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1) Cavities impertections:
mismatching, misalignment and
astigmatism
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— The cavity has the same
parameters (farget)!
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If the parameters match — the beam 1s coupled to the
cavity

If the parameters don’t match —» mode mismatch

— power loss
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Power Loss Percentage as a Function of the waist size
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— Fundamental mode of the cavity
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Target parameters

— Fundamental mode of the cavity

Different parameters
— High Order Modes (HOM)
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Cavity input beam

Circulating power vs resonance length
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Laguerre-Gauss mode
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Misalignment: input axis not aligned to cavity axis

- Mirrors tilted 1n
same direction — filt

- Mirrors tilted in
opposite direction —» shift
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Cavity input beam

Circulating power vs resonance length

Position: 2.2025e-07
Power: 1.7063
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Position: 2.2025e-07
Power: 1.7063
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Power Loss Percentage as a Function of the tilt of the input mirror

tilt in y direction
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Power loss
Different parameters Tilt in the mirrors Asymmetric beam
Mode mismatch Misalignment Astigmatism
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Laguerre-Gauss modes Hermite-Gauss modes =~ Combined modes
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— We can easily tell
the difference,
but not the exact
contribution of
each parameter

—> How then?
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Machine learning (ML) is a field devoted to
understanding and building methods that let machines
"learn".

Machine learning algorithms build a model based on
sample data, known as training data, in order to make
predictions or decisions without being explicitly
programmed to do so.


https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Training_data
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- “Complex fit” (with too many parameters)

- Useful for evolving systems

- Can handle nonlinearity
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Prediction/Result

A Simple Machine Learning Pipeline Explanation
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Convolution Connected

Feature Extraction Classification
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Output [0][0] = (9*0) + (4*2) + (1*4) A
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Convolution Neural Network (CNN)
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- “Machine Learning for Quantum-Enhanced
Gravitational-Wave Observatories” - Chris Whittle, Ge Yang,
Matthew Evans, Lisa Barsotti (05/2023)


https://arxiv.org/search/astro-ph?searchtype=author&query=Whittle%2C+C
https://arxiv.org/search/astro-ph?searchtype=author&query=Yang%2C+G
https://arxiv.org/search/astro-ph?searchtype=author&query=Evans%2C+M
https://arxiv.org/search/astro-ph?searchtype=author&query=Barsotti%2C+L
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- “Machine Learning for Quantum-Enhanced
Gravitational-Wave Observatories” - Chris Whittle, Ge Yang,
Matthew Evans, Lisa Barsotti (05/2023)

- “Predicting the motion of a high-Q pendulum subject to
seismic perturbations using machine learning” - Nicolas
Heimann, Jan Petermann, Daniel Hartwig, Roman Schnabel,
Ludwig Mathey


https://arxiv.org/search/astro-ph?searchtype=author&query=Whittle%2C+C
https://arxiv.org/search/astro-ph?searchtype=author&query=Yang%2C+G
https://arxiv.org/search/astro-ph?searchtype=author&query=Evans%2C+M
https://arxiv.org/search/astro-ph?searchtype=author&query=Barsotti%2C+L
https://arxiv.org/search/gr-qc?searchtype=author&query=Heimann%2C+N
https://arxiv.org/search/gr-qc?searchtype=author&query=Heimann%2C+N
https://arxiv.org/search/gr-qc?searchtype=author&query=Petermann%2C+J
https://arxiv.org/search/gr-qc?searchtype=author&query=Hartwig%2C+D
https://arxiv.org/search/gr-qc?searchtype=author&query=Schnabel%2C+R
https://arxiv.org/search/gr-qc?searchtype=author&query=Mathey%2C+L
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Intersection points for input mirror:
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(1.6182e-06, 3)
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Power Loss Percentage as a Function of the w, and wy

Intersection points for w_x:
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Power Loss Percentage as a Function of the Rx and Ry

Intersection points for R_x:
(636.2939, 3)
(2208.2487, 3)

Intersection points for R y:
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Variable number of inputs
(number of peaks)

/\

Truncation Padding
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Loss of data Extra worthless data
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Long Short-Term Memory Convolutional
Neural Network (LSTM CNN)

|:\J> CNN |:‘> LSTM |:J\> DENSE LAYERS |:'\> OUTPUT
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CNN

0.46007
0.014035
0.232315

0.154224
0.053963
0.199242
0.705248

0.78454
0.154156
0.981210

CNN

CNN
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0.008749
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0.097133

Next steps
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La personne semble marcher

> La personne est en train de courir
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Thank you for listening!



