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Pulse length diagnostics

- We want photon pulse length information.

- We analyze the energy of the electrons that created this photon 
pulse.

https://flash.desy.de/sites2009/site_vuvfel/content/e66400/infoboxContent259146/FLASH_layout-2022.png



Obtaining power profiles

● to get a power profile you have to compare 
lasing on images with the matching lasing off 
images.

● you can compare the center of mass or the 
energy spread.

Com:

Spread:
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Polarix and THz streaking
THz streaking
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- THz pulses are much broader

- This has to do with the long THz streaking ramp

- For better comparison of the pulse shapes:
→ convolve the Polarix profiles with
    the THz streaking instrument function
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Challenges in TDS analysis

Isolating the signal / 
matching in x:

Finding matching lasing off references

Matching in y:

Finding the ‘perfect’ reference:

Lasing on Lasing off diff



How to adress those challenges

“for foundational discoveries and inventions that

 enable machine learning with artificial neural networks”

“for protein structure prediction”

Machine learning is really good in pattern recognition, 
and with handling of large datasets.



How to adress those challenges

But sometimes fail in most basic tasks

You should never blindly trust them.

GPT4 omni

“for foundational discoveries and inventions that

 enable machine learning with artificial neural networks”

“for protein structure prediction”



@FLASH (DESY)

- SASE
- strong lasing 
  signal

@LCLS (SLAC)

- self seeded
- emittence spoiling foil
- very weak lasing signal

Two projects with XTCAV and machine 
learning

With Rajan Plumley, Daniel Ratner, Joshua Turner



SASE Data from FLASH

● Electron energy distribution changes from 
shot to shot.

● We want a method that can learn lasing off 
representations and can interpolate 
between them.

● We want a method that can solve the x,y 
matching problem for us.

Beta-Variational 
Convolutional Autoencoders
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Autoencoder
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β variational autoencoder
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Convolutional β-Variational Autoencoder

decoder is mirrored



Some reconstructions

Input image Reconstruction



Detect the lasing node

GMD in μJ
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POLARIX: Traversing the latent space

DESY.

Z2 = -2
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POLARIX: Traversing the latent space
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POLARIX: Traversing the latent space



POLARIX: Traversing the latent space



Link

QR code

Traversing the latent space: web app

https://mybinder.org/v2/gh/
Goetzkeg/betaVAEDemo/HEAD?
urlpath=voila%2Frender
%2FvisLS_lowCompute.ipynb

1) Permanent link, start it and  
grab a coffee

2) Just today, run it at my 
personal computer at home

https://8f7c-2a02-3100-8b01-
8900-6611-aedc-7c73-
d7f0.ngrok-free.app



Correlation with the GMD
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Requirements and Setup

2 pulses with few fs distance, monochromatic (8.5 keV), known intensity ratio 

TDS

Emittence spoiling foil Self-seeding



Lasing on and lasing off examples
Lasing off Lasing on



Classical evaluation fails

Lasing on Lasing off Lasing on – Lasing off



Network approach: training phase



Network approach: evaluation phase



Results: one reconstruction in detail

Power profile:

Calculate center
 of mass for 
each slice



Run 188Run 
154

Results: power profiles for different setups
Setup 1: 
Δt ~ 33 fs

Setup 2: 
Δt ~ 23 fs

Lasing off: 
Δt ~ 33 fs

Δ t=32 fs Δ t=21 fs



Run 188Run 
154

Results: power profiles for different setups
Setup 1: 
Δt ~ 33 fs

Setup 2: 
Δt ~ 23 fs

Lasing off: 
Δt ~ 33 fs

Δ t=32 fs Δ t=21 fs

We get very low intensities for a 
lasing off case

Time distance of X-ray pulses 
change accordingly with foil 

setting



Results: how to cross check
- Check if integral of both pulses match with GMD



Results: find the relevant pulses



Questions?



Finding the right reference image
‘classical approach’

- 1) clean lasing on/off images.
- 2) slice them in n slices.
- 3) calculate the x-Projection.
- 4) nr_clusters manually or with gap_statistics.
- 5) sklearn.cluster.AgglomerativeClustering with euclidean distance to 
cluster them in a group, calculate mean and spread of the group, average 
them.
- 6) use np.corrcoef to find the best reference group ( Pearson product-

moment correlation coefficients).
- 7) compare com and spread of lasing on with the averaged con / spread of 

the best matching group.
- 8) use a different detector to find the matching total power / y offset.



DESY. Page 

Beta-Variational Autoencoder
Basic principle

● Variational autoencoder: learn a 
distribution in the latent space

● Loss includes the deviation from a 
Gaussian normal distribution (KL 
divergence)

● Reparameterization trick for 
backpropagation

● Beta controls the disentanglement

Loss =
ReconstructionError + β*DisentaglementError



Polarix and THz streaking
Two single shot examples

Good agreement Different intensity ratios
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