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GANplify DASHH

What is data amplification? 0 040 50 quantiles
| GAN 100 data points

- setofdata D, = {x,...,x,} withx; ~ py

» we are interested in some property /(X)

) 0.020°
= use stochastic estimator /(D) for some set D (LT/-]) sample <M(h(D ) h(X))>
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» measure discrepancy to /(X)) with a distance M(lAz(D), h(X))
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Calomplify DASHH.

Px: 10x10 pixel detector images

of 50 GeV photon showers M: Jensen-Shannon divergence
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Bayesian Uncertainties

Bayesian Neural Networks use a set

®={0W,. .. ,09} with0” ~ z(0 | D)

UDASHH.

Z+1 jet exclusive

— True

std®(lAz(G)) estimates the bias of mean@(it(G)) © 1(1).8: _____ -¥YTTH*" ' #Tlhﬁ . ‘::-ﬁl‘m&ﬁ‘i'
due to the limitations of D, SN ﬁmﬁm Hﬂ Q ' ’| { H l ‘ ]

c ep P
How is this connected to data amplification” pri1 [GeV]

Sebastian Bieringer Bayesiamplify 07.11.2024 4



Bayesian Amplification Estimate paASHH

Vo N

Px: toy data from a h: histogram counts in quantiles

2D ring distribution

Data dimension 2

Training Data
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Marginal Distribution in r
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Data dimension 2

Data dimension 1

stdp, (D))

meany, (1(D,))

n

- stdg(h(G))

n mean@(izj(G))

quant

mean%)(izj(G))

std2(h(G))

0.8- . by construction I F- VIB (k=10.0) =
. 2 P T
06 [1 training data 10 I AdamMCMC (o =0.1) “I“": ““““
-0 ] o
g meanD ,(h](Dn/)) § 101 4 — ‘I“,‘I‘
& n = 3 I S I,-‘I'
~ 04‘ © i - s et
§ 7 ! > 100 3 T ‘I “‘-I"'I
@) < ] =X *
: o : : : -t 2" _-"I“
0.2 1 Sthn, (h](Dn’)> ~ o-1 : 7 E
Mguant 3 g
0.0 — T l T l ' l T - |
4 5 6 101 102 103 104
Radius r n
quant

Sebastian Bieringer

Bayesiamplify

07.11.2024 5



Bayesian Amplification Estimate paAsHH

meané(izj(G))
n'= Nquant " but does it work? — only when the uncertainties are well calibrated
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Calibration DASHH.

1.0 Run 0 A A
—— truth . cumulative histogram of {hj(G(l)), e hj(G(m))}

p(lAzj < X)
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Calibration DASHH.
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Calibration DASHH.
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Calibration DASHH.

empirical coverage ¢ = 40 %

1.0 - Run 0
Run 1 I . cumulative histogram of {itj(G(l)), e izj(G(lo))}
0g Run 2 .Il + construct credible set /; g(c)
" | C— Run3 Ir‘ » repeat for 5 independent BNNs O, ..., O
Run 4 » check how often truth € [; g (¢)
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Calibration DASHH.

empirical coverage ¢ = 40 %
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Different Bayesian Methods ‘DASHH.
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Variational Inference
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* train with stochastic gradient descent
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Conclusion DASHH.

AdamMCMC (0=0.1)

102 :

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

* Itis only truthful when the network is well calibrated

—— posterior mean prediction

10-54 e n’ true data points

Read the paper: arXiv:2408.00838
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