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Gaussian uncertainty in heteroscedastic l0ss: £} eteroscedastic = Z -logo(x) + ...
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Bayesian neural network (BNN)

BNN Ensemble of networks Output
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® Ensemble: Sample from weight
distribution

Lann = Z[KL[q(G) p(0)]— logp(Dtram\@))@Nq(@)]
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Repulsive ensemble (RE)
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Repulsive ensemble (RE)

Ensemble of networks
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® Repulsive term: Cover full posterior
distribution

® Ensemble members trained
simultaneously



Learning amplitudes

® Learning only Amplitudes for different training sizes

® Compare full data to all but 10% largest
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Uncertainties
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Adding Gaussian noise
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Adding Gaussian noise

2 2 2 2
Otot — Osyst,() + U noise + Ustat

Osmear — {0257 e 10}% X Atruth

=) (Get additional systematic uncertainty

= Networks learn noise

BNN
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Adding noise to the data
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2. Systematic uncertainty plateaus on noise level
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Pull distribution

Problem:

Uncertainties not
comparable for
different networks

Are uncertainties

correctly learned?
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Pull distribution

Problem:

Uncertainties not
comparable for

different networks

L Correctly learned
Use Pull distribution y

L uncertainty should follow
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a Gaussian shape
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Pull distribution
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Dependencies on the network size
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Reduce systematics

® Gain from different architectures

® Use Deep Set Invariants (DSl)

® Compare to heteroscedastic network with
Invariant preprocessing

network |{(c/A)

HET 0.0056
HET (inv.) |{0.00098
DSI 0.000068
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Conclusion and Outlook

1. Networks are able to learn Gaussian noise
2. Relative systematic uncertainties are similar but the pull distribution might look different

3. Reduce systematics by either changing the network size or include symmetries

Next: Look at statistical pull distribution, deeper look into the DSI

Thank you for your attention!
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