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Application 1: How can experimental observables constrain 
theoretical models? 
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FA S T  M A P P I N G  T O  T H E O R E T I C A L  PA R A M E T E R S

Bayesian Neural Networks 

Training — Bayesian inference 

Can we make predictions with 
accurate error estimates? 

pMSSM parameters  total 
SUSY cross section

→



FA S T  M A P P I N G  T O  T H E O R E T I C A L  PA R A M E T E R S

https://arxiv.org/abs/2009.14393

https://alpha-davidson.github.io/TensorBNN

B.S. Kronheim, M.P. Kuchera, H.B. Prosper, A. Karbo, Bayesian neural networks for fast SUSY 
predictions, Physics Letters B, Volume 813, 2021, 136041, ISSN 0370-2693, https://doi.org/
10.1016/j.physletb.2020.136041.

16 million times faster  
than theory codes!
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Feature Extraction Latent Space Task
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M A X  P O O L I N G

1 1 2 4

5 6 9 3

3 2 4 4

1 2 0 7

6 9

3 7

max pool with 2x2 filters 
and stride 2
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C H R I S T I A N  S Z E G E D Y  E T.  A L .  G O I N G  D E E P E R  W I T H  C O N V O L U T I O N S .

 “GoogLeNet network with all the bells and whistles” 
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Feature Extraction Latent Space Task
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Application 2: Can we use machine learning to accurately 
classify events in detectors?

Metrics
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Application 2: Can we use machine learning to accurately 
classify events in detectors?
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AT-TPC HALL B
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P R E - T R A I N E D  O N  I M A G E N E T  D ATA !
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6x faster!
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Feature Extraction Latent Space Task



C L U S T E R I N G  —  K M E A N S

Goal: minimize pairwise distances between points in same cluster

Goal: maximize pairwise distances between points in different clusters

min
k

∑
i=1

1
2N

N

∑
x,y,x≠y

( ⃗x − ⃗y )2
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D E C O D E R

How do we know that 
we are providing a 
latent vector that 

represents those seen 
in training?

Variational Autoencoder
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https://blog.keras.io/building-autoencoders-in-keras.html
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G E N E R AT I V E  A D V E R S A R I A L  
N E T W O R K S  ( G A N S )
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G E N E R AT O R

D I S C R I M I N AT O R

Generated Images

Real and Fake Images

Update Generator

P H O T O S  F R O M  K AT R I N A  S ;  A N D R E W  B  E T.  A L . ,  B I G G A N .

maximize D(G(z))

minimize D(G(z))



GAN 
(DCGAN)

WGAN



Application 3: Can we use machine learning to simulate data?
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Simulation of electron-proton scattering events by a Feature-Augmented and Transformed Generative Adversarial Network (FAT-GAN), Y. Alanazi, N. Sato, T. Liu, W. Melnitchouk, M. P. Kuchera, E. Pritchard, M. Robertson, R.R. Strauss, L. Velasco, Y. Li. accepted. 30th 
International Joint Conference on Artificial Intelligence (2021).

https://arxiv.org/abs/2001.11103
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C O N D I T I O N A L  G A N

Total Distributions Conditional Jet Distributions
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Conditional Distributions

C FAT- G A N :  C O N D I T I O N A L  S I M U L A T I O N  O F  E L E C T R O N - P R O T O N  S C A T T E R I N G  E V E N T S  W I T H  V A R I A T E  B E A M  E N E R G I E S  B Y  A  F E A T U R E  A U G M E N T E D  A N D  T R A N S F O R M E D  G E N E R A T I V E  A D V E R S A R I A L  N E T W O R K  L .  V E L A S C O ,  E .  M C C L E L L A N ,  N .  
S A T O ,  P.  A M B R O Z E W I C Z ,  T.  L I U ,  W.  M E L N I T C H O U K ,  M . P.  K U C H E R A ,  Y A S I R  A L A N A Z I ,  Y A O H A N G  L I ,  1 9 T H  I E E E  I N T E R N A T I O N A L  C O N F E R E N C E  O N  M A C H I N E  L E A R N I N G  A N D  A P P L I C A T I O N S  ( I C M L A ) ,  M I A M I ,  F L ,  U S A ,  2 0 2 0 ,  P P .  3 7 2 - 3 7 5 ,  
D O I :  1 0 . 1 1 0 9 / I C M L A 5 1 2 9 4 . 2 0 2 0 . 0 0 0 6 6 .

https://ieeexplore.ieee.org/document/9356177
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