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Machine learning and data-driven modelling

Maximise discovery potential: anomalies

Trust in ML

Outline



Design algorithms that can perform tasks without being explicitly programmed.

BUT

is it just glorified curve fitting?
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𝑥𝑖 , 𝑦𝑖 𝑖=1
𝑛 ↝  𝑓: 𝒳 → 𝒴,

𝑓𝑤 , 𝑤 ∈ ℝ𝑝, 𝑝 ≫ 𝑛 model

min
𝑤

1

𝑛


𝑖=1

𝑛

𝑦𝑖 − 𝑓𝑤 𝑥𝑖
2

≈ 0 fit

Not good if we want to generalise!
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Machine learning
(supervised)

𝒳 ⊆ ℝ𝑑,
𝒴 ⊆ ℝ𝑑, {0,1}
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Machine learning
(supervised)

With four parameters I can fit an elephant,
and with five I can make him wiggle his trunk.

John von Neumann



ෝ𝑤𝜆 = arg min
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Machine learning
(supervised)
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Classic vs data-driven modeling

• Paradigm shift: modeling by data-driven algorithms
• Potentially lose explainability and a mechanistic/reductionist view.

• Careful pipeline needed! 

• Algorithm design 
• can be physics-informed!
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• Expressive ML models: decision trees, kernel methods, neural networks, …

• (Deep) neural networks advantage is feature extraction in high-dimensions and in 
modeling high-level correlations.

• Structured/unstructured data and architectures: 

inductive bias: images – CNN, time series – RNN, graphs – GNN.
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Machine learning in HEP

High-energy physics is a great playground!

Clissa et al, Frontiers in Big Data (2023)

CMS Phase-2 Computing Model: Update Document (2022)

new physics?
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Machine learning and data-driven modelling

Maximise discovery potential: anomalies

Should we care about interpretability

Outline



[Sketch: A. Wulzer]

Traditionally strong theory prior

→ likelihood-ratio hypothesis testing 
    (Neyman-Pearson)

𝑡𝑖(𝒟) = 2 log
ℒ 𝒟 𝑁𝑃𝑖

ℒ 𝒟 𝑏𝑘𝑔
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Anomalies

make it “any NP”?

Infinite number of possibilities and observables

Machine learning to maximise discovery potential
towards model-independence



Machine learning to maximise discovery potential
→ anomaly detection
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Anomalies

Hard problem:

- Agnostic method
- Multivariate
- Unbinned
- Large scale
- Rare/hidden anomalies
- Uncertainties in bkg
- Statistically robust

Anomalies are patterns in data that do not conform to a well-defined notion of normal behavior.
“Anomaly detection: A survey”, Chandola, Banerjee, Kumar 2010



Autoencoders for outlier detection
               𝑥, 𝑥′ ∈ ℝ𝐷

       𝑧 ∈ ℝ𝑑 ,  𝑑 ≪ 𝐷

       𝐿 =
1

𝑛
σ𝑖 𝑥𝑖 − 𝑥𝑖

′ 2

𝑥′ = 𝑓𝜃 𝑧 = 𝑓𝜃 𝑔𝜙(𝑥) ≈ 𝑥
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Anomalies

𝑧𝑥 𝑥′𝑔𝜙

endoder
𝑓𝜃

decoder

Real-time anomaly detection at L1 on FPGA

https://indico.nikhef.nl/event/4875/contributions/20303/attachments/8213/11697/eucaifcon_axol1tl_slides.pdf
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Classifier-based two-sample tests  𝑝𝑆𝑀 = 𝑝𝑑𝑎𝑡𝑎? 
Train a classifier to separate background from measurements

𝑋 = 𝑥1, … , 𝑥𝑛 ∼ 𝑝𝑆𝑀,  𝑍 = 𝑧1, … , 𝑧𝑚 ∼ 𝑝𝑑𝑎𝑡𝑎

Anomalies

SM ▸

𝑓𝑤 → 𝑓ෝ𝑤

𝑋, 𝑦 = 0

𝑍, 𝑦 = 1

Baker, Cousins (1984), Friedman (2003), Lopez-Paz, Oquab (2017),
Metodiev, Nachman, Thaler (2017), D’Agnolo, Wulzer (2018), 
ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco (2022)

https://www.sciencedirect.com/science/article/pii/0167508784900164?via%3Dihub
https://inspirehep.net/files/345e70f422e5306b7540c80ed1dbcff3
https://openreview.net/forum?id=SJkXfE5xx
https://link.springer.com/article/10.1007/JHEP10(2017)174
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y
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     perform a test on the classifier output:

     accuracy, AUC, KS, 𝜒2, …

Anomalies
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     enhance signal hypotheses (e.g. bump hunts)     

Anomalies
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
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To establish significance we need to calibrate

the SM is good ⟹ accuracy = 55% →     Is it significant? Estimate null hypothesis
(permutation, bootstrap,…)

Leverage simulations:

SM vs SM

𝑥1, … , 𝑥𝑚 ∼ 𝑝SM
𝑥1, … , 𝑥𝑚 ∼ 𝑝SM

…

Anomalies

D’Agnolo, Wulzer (2018),
ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco (2022)
Grosso, ML, Pierini, Wulzer (2023)

𝑝value = න
𝑡𝑜𝑏𝑠

∞

𝑑𝑡 𝑝 𝑡  

𝑍 = Φ−1 1 − 𝑝value

https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y
https://scipost.org/10.21468/SciPostPhys.16.5.123
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Examples of enhanced “traditional” model-independence:
learning high-dimensional bkg templates* for bump hunts

Anomalies

[source: T. Golling, Corfu2024 Workshop on Future Accelerators ]

https://indico.cern.ch/event/1349196/


Examples of enhanced “traditional” model-independence:

Effective field theories
[see David and Claudia’s talks]

Unbinned methodologies for new physics searches in EFT*

Buchmuller, Wyler (1985)
Grzadkowski, Iskrzyński, Misiak, Rosiek (2017)
…
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Anomalies

*Chen, Glioti, Panico, Wulzer (2020)
Chatterjee, Frohner, Lechner, Schöfbeck, Schwarz (2022)
Ambrosio, Hoeve, Madigan, Rojo, Sanz (2022)
…

[Source: Victor’s talk]

[Source: David’s talk]

ZW production w/ lept. decays

https://link.springer.com/article/10.1007/JHEP10(2010)085
https://link.springer.com/article/10.1007/JHEP05(2021)247
https://www.sciencedirect.com/science/article/abs/pii/S0010465522001047?via%3Dihub
https://link.springer.com/article/10.1007/JHEP03(2023)033


Foundation models

      Could boost high-d, low-n  
           
      Are they anomaly-preserving?
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[source: J. Thaler, PHYSTAT - Stats meets ML, London 2024]

Anomalies
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Machine learning and data-driven modelling

Maximise discovery potential: anomalies

Should we care about interpretability
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Warm, fuzzy feeling that you understand what your NN is doing. 

J. Thaler (PHYSTAT workshop - Stat meets ML, London 2024)

Other characterisations might be more useful
• Explainability

• Robustness

• Accuracy

• Trustworthiness

• Uncertainty quantification

• …
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Interpretability
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Interpretability

[Gaia Grosso, Phystat London 2024]

Systematic uncertainties are crucial for deployment
Grosso, D’Agnolo, Wulzer, Zanetti, Pierini (2021)

https://arxiv.org/abs/2111.13633


Which features drive the decision?

    Interpreting classifiers using active subspace methods

    Chakravarti, Kuusela, Lei, Wasserman (2021)

    Make sure they are physically relevant?

    Can we get surpised?

    

HighLumi-LHC and Hadron Colliders - LNF 2024

Interpretability

https://inspirehep.net/literature/1846719


Generative modeling a promising framework for fast simulations:  normalizing flow and diffusion models

Robust evaluation is crucial for precision sciences

Again classifiers 𝑝𝑔𝑒𝑛 = 𝑒𝑓𝑝𝑑𝑎𝑡𝑎
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Interpretability

Test the tests

Kansal, Li, Duarte, Chernyavskaya, Pierini, Orzari, Tomei (2022)
Das, Favaro, Heimel, Krause, Plehn, Shih (2023)

https://journals.aps.org/prd/abstract/10.1103/PhysRevD.107.076017
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.107.076017


• Machine learning can enable large scale model-independent searches: 

 exploration AND exploitation

• Trust in ML: intepretability, robustness, uncertainty quantification,…

• Are foundation models robust beyond supervised tasks?

• Follow-up strategy after an anomalous detection?

• How to interpret signal-agnostic null results?

• Still a large gap between R&D and deployment
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Conclusions

+ ATLAS

+ CMS

[source: T. Aarrestad, PHYSTAT London 2024]

[source: M. Kuusela, PHYSTAT London 2024]

Thank you
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