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LIGO’s gravitational
wave detector (GWD)
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Optimize
parameters and topology

Simulate
large expressive ansatz

Understand

Automated Experimental Design

We want sensitive design(s) 
for all wave frequencies,

without the laser burning things!
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Rediscovery is a
good sanity check!

Automated Experimental Design
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Discovery is better!

Automated Experimental Design
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Optimize
parameters and topology

Simulate
large expressive ansatz

Understand
what makes things work more details at:

10.1103/PhysRevX.15.021012

Automated Experimental Design
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Optimize
parameters and topology

Simulate
large expressive ansatz

Understand
what makes things work Similar approach for microscopy!

Automated Experimental Design
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Automated Experimental Design
10.1038/s41467-024-54696-y
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Graph encoding 
of quantum optics

experiments!

More on Thursday from Xuemei!
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Optimize
parameters and topology

Simulate
large expressive ansatz

Understand
what makes things work Took 1.5 million CPU hours!

Automated Experimental Design

SLOW!
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Surrogate models
for inverse design:
the Finesse case

by Carlos Ruiz Gonzalez



quasi-universal interferometer
● Finesse, the SOTA simulator of 

gravitational wave detectors (GWD)

● It is quite slow:

○ 1x1→29 param→0.2 seconds

○ 2x2→85 param→0.6 seconds

○ 3x3→169 params→1.2 seconds

● If tuning mirror masses, 50% more!

● Very challenging to optimize.

Simulating gravitational wave detectors
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Simplified 
LIGO detector

quasi-universal interferometer
● Finesse, the SOTA simulator of 

gravitational wave detectors (GWD)

Simulating gravitational wave detectors
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quasi-universal interferometer

B2top

● Finesse, the SOTA simulator of 
gravitational wave detectors (GWD)

Simulating gravitational wave detectors
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quasi-universal interferometer

B2top

C2left

MOST OF 
THEM BURN!

Simulating GWD
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Surrogate models to the rescue!
(Re)Train

Design
Virtuous cycle (?)

Non valid = lasers burn sth
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Surrogate models to the rescue!
(Re)Train

Design

● Datasets
● Architecture
● Training
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Input parameters
Continuous parameters from:

How is the data and where it comes from?

● Mirrors/beamsplitters:
○ Phase and reflectivity
○ Masses are fixed

● Light sources (here only lasers)
● Distance between elements

Fixed topology and orientations.
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Output parameters

How is the data and where it comes from?

Strain sensitivities (the curve):
● 101 frequency values

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

NO penalties included!

Large range of values!
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How is the data and where it comes from?
Data production
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) 
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quasi-universal interferometer

Which model to use?
The experiments are square lattices: 

It might be worth exploiting that!

≈
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Which model to use? Vision transformer?

≈

The experiments are square lattices: 
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Which model to use? Vision transformer?
The experiments are square lattices: 

Almost plug and play!
. . .

Downsampling
(reducing patch size)

+ MLP
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A

Patch embedding
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Which model to use? 

. . .

Downsampling
(reducing patch size)

+ MLP

O
U

TP
U

T
D

AT
A

Patch embedding

MLP mixer
(or whatever you like)

Just squeeze the data 
into the output shape

Transpose
+ MLP + 

Transpose
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Which model to use? 

. . .

Downsampling
(reducing patch size)

+ MLP

O
U

TP
U

T
D

AT
A

Patch embedding

Mix between 
patches

Mix within 
patches

Just squeeze the data 
into the output shape

MLP mixer
(or whatever you like)

     Check arXiv:2212.13350
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Which model to use? 
Plenty of options for structured data:
● Attention, MLP-mixers, other GNN . . .
● 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!

Mix between 
patches

Mix within 
patches
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Which model to use? 
Plenty of options for structured data:
● Attention, MLP-mixers, other GNN . . .
● 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!

MLP memorizes picture: 

It needs a Fourier map!
Trainable Fourier map: linear + sinus

     Example from arXiv:2006.10739
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Which model to use? 
Plenty of options for structured data:
● Attention, MLP-mixers, other GNN . . .
● 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

We also need
a Fourier map!

‘Blurry’ approximations
are not enough for us!
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Very standard training
● Usual Adam with weight decay.
● Early stopping based on test data.
● Reduce learning rate at plateau.

Similar for the retraining
● We reload the previous models (finetune).
● Warmup epochs slowly adding new data.
● Smaller weight decay and learning rate.
● Early stopping based on new test data.

Transpose
+ MLP + 

Transpose
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How good are the surrogates?

7

Without embedding grid into patches.



How good are the surrogates?

7

Embedding grid into patches.



How good are the surrogates?

7

We (mostly) care about the very best!



How good are the surrogates?

7

Simplified 
LIGO detector



How good are the surrogates?

7

Really good at 
high frequencies!

Preliminary results



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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Want to know more?
Mario Krenn got a ERC starting 
grant and moved to Tubingen!

AI hotspot in Europe with more 
than 70 research groups.

Do you want to do a PhD or a 
Postdoc in AI for Physics?


