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Overview

NPLM is a test designed to compare data with a statistical model (GoF):

* Developed for new physics searches at the LHC
e Data-driven

* Signal-agnostic

* Unbinned and multivariate

* No data splitting

* Flexible

* Interpretable

Similarities with two-sample testing:
can it be used to evaluate simulators and surrogates?
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Goodness-of-fit as a two-sample test

Data Theoretical expectation (R)

D = {xi}IiV=D1» Xi ~ Dirue(X) p(x|R), N(R)
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Goodness-of-fit as a two-sample test

Data Theoretical expectation (R)
— {xl}l 1’ xl ~ ptI'HE(x) — {xl}l 1’ xl ~ p(le)'N(R)
| N » Ny, |

Ptrue (x) # p(le)
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The New Physics Learning Machine

Model data as local deformation of reference [n(xl ) =NOpx| ) ]

n(xlw) _ ntrue(x)
xR - B ThxIR)

n(x|w) = em®nx|R) = f,(x) =log

—N(-) Nop
e
Likelihood: L(D| ) = Hn(xl )
Nop!
x=1
N(R
Likelihood ratio test: t,, (D) = —2 Q Z(efw(x) - 1) — 2 fW(x)]
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Choose w from the data: turn it into a supervised problem

yi=0iinER

| o
Data: {(le yl)}l:]_ ) Wlth {3’1 =1 if.xi €D

n(x|1) 1 Nerue (X)

Loss 2(f,(x),y): minimum fz = f* = logn(xIO) — 108 n(x|R)

= tp(D) = -2
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The New Physics Learning Machine

 Maximum likelihood by minimum loss with neural networks

D’Agnolo et al (2018), arXiv:1806.02350; D’Agnolo et al (2019), arXiv:1912.12155.

* Fast kernel-based logistic regression ML et al (2022), arXiv:2204.02317

N(R
Logistic loss: (f(x),y) =1 —1y) 1\(] )log(l + ef) + ylog(l 4 e—f)
R
n
2
X — X;
Kernels: o= wiko (). o e 0 = exp— 1210
i=1

Falkon library: G. Meanti et al, arXiv:2006.10350
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The New Physics Learning Machine
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The New Physics Learning Machine

Large t; (D) — disagreement with the reference model.

0.10 ] —  x°(9.8)
. ZC\K I Ref

0.06 -

P(t)

How large? We need to calibrate.

- Train the model on R against multiple R-distributed toys. 002 |
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Univariate example

NP3: Peak in the Bulk |

Reference
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Signal Reconstruction

Np = 2x10°, N(R)=2000, Np=N(R)+S
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Multivariate

pp = u U~ SMvs SM+Z'/EFT  [pr1, D12, 11, M2, AP,
N(R) = 2x104,

Np == 105

SUSY (8d), HIGGS (21d)
N(R) = 10°, Np =5x10°
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Data Quality Monitoring

Drift tube chambers from Legnaro INFN National Laboratory.

DATASET:

* Drift times (t;): the four drift times of the muon track.
* Slope (¢): the angle with respect to the vertical axis.
* Reference data is collected in a controlled regime.

e Anomalies:

* reduced voltage of cathodic strips to 75%, 50%, and 25% of their nominal value ( -1.2 kV)

P(t)

G. Grosso et al, arXiv:2303.05413
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* |lowered front-end thresholds to 75%, 50%, and 25% of nominal value (100 mV)

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

UniGe | MaLkGa
UniGe | MgLGa

Marco Letizia — ML4Jets 2023, Hamburg

t.r = 0.5 sec

12



https://zenodo.org/records/7128223
https://arxiv.org/abs/2303.05413

Outlook

* Ongoing effort to apply NPLM to real analysis (CMS).
* Compare/combine with alternative approaches to AD and GoF.

Challenges:
* Inexact simulations — nuisance parameters (worked out for NN).
* Reliance on reference toys.

* Model selection for signal-agnostic approaches.

Opportunities (mostly driven by efficiency):

* Indications that NPLM could be SOTA for two-sample testing.
* Compare MC generators.

* Evaluation of generative models.



Backup

MC test data

D = {x;}; 2,

~ Pmc(x)

Generative model

= {x; }l 1 Xi ~ pgen(x)
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Backup

Falkon has three main hyperparameters

(M, 0o,7)

No cross-validation to preserve model-independence.

— mix of heuristics, statistical considerations and efficency
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Backu P G. Grosso, ML, M. Pierini, A. Wulzer arxiv:2305.14137

Train-test split

=100 —+— w/split —4— NPLM-NN
Z'-2-a Z'-2-b Z'-3-a EFT
0 1 2 3 0 1 2 3 0 dl 2 3 0 1 2 3 0 1 2. 3
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Different metrics
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