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Problem definition

Assess the goodness of a (statistical) model against observations

Goodness-of-fit

Obiquitus problem in HEP:
• Data analysis
• Validation of simulators

• Data quality monitoring
• …
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arXiv:2410.21611, Calochallenge (2022)
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https://arxiv.org/abs/2410.21611


Problem definition

Assess the goodness of a (statistical) model against observations

Goodness-of-fit

Models are often not known in analytical form but they can be sampled

Two-sample testing
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Two-sample testing

The New Physics Learning Machine

Examples

Multiple testing

Outline

NPTwins 2024 - Genova 3



Two-sample testing

𝒟 = 𝑥!, … , 𝑥" , 𝑥 ∼ 𝑝#$%&	 ℛ = *𝑥!, … , *𝑥' , *𝑥 ∼ 𝑝(

𝐻): 	𝑝#$%& = 𝑝(	 vs	 𝐻!: 	𝑝#$%& ≠ 𝑝(
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Two-sample testing

𝒟 = 𝑥!, … , 𝑥" , 𝑥 ∼ 𝑝#$%&	 ℛ = *𝑥!, … , *𝑥' , *𝑥 ∼ 𝑝(

signal-aware  𝐻): 	𝑝#$%& = 𝑝(	 vs	 𝐻!: 	𝑝#$%& = 𝑝/0#,  summary	𝑧 = 𝑓 𝑥 	

𝑡 𝒟 = 8
1∈𝒟	

log
�̅�/0# 𝑧
�̅�( 𝑧
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Two-sample testing

This is a hard problem

• Large sample size       𝑛 = 𝒪 10! 	, 𝑘 ≥ 3

• Multivariate                    𝑥 ∈ ℝ" , 𝑑 > 3

Some traditional approaches:

• Combine univariate tests (e.g., Kolmogorov-Smirnov)  →  correlations

• Binning (e.g., 𝜒#) →  curse of dimensionality
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Idea: data-driven alternative

𝑝$ 𝑥 = 𝑒%! & 𝑝' 𝑥  s.t. 𝑝($ 𝑥 ≈ 𝑝)*+, 𝑥

ℱ = {𝑓$} rich and  9𝑤 selected from the data (e.g., max-likelihood)

→	 𝑡($ 𝑥 = log
𝑝($ 𝑥
𝑝- 𝑥

≈ log
𝑝)*+, 𝑥
𝑝- 𝑥
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In practice: learn the density-ratio from data using classifiers

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔	𝑑𝑎𝑡𝑎	 𝑥. , 𝑦. ./0
1"#" , 𝑦 = E0	if	𝑥 ∈ ℛ1	if	𝑥 ∈ 𝒟

𝐿𝑜𝑠𝑠	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	 𝐿 𝑓$ =
1
𝑛232

O
.

ℓ(𝑓$ 𝑥. , 𝑦.) + 𝜆 𝑤 #

𝑇𝑎𝑟𝑔𝑒𝑡	 	𝑓($ ≈ log
𝑝)*+, 𝑥
𝑝- 𝑥 	 → 	 𝑡($ 𝒟 = O

&∈𝒟

𝑓($ 𝑥
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𝑓! → 𝑓"!
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• Maximum likelihood by minimum loss with networks
D’Agnolo and Wulzer, PRD (2018)

ℓ 𝑓 𝑥 , 𝑦 = 1 − 𝑦
𝑁𝒟
𝑁ℛ

𝑒# $ − 1 − 𝑦	𝑓 𝑥 , 𝑓%% 𝑥 =,
&'(

)

𝑐& 𝜎 𝑎&, 𝑥

• Weighted logistic regression with kernels
ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco, EPJC (2022) 

ℓ 𝑓 𝑥 , 𝑦 = 1 − 𝑦
𝑁𝒟
𝑁ℛ

log 1 + 𝑒# $ + 𝑦 log 1 + 𝑒*# $ , 𝑓+, 𝑥 = ,
-'(

.#$#

𝑤-	𝑘 𝑥, 𝑥-

The New Physics Learning Machine
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y


Efficient large scale kernel methods Falkon library 

𝑓/ =,
-'(

.

𝑤-	𝑘0 𝑥, 𝑥- ,	

𝑘0 𝑥, 𝑥- = exp−
𝑥 − 𝑥- 1

2𝜎1
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Meanti, Carratino, Rosasco, Rudi, NeurIPS (2020)

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

space	𝒪 𝑛# → 𝒪 𝑛 ,	

time	𝒪 𝑛8 → 𝒪(𝑛 𝑛 log 𝑛)

Check out  
L. Rosasco’s talk!

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 multiple times on reference-distributed pseudo-experiments (toys)

→ 𝑝23456 = <
7"% 𝒟

8
𝑑𝑡	𝑝 𝑡 , 𝑍 = Φ*( 1 − 𝑝23456

𝑡!"(𝒟)

−	 𝜒#	
         Ref

𝑃(
𝑡)

𝑡

7
𝑥&, … , 𝑥' ∼ 𝑝( 
=𝑥&, … , =𝑥) ∼ 𝑝( 
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New physics searches
Univariate example

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

D'Agnolo, Wulzer, PRD (2018)

ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco, EPJC (2022) 
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y


Correlation between how much tension we see, and how much there is to see. 
Weakly depend on NP nature.

New physics searches
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𝑝𝑝 → 𝜇0𝜇1	 𝑝2&, 𝑝23, 𝜂&, 𝜂3, Δ𝜙 , 	 SUSY (8d), HIGGS (21d)

𝑁 𝑅 = 20000, 𝒩ℛ = 5×𝑁 𝑅 . 	 𝑁 𝑅 = 104, 𝒩ℛ = 5×𝑁 𝑅

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

ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco, EPJC (2022)
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https://zenodo.org/records/4442665
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y


Data quality monitoring
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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

̅𝑡56 ≈ 0.5	sec

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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Normalising flows: RealNVP on correlated mixtures of Gaussians - 𝑛 = 109, 𝑚 = 10:

Data quality monitoring Cappelli, Grosso, Letizia, Reyes-Gonzalez, Zanetti, in preparation
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Multiple testing

Hyperparameter tuning can favour specific signal hypotheses

𝑓;/ = ,
-'(

.#$#

𝑤-	𝑘0 𝑥, 𝑥- ≈ log
𝑝7<)= 𝑥
𝑝> $

,	

𝑘0 𝑥, 𝑥- = exp
𝑥 − 𝑥- 1

2𝜎1

Grosso, ML, EPJC (2024) 

https://arxiv.org/abs/2408.12296


NPTwins 2024 - Genova 21

Multiple testing

Hyperparameter tuning can favour specific signal hypotheses

Grosso, ML, EPJC (2024) 

https://arxiv.org/abs/2408.12296
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Multiple testing

Hyperparameter tuning can favour specific signal hypotheses
→ capture average scale

Grosso, ML, EPJC (2024) 

https://arxiv.org/abs/2408.12296
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Multiple testing

Hyperparameter tuning can favour specific signal hypotheses
→  define meta-tests by aggregation

Grosso, ML, EPJC (2024) 

https://arxiv.org/abs/2408.12296
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• Efficient testing with kernel methods

• Model vs observations: analyses, DQM, generative models, MC simulators, …

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

• Ongoing CMS analysis

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

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

• High dimensions and feature learning

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

