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Traditional searches in HEP are designed around
specific BSM models or signal hypotheses

 develop signal-agnostic analysis strategies
 detect generic discrepancies from the SM

Challenging task
• New physics effects are small or rare
→ Large scale (sensitivity)
→ Multivariate (inclusive)

 machine learning for a flexible and data-driven approach

Motivation
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Anomaly detection as a goodness-of-fit

• Data

𝒟 = 𝑥!, … , 𝑥"𝒟

𝑥 ∈ ℝ!

• Reference model

𝑝# 𝑥 ,   𝑁 𝑅
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Anomaly detection as a goodness-of-fit

• Data

𝒟 = 𝑥!, … , 𝑥"𝒟

𝑥 ∈ ℝ!

• Reference model sample

𝑝# 𝑥 ,   𝑁 𝑅

ℛ = *𝑥!, … , *𝑥"ℛ
𝑁ℛ ≫ 𝑁𝒟

Use cases:

• Signal-agnostic searches

• Data quality monitoring

• Validation of generative models

Is the reference model a good 

description of the data?

𝑝$%&' = 𝑝(,     N true = 𝑁 𝑅
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The New Physics Learning Machine

Machine learning for a signal-agnostic likelihood-ratio test

1.    Likelihood-ratio test statistic

ℒ 𝒟 R =
𝑒!" #

𝑁𝒟!
(
%∈𝒟

𝑛# 𝑥 , 𝑛# 𝑥 = 𝑁 𝑅 	𝑝# 𝑥

→ 	𝑡 𝒟 = 2 log
ℒ 𝒟 true
ℒ 𝒟 R = 2 9

%∈𝒟

𝑓 𝑥 −
𝑁 𝑅
𝒩#

9
%∈ℛ

𝑒( % − 1 , 𝑓 = log
𝑛)*+, 𝑥
𝑛# 𝑥

𝑁 true − 𝑁(𝑅)

D’agnolo and Wulzer, PRD (2019)
ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco, EPJC (2022)

https://doi.org/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y


2.   Learn the density ratio from data →  classifier

Design	a	loss:	 	 𝑓-. ≈ log
𝑛)*+, 𝑥
𝑛# 𝑥

ℓ 𝑓. 𝑥 , 𝑦 = 1 − 𝑦
𝑁 𝑅
𝑁ℛ

log 1 + 𝑒(! % + 𝑦 log 1 + 𝑒!(! %

→ 𝑡-. 𝒟 = 2 9
%∈𝒟

𝑓-. 𝑥 −
𝑁 𝑅
𝒩#

9
%∈ℛ

𝑒("! % − 1

The New Physics Learning Machine

𝑦 = 00	if	𝑥 ∈ ℛ1	if	𝑥 ∈ 𝒟

evaluation metric
at the end of training
(in-sample)

𝑓! → 𝑓"!
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The New Physics Learning Machine

3. Efficient large scale kernel methods Falkon library 

𝑓) =9
*+,

-

𝑤*	𝑘. 𝑥, 𝑥* ,	

𝑘. 𝑥, 𝑥* = exp−
𝑥 − 𝑥* /

2𝜎/

Check out  
L. Rosasco’s talk!

space	𝒪 𝑛1 → 𝒪 𝑛 ,	

time	𝒪 𝑛2 → 𝒪(𝑛 𝑛 log 𝑛)

• Random projections (Nyström)
• Conjugate grad. w/ efficient preconditioning 
• Efficient (multi-)GPU implementation

Meanti, Carratino, Rosasco, Rudi, NeurIPS (2020)

https://proceedings.neurips.cc/paper_files/paper/2020/hash/a59afb1b7d82ec353921a55c579ee26d-Abstract.html
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Reference sample (𝑦 = 0)

Data sample (𝑦 = 1)

𝑓! → 𝑓"!

Likelihood-ratio 
test statistic 𝑡!" 𝒟

Density ratio 𝑓!"

Large 𝑡-. 𝒟 	→	 disagreement. How large? We need to calibrate.
- Re-train the model multiple times on 𝒟(#) reference-distributed data (toys).

→ 𝑝!"#$% = $
&-3 𝒟

(
𝑑𝑡	𝑝 𝑡 , 𝑍 = Φ)* 1 − 𝑝!"#$%

𝑡!"(𝒟)

−	 𝜒#	
         Ref

𝑃(
𝑡)

𝑡

The New Physics Learning Machine
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𝑁 𝑅 = 2000, 𝒩ℛ = 100×𝑁(𝑅)

𝑆 = 10
𝑍$% = 4.7

𝑆 = 90
𝑍$% = 4.4

𝑆 = 90
𝑍$% = 4.1

300	R-toys
100	D-toys

𝑍&'( = 2.43, 3.04, 2.82

̅𝑡)* = 2.11	sec

Univariate example  ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco, EPJC (2022)

https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y


𝑝𝑝 → 𝜇+𝜇,	 𝑝-., 𝑝-/, 𝜂., 𝜂/, Δ𝜙 , 	 SUSY (8d), HIGGS (21d)

𝑁 𝑅 = 20000, 𝒩ℛ = 5×𝑁 𝑅 . 	 𝑁 𝑅 = 100, 𝒩ℛ = 5×𝑁 𝑅

   Data: https://zenodo.org/records/4442665

Dimuon final state  ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco, EPJC (2022)
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https://zenodo.org/records/4442665
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Drift tube chambers from Legnaro INFN National Laboratory.

DATASET:

• Drift times (𝑡#): the four drift times of the muon track. 

• Slope (𝜙): the angle with respect to the vertical axis.

• Reference data is collected in a controlled regime.

• Anomalies:
• reduced voltage of cathodic strips to 75%, 50%, and 25% of their nominal value ( -1.2 kV)
• lowered front-end thresholds to 75%, 50%, and 25% of nominal value (100 mV)

Data: https://zenodo.org/records/7128223

̅𝑡)* ≈ 0.5	sec

Data quality monitoring Grosso, Lai, ML, Pazzini, Rando, Rosasco, Wulzer, Zanetti, MLST (2023)

https://zenodo.org/records/7128223
https://iopscience.iop.org/article/10.1088/2632-2153/acebb7
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CLASSIFIER 2ST

EVALUATION METRICS

Output

Input

Comparisons  Grosso, ML, Pierini, Wulzer, SciPostPhys (2024)

https://scipost.org/10.21468/SciPostPhys.16.5.123
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Combine multiple tests with different hyperparameters on same data  
to mitigate inductive bias
G. Grosso and M. Letizia, to appear

Multiple testing for increased sensitivity
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Normalising flows: RealNVP on correlated mixtures of Gaussians

Evaluation of generative models  (in preparation, stay tuned!)
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• Efficient testing with kernel methods

• Model (generator) vs observations

• Development of library/tool  https://github.com/mletizia/FalkonNPLM_1D

• Ongoing CMS analysis

• Evaluation of generative models Cappelli, Grosso, Letizia, Zanetti, in preparation

• Hyperparameter tuning and sensitivity Grosso and Letizia, to appear

• Systematic uncertainties D’Agnolo, Grosso, Pierini, Wulzer, Zanetti, EPJC (2022)

• High dimensions and feature learning

Wrap up

https://github.com/mletizia/FalkonNPLM_1D
https://link.springer.com/article/10.1140/epjc/s10052-022-10226-y

