critical Thresholds
Simulation

 1.5 ◦C in θ= 30 years
Simulation

 1.5 ◦C in θ= 0 years
Observation 2023

 1.5 ◦C in θ= ? years

-6 -3 0 3 6
Temperature, difference to baseline (1951-1980) [°C]

Simulation snapshots (left, center) and the
empirical observation (right).
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Qualitatively different prior distributions.
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year of 1.5°C threshold

UKESM1-0-LL
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Amortized Bayesian Inference in Action

Out-of-Simulation (OOSim) Detection

Re-frame model misspecification as out-of-distribution (OOD) detection (Schmitt et
al., 2021).
Trust inferences only on inlier observations:

See Siahkoohi, Rizzuti, Orozco, and Herrmann (2023) for a physics-based latent space
correction.
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Amortized Bayesian Inference in Action

OOSim in Action

MMD can reliably highlight simulation gaps (Schmitt et al., 2021; Schmitt, Bürkner,
et al., 2024):

0.0 0.2 0.4 0.6 0.8 1.0
Misspecification severity π

0.4

0.6

0.8

1.0

1.2

M
M

D
Ward et al (2022)

critical MMD
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Training model M Observed process M ∗ H0 rejection area
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Amortized Bayesian Inference in Action

From Bayesian Analysis to Bayesian Workflows
Towards an automated amortized Bayesian workflow (Schmitt, Li, et al., 2024):

One data set
𝑦!"#
(%)

Neural density 
estimator 𝑞'

𝑆 draws
$𝜃(
(%), … , $𝜃)

(%)

Step 1

yes

no

Importance
weights

Fit Pareto
distribution

Diagnostics 
OK?

Initialize 𝑆
superchains

Warmup and
sampling

Diagnostics
OK?

Use NUTS or 
revise model

Accept 
draws

re-use
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Step 2 Step 3

no
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Accept 
draws
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Accept 
draws

no

K=256 observed data sets

Accept amortized draws for 192/256 data sets

PSIS on remaining 64 data sets

Accept PSIS draws for 56/64 data sets Accept ChEES-HMC draws for 8/8 data sets

ChEES-HMC on remaining 8 data sets

Diagnostics
OK?

Amortized inference Pareto-smoothed importance sampling ChEES-HMC with amortized inits

Example draws Example draws Example draws

re-use
draws
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Amortized Bayesian Inference in Action

Memo: The Automatic Statistician

A simplified flow diagram outlining the operations of an envisaged report-writing automatic statistician
(Steinruecken et al., 2019). As of 2025, the project seems to have died.
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Limitations and Open Questions

Discussion

Low simulation budgets coupled with very high-dimensional data remain challenging.
Multi-fidelity simulation-based inference as a potential remedy (Krouglova, Johnson,
Confavreux, Deistler, & Gonçalves, 2025)?
Prior specification requires substantive domain knowledge and remains a challenge.
Many hyperparameters to tune when things to wrong. Who is to blame: the
approximator or the simulation model?
Unclear how to best augment simulation-based training with analytic information
(e.g., likelihood, physical constraints).
Generalized Bayes vs. Bayes: How much model misspecification is tolerable and when
do we want to deviate from p(θ | y)?
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Limitations and Open Questions

Thank You!
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