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In this talk

2 Gaia Grosso

What is NPLM?
tool for goodness-of-fit tests, based on the principle 
of maximum-likelihood-ratio.

- Signal agnostic

- Multivariate

- Unbinned

March 20, 2023
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How well does the Reference model describe the data?
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In this talk

3 Gaia Grosso

What is NPLM for?
tool for goodness-of-fit tests, based on the principle 
of maximum-likelihood-ratio.

- Model-independent New Physics searches at 
collider experiments 

- Data quality monitor (DQM)

- Generator validation

March 20, 2023
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How well does the Reference model describe the data?
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How does it work?
Complete analysis strategy to test the data for departures from a Reference model (from the 
data to a p-value, taking care of systematic uncertainties if needed).

- Main concepts and implementation using NN
“Learning New Physics from a Machine” - d’Agnolo, Wulzer, Phys. Rev. D (2018)
 “Learning Multivariate New Physics” - d’Agnolo, Grosso, Pierini, Wulzer, Zanetti, Eur. Phys. J. C 81, 89 (2021)

- Systematic uncertainties
 “Learning New Physics from an Imperfect Machine” - d’Agnolo, Grosso, Pierini, Wulzer, Zanetti Eur. Phys. J. C 82, 275 (2022)

- Hands on a 1D toy model (material for Q&A)

https://doi.org/10.1103/PhysRevD.99.015014
https://doi.org/10.1140/epjc/s10052-021-08853-y
https://doi.org/10.1140/epjc/s10052-022-10226-y


NPLM
main concepts 

and NN implementation
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New Physics Learning Machine (NPLM)
Main Concepts (negligible uncertainties)

Gaia Grosso6

True (T) data 
distribution

Unknown

n(x |T) ≈ n(x |Hŵ) = n(x |R0) e f(x,ŵ)

Data distribution learnt 
by the NN

Alternative hypothesis

Reference 
distribution

Null hypothesis
(SM) NN model

: null hypothesis
: alternative hypothesis 
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• Goal: performing a maximum-

likelihood-ratio hypothesis test                      
End-to-end strategy, from the data to a -value for 
the discovery (frequentist approach)

• Exploiting a Neural Network (NN) to 
parametrize the data distribution in 
terms of a Reference distribution (     )

• Signal-model-independent: reduced 
assumptions on the signal hypothesis

p
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“Learning New Physics from a Machine” Phys. Rev. D
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Maximum Likelihood from minimal loss:
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New Physics Learning Machine (NPLM)
Main Concepts (negligible uncertainties)

“Learning New Physics from a Machine” Phys. Rev. D

Test statistic
 

Loss function
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: trainable parameters on the NN model
: data sample
: reference sample (built according to the  hypothesis); could be weighted ( )

Assumptions:
-  the statistical fluctuations of the reference sample are negligible. 
- the weights of the reference sample ( )  are such that the reference sample is 

normalised to match the data sample luminosity 

w
D
R R0 w

NR ≫ ND
w

∑
x∈R

wx = N(R0)
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Main Concepts (negligible uncertainties)

“Learning New Physics from a Machine” Phys. Rev. D

Test statistic
 

Loss function
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Reference sample ( )
label=0

R

Data sample ( )
label=1

D

NN training                           w ŵ

 Collection of trainings
 (with pseudo-data)

             t̄(D) = − 2 L̄ [f(x; ŵ)]

 Single training

       f(x; ŵ) = log [ n(x |Hŵ)
n(x |R0) ]

�-�����

����
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x
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P(t̄ |R0)
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t̄obs

https://doi.org/10.1103/PhysRevD.99.015014
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1. Run NPLM on toy 

experiments to 
simulated the 
response under the 
null hypothesis 

“Learning New Physics from a Machine” Phys. Rev. D

March 20, 2023

2. Run NPLM the data 
of interest and check 
where the test 
outcome falls to 
compute an 
exclusion p-value

https://doi.org/10.1103/PhysRevD.99.015014


Wilks-Wald theorem: 
: set of parameters describing 
: set of parameters describing 

 If , then under the  hypothesis the test statistic
 

asymptotically follows a   distribution with  

Θ0 H0

Θ1 H1

H0 ⊆ H1 H0

χ2
df df = |Θ1 | − |Θ0 |

Asymptotic formula for the  distribution under :t̄ R0

If the Wilks’ theorem hold,
the target distribution for  under the 

 hypothesis is a  with .
t̄

R0 χ2
df df = |w |

Due to the finite size of the training samples, the sparsity of the data (especially in multivariate problems) 
and the approximation errors, the distribution of   under  does not follow the target  by default.

 a (NN) MODEL REGULARIZATION procedure can solve this problem!

t̄(D) R0 χ2
|w|

→
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 “Learning Multivariate New Physics” Eur. Phys. J. C
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Main Concepts (negligible uncertainties)

https://doi.org/10.1140/epjc/s10052-021-08853-y


NN Model regularization:

Example:
NN model: 5-7-7-1, 
Number of parameters:106

Percentiles of the empirical  
distribution under 

Percentiles of the target 

Empirical  distribution under 
Target 

t̄
R0

χ2
|w|

t̄ R0
χ2

|w|

------ ------  ------------------

— —   —   ——

For a chosen NN architecture, tuning the weight clipping  
allows to recover a good agreement of the empirical 
distribution of  under  with the target  distribution.t̄ R0 χ2

|w|

Weight clipping parameter:
Upper boundary to the magnitude that each 
trainable parameter can assume during the training.

Legend:
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New Physics Learning Machine (NPLM)

 “Learning Multivariate New Physics” Eur. Phys. J. C
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Main Concepts (negligible uncertainties)
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NPLM 
systematic uncertainties
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New parametrization                  

             n(x |T) ≈ n(x |Hŵ, ̂ν) = n(x |R0)
n(x |R ̂ν)
n(x |R0)

e f(x; ŵ)

True (T) data 
distribution

Unknown

Data distribution 
learnt by the NN

Alternative hypothesis

Reference 
distribution

Null hypothesis 

NN modelNew term 
containing the 

dependence on ν
r(x; ν)

Hw,ν Rν

Note:
This parametrization choice 
guarantees   
(  for   )

Rν ⊆ Hw,ν
Rν = Hw,ν f( ⋅ ; w) ≡ 0

Test statistic
    : trainable parameters on the NN model

   : set of nuisance parameters modelling the   
    uncertainties effects
   : data sample
   : auxiliary sample (used to constrain    )

<latexit sha1_base64="QjTvcghnoZgKFpNH+MKXnCKCnRc=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKqMeoF48RzAOSJcxOZpMx81hmZoWw5B+8eFDEq//jzb9xkuxBEwsaiqpuuruihDNjff/bK6ysrq1vFDdLW9s7u3vl/YOmUakmtEEUV7odYUM5k7RhmeW0nWiKRcRpKxrdTv3WE9WGKflgxwkNBR5IFjOCrZOaXYI5uu6VK37VnwEtkyAnFchR75W/un1FUkGlJRwb0wn8xIYZ1pYRTielbmpogskID2jHUYkFNWE2u3aCTpzSR7HSrqRFM/X3RIaFMWMRuU6B7dAselPxP6+T2vgqzJhMUkslmS+KU46sQtPXUZ9pSiwfO4KJZu5WRIZYY2JdQCUXQrD48jJpnlWDi+r5/XmldpPHUYQjOIZTCOASanAHdWgAgUd4hld485T34r17H/PWgpfPHMIfeJ8/3KOOrA==</latexit>

A

<latexit sha1_base64="PsUDG4s5ok31G6SKZSb9Aqq7DNs=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKqMegHjxGMA9IljA7mU3GzGOZmRXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KEs6M9f1vr7Cyura+UdwsbW3v7O6V9w+aRqWa0AZRXOl2hA3lTNKGZZbTdqIpFhGnrWh0M/VbT1QbpuSDHSc0FHggWcwItk5qdgnm6LZXrvhVfwa0TIKcVCBHvVf+6vYVSQWVlnBsTCfwExtmWFtGOJ2UuqmhCSYjPKAdRyUW1ITZ7NoJOnFKH8VKu5IWzdTfExkWxoxF5DoFtkOz6E3F/7xOauOrMGMySS2VZL4oTjmyCk1fR32mKbF87AgmmrlbERlijYl1AZVcCMHiy8ukeVYNLqrn9+eV2nUeRxGO4BhOIYBLqMEd1KEBBB7hGV7hzVPei/fufcxbC14+cwh/4H3+AOEvjq8=</latexit>D

<latexit sha1_base64="ZhcsvKoloGM7UYmtdcmISyJpu/s=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7AM6Y8lkMm1oJhmSjFJK/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJU860cd1vp7Syura+Ud6sbG3v7O5V9w/aWmaK0BaRXKpuiDXlTNCWYYbTbqooTkJOO+HoJvc7j1RpJsW9Gac0SPBAsJgRbKz04IeSR3qc2MsXWb9ac+vuDGiZeAWpQYFmv/rlR5JkCRWGcKx1z3NTE0ywMoxwOq34maYpJiM8oD1LBU6oDiaz1FN0YpUIxVLZIwyaqb83JjjReTQ7mWAz1IteLv7n9TITXwUTJtLMUEHmD8UZR0aivAIUMUWJ4WNLMFHMZkVkiBUmxhZVsSV4i19eJu2zundRP787rzWuizrKcATHcAoeXEIDbqEJLSCg4Ble4c15cl6cd+djPlpyip1D+APn8wcLrpLh</latexit>⌫

<latexit sha1_base64="ZhcsvKoloGM7UYmtdcmISyJpu/s=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7AM6Y8lkMm1oJhmSjFJK/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJU860cd1vp7Syura+Ud6sbG3v7O5V9w/aWmaK0BaRXKpuiDXlTNCWYYbTbqooTkJOO+HoJvc7j1RpJsW9Gac0SPBAsJgRbKz04IeSR3qc2MsXWb9ac+vuDGiZeAWpQYFmv/rlR5JkCRWGcKx1z3NTE0ywMoxwOq34maYpJiM8oD1LBU6oDiaz1FN0YpUIxVLZIwyaqb83JjjReTQ7mWAz1IteLv7n9TITXwUTJtLMUEHmD8UZR0aivAIUMUWJ4WNLMFHMZkVkiBUmxhZVsSV4i19eJu2zundRP787rzWuizrKcATHcAoeXEIDbqEJLSCg4Ble4c15cl6cd+djPlpyip1D+APn8wcLrpLh</latexit>⌫

<latexit sha1_base64="d+LNTh6+Dkm0jSkjgvQU2qaVD90=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWw2m3bpZjfsbpQS+iO8eFDEq7/Hm//GTZuDtj4YeLw3w8y8IOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqBVhTzgRtG2Y47SWK4jjgtBtMbnO/+0iVZlI8mGlC/RiPBIsYwcZK3UEgeYiehtWaW3fnQKvEK0gNCrSG1a9BKEkaU2EIx1r3PTcxfoaVYYTTWWWQappgMsEj2rdU4JhqP5ufO0NnVglRJJUtYdBc/T2R4VjraRzYzhibsV72cvE/r5+a6NrPmEhSQwVZLIpSjoxE+e8oZIoSw6eWYKKYvRWRMVaYGJtQxYbgLb+8SjoXde+y3rhv1Jo3RRxlOIFTOAcPrqAJd9CCNhCYwDO8wpuTOC/Ou/OxaC05xcwx/IHz+QMBUo9d</latexit>w
<latexit sha1_base64="xGjAkLdNGZn5m/ZeXVc3RhF0TVs="></latexit>

t(D, A) = 2 log

2

4
max
w, ⌫

L(Hw, ⌫ |D, A)

max
⌫

L(R⌫ |D, A)

3

5 = 2 log

2

4
max
w, ⌫

L(Hw, ⌫ |D)L(⌫|A)

max
⌫

L(R⌫ |D)L(⌫|A)

3

5

13 Gaia Grosso13

New Physics Learning Machine (NPLM)
Including systematic uncertainties

“Learning New Physics from an Imperfect Machine” Eur. Phys. J. C

March 20, 2023

https://arxiv.org/abs/2111.13633


14 Gaia Grosso14

New Physics Learning Machine (NPLM)
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“Learning New Physics from an Imperfect Machine” Eur. Phys. J. C

̂r (x; ν) = exp [ ̂δ 1(x) ν + ̂δ 2(x) ν2 + . . . ]

                              

Tau term:

                                                                                                                            

Delta term:
 

= −

Maximum Likelihood from minimal loss:

Contains the dependence on a 
NN model

Built on the knowledge of the 
Reference model (purely SM term)

r(x; ν) =
n(x |Rν)
n(x |R0)

NN 1       NN2         …

Taylor’s expansion learning:
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   : trainable parameters on the NN model
   : set of nuisance parameters modelling the   
    uncertainties effects
   : data sample
   : auxiliary sample (used to constrain    )
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New Physics Learning Machine (NPLM)
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Including systematic uncertainties
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New Physics Learning Machine (NPLM)

March 20, 2023
“Learning New Physics from an Imperfect Machine” Eur. Phys. J. C

Preparation steps (before looking at the data):
•NN model selection           

       

•Parametric NN for Taylor’s expansion on                              
  

      
•Validation:              

ν
̂r (x; ν) = exp [ ̂δ 1(x) ν + ̂δ 2(x) ν2 + . . . ]

<latexit sha1_base64="Ogv47Y5jY3i+ckjYWRBOr1FflEI="></latexit>
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Hands on a 1D toy model
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Hands on a 1D toy model

March 20, 2023

Reference model: 

Exponentially falling distribution 
affected by:

- a scale uncertainty ( ) 
- a normalization uncertainty ( )

νS

νN

Scale effect on the distribution
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Hands on a 1D toy model

March 20, 2023

Learning the coefficient of the Taylor Expansion for :νS

Preliminary binned analysis to determine 
the proper order for the Taylor’s expansion

Training a neural network model to learn each coefficient of the Taylor’s expansion of r(x; ν) =
n(x |Rν)
n(x |R0)

Taylor’s expansion learning

Preliminary study

, c(x) =
1

1 + ̂r(x; ν)L[ ̂δ( ⋅ )] = ∑
νi

∑
e∈S0(νi)

wec(xe)2 + ∑
e∈S1(νi)

we [1 − c(xe)]2

          
           
 … 


…


ν1 ν2 νn

S0(ν1) ∼ R0 S0(ν2) ∼ R0 S0(νn) ∼ R0

S1(ν1) ∼ Rν1
S1(ν2) ∼ Rν2

S1(νn) ∼ Rνn

̂δ2

̂δ1
̂r (x; ν) = exp [ ̂δ 1(x) ν + ̂δ 2(x) ν2]

Input samples

Loss function*

* Parametrized classifiers for optimal EFT sensitivity arXiv:2007.10356 

https://arxiv.org/abs/2007.10356
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Hands on a 1D toy model

March 20, 2023

Learning the coefficient of the Taylor Expansion for :νS

“Learning New Physics from an Imperfect Machine” Eur. Phys. J. C

https://arxiv.org/abs/2111.13633
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Hands on a 1D toy model

March 20, 2023

NN model selection: 

Weight clipping tuning

(In the  hypothesis)

Here we used:
- 2000 data

- 200 000 reference ( )

- Architecture 1-4-1 (9 dof, very simple!)

R0

R0

Percentiles of the empirical  
distribution under 

Percentiles of the target 

Empirical  distribution under 
Target 

t̄
R0

χ2
|w|

t̄ R0
χ2

|w|

------ ------  ------------------

— —   —   ——

Legend:
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Hands on a 1D toy model

March 20, 2023

Validation

Verifying that the  is recoveredχ2
|w|

<latexit sha1_base64="Ogv47Y5jY3i+ckjYWRBOr1FflEI="></latexit>
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Hands on a 1D toy model

March 20, 2023

Inject signals
Peak in the tail Peak in the bulkExcess in the tail
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Hands on a 1D toy model

March 20, 2023

Interpret the result: anomaly characterisation 

 reconstruction: 
 reconstruction: 

τ n(x |Hŵ, ̂ν) = n(x |R0)
n(x |R ̂ν)
n(x |R0)

ef(x; ŵ)

Δ n(x |R ̂ν)



…to conclude
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• NPLM package: python-based package to 
run the NPLM analysis strategy

• Tutorial on 1D toy model for getting started

Getting started with NPLM

Code and resources

https://pypi.org/project/NPLM/
https://github.com/GaiaGrosso/NPLM_package/tree/v0.0.6/example_1D


Summary

March 20, 2023 27 Gaia Grosso

Today’s presentation:
- Main concepts and implementation using NN

“Learning New Physics from a Machine” - d’Agnolo, Wulzer, Phys. Rev. D (2018)
 “Learning Multivariate New Physics” - d’Agnolo, Grosso, Pierini, Wulzer, Zanetti, Eur. Phys. J. C 81, 89 (2021)

- Systematic uncertainties
 “Learning New Physics from an Imperfect Machine” - d’Agnolo, Grosso, Pierini, Wulzer, Zanetti Eur. Phys. J. C 82, 275 (2022)

More about NPLM in a upcoming contribution from Marco Letizia:
- NPLM implementation using kernel methods, DQM application

“Learning New Physics efficiently with non parametric methods”  - Letizia, Grosso et al. Eur. Phys. J. C 82, 879 (2022)
“Fast kernel methods for Data Quality Monitoring as a goodness-of-fit test” - Letizia, Grosso et al. 2303.05413 (preprint)

https://doi.org/10.1103/PhysRevD.99.015014
https://doi.org/10.1140/epjc/s10052-021-08853-y
https://doi.org/10.1140/epjc/s10052-022-10226-y
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y
https://arxiv.org/abs/2303.05413
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Outlook

March 20, 2023

Ongoing studies and future directions for NPLM
• NPLM as a goodness-of-fit tool: comparison with state of the art, pros and cons (contribution at 

neurips22 (ML for physical science workshop), paper in preparation)

• Exploring alternative methods of regularisation

Current applications
• Model-independent search with collider data (Eur. Phys. J. C 82, 275 (2022)  + ongoing work)

• Multi-dimensional DQM (preprint 2303.05413)

• Multidimensional validation of MC simulators (ongoing work)

• Bank fraud detection (ongoing work)

• Any idea? :) 

https://ml4physicalsciences.github.io/2022/files/NeurIPS_ML4PS_2022_86.pdf
https://doi.org/10.1140/epjc/s10052-022-10226-y
https://arxiv.org/abs/2303.05413


Backup slides
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New Physics Learning Machine (NPLM)

March 20, 2023

Including systematic uncertainties

Pre-trained modules

Trainable parameters: 
Constant terms: 

L[ f( ⋅ ; w), ν, ̂δ ] = N(Rν) − N(R0) − ∑
x∈D

[log ̂r (x; ν)] − log [ ℒ(ν |A)
ℒ(0 |A) ]

ν
̂δ

̂r (x; ν) = exp [ ̂δ 1( ⋅ ) ν + ̂δ 2( ⋅ ) ν2 + . . . + ̂δ n( ⋅ ) νn]
̂δ 1 ̂δ 2 … ̂δ n

 moduleδ

 Data sample
( )D

Δ(D, A) = − 2 min
w,ν

L [ν; ̂δ ( ⋅ )]

Trainable parameters: 
Constant terms: 

L[ f( ⋅ ; w), ν, ̂δ ] = ∑
e∈R

we [ef(xe, w)+log ̂r (xe; ν) − 1] − ∑
x∈D

[f(x, w) + log ̂r (x; ν)] − log [ ℒ(ν |A)
ℒ(0 |A) ]

w, ν
̂δ

f( ⋅ ; w)

BSM module

̂r (x; ν) = exp [ ̂δ 1( ⋅ ) ν + ̂δ 2( ⋅ ) ν2 + . . . + ̂δ n( ⋅ ) νn]

 moduleδ

τ(D, A) = − 2 min
w,ν

L [f( ⋅ , w), ν; ̂δ ( ⋅ )]

 Reference sample
( )R

 Data sample
( )D

Auxiliary 
measurements 

̂ν(A)
INPUT 

Model

Loss 
function

OUTPUT

 termτ  termΔ
Pre-trained modules

̂δ 1 ̂δ 2 … ̂δ n

Auxiliary 
measurements

̂ν(A)

̂δ 1 ̂δ 2 … ̂δ n

̂δ 1 ̂δ 2 … ̂δ n



r modelling NN model
Set up

Weight clipping 
tuning

↓
+

{             }
Training samples:

 DATA sample (label=1)
SM reference (label=0)

Maximum likelihood from 
minimal loss

Training samples

R0

Reference Data

   termτ    termΔ

Gaia Grosso31

New Physics Learning Machine (NPLM)
Including systematic uncertainties

March 20, 2023



Final procedure in steps:

1. NN MODEL SELECTION:
 weight clipping tuning  target ;

2. NUISANCE TAYLOR’S EXPANSION LEARNING: 
modelling ;

3. VALIDATION: 

Verifying that the target  is always recovered;

4. TESTING THE DATA: 
running the procedure on real data.

→ χ2
|w|

̂r (x; ν) = exp [ ̂δ 1(x) ν + ̂δ 2(x) ν2 + . . . ]

χ2
|w|

̂r (x; ν) = exp [ ̂δ 1(x) ν + ̂δ 2(x) ν2 + . . . ]
NN 1        NN2          …

<latexit sha1_base64="Ogv47Y5jY3i+ckjYWRBOr1FflEI="></latexit>
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New Physics Learning Machine (NPLM)
Including systematic uncertainties
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The model implementation in Keras + Tensorflow
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use case : 
Validation of generator models

DQM

34 Gaia Grosso34March 20, 2023



Distribution of the observables at different values of the threshold tension

• Reference sample: long run in optimal conditions

• Anomalous samples: short runs acquired in presence of a controlled 
anomaly in the value of the threshold tension of the DT chamber

• Result of the test statistics
Complete separation of the distributions!  

NPLM with kernel methods

Execution time:  

M = 50, σ = 4.84, λ = 10−7

N(D) = 5000
Nref = 200 000

∼ 1.5 s

NEW: arXiv:2303.05413
  more about this in an upcoming follow up talk!→

Gaia Grosso35August 23, 2022

Example: nD DQM
Online monitoring of a DT chamber:

In collaboration with

https://arxiv.org/abs/2303.05413


use case : 
nD New Physics search

36 Gaia Grosso36March 20, 2023



Z-score:  

 : Z-score from the median of the empirical  distribution

Z = Φ−1 [1 − p]
Z t(D, A)

Muon-like regime Electron-like regime
Negligible
systematic uncertainties Tau-like regime

 scenarioZ′￼

 scenarioEFT

ν*S = + σS

ν*S = + σS

37 Gaia GrossoGaia Grosso37

Harder task: nD analysis
Two body final state (5D): sensitivity to NP scenarios

March 20, 2023



NOTE:
  is not given as an input to the algorithm!M12 reconstruction: 

 reconstruction: 
τ n(x |Hŵ, ̂ν) = n(x |R0)

n(x |R ̂ν)
n(x |R0)

ef(x; ŵ)

Δ n(x |R ̂ν)

38 Gaia Grosso38

Harder task: nD analysis
Two bodies final state (5D)

Architecture: [5-5-5-5–1] (96 dof), weigh clipping 2.15, L = 240 fb−1

Signal reconstruction with the NN:

 “Learning Multivariate New Physics” Eur. Phys. J. C

March 20, 2023

https://doi.org/10.1140/epjc/s10052-021-08853-y
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Harder task: nD analysis
ZZ to 4 muons final state (7D)
Input variables:

Signal benchmarks:
• Higgs boson (as an exercise)

NOTE:
  is not given as an input to the algorithm!mZZ

March 20, 2023
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nD analysis
ZZ to 4 leptons final state (7D)

Architecture: [7-16-16-1] (417 dof), weigh clipping 1.75
Signal reconstruction with the NN:

Ongoing work for optmizing NPLM sensitivity in high dimensional problems
March 20, 2023


