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GANplify
What is data amplification?
• set of data  with  

• we are interested in some property  

 use stochastic estimator  for some set  

• set of generative Neural Network samples  

with   

Is  better than ? 

• measure discrepancy to  with a distance 

Dn = {x1, . . . , xn} xi ∼ pX

h(X)
⇒ ĥ(D) D

G = {x′ 1, . . . , x′ g}

x′ i ∼ ̂pX,θ ≈ pX

ĥ(G) ĥ(Dn)

h(X) M(ĥ(D), h(X))

   
  

   
   

 
M

=
M

SE

g ⟶ ∞, var(ĥ(D)) ⟶ 0

𝔼G (M(ĥ(G), h(X)))

𝔼Dn (M(ĥ(Dn), h(X)))

modified from arXiv:2008.06545
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Calomplify
: 10x10 pixel detector images 

of 50 GeV photon showers
pX
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images taken from arXiv:2202.07352
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Bayesian Uncertainties
Bayesian Neural Networks use a set 

 , with Θ = {θ(1), . . . , θ(s)} θ(i) ∼ π(θ ∣ Dn)

{ ̂pX,θ(1), . . . , ̂pX,θ(s)}
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taken from arXiv:2305.10475

{G(1), . . . , G(s)}

{ĥ(G(1)), . . . , ĥ(G(s))}

 estimates the bias of  
due to the limitations of 

stdΘ(ĥ(G)) meanΘ(ĥ(G))
Dn

How is this connected to data amplification?
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Bayesian Amplification Estimate
: toy data from a 

2D ring distribution 
pX

by construction  

 

meanDn′ 
(hj(Dn′ 

))

= std2
Dn′ (hj(Dn′ 

)) =
n′ 

nquant

: histogram counts in quantilesĥ

 
stdDn′ (hj(Dn′ 

))
meanDn′ 

(hj(Dn′ 
))

=
nquant

n′ 

!=
stdΘ(ĥj(G))

meanΘ(ĥj(G))

⟺ n′ = nquant
mean2

Θ(ĥj(G))

std2
Θ(ĥj(G))

   
  

   
   

 
⟨n

′ ⟩ q
ua

nt
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                                 nquant
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Bayesian Amplification Estimate
           but does it work?n′ = nquant

mean2
Θ(ĥj(G))

std2
Θ(ĥj(G))

                                 nquant                                 nquant

n′ n′ 

 only when the uncertainties are well calibrated⟹
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p(
̂ h j
<

x)
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Calibration
• cumulative histogram of {ĥj(G(1)), . . . , ĥj(G(10))}
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Calibration
• cumulative histogram of  

• construct credible set 
{ĥj(G(1)), . . . , ĥj(G(10))}

Ij,Θ(c)

Ij,Θ(c = 20%)
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Calibration
• cumulative histogram of  

• construct credible set 
{ĥj(G(1)), . . . , ĥj(G(10))}

Ij,Θ(c)

Ij,Θ(c = 40%)
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Calibration
• cumulative histogram of  

• construct credible set  

• repeat for  independent BNNs  
• check how often  

 empirical coverage  

{ĥj(G(1)), . . . , ĥj(G(10))}
Ij,Θ(c)

5 Θ1, . . . , Θ5
truth ∈ Ij,Θi

(c)
⇒ c̄

Ij,Θ(c = 20%)

empirical coverage c̄ = 40 %
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Calibration
• cumulative histogram of  

• construct credible set  

• repeat for  independent BNNs  
• check how often  

 empirical coverage  

{ĥj(G(1)), . . . , ĥj(G(10))}
Ij,Θ(c)

5 Θ1, . . . , Θ5
truth ∈ Ij,Θi

(c)
⇒ c̄

Ij,Θ(c = 20%)

empirical coverage c̄ = 40 %

plot  against c̄ c
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Different Bayesian Methods
Variational Inference 

•   

•  train with stochastic gradient descent

π(θ ∣ Dn) ≈ 𝒩 θ; (
μ1. . .
μP ),

σ2
1 . . .

σ2
P

stochastic gradient MCMC 
•  replace stochastic gradient descent with a 
Markov chain  

• after some burn-in  and with some gap-length  
we can draw 

θt+1 ∼ p(θt+1 ∣ θt)

b c
θb, . . . , θb+cn ∼ π(θ ∣ Dn)
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Conclusion

                                 nquant

• The amplification effect can be estimated from the 
uncertainty estimate of a generative BNN 

• It is only truthful when the network is well calibrated 

Read the paper: arXiv:2408.00838
n′ 

https://arxiv.org/abs/2408.00838

