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What do these discoveries have in common?
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Persistent View of a Supermassive Black Hole in M87*

[Event Horizon Telescope Collaboration et al., 2019] and [Akiyama et al., 2024]

Discovery of the Higgs Boson 2012

[Aad et al., 2012]
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What do these discoveries have in common?
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Persistent View of a Supermassive Black Hole in M87*

i i [Event Horizon Telescope Collaboration et al., 2019] and [Akiyama et al., 2024]
Discovery of the Higgs Boson 2012

[Aad et al., 2012]

Correct, they were only possible with simulations!
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- Invert Simulation to Infer Nature

42. simulation

- 1. T = fsim( )

U= 08 ~_
2.
390 inversion?

¥

m encapsulate mechanistic understanding of nature
in simulator

m sample parameters

5/25 AIGHZDR - MT Annual 25 | 2025-11-03

.50
.60
.67

40
.58
.75

ccccc

8



- Invert Simulation to Infer Nature

simulation
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in simulator
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m simulate data x as close to observations as
possible

m once new data x, is recorded

m invert simulation to assess the corresponding

parameters DRESDEN PN = mm
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a Bayes Law
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a Bayes Law

likelihood
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a Bayes Law

p(d]z) =

likelihood prior
——

p(x]9) - p(v)

Ip(a]9)p(v)dd
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R Bayes Law

likelihood prior
——

p(z|V) - p(V)
I p(x]¥)p()dv

p(]z) =

N————’
posterior
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a Bayes Law

p(V]z) =

N————’
posterior
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prior
——

p(¥)

| p(z|9)p(

W) did

marginal likelihood

HELMHOLTZ

DRESDEN N ==

ccccc



Bayes Law

likelihood prior
—_——

p(z]9) - p(9)
PO = P

posterior

m likelihood p(z|¥) provided by simulation
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Bayes Law

likelihood prior
—_——

oy 200
PO = P

posterior marginal likelihood

m likelihood p(z|¥) provided by simulation m prior p(¥): how we sample the simulation
parameters ¢
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Bayes Law

likelihood prior
—_——

p(z]9) - p(9)
| p(z|9)p(F)dd

p(V]z) =

—_———
posterior marginal likelihood
m likelihood p(z|¥) provided by simulation m prior p(¢): how we sample the simulation

parameters ¢

Goal: Estimate posterior to the best of our abilities!
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2 Enter Simulation-Based Inference
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“ Simulation-Based Inference Core Pipeline

Parameter

Space
9

8/25 AIGHZDR - MT Annual 25 | 2025-11-03
« #=l

Simulation

fsim (19)

HELMHOLTZAI °

RESDEN 7™\ = =
ccccc L, M1

=

»



“ Simulation-Based Inference Core Pipeline

-

Parameter
Space
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Parameter
Space
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Simulation

fsim (19)

Normalizing Flows, DDPM, ...

Machine Learning:

model

N

|

Density Estimator
p(J]x)




“ Simulation-Based Inference Core Pipeline
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“ Neural Posterior Estimation (NPE)

Inferred

Density Estimator

Para:gneter p(9|z) o p(z]d)p(I)

|

Learn posterior density from n simulated pairs
D={<bp,xg><b,x1 > ...,<0p_1,T,_1 >}
Infer ¥ given single new z,!
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“ Neural Posterior Estimation (NPE)

Inferred

Density Estimator

Parageter p(9|z) o p(z]d)p(I)

|

Learn posterior density from n simulated pairs
D = {< 90,230 >, < 91,171 >0, < Qn_l,xn_l >}.
Infer ¥ given single new z,!

low n regime

m sequential regime

m density estimator updated during
inference

m use Markov Chain Monte Carlo
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“ Neural Posterior Estimation (NPE)

Parameter p(9|z) o p(z]d)p(I)

Inferred Density Estimator ]
0

Learn posterior density from n simulated pairs
D = {< 90,{130 >, < 91,171 >0, < Qn_l,xn_l >}.
Infer ¥ given single new z,!

m sequential regime m amortized inference regime
m density estimator updated during m reuse of density estimator
inference m use Machine Learning methods

m use Markov Chain Monte Carlo
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“'ML for SBI: Normalizing Flows for density estimation
Inverse mapping

fi e, @] fy ' [o, o) f3'[o, 5]

Base density Model density

file, 9] fale, ¢, f3[e, &3]
Forward mapping

[Prince, 2023]

m flexible density learning with normalizing flows (conditional generation built-in) [Greenberg et al.,
2019]

m strong guarantee to assess probabilities: Pr(x|¢) = || 6f[z’¢] |=1Pr(2)

m if converged, represents full posterior estimate (log probs acce55|b|e)
m struggles with high-dimensional data (e.g. images)
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3 SBI Use Cases
3.1 A Classic
3.2 A Sequel
3.3 A Preview
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“'SBI Use Cases | Overview

sbi applications

o 0 0 50 %0

number of parameters

Explore for yourself: sbi-applications-explorer.streamlit.app
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https://sbi-applications-explorer.streamlit.app/

™ Laser Particle Acceleration | Idea

-l Control and Optimization of a laser-driven Free Electron Laser

The ill-posed inverse problem has no
unique solution and is resolved up to a

COXINEL*:

COherent X-ray Automatic inversion of experimental measurements from the last S SOIULON &t e

source INferred imager and UV imaging camera to beam parameters at the source posterior distribution (probability of LPA
parameters given observations).

gt W
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LPA parameters:

* Energy spread L;‘Wz 59
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* Size i Qe : SE“" fiernd v 7
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W - servation
Dkﬁ‘éé \aset 2mm 2 mm owrne é §
h h
i i
3 Virtual diagnostics provide data from all imagers in a digital ,"" i |\
form with access to the phase space of the beam in the beamline ... I “— S ——

1. Labat, M. et al. (2023). Seeded free-electron laser driven by a compact laser plasma accelerator. Nat. Photon. 17, 150-156.
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Laser Particle Acceleration | Concept
B Method: Simulation-based Inference o ersion of X

Prior distribution Observatlon XorY,
of LPA parameters:
Sample LPA 5 . . Y
uniform if no assumptions Embeddm Network
parameters_ and are given %

pass them into
the simulator Simulator Inversmn of Y

. neural
Beam propagation: : :
—( : =
L APS elegant? egtei::ttgr
Undulator radiation: SRW*
Compute simulations of a corresponding

measurement (X or Y) for sampled parameters

Estimation of the probability distribution of LPA parameters based on spectral observations from Imagers
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Laser Particle Acceleration | Concept

B Method: Simulation-based Inference

Prior distribution Observatlon XorY,

of LPA parameters:
Sample LPA 5 . . Y
parameters and uniform gr;i(;ii\i/s;umpnons [Embedding Network]
pass them into )
the simulator Simulator e

Beam propagation: .

LY APS elegant? @ > egt?r'::ttgr
Undulator radiation: SRW*

dataset:
mJc RO

mrc R199><199
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Compute simulations of a corresponding

measurement (X or Y) for sampled parameters

simulator:

m 200k samples, each

sample took 10s on 1c

m Elegant Software by
[Borland, 2000]

Inversion of X

Inversmn of Y

Estimation of the probability distribution of LPA parameters based on spectral observations from Imagers

sbi: simulator:

m amortized NPE on a
single GPU

m automl search for good
embedding net
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- Physics of Stone | Idea & Motivation

Using a simulation, describe this stone powder!
(number of mineral types, size distribution, ...)
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- Physics of Stone | First Failures

m simulations (in julia):
¥ e R
7 € R3500x3500
m each sample: 1-2 minutes on single CPU

m simulation campaigns straight-forward to
run
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- Physics of Stone | First Failures

m simulations (in julia):
¥ e R
7 € R3500x3500
m each sample: 1-2 minutes on single CPU

m simulation campaigns straight-forward to
run
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- Physics of Stone | Observations and Simulations

Currently exploring if statistics can bridge the Sim2Real gap.
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.Unfolding in Particle Physics | Motivation

<
Silicon
Tracker

o~
Electromagnetic -

Calorimeter
Hadron
Calorimeter Superconducting
Solenoid Irom return yeolke interspersed
with muen chambers
Muon Electron Charged hadron (e.g. pion)
- =«=-Neutral hadron (e.g. neutron) ----. Photon
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.Unfolding in Particle Physics | Evidence

19/25

study cross-section measurement of
ete” - atny

smaller scale experiment (compared to LHC)

unfolding: inferring simulated data from
observations

problem size:

V=q¢}c e R, T={¢% ...} e RIO-I5
challenge: simulator inaccessible
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.Unfolding in Particle Physics | Evidence

q? and gic after cuts

3 g2 T Gic
25000

20000

15000

frequency

10000

5000

m study cross-section measurement of " Mo/ Gel?
ete” = mtny ) e cots

m smaller scale experiment (compared to LHC)

m unfolding: inferring simulated data from
observations
m problem size:
V=q¢}c e R, T={¢% ...} e RIO-I5
m challenge: simulator inaccessible
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4 Wrap-Up
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E Summary

m Helmholtz: high fidelity simulators and compute are readily available

o
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https://sbi.readthedocs.io/en/latest/

E Summary

m Helmholtz: high fidelity simulators and compute are readily available

m topics: from accelerators to stones to particle physics
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E Summary

m Helmholtz: high fidelity simulators and compute are readily available
m topics: from accelerators to stones to particle physics

m sbi toolbox is becoming an important part of our ML landscape
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E Summary
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m community spirit (discord, hackathon) at the edge of presentday science
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Summary

m Helmholtz: high fidelity simulators and compute are readily available

m topics: from accelerators to stones to particle physics

m sbi toolbox is becoming an important part of our ML landscape

m community spirit (discord, hackathon) at the edge of presentday science

Thank you for your attention!
Looking forward to questions, feedback and comments.

Want to get started?
& [Deistler et al., 2025] EZ sbi.readthedocs.io/en/latest/ © Contact mel
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“ Talk to us!

m helmholtz.ai/you-helmholtz-ai/ai-consulting/
m contact@helmholtz.ai for general questions

m consultant-helmholtz.ai@hzdr.de for questions regarding research field
matter

o
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helmholtz.ai/you-helmholtz-ai/ai-consulting/
contact@helmholtz.ai
consultant-helmholtz.ai@hzdr.de
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