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Why Anomaly Scores Need Statistics

Model-agnostic anomaly detection: score events without a signal hypothesis — but the score itself carries no
statistical meaning
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Model-agnostic anomaly detection: score events without a signal hypothesis — but the score itself carries no
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Known failure mode: reconstruction error tracks compressibility, not anomalousness
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Does It Work? Jet Tagging Performance

Tagging performance:
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Learning An Uncertainty

Bayesian Neural Network: weights are distributions, not fixed values

w ~ gg(w) mean-field variational posterior

BNAE: only the final decoder layer is Bayesian for increased training stability

Sampling: draw N weight samples w ~ gs(w) = distribution over score, not a single point estimate
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Does It Work? Jet Tagging Performance

Tagging performance: anomaly-detection
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Does It Work? Jet Tagging Performance

Two questions

Statistical interpretation of normalized autoencoders’ anomaly score
Is the learned uncertainty estimate calibrated?
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From Reconstruction Error to Likelihood

Energy-based network: Boltzmann density classifier test AUC = 0.522
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Uncertainty Calibration
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The Dual-NAE Test

Problem: no known pi.e for real data 8 Frrr

Idea: two NAEs on pi, p» = ratio r all test samples
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Where We Differ

all test samples

Pearson = 0.987 10!
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The Dual-NAE Test

Problem: no known pi.e for real data 8 Frrr

Idea: two NAEs on pi, p» = ratio r all test samples
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Is the Classifier Trustw ?

Why: classifier ratio = ground-truth stand-in — needs to be calibrated itself
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Jet Tagging: Statistical Interpretation

Same test, real jets: BNAE ratio vs. classifier
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Do the Generated Samples Look Like Real Jets?
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Conclusion

» NAE score = likelihood

» BNAE = + calibrated uncertainty
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Thank you! Questions welcome.

Jonathan

Jonathan Ostertag-Henning — ITP Heidelberg



Backup



Backup: Pull Distributions
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