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Standard Bayesian Inference

We care about the posterior distribution

p(0|y) =py|0) p®)/p(y)

of a probabilistic model p(6,y) = p(y | 0) p(9)

We use sampling algorithms such as MCMC to obtain draws
6) ~ p(6 | §) from the posterior given observed data §

We can then propagate uncertainty to any implied quantity z = z(6,y) by
sampling from its posterior predictive distribution:

0) ~p(05), ¥ ~ply]o®), 2 =20, y)
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When do we benefit from standard Bayesian inference?

Which uncertainties do we care about?

- Uncertainty on observable variables?
- Uncertainty on unobservable variables?

Do we need uncertainty propagation?

- What is the representation of uncertainty in each step?

How large is the data to parameter ratio?
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Bayes for Deep Learning
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Bayesian neural networks (BNNs)

Standard Neural Network Bayesian Neural Network

A

How to avoid sampling from BNNs being super wasteful?

Are BNNs needed at all? Alternatives: Ensembles, conformal prediction

Bayes in the Age of Machine Learning Paul Burkner, TU Dortmund University



Sampling from Bayesian neural networks

Option 1: Sampling in a small weight subspace

Further reading: Izmailov et al. (2020; arxiv.org/abs/1907.07504)

Option 2: Fast sampling in the full weight space

Optimization MCLMC Warmup & Tuning MCLMC Sampling
(k)
Vanilla regularized Phase | Phase IIl ¢ Thinning controls.
Maximum Likelihood € tuning with a desired energy variance scheduler. | Refine estimate of memory and inference

Training time requirements

Phase Il using autocorrelations. Lk

. Thinning+Subsampling

'6°s‘.s' Neg. }'{SQA”\';I“';;”‘“" L tuning via parameter  to bound FFT cost.

<K plimizer: variances. 9(0)

until early stopping 40k steps 5k steps 5k steps 10k steps.
—_———
)
Deep Ensemble Microcanonical Langevin Ensemble <J

Further reading: Sommer et al. (2025; arxiv.org/abs/2502.06335)
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Semi-structured models

How to include unstructured data (e.g., images or texts) into structured
additive models?

We predict the response mean as
[E(y | €, Z) = 775757-(1’) + ndeep(z>
The structured part 7,,,.(x) is standard additive model with parameters

of direct interest learned from structured data x: 1,,.(z) = Sz

The deep learning part ndeep(z) has neural network parameters w learned

from unstructured data 2: 7)4e,,(2) = DNN,(2)

Further reading: Dold et al. (2024; arxiv.org/abs/2401.12950)
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Bayes for ML Theory and Algorithms
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Everything that works, works because it's Bayesian

Examples from statistics and machine learning:

- Maximum likelihood estimates are reasonable if the posterior mode is
a good point estimator of the posterior

- Regularization terms in machine learning often directly correspond to
well known priors in Bayesian inference

- Information criteria approximate Bayesian model comparison

- Dropout in DNNs can be seen as approximate Bayesian inference (Gal
& Ghahramani, 2016; arxiv.org/abs/1506.02142)

- Many well-known learning algorithms can be derived from a single
Bayes learning rule (Khan & Rue, 2023; arxiv.org/abs/2107.04562)

- Knowledge adaptation as posterior correction (Khan, 2025;
arxiv.org/abs/2506.14262)

=>: Exact Bayesian inference is the ideal to be approximated
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Optimization algorithms following Bayesian principles

The Improved Variational Online Newton (IVON) algorithm:

RMSprop/Adam Improved Variational Online Newton
§ + V) § « VE(0) where 6 ~ N (m,0?)
b

ﬁ<—g-(9—m)/02

h« (1—p)h+ ph B4 (1= p)h+ ph +p>(h — 1)?/(2(h+ 6))
00— a(§+0om)/(Vh+8) 4 m—m—a(g+dim)/(h+9)
0% 1/(N(h +6))

Further reading: Shen et al. (2024; arxiv.org/abs/240217641)

Blog post: https://adaptive-bayesian.ai/blog/ivon
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Optimization algorithms following Bayesian principles

Results for GPT-2 Training
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Deep Learning for Bayes
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Neural Posterior Estimation (NPE)

Learn a neural approximation gq,,(6 | y) for p(6 | y)

Maximum likelihood loss for normalizing flow g,

P = argfin Eypiy) [KL (PO ] %) 1 ay(0 | 9))]
= arg;nin [E<9,y)~p(9,y) [_ log Q¢(9 | y)]
Approximate the loss via S samples (8*), y(*)) ~ p(, y):

S
7:/)\: argmin l Z [— log qy (9(5) ‘ y(s))]
Y S s=1

Simulation-based inference (SBI) can be addressed with NPE
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Amortized Bayesian Inference (ABI)

eaeae <
kTruining Phase q(01y) / k a(8 | yobs) Inference Phase /

=> ABI enables Bayesian inference in real time

Further reading: Kithmichel et al. (2026; arxiv.org/abs/2602.07098)
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Standard NPE on misspecified models fails

Model Misspecification

Prior Simulator & noise
— 5
c 3 3
g g E g
~ 2 3 0.4 0.6
Q Mo (prior location) A (noise fraction)
7§
= o)
& &2 E
g 0 ¢ z
g2 ° :
5 @ 2 3 0.4 0.6
m g o (prior location) A (noise fraction)

Further reading: Schmitt et al. (2024; arxiv.org/abs/2406.03154)
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Bayesian Self-consistency

For any set of parameter values 9(1), ey G(L), the following holds:

_py 1 0D)p(0™) _ _ ply]6)p(6")
p(0W) | y) p(0") | y)

p(y)

This implies that the variance of the log-ratios must be zero:

s (P Gy )] =0

Further reading: Schmitt et al. (2024; arxiv.org/abs/2310.04395)

Bayes in the A chine Learning Paul Burkner, TU Dortmund University


arxiv.org/abs/2310.04395

Bayesian self-consistency loss

Replace the posterior p(6 | ) with its neural approximator q,, (6 | ).
For any (unlabled) dataset y* and any distribution p(#), we define:
SCLoss(1)) = Varg.5(q) [logp(y* | 0) + logp(8) —log gy (6 | ¥*)]
= We can use real-world data as y* to train the SC loss
The SC-Loss alone doesn't work well most of the time so we combine it with
the standard simulation-based (SB) loss:
SemiSupervisedLoss(1)) = SBLoss(%)) + A - SCLoss ().

This approach also works of other likelihood-based losses (e.g, reverse KL)

Further reading: Mishra et al. (2026; arxiv.org/abs/2602.22884)
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Case Study: SC for multivariate normal model

6 ~ Normal(fiypiors Ip), @ ~ Normal(6, Ip)

+ For the SB loss, we simulate from the model with fe,;,, = 0
- For the SC loss, we simulate few unalabled datasets from the model
with Mprior =2

[llustrative results:
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Meta-uncertainty for Bayesian model comparison

For amodel M, € M

p@M.) p(y|06,M)
Data Generator EPrior \Hy Likelihood }»

~ Simulated | s
Data v
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Level 1 I . ) Data § 2 Mixture
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| MewModed | A

Further reading: Schmitt et al. (2023; http://arxiv.org/abs/2210.07278)
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Bayesian model comparison via evidential deep learning
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Further reading: Radev et al. (2021; https://arxiv.org/abs/2004.10629)
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Collaboration Op nities

Applications:

- Standard Bayesian inference
- Amortized Bayesian inference

Methods:

- Diagnostics for probability inference accuracy
- Efficient uncertainty propagation

- Model comparison

- Amortized Bayesian inference

- Neural network architectures
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Learn More

Contact details:

- Website: https://paulbuerkner.com/
- Email: paul.buerkneragmail.com
- Bluesky: @paulbuerkner.com

Software:

- Stan: Probabilistic programming language (mc-stan.org)
- brms : High-level interface to Stan (paulbuerkner.com/brms)
- BayesFlow: Python library for ABI (bayesflow.org)

Bayes in the Age of Machine Learning Paul Burkner, TU Dortmund University


https://paulbuerkner.com/
mc-stan.org
paulbuerkner.com/brms
bayesflow.org

Appendix

e Learning



