
M A C H I N E  L E A R N I N G ,  
N U C L E A R  P H Y S I C S ,  A N D  
A L G O R I T H M  D E V E L O P M E N T  
F O R  D ATA  A N A LY S I S  I N  
N U C L E A R  R E S E A R C H

M I C H E L L E  K U C H E R A  
D AV I D S O N  C O L L E G E  

J O I N T  I C T P - I A E A  W O R K S H O P  A D VA N C E D  S C H O O L  O N  
C O M P U TAT I O N A L  N U C L E A R  S C I E N C E  
                                 
2 3  M AY  2 0 2 2



•Convolutional Layers 
•Classification 
•Pre-trained models 
•Unsupervised Methods 
•Best practices 
•Hot topics in ML research
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C O N V O L U T I O N A L  N E U R A L  N E T W O R K S

Feature Extraction Latent Space Task



Input Filter Feature Map
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M A X  P O O L I N G
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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



P R E - T R A I N E D  M O D E L S



P R E T R A I N E D  M O D E L S

A L E X N E T  

V G G  

R E S N E T S  

I N C E P T I O N  

X C E P T I O N



P R E T R A I N E D  M O D E L S

A L E X N E T  

V G G  

R E S N E T S  

I N C E P T I O N  

X C E P T I O N

J .  Z .  TAY L O R ,  H O N O R ’ S  T H E S I S ,   D AV I D S O N  C O L L E G E



A L E X N E T  

V G G  

R E S N E T S  

I N C E P T I O N  

X C E P T I O N

J .  Z .  TAY L O R ,  H O N O R ’ S  T H E S I S ,   D AV I D S O N  C O L L E G EJ .  Z .  TAY L O R ,  H O N O R ’ S  T H E S I S ,   D AV I D S O N  C O L L E G E M . P.  K U C H E R A ,  E T.  A L .  N U C L E A R  I N S T R U M E N TAT I O N  A N D  M E T H O D S  A  ( 2 0 1 9 )



Application 2: Can we use machine learning to accurately 
classify events in detectors?

Metrics



99% Accuracy

Detect Lung Cancer
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precision = TP
TP + FP

recall = TP
TP + FN

F1 = 2 ⋅ precision ⋅ recall
precision + recall

accuracy = TP + TN
TP + FN + FP + TN
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Application 2: Can we use machine learning to accurately 
classify events in detectors?



A C T I V E - TA R G E T  T I M E  P R O J E C T I O N  C H A M B E R  ( AT- T P C )
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E X P E R I M E N TA L  D ATA

AT-TPC HALL B



V G G 1 6  A R C H I T E C T U R E

P R E - T R A I N E D  O N  I M A G E N E T  D ATA !



Experiment Precision Recall F1

Experimental → 
Experimental

0.96 0.90 0.93

Simulated → 
Simulated

1.00 1.00 1.00

Simulated → 
Experimental

0.90 0.60 0.72

AT-TPC HALL B

Precision Recall F1

0.97 0.93 0.95



Experiment Precision Recall F1

Experimental → 
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Simulated → 
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Precision Recall F1
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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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Input Output

10000000 10000000

01000000 01000000

00100000 00100000
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Input A1 A2 A3 Output

10000000 0.9911 0.9869 0.0093 10000000

01000000 0.9892 0.0095 0.0124 01000000

00100000 0.0094 0.0283 0.0122 00100000

00010000 0.9840 0.9836 0.9900 00010000

00001000 0.0139 0.9904 0.0186 00001000

00000100 0.0128 0.9805 0.9868 00000100
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D E C O D E R



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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mean stdev
Encode to 

two outputs 
for each 

latent 
dimension: 
mean and 

stdev

Sample 
similar points 

in latent 
space, 

decode, and 
compare with 
regularization



https://blog.keras.io/building-autoencoders-in-keras.html
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