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• How to include systematic uncertainties in NPLM

• NPLM application to HEP: 
 5D analysis of a di-body final state at the LHC 

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

More about NPLM:     
• “Learning New Physics from a Machine” Phys. Rev. D
• “Learning Multivariate New Physics” Eur. Phys. J. C
•  Previous IML talk  27/04/21 

In this talk

https://arxiv.org/abs/2111.13633
https://doi.org/10.1103/PhysRevD.99.015014
https://doi.org/10.1140/epjc/s10052-021-08853-y
https://indico.cern.ch/event/1025534/#18-learning-new-physics-from-a
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• Goal: performing a log-likelihood-ratio hypothesis test                      
( End-to-end strategy, from the data to a -value for the discovery)

• 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
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   : trainable parameters on the NN model
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    uncertainties effects
   : data sample
   : auxiliary sample (to constrain    )
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: reference (null) hypothesis
     : alternative hypothesis 
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̂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 (universal approximator)

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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Application: 
5D analysis of a di-body final state at the LHC
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Dataset

                             pT,1 pT,2 η1 η2 Δϕ1,2

Uncertainties on the reference sample (SM): 
•Global normalization effect:      
•Momentum scale effect: 

               barrel region ,       endcaps region 

- Muon-like regime:       ,  

- Electron-like regime:   ,  

- Tau-like regime:           

σN = 2.5 %

p(b,e)
T 1,2 = exp [νsσ(b,e)

s /σ(b)
s ] p(b,e)

T 1,2 (b) |η | < 1.2 (e) |η | ≥ 1.2

σ(b)
S = 0.05 % σ(e)

S = 0.15 %
σ(b)

S = 0.3 % σ(e)
S = 0.9 %

σ(b)
S = σ(e)

S = 3 %

REFERERNCE            
 scenario

 scenario
Z′ 

EFT

5D analysis — Input variables:

7

Di-body final state at the LHC

Simulated samples 
(Madgraph+Phytia+Delphes)
Dataset available on Zenodo 

https://zenodo.org/record/4442665#.YmgX4ZNBwq0


Dataset
New Physics benchmarks:

•  scenario: new vector boson with the same SM coupling as the Z 
boson and mass of 300 GeV.

•Muon-like, electron-like regimes: 

•Tau-like regime: 

•  scenario: dimension-6 4-fermions contact operator: 

.

• Muon-like, electron-like regimes: 

• Tau-like regime:

Z′ 

M12 > 100 GeV, L = 0.35 fb−1, N(S) = 120

M12 > 120 GeV, L = 1.1 fb−1, N(S) = 210

EFT
cW

Λ
Ja

LμJμ
La

M12 > 100 GeV, L = 0.35 fb−1, cW = 1.0 TeV−2

M12 > 120 GeV, L = 1.1 fb−1, cW = 0.25 TeV−2

M12

REFERERNCE            
 scenario

 scenario
Z′ 

EFT

Resonance in the two-body  invariant mass

Non resonant excess in the tail of the two-body invariant mass

Example:
Tau-like regime

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

8

Di-body final state at the LHC

Gaia Grosso



SM-only

 validation τ − Δ
Di-body final state at the LHC

DNN [5-5-5-5-1], #trainable parameters = 96, weight clipping = 2.16

9 Gaia Grosso

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



Sensitivity to New Physics scenarios 

Z-score:  Z = Φ−1 [1 − p]

ν*S = + σS

ν*S = + σS

10

Di-body final state at the LHC

Gaia Grosso

DNN [5-5-5-5-1], #trainable parameters = 96, weight clipping = 2.16

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

 scenarioZ′ 

 scenarioEFT



Summary of the results:
• Comparable performances in the resonant and non-resonant scenarios:

- NPLM is simultaneously sensitive to multiple sources of New Physics;

• Comparable performances at different systematic uncertainties regimes: 
- NPLM is robust against the presence of systematic uncertainties;

- the presence of systematic uncertainties affects NPLM in the same 
measure as any other hypothesis test;

• No information about the New Physics signal has been provided to the 
algorithm at any step of its implementation:
- The performances of NPLM are lower than any model-dependent 

strategy by construction ( );Z/Zref = 0.37

11

Di-body final state at the LHC

Gaia Grosso

Sensitivity to New Physics scenarios 

Z-score:  

-  : Z-score from NPLM

-  : Z-score from a model-dependent (optimized) test statistics

Z = Φ−1 [1 − p]
Z
Zref



Conclusions

Gaia Grosso12



- Accuracy and size of the Reference sample

- Accuracy in the (multivariate) modelling 
of the nuisance effects

- Training time

Set a limit on the actual 
luminosity that we are allowed 
to inspect, but do not obstacle 

the applicability of NPLM.

NPLM is ready to be performed on a real analysis at the LHC!

✓ Heuristic method to setup multivariate analysis
✓ Strategy to account for systematic uncertainties

A solution from Kernel Methods (“Learning new physics 
efficiently with nonparametric methods” 2204.02317 )

Outlook on future perspectives

Gaia Grosso13

- Optimisation of NPLM sensitivity performances: 
how do we choose the NN architecture? Is the regularization heuristic optimal? (ongoing work)

Current limitations and future developments:

https://arxiv.org/pdf/2204.02317.pdf


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

• Tutorial on 1D toy model for getting started

March 30, 2022

Outlook on future perspectives
Getting started with NPLM

14 Gaia Grosso

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


Backup
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Main Concepts (negligible uncertainties)

March 30, 2022 16

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
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: reference (null) hypothesis
: alternative hypothesis 

<latexit sha1_base64="aflvR4vtU1RJ7i6DrPb4WWxM/cI="></latexit>

t(D) = max
w


2 log

L(Hw|D)

L(R0|D)

�

<latexit sha1_base64="aflvR4vtU1RJ7i6DrPb4WWxM/cI="></latexit>

t(D) = max
w


2 log

L(Hw|D)

L(R0|D)

�
• Goal: performing a log-likelihood-ratio 

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

• 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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Maximum Likelihood from minimal loss:
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“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 wx

NR ≫ ND

w

∑
x∈R

wx = N(R0)
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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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Maximum Likelihood from minimal loss:
Test statistic
 

Loss function
 

: 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 wx

NR ≫ ND
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∑
x∈R

wx = N(R0)
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Including systematic uncertainties

INPUT 

Model

Loss 
function

OUTPUT

Trainable parameters:  ,  <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

Reference sample
  

 Data sample
     

Auxiliary 
measurements

 termτ

 layerrBSM network
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 termΔ

 layerr

Pre-trained networks ̂δ 1 ̂δ 2 … ̂δ n
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Pre-trained networks ̂δ 1 ̂δ 2 … ̂δ n
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Validation of the ( ) procedureτ − Δ

“Toy Data” : test the procedure on simulated toys following the 
Reference (SM) hypothesis with generation value for the nuisance 
parameters  =  :

The  distribution under the reference hypothesis          is compatible 
with the target  for values of the true nuisance parameters within 
the uncertainty (                   ).  

  is independent of the true value of the nuisance parameters! 

We can build a frequentistic test statistic relying on the asymptotic  .

ν* ±σν

t̄
χ2

|w|

t̄

χ2
|w|

Including systematic uncertainties
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Final procedure in steps:

1. NN (  ) REGULARIZATION:
 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.

f
→ χ2

|w|

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

χ2
|w|

̂r (x; ν) = exp [ ̂δ 1(x) ν + ̂δ 2(x) ν2 + . . . ]
NN 1        NN2          …
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 scenario (tau-like regime),  GeV, N(S)Z′ m = 300 = 210

 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)

 scenario (tau-like regime), EFT cW = 0.25 TeV−2

Di-body final state at the LHC

Gaia Grosso22

Sensitivity to New Physics scenarios 
Summary of the results:

• Comparable performances in the resonant and non-resonant scenarios:
- NPLM is simultaneously sensitive to multiple sources of New Physics;

• Comparable performances at different systematic uncertainties regimes: 
- NPLM is robust against the presence of systematic uncertainties;

- the presence of systematic uncertainties affects NPLM in the same 
measure as any other hypothesis test;

• No information about the New Physics signal has been provided to the 
algorithm at any step of its implementation:
- The performances of NPLM are lower than any model-dependent 

strategy by construction ( );

• NPLM is able to learn non trivial combinations of the input variables and 
point to the source of the significant discrepancy. 

Z/Zref = 0.37


