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C O N T E N T

AT-TPC

Call for controlled research into UQ for our purposes  
 - Epistemic, aleatoric 
 - Deeply Uncertain 
Methods 
 - Bayesian Neural Networks, Implicit Quantile Networks,                    
Normalizing Flows, Generative Adversarial Networks 
Examples from particle physics 
 - jet simulation, likelihood inference



Epistemic:  
 - model uncertainty 
 - reducible 

Aleatoric: 
 - uncertainty in data 
 - irreducible 

 - statistical 
 - systematic



AT-TPC



AT-TPC

P L O T S  C O U R T E S Y  B .  K R O N H E I M ,  U M D



C O N S I D E R AT I O N S :  

 -  L O S S  F U N C T I O N S  
 -  T R A I N I N G  A P P R O A C H  /  M E T H O D S  



Loss functions 

 - : mean 

 - : median 

 - - : maximum likelihood estimation 

 -                                                          : quantile function 
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log p(y |θ)



FA S T  M A P P I N G  F R O M  T H E O R Y  T O  O B S E R VA B L E S

Bayesian Neural Networks 

Training — Bayesian inference 

Can we make predictions with 
useful epistemic uncertainty 
estimates?

log p(y |θ)



FA S T  M A P P I N G  F R O M  T H E O R Y  T O  O B S E R VA B L E S

Bayesian Neural Networks 

Training — Bayesian inference 

Can we make predictions with 
useful epistemic uncertainty 
estimates?



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

FA S T  M A P P I N G  F R O M  T H E O R Y  T O  O B S E R VA B L E S



J E T  S I M U L AT I O N  A N D  C O R R E C T I O N

AT-TPC

jet simulation
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AT-TPC

jet simulation

E V E N T  
G E N E R AT I O N

PA R T O N  
J E T S

H A D R O N I Z AT I O N  
C L U S T E R I N G

G E N  
J E T S

G E A N T 4  
P U P P I  

C L U S T E R I N G

R AW  
R E C O

J E T  
C O R R E C T I O N S

R E C O  
J E T S

J .  B L U E ,  E T. A L . ,  C H E P  ‘ 2 1  
E P J  W O C  2 5 1 ,  0 3 0 5 5  ( 2 0 2 1 )  H T T P S : / / D O I . O R G / 1 0 . 1 0 5 1 / E P J C O N F / 2 0 2 1 2 5 1 0 3 0 5 5

https://doi.org/10.1051/epjconf/202125103055


E X I S T I N G  M E T H O D S

AT-TPC
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(conditional) generative  
adversarial networks normalizing flows

arXiv:1912.00477 
arXiv:1807.01954 
arXiv:1805.00850 
arXiv:1712.10321

arXiv:1904.12072  
arXiv:2001.05486 
arXiv:2001.10028  
arXiv:2012.09873 
arXiv:2106.05285
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E X I S T I N G  M E T H O D S

AT-TPC
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I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

S TAT S  R E V I E W

data CDF quantile function



I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

S TAT S  R E V I E W

data (x) CDF

τ

quantile function (   )τ

x



I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

L O S S  F U N C T I O N
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AT-TPC

L O S S  F U N C T I O N



I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

L O S S  F U N C T I O N

regularization



I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

A R C H I T E C T U R E

(x1, x2) → y

τ

x1
x2 y

p(y |x1, x2)



I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

(pT, η, ϕ, m) → (p′ T, η′ , ϕ′ , m′ )

A R C H I T E C T U R E

p(y(1), y(2), . . . , y(n) |x) = p(y(1) |x)p(y(2) |x, y(1))
n

∏
i=3

p(y(i) |x, y(1), …, y(i−1))

p(p′ T, η′ , ϕ′ , m′ |pT, η, ϕ, m)
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AT-TPC

(pT, η, ϕ, m) → (p′ T, η′ , ϕ′ , m′ )

A R C H I T E C T U R E
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AT-TPC

(pT, η, ϕ, m)

A R C H I T E C T U R E



I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

(p′ T, η′ , ϕ′ , m′ )
[0,0,1,0]

A R C H I T E C T U R E
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AT-TPC

(p′ T, η′ , ϕ′ )

A R C H I T E C T U R E



I M P L I C I T  Q U A N T I L E  N E T W O R K S

AT-TPC

τ ∼ U(0,1)

A R C H I T E C T U R E
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AT-TPC

τ ∼ U(0,1)

(p′ T, η′ , ϕ′ )

(pT, η, ϕ, m)
[0,0,1,0]

(pT, η, ϕ, m)

ϕ′ 

A R C H I T E C T U R E

p(A, B, C, D) = p(A |D)p(B |A, D)p(C |A, B, D)
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AT-TPC

jet simulation

jet correction
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R E S U LT S J E T  S I M U L AT I O N
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R E S U LT S J E T  S I M U L AT I O N :  S U B S PA C E  
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T H A N K  Y O U !

B R A D E N  K R O N H E I M 1 , 2 ,  M I C H E L L E  K U C H E R A 1,   
H A R R I S O N  P R O S P E R 3,  R A G H U  R A M A N U J A N 1 ,  A L I  
A L  K A D H I M 3  

T H I S  W O R K  W A S  S U P P O R T E D  B Y  T H E  N AT I O N A L  S C I E N C E  F O U N D AT I O N  U N D E R  
C O O P E R AT I V E  A G R E E M E N T  O A C - 1 8 3 6 6 5 0 . 1  A N D  T H E  N AT I O N A L  S C I E N C E  
F O U N D AT I O N  U N D E R  G R A N T  N O .  2 0 1 2 8 6 5 .

arXiv:2111.11415

NeurIPS 2021 - Thirty-fifth Workshop on Machine Learning and the Physical 
Sciences, Dec 2021, Vancouver, Canada


