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Motivation

Traditional searches in HEP are designed around
specific BSM models or sighal 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
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Anomaly detection as a goodness-of-fit
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Anomaly detection as a goodness-of-fit

e Data

D = {Xl,...,XND} éw
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Is the reference model a good

description of the data?

Dtrue = Pr» N(true) = N(R)

Use cases:
* Signal-agnostic searches
* Data quality monitoring

* Validation of generative models




The New Physics Learning Machine

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

Machine learning for a signal-agnostic likelihood-ratio test

1. Likelihood-ratio test statistic
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https://doi.org/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y
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The New Physics Learning Machine

2. Learnthe density ratio from data — classifier £ o
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Error
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The New Physics Learning Machine

3. Efficient large scale kernel methods
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Check out

L. Rosasco’s talk!

Falkon library
Meanti, Carratino, Rosasco, Rudi, NeurlPS (2020)

* Random projections (Nystrom)
 Conjugate grad. w/ efficient preconditioning
e Efficient (multi-)GPU implementation

|‘ AIRLINE (n=10°) I_ Falkon

E ~== GPyTorch
-—- GPflow

LogFalkon
- EigenPro

space 0(n?) - 0(n),
time O(n®) - O(nynlogn)

10* - 10° points in seconds
10 - 107 points in minutes

108 - 10° points in hours
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https://proceedings.neurips.cc/paper_files/paper/2020/hash/a59afb1b7d82ec353921a55c579ee26d-Abstract.html

The New Physics Learning Machine

Reference sample (y = 0)
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Large t(D) — disagreement. How large? We need to calibrate.

- Re-train the model multiple times on D®) reference-distributed data (toys).
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U n iva riate exa m ple ML, Losapio, Rando, Grosso, Wulzer, Pierini, Zanetti, Rosasco, EPJC (2022)

N(R) = 2000, Ny = 100XN(R)
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https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y
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Dimuon final state

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

pp = WU [pr1, Pras M1, M2, AP,

SUSY (8d), HIGGS (21d)

N(R) = 20000,  Np = 5xN(R). N(R) = 10°, Nj =5xN(R)
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5/ @ mz=200Gev,N(S)=40,60,80 o //
mz =300 Gev, N(S) = 20, 30, 40 , ]
4] ® m;=600Gev,N(S)=6,10,15 5]
B c,=1.0,12,15Tev % N(S)=41,41,53 ’

3 41 ’ 5 , s

8 22 L7 232 ’
N 27 N3 Z N 27
14 ’
1 } 24 ’
04 14 04 / 4
-1 . . ; , . 0 L, 2 ’
4 > ° ’ ° S S T 5 T ] ;
7A:4 ZAEJILLSK) ZAS)‘E)I;K)
Signal reconstruction
7 —o— Toy Table 1 Average training times per single run with standard deviations (low level features and reference toys). Note that time measured in hours
—e— Learned (for NN) and seconds (for Falkon)

81 Ideal
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X 61
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% 41 NN (423 +0.73) h (73.1 £ 10)h (112£9)h
“ 5 Bold values indicate the lowest for each column (lower is better)
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https://zenodo.org/records/4442665
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y

Data quality monitoring

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

5D - Nz =2000, Np =500

5D - Nz =2000, N, =500
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* Reference data is collected in a controlled regime.

e Anomalies:

t

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

CO m Da FiISONS Grosso, ML, Pierini, Wulzer, SciPostPhys (2024)
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https://scipost.org/10.21468/SciPostPhys.16.5.123
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Multiple testing for increased sensitivity

Combine multiple tests with different hyperparameters on same data

to mitigate inductive bias

G. Grosso and M. Letizia, to appear

N(S)=10, i‘Np :64, ONP 2016
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N(S) 7 18 13 10 90

Inp 4 4 4 6.4 1.6

ONP 0.01 0.16 0.64 0.16 0.16
o =0.1]0.015+0.003 0.046+0.005 0.004+0.001 0.039+0.004 0.37+0.01
=03 | 0013+£0.003 0.13240.008 0.008+0.002 026+001 0.67 = 0.02
=07 | 0005+0002 0.113+0.007 0.008+0.002 0.34+0.01 0.66 =+ 0.02
o=14|0004+0001 0.086+0.007 0.0134+0.003 029+001 0.54+0.02
o =30 | 0007+0.002 0.060+0.005 0.019=40.003 020+001 0.38+0.01
min-p | 0.0134+0.003 0.111+0.007 0.013+0.003 028+0.01  0.64 + 0.02
prod-p | 0.017 £ 0.003 0.137 +0.008 0.017 4 0.003 0.32+0.01  0.70 & 0.02
avg-p | 0.005+0.002 0.079+0.006 0.009+0.002 0.110+0.07 0.55+0.02
smax-t | 0.01540.003 0.046+0.005 0.004-0.001 0.040 +0.004 0.37+0.01

Table 1: EXPO 1D - probability of observing Z > 3.
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Evaluation of generative models

(in preparation, stay tuned!)

Normalising flows: RealNVP on correlated mixtures of Gaussians
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Wrap up

» 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
° Hyperpa rameter tuning and sensitivity Grosso and Letizia, to appear

° Systematic uncertainties p’Asnolo, Grosso, Pierini, Wulzer, Zanetti, EPJC (2022)

High dimensions and feature learning
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https://github.com/mletizia/FalkonNPLM_1D
https://link.springer.com/article/10.1140/epjc/s10052-022-10226-y

