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Application 1: How can experimental observables constrain 
theoretical models? 



S T R U C T U R E  O F  T H E  N U C L E O N

Quantum Chromodynamics 

Quantum probability 
distributions (QPD) characterize 
the internal structure of a 
nucleon 

Can we prediction QPD 
parameters directly from 
experimental cross section 
data?
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Application 2: Can we use machine learning to simulate data?



G E N E R AT I V E  M O D E L S

  
S I M U L AT I O N ,  E V E N T  G E N E R AT I O N



A U T O E N C O D E R

H
id
d
e
n
L
a
y
e
rs

��1
P

H
id
d
e
n
L
a
y
e
rs

�1

�2

�N

↵1

↵2

↵M

�1

�2

�N

Features LATENT SPACE
Output

Features



A U T O E N C O D E R :  G E N E R AT O R

LATENT SPACE Features



Nature

Events:
vertex level

Experimental
detector

Events:
detector level

Detector
simulator

UMCEG

Events:
vertex level

neural net
detector

Events:
detector level

Likelihood
analysis

distortion

distortion

data
com

pression

(A)

(B1)

(B2)

(C)

(D1)

(D2)

(a)

(b1)

(b2)

(c)
(d1)

(d2)

N O B U O  S AT O ,  J L A B

PYTH IA



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 )

  
S I M U L AT I O N ,  E V E N T  G E N E R AT I O N



GENERATOR

D I SCR IM INATOR

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



M A X I M U M  M E A N  
D I S C R E PA N C Y  ( M M D )  G A N  

FAT- G A N

MMD: Critic loss: 
batch distribution 

matching



10°3

10°2

10°1

°5 0 5 px
0.8

1.0

1.2

10°3

10°2

10°1

°5 0 5 py
0.8

1.0

1.2

10°3

10°2

10°1

Pythia 8

FAT ° GAN

Polar ° GAN

XYZ ° GAN

20 30 40 pz
0.8

1.0

1.2

10°3

10°2

10°1

N
o
rm

a
li
ze

d
Y

ie
ld

20 30 40 E
0.8

1.0

1.2

10°3

10°2

10°1

4 6 8 pT
0.8

1.0

1.2

10°2

100

0.2 0.4 0.6 0.8 µ
0.8

1.0

1.2

0.05

0.10

0.15

0.20

°2 0 2 ¡
0.8

1.0

1.2

1

10

0.1 0.2 0.3 xbj
0.8

1.0

1.2 101 102

10°4

10°3

10°2

10°1

10 100 Q20.8

1.0

1.2



101

102

Q2
Pythia FAT-GAN (Cart)

¬2 = 1.58

0.001 0.01 0.1 1

101

102

FAT-GAN (Spher)
¬2 = 19.54

0.001 0.01 0.1 1

xbj

DS-GAN
¬2 = 82.41



A C K N O W L E D G M E N T S  
• Raghu Ramanujan, Meg Houck, Eleni 

Tsitinidi, Jose Cruz, Andrew Hoyle, 
Michael Robertson, Evan Pritchard, 
Robert Solli, John Blue, Zach Nussbaum, 
Ryan Strauss, Jack Taylor 

• JLab/ODU - Theory Center, Hall B: Nobuo 
Sato, Wally Melnitchouk, Yaohang Li, Yasir 
Alanazi, Manal Almaeen


