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Preliminaries

Problem Setting
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Preliminaries

Non-Amortized Bayesian Inference

Approximation and inference are coupled. No resource pooling.
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Preliminaries

Amortized Bayesian Inference

Approximation and inference are decoupled. Pooling of resources.
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Preliminaries

More Expressive?

1 Qualitative: New capabilities / new tasks.

2 Quantitative: Better performance in certain scenarios.
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Preliminaries

Desiderata

1 End-to-end learning – enables automatic learning of maximally
informative summary statistics.

2 Fully amortized inference (i.e., pre-paid computational effort) –
enables fully Bayesian inference on millions of data sets.

3 No structural restrictions on priors, likelihoods, or posteriors –
enables creativity on the part of modelers.

4 Reliable inference in the open world – option to reject queries for
which no competent inference can be provided.

5 Offline efficiency – reasonable approximations for limited
simulation budgets (i.e., expensive simulators).
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Jointly Amortized Neural Approximation (JANA)

Joint Learning: General Overview

JANA (Radev et al., 2023), inspired by SNPLA (Wiqvist, Frellsen,
& Picchini, 2021):
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Jointly Amortized Neural Approximation (JANA)

Simulation-Based Training

Three neural networks amortize various Bayesian tasks:
1 A summary network Hψ(y) compresses complicated data (e.g.,

entire data sets or multivariate time series) into informative
embeddings.

2 A posterior network Pϕ(θ;Hψ(y)) approximates the true posterior
given the outputs of the summary network.

3 A likelihood network Lη(y; θ) approximates the true likelihood of
the raw data.

Criterion:

min
ϕ,ψ,η

Ep(θ,y)
[
− (log pϕ(θ | Hψ(y)) + log lη(y | θ))

]
+ λ ·MMD2

[
p(Hψ(y)) || p(z)

] (1)
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Jointly Amortized Neural Approximation (JANA)

Why the Open World Matters

What we want to optimize:

(ϕ∗, ψ∗) = argmin
ϕ,ψ

Ep∗(y) [KL(p(θ | y) || pϕ(θ | Hψ(y)))]

= argmin
ϕ,ψ

Ep∗(y)
[
Ep(θ | y) [log p(θ | y)− log pϕ(θ | Hψ(y))]

]
= argmin

ϕ,ψ
Ep∗(y)

[
Ep(θ | y) [− log pϕ(θ | Hψ(y))]

]
(2)

What we actually optimize:

(ϕ̂, ψ̂) = argmin
ϕ,ψ

Ep(y)
[
Ep(θ | y) [− log pϕ(θ | Hψ(y))]

]
= argmin

ϕ,ψ
Ep(θ,y) [− log pϕ(θ | Hψ(y))] (3)
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Jointly Amortized Neural Approximation (JANA)

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 Ward, Cannon, Beaumont, Fasiolo, and Schmon (2022) for an
MCMC-based correction following detection.
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Jointly Amortized Neural Approximation (JANA)

OOSim in Action

MMD can reliably highlight simulation gaps (Schmitt et al., 2021):
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Bonus: We can also use MMD to reject bad surrogate simula-
tions.
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Jointly Amortized Neural Approximation (JANA)

Amortized Likelihood Emulation

Upon convergence, we can generate surrogate simulations for any θ
with or without summary statistics.

Complex COVID-19 model with 34 (identifiable and
non-identifiable) parameters (Radev et al., 2021):
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Jointly Amortized Neural Approximation (JANA)

Aside: Recurrent Flows
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Jointly Amortized Neural Approximation (JANA)

Some Benchmarking: Two Moons (I)

Amortized posterior inference is on par with non-amortized
inference on weird posteriors:
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Jointly Amortized Neural Approximation (JANA)

Some Benchmarking: Two Moons (II)

A more detailed look (N = 10 000):
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Jointly Amortized Neural Approximation (JANA)

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 (4)

Idea: Approximate SBC via simulations from the generative model
and (fractional) rank statistics of the posterior samples:

R(θ∗m, θ1:S) =

S∑
s=1

I [θ∗m > θs] (5)

SBC can be performed for free thanks to amortized inference!
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Jointly Amortized Neural Approximation (JANA)

Some Benchmarking: Joint SBC (I)

Joint simulation-based calibration can detect subtle deficiencies on
toy benchmark examples (Lueckmann et al., 2021):
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Jointly Amortized Neural Approximation (JANA)

Some Benchmarking: Joint SBC (II)

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

Posterior

Joint
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Jointly Amortized Neural Approximation (JANA)

Some Benchmarks: Higher Dimensions

Bayesian denoising of Fashion MNIST (inspired by Ramesh et al.,
2022):

Parameter 

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

Observation x

Mean

Std.Dev
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Jointly Amortized Neural Approximation (JANA)

Marginal Likelihoods and Occam’s Razor

Canonical quantity for prior predictive model comparison:

p(y) =

∫
Θ
p(y | θ) p(θ) dθ (6)
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Jointly Amortized Neural Approximation (JANA)

Approximating Marginal Likelihoods

Bayes’ rule as a probabilistic change of variable (Gelfand & Dey,
1994):

p(y) =
p(θ)

p(θ | y) p(y | θ) (7)

Approximate log marginal lieklihood (LML) through all three
networks:

log p̂(y) = log p(θ) + log lη(y | θ)− log pϕ(θ | Hψ(y)) (8)

Variation in the RHS for different θ values is a measure of
(epistemic) approximation error. Will use later as a
self-consistency loss.
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Jointly Amortized Neural Approximation (JANA)

Approximating Posterior Predictive Performance

Posterior predictive quantities (fixed y):

p(ynew | y) =
∫
Θ
p(ynew | θ, y) p(θ | y)dθ (9)

ELPD =

M∑
m=1

log p(y(m)
new | y) (10)

Monte Carlo approximation via JANA (fixed y):

θ(s) ∼ pϕ(θ | Hψ(y)) for s = 1, . . . , S (11)

ELPD ≈
M∑
m=1

log
1

S

S∑
s=1

lη(y
(m)
new | θ(s), y) (12)
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Jointly Amortized Neural Approximation (JANA)

Results: Diffusion Model of Decision Making (I)
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Jointly Amortized Neural Approximation (JANA)

Results: Diffusion Model of Decision Making (II)
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Self-Consistency

Bayes’ Rule and Symmetry

Trivial, but typically non-actionable observation:

p(y) = p(θ) p(y | θ)
/
p(θ | y) (13)
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Self-Consistency

Self-Consistency Loss

Formulate unwanted variability as a loss (Schmitt et al., 2023):

LSC(ϕ, y) := Varθ̃∼p̃(θ)

(
log p(θ̃) + log p(y | θ̃)− log pϕ(θ̃ | y)

)
, (14)

Total loss (e.g., NPE):

LNPE-SC(ϕ) := Ep(y)
[
Ep(θ | y)

[
− log pϕ(θ | y)

]
+ λLSC(ϕ, y)

]
(15)

Care needs to be taken when choosing p̃(θ)!

Increases computational cost by O(L), where L is the number of
Monte Carlo samples from p̃(θ).
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Self-Consistency

Results: Analytic Likelihood, Toy Model

Toy model with a bimodal posterior:

θ ∼ N (θ | 0, I), y ∼ 0.5N (y | θ, I/2) + 0.5N (y | −θ, I/2)

Drastic improvements for small simulation budgets (N = 1024):
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Self-Consistency

Results: Approximate Likelihood, Toy Model

Pretend that the likelihood were intractable and re-do experiment.

Still notable improvements over straightforward NPLE:
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Self-Consistency

Results: Approximate Likelihood, Representative Model

An ODE model of Hes1 mRNA concentration after serum
injection (Silk et al., 2011).

No notable improvements in terms of posterior quality. However,
better calibration when using the SC loss:
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Related Work

Thank You!
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Limitations and Open Questions

Discussion

How to best choose/schedule the self-consistency proposal p̃(θ)
such that pre-asymptotic behavior is optimal?

Can self-consistency losses be beneficial beyond small simulation
budgets?

Error analysis for marginal neural estimators. Can we port known
results (e.g., Gelfand & Dey, 1994)?

More expressive calibration diagnostics of the joint model (Modrák
et al., 2022)? For instance, prior predictive and posterior
predictive?
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