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¥ Mario Krenn got a ERC starting &#
| grant and moved to Tubingen!

Al hotspot in Europe with more
§ than 70 research groups.
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Automated Experimental Design
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for all wave frequencies,
without the laser burning things!
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Automated Experimental Design
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Automated Experimental Design

PHYSICAL REVIEW X 15, 021012 (2025)

Simulate
. Digital Discovery of Interferometric Gravitational Wave Detectors
I a rg e eX p re S S |Ve a n S atz Mario Krenn,""" Yehonathan Drori,"* and Rana X Adhikari®>*

"Max Planck Institute for the Science of Light, Erlangen, Germany
“LIGO Laboratory, California Institute of Technology, Pasadena, California 91125, USA

® (Received 5 May 2024; revised 24 October 2024; accepted 21 February 2025; published 11 April 2025)

= = Gravitational waves, detected a century after they were first theorized, are space-time distortions caused

I m I Z e by some of the most cataclysmic events in the Universe, including black hole mergers and supernovae. The

successful detection of these waves has been made possible by ingenious detectors designed by human

experts. Beyond these successful designs, the vast space of experimental configurations remains largely
unexplored, offering an exciting territory potentially rich in innovative and unconventional detection

pa ra m ete rS a n d to po I Og y strategies. Here, we demonstrate an intelligent computational strategy to explore this enormous space,
discovering unorthodox topologies for gravitational wave detectors that significantly outperform the

currently best-known designs under realistic experimental constraints. This increases the potentially
observable volume of the Universe by up to 50-fold. Moreover, by analyzing the best solutions from our

superhuman algorithm, we uncover entirely new physics ideas at their core. At a bigger picture, our
methodology can readily be extended to Al-driven design of experiments across wide domains of

U n d e rs ta n d fundamental physics, opening fascinating new windows into the Universe.

DOI: 10.1103/PhysRevX.15.021012 Subject Areas: Computational Physics, Gravitation,
Quantum Physics

what makes things work more details at:
10.1103/PhysRevX.15.021012
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Automated Experimental Design

nature communications

- 10.1038/s41467-024-54696-
Simulate s y

Article https://doi.org/10.1038/541467-024-54696-y

| - Automated discovery of experimental
arge expressive ansatz designs in super-resolution microscopy

with XLuminA

u ]
O t I m I Z e i Carla Rodriguez®" -, Stren Arlt!, Leonhard Mckl®'224 - & Mario Krenn®'
Accepted: 19 November 2024

Published online: 10 December 2024 Driven by human ingenuity and creativity, the discovery of super-resolution
techniques, which circumvent the classical diffraction limit of light, represent a
p a ra m ete rS a n d to p O I O g y i Check for updates leap in optical microscopy. However, the vast space encompassing all possible
experimental configurations suggests that some powerful concepts and
techniques might have not been discovered yet, and might never be with a
human-driven direct design approach. Thus, Al-based exploration techniques
could provide enormous benefit, by exploring this space in a fast, unbiased
way. We introduce XLuminA, an open-source computational framework
developed using JAX, a high-performance computing library in Python.
n e rs a n XLuminA offers enhanced computational speed enabled by JAX's accelerated
linear algebra compiler (XLA), just-in-time compilation, and its seamlessly
integrated automatic vectorization, automatic differentiation capabilities and
- GPU compatibility. XLuminA demonstrates a speed-up of 4 orders of magni-
W h at m a ke S th I n g S WO rk tude compared to well-established numerical optimization methods. We
showcase XLuminA’s potential by re-discovering three foundational experi-
ments in advanced microscopy, and identifying an unseen experimental
blueprint featuring sub-diffraction imaging capabilities. This work constitutes
an important step in Al-driven scientific discovery of new concepts in 0pti(1
and advanced microscopy.
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Surrogate models
for inverse design:
the Finesse case

by Carlos Ruiz Gonzalez



Simulating gravitational wave detectors

uasi-universal interferometer _ ,
d e Finesse, the SOTA simulator of

gravitational wave detectors (GWD)

e |tis quite slow:
o 1x1—-29 param—0.2 seconds
o 2x2—85 param—0.6 seconds
o 3x3—169 params—1.2 seconds

e |If tuning mirror masses, 50% more!

e Very challenging to optimize.




Simulating gravitational wave detectors

quasi-universal interferometer

e Finesse, the SOTA simulator of
gravitational wave detectors (GWD)
Noises
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Simulating gravitational wave detectors

uasi-universal interferometer _ _
d e Finesse, the SOTA simulator of

gravitational wave detectors (GWD)
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Phase tuning of mirror C2left
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Surrogate models to the rescue!

(Re)Train

Design

D

[E@ Initial random dataset (all/valid)

1st inverse designs (all/valid)

2nd inverse designs (aII/vaIid)]

Virtuous cycle (?)

Non valid = lasers burn sth
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Surrogate models to the rescue!

C (Re)Train
Design

D

e Datasets
e Architecture
e Training

[E@ Initial random dataset (all/valid)

1st inverse designs (all/valid)

2nd inverse designs (all/valid)

141 |
1x1 UIFO
12+ |
10t J
| %
6 i!é
' ’
7
Yl .-'\\\%;:::%
E Y P54 »‘0":’
T\
IO NN Y s oo e

RETE 10713

10-17 10—19

Geometric mean sensitivity

10—21 10—13 10—15
Geometric mean sensitivity

7 L
10—21 10—13 10—15 10—17 10—19
Geometric mean sensitivity

3x3 UIFO

114

112

110

Samples (%)



How is the data and where it comes from?

Input parameters 4

Continuous parameters from:
e Mirrors/beamsplitters:
o Phase and reflectivity

o Masses are fixed

e Light sources (here only lasers) 2

e Distance between elements

Fixed topology and orientations.




How is the data and where it comes from?

Output parameters 4

Strain sensitivities (the curve):
e 101 frequency values

Light powers applied on:
e Mirrors/beamsplitters
e Detector (very sensitive)

NO penalties included!

Large range of values!



How is the data and where it comes from?

Data production 4
1. Training with random data*.

2. Inverse design with the model.
Loss = Sensitivity + Penalties

3. Retrain with inverse designs*.

4. Back to step 2.

* All designs checked with Finesse
(running in parallel cpus)




Which model to use?

quasi-universal interferometer  The experiments are square lattices:

0

It might be worth exploiting that!




Which model to use? Vision transformer?

e The experiments are square lattices:
| Head \
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Which model to use? Vision transformer?

)

OUTPU
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DD The experiments are square lattices:
(reducing patch size)
+ MLP

Almost plug and play!



Which model to use?

!
5 « Downsampling Just squeeze the data ¢
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Check arXiv:2212.13350

Which model to use?

m . X @
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Which model to use?

Plenty of options for structured data:

e Attention, MLP-mixers, other GNN . . .

e \With patches, one needs to:
1. Embed data into patches.

2. Mix between and within patches.

3. Squeeze/truncate to output size.

Or flat the inputs and use MLPs (worse).

Be aware of the spectral bias!

e
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Which model to use?

Plenty of options for structured data:

e Attention, MLP-mixers, other GNN . . .

e \With patches, one needs to:
1. Embed data into patches.

2. Mix between and within patches.

3. Squeeze/truncate to output size.

Or flat the inputs and use MLPs (worse).

Be aware of the spectral bias!

Trainable Fourier map: linear + sinus

Example from arXiv:2006.10739

MLP memorizes picture:

=
z

No Fourier features
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With Fourier features
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(a) Coordinate-based MLP (b) Image regression
(z,y) — RGB

It needs a Fourier map!



Which model to use? ‘Blurry’ approximations

are not enough for us!
Plenty of options for structured data:

e Attention, MLP-mixers, other GNN . . .
e \With patches, one needs to:
1. Embed data into patches.
2. Mix between and within patches. |
3. Squeeze/truncate to output size.

Phase tuning of mirror C2left
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Or flat the inputs and use MLPs (worse). - = e
Frequency [Hz]

Be aware of the spectral bias! We also need

Trainable Fourier map: linear + sinus a Fourier map!



Very standard training @ w
e Usual Adam with weight decay. e
e Early stopping based on test data. , A
e Reduce learning rate at plateau. L Norm
Similar for the retraining [ Transpose ]
Transpose
We reload the previous models (finetune). N-p ]
Warmup epochs slowly adding new data.

Smaller weight decay and learning rate. T ]
Early stopping based on new test data. -
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How good are the surrogates?

[m Initial random dataset (all/valid) 1st inverse designs (all/valid) 2nd inverse designs (alI/vaIid)]
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How good are the surrogates?

[E@ Initial random dataset (all/valid) 1st inverse designs (all/valid) 2nd inverse designs (aII/vaIid)]
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Embedding grid into patches.
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Samples (%)

How good are the surrogates?

[E@ Initial random dataset (all/valid) 1st inverse designs (all/valid) 2nd inverse designs (aII/vaIid)]
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We (mostly) care about the very best!
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Geometric mean sensitivity

How good are the surrogates?
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Geometric mean sensitivity

Preliminary results

How good are the surrogates?
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Conclusions

Surrogates complement slow simulators for inverse design.

If your data has structure, your model should too.
Details matter! Be aware of the spectral bias of neural nets.

The approach goes beyond gravitational wave detectors!
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