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In this talk

What is NPLM?

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

- Signal agnostic
- Multivariate

- Unbinned

March 20, 2023

Counts

Ratio

103
~—— Reference = = Data
il 1 b
101} T
102
5 | I | 111 I 1
: : : : : = Signal shape
al R SUS P RS SRS 1| — +RECO/REF |
i i ? 3 | 1¢ |¢ ¢ DATA/REF |
11 S ———
e * %“._ " .v.‘ ,/
] _5 - - -l _— la

6

How well does the Reference model describe the data?
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In this talk

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
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In this talk

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. ]. C 82, 275 (2022)

- Hands on a 1D toy model (material for Q&A)
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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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e Goal: performing a maximum-

New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

Ro : null hypothesis

likelihood-ratio hypothesis test , |
H,: alternative hypothesis

End-to-end strategy, from the data to a p-value for
the discovery (frequentist approach)

Exploiting a Neural Network (NN) to
parametrize the data distribution in n(x ‘ T n(x ‘ H — n(_x ‘ RO em
terms of a Reference distribution (Rg)

VHV

True (T) data Data distribution learnt Reference

distribution by the NN distribution
Signal-model-independent: reduced Unknown Alternative hypothesis Null hypothesis
assumptions on the signal hypothesis (5M) NN model

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

Main Concepts (negligible uncertainties)

Maximum Likelihood from minimal loss:

Test statistic

)

t(D) = 2max log

Loss function

Lif(as w)) ==Y [flas w)]+ > w, [/ — 1]

TER

xrecD

Ro)

—2min{L[f(; w)]}

w: trainable parameters on the NN model
D: data sample
R: reference sample (built according to the Ry hypothesis); could be weighted (w)

Assumptions:
- Np > N, the statistical fluctuations of the reference sample are negligible.

- the weights of the reference sample (w) are such that the reference sample is
normalised to match the data sample luminosity » w,.= N(R,)

XER

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

Main Concepts (negligible uncertainties)

Maximum Likelihood from minimal loss:

Test statistic

t(D) = 2max log

Loss function

Lif(as w)) ==Y [flas w)]+ > w, [/ — 1]

xrecD

—2min{L[f(; w)]}

TER

w: trainable parameters on the NN model
D: data sample

R: reference sample (built according to the Ry hypothesis); could be weighted (w)

Assumptions:

- Np > N, the statistical fluctuations of the reference sample are negligible.
- the weights of the reference sample (w) are such that the reference sample is
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

. Run NPLM on toy
experiments to
simulated the
response under the

null hypothesis

2. Run NPLM the data

of interest and check
where the test
outcome falls to
compute an
exclusion p-value
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

Asymptotic formula for the 7 distribution under R:

Wilks-Wald theorem:

O,: set of parameters describing H,,
©,: set of parameters describing H,

If the Wilks’ theorem hold,
If Hy C H,, then under the H, hypothesis the test statistic

# the target distribution for 7 under the
L(H,|D) R, hypothesis is a )(c?f with df = |w].
L(Ho|D)

t(D) = 2 log

asymptotically follows a )(c%f distribution withdf = |0, | — | O, |

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 #(D) under R,y does not follow the target )(|2W| by detault.

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

“Learning Multivariate New Physics” Eur. Phys. [. C
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

NN Model regularization:

Weight clipping parameter:

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

—

For a chosen NN architecture, tuning the weight clipping
allows to recover a good agreement of the empirical
distribution of f under R, with the target )(|2W| distribution.

Weight clipping: 1.8 | Weight clipping: 1.9 ||| Weight clipping: 2.0 | | Weight clipping: 2.15
Example:
131 .0} ccccccccccccsccssaana=- 090 % ]]| sccccccccccnscacssncsass 93 % ||| ccfSceccccsc=caaa o 0 e JO %
NN model: 5-7-7-1, 1154} - g - __-- 75 % == 75 % |
105.3} --f -y - 00 % || - A~ - crnmnmmae====== 50 % ||| -} S/Z - - oo 50 %
Number of parameters:106 t795.9| - ff 25 % | - ff e 25% ||| -Yf - -- 25% | |
832 -Yf T T T T T T T T S% || -BHf-----ccsnnmmee=mmm= 0% ||| -Hf--coael e e - - - S5 %
Legend:
—— DPercentiles of the empirical ¢ 0 50k 100k 150k 200K 0 50k 100k 150k 200K 0 50k 100k 150k 200K 0 50k 100k 150k 200K
—— distribution under R 0 Training epochs Training epochs Training epochs Training epochs
0.04} Weight clipping: 1.8 11} Weight clipping: 1.9 11} Weight clipping: 2.0 | I Weight clipping: 2.15
=== Percentiles of the tar 2 5 0.03 - “ ‘ '
______ ercentiles of the ta get)(lwl o= X2 oo X2 X2
+ 0.02f
. . - . . . E
1 Empirical 7 distribution under R, 0.01}
2 . ‘ :
w Target yy, 000 =80 160 80 160 80 160 80 160
t t t t

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

Gaia Grosso
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NPLM

systematic uncertainties
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

Test statistic

W, vV

‘max L(Hw. ,|D, A)

= 2log

t(D, A) = 2log

max L(R,|D, A)

New parametrization

max L(Hww|D)L(V|A)

)

W: trainable parameters on the NN model
v: set of nuisance parameters modelling the

max L(Ry|D)L(v|A)

nyy/
N/

n(x|T)|~ n(x|[Hyg ;)

n(x| R)

True (T) data Data distribution Reference
distribution learnt by the NN distribution
Unknown Alternative hypothesis ~ Null hypothesis

n(x| R;)

flx; w)

n(x|Ro)

New term
containing the

dependence on v

r(x;v)

uncertainties effects
D: data sample

A: auxiliary sample (used to constrain V)

Note:
This parametrization choice [ H V)
guarantees R, C H, o Rv
(RU=HW,Vforf(';W)EO) 0 0

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

Including systematic uncertainties

Maximum Likelihood from minimal loss:

Test statistic

‘max L(Hw. ,|D, A) ‘max L(Hy, ,|D)L(V|A) W: trainable parameters on the NN model
t(D, A) =2lo bt = 21o ’ v: set of nuisance parameters modelling the
( ) 2 max E(RU |D, A) & max L(RV ‘D) ﬁ(y‘A) uncertainties efer))cts 5
- Y - - Y - D: data sample
_ (D .A) A (D .A) A: auxiliary sample (used to constrain V)
— ) T )
Tau term: | l Contains the dependence on a
L D) L(w|A) NN model
7(D, A) = 2max log wy Y ul = —2min L [f(x,w),u; 5(:8)}
o | L(Ro|D) L(O]A) o A Built on the knowledge of the
Del l Reference model (purely SM term)
elta term:
R
LRD) LWA)] T s 0= RS
A(D’ A) = 2 m,ilx log E(Ro D) L(o‘A) = —2 muln L {V’ 5(58)} Taylor’s expansion learning:
T ?(x;v)=exp[/5\1(x)v+ gz(x)v2+...]
NN1 NN2

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

Including systematic uncertainties

A
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OUTPUT

OUTPUT

Single training

f(x; W) =log

n(x|Hg)

n(x|Rp)

flx; W)

Collection of trainings

(with pseudo-data)
t=7—A

label=0 |
i» L

Data sample (D) !:
label=1 -

.................................

Single training

nx
flx; W) = log [
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New Physics Learning Machine (NPLM)

Preparation steps (before looking at the data):

* NN model selection

Weight clipping: 2.0 Weight clipping: 2.15

PUtIRo)
o o o o ©
(=] (=] =] =] (=]

Weight clipping: 2.0

e Parametric NN for Taylor’s expansion on v
S () v+ 0,(X) v+ ...

7(x;v) = exp

logr(Pr, vs)

50k_ 100k 150k 200k
1 2. eight clipping: 2.15
Xios @ Xios
80 160 80 160
t t

INPUT

Reference sample (R)

label=0

OUTPUT

Single training

fx; W) =log [

n(x|Hy) |
n(x|Rp) |

Collection of trainings
(with pseudo-data)

r=7—A

flx; W)
i n(x|Hg)
Pseudo-Data (D)! : | n(x|Ro)
label=1 - I
INPUT OUTPUT
Reference sample (R) P Single training
label=0 ' o) — log | "1 HR)
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label=1 = LAREEAEL L O,
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Hands on a 1D toy model
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Scale effect on the distribution

Hands on a 1D toy model

101}
Reference model: |
EIO'2
=
©
@)
2 109
Exponentially falling distribution |
10 =05 =01 [ 15-02
affected by ' v=-04 [ »x5=00 [J =04
- vg =-0.2 1 v»s=0.1 —1 »=0.5
- ascale uncertainty (US) T = N T/ LA—T
- anormalization uncertainty (vy) i
= 1l »e
= . <he
2 ====== =
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D S
n(z|Ry) = n(z|Ry, ) = N(Ro) exp |-z e ™ — vs + vy 5
O
5 =3 s —-0.5 o 15—-01 = 15-02
bOD vs=-04 o 15=0.0 -~ =04
—~ T4 vs=-02 = 1=0.1 ~ =05
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Hands on a 1D toy model

Learning the coefficient of the Taylor Expansion for vx:

Preliminary study

0.6}

—
=

Preliminary binned analysis to determine £ °¥

0.0¢

A(IJ

the proper order for the Taylor’s expansion

-0.4] "
o

— —-0.6
-0.8

Taylor’s expansion learning

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

Input samples

yl 1/2 e L

So(l/l) g RO So(l/z) e RO So(l/n) ~/ RO

51(w) ~ R, §;(1)) ~R, 51w, ~ R,

0.4¢

N—"
<2—0.2}
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0.2} 0.2} 2t
01} UMl 11
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0.0} of
z€l0,9.8x 1077 1 _o.ql TEB2x1072,9.2% 1071 | —ool o7 zef9.2x107 19 | 4| z€[3.9, 6.3]
----- linear fit 1 ==+ linear fit ==+ linear fit =+ linear fit
- quadratic fit | —0.2} - quadratic fit 1 . - quadratic fit —2¢ - quadratic fit ;
— quartic fit _o3l — quartic fit —04 — quarticfit | _.| — quartic fit
| ¢ ¢ data 1 ' ¢ ¢ data \ ¢ ¢ data ¢ ¢ data
06 04 02 0 02 04 06 04 —%% 04 02 0 02 04 06 ~06—%% 04 02 0 02 04 06 456 04 02 0 02 04 06
VS VS VS VS
n(x|R))
n(x|Rp)
A /\ /\ 2
— T(y)=exp |0 (X)) v+ O,(x) v | —
- ° *
Loss function !
S 2 2 c(x) =
L[o(-)] = E E w,c(x,)” + w, |1 —c(x A
[ ( )] e ( e) e ( €) 1 _I_ r(x’ U)
U; e€Sy(v;) eeS,|(v;)

* NN model selection

CLEE

¢ Parametric NN for Taylor’s expansion on v
7(x;v) = exp [51(x)v + 8,0 +.. ]

e Validation: D ~ Ru-, v* ==+o,

H, #T
TodT—A

* Parametrized classifiers for optimal EFT sensitivity arXiv:2007.10356
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Hands on a 1D toy model

Learning the coefficient of the Taylor Expansion for vq:

~ 1 ,~
logry, (V) =vn+ vsd1p, + —Vs2 02,b;

> Vi € [1,... Nyins]
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* NN model selection

=EEE

e Parametric NN for Taylor’s expansion on v
Po6,0) = exp [51(x)1/ + 8,01+ ]

e Validation: D ~ Ru-, v* ==+o,

1.5}

1.0¢

— — ANALYTIC
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Hands on a 1D toy model

NN model selection:
Weight clipping tuning
(In the Ry hypothesis)

Here we used:

- 2000 data

- 200 000 reference (R))

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

Legend:

Percentiles of the empirical ¢
distribution under R,

== Percentiles of the target )(|2w|

1 Empirical 7 distribution under R,
mmm Target )(I2WI
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Training epochs

* NN model selection
Lo

¢ Parametric NN for Taylor’s expansion on v
Po6,0) = exp [51(x)u + 8,01+ ]

e Validation: D ~ Ru-, v* ==+o,

H, é7T
YT —A

=== Target yi; |
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Weight clipping: 1

Weight clipping: 4

Weight clipping: 50 | |

Weight clipping: 100
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Training epochs

Training epochs

Weight clipping: 1

Training epochs

%»Weight clipping: 4

Training epochs

Weight clipping: 50 { |

Weight clipping: 100
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t
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* NN model selection

=EEE

e Parametric NN for Taylor’s expansion on v
ands on a oy mode et

e Validation: D ~ Ru-, v* ==+o,
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Hands on a 1D toy model

Inject signals

Peak in the tail
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Excess in the tail \
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Hands on a 1D toy model

Interpret the result: anomaly characterisation

7 reconstruction: n(x | Hy ;) = n(x|R)

A reconstruction: n(x | R;)

ratio

ratio
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...to conclude
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Code and resources
Getting started with NPLM

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

Reconstruction plot

NPLM 0.0.6 v | Latestueson
* REF = feature[target[:, 0]==0]
DATA =« feature[target[:, 0]==l]
. . o weight = target(:, 1)
pip install NPLM & Released: Feb 1, 2022
weight REF = weight[target[:, 0]==0)

weight DATA = weight[target[:, 0]==1)
output delta ref =« delta.predict(REF)
output tau ref = tau.predict(REF)

package to run the New Physics Learning Machine (NPLM) algorithm.

save~False, save pathe’

)

plot_reconstruction(df~BSMdf, data~DATA, weight datasweight DATA, ref<REF, weight refeweight REF,
tau OBS~tau OBS, output tau refeoutput tau ref,
feature labelsefeature labels, bins code~bins code, xlabel code=xlabel code, ymax codesymax code,
delta OBS~delta OBS, output delta refeoutput delta ref,
, file name='’

e Tutorial on 1D toy model for getting started

» "Learning New Physics from a Machine" (Phys. Rev. D)

View statistics for this project via

my

OUTPUT EXAMPLES:
Navigation Project descri ption toy experiment: sig+bkg sample
10°
= Project description X n(D, A)=48.63, A(D, A)=7.71, Z-score=3.72
= 102 1Py 1 DATA e0o rRECO
package .
- y [ REFERENCE eoe A RECO
‘D Release history 10! »
a package to implement the New Physics Learning Machine (NPLM) algorithm
@ 10° o0
3 Download files =
- . O ]
Short description: 2 101} .
. . 107
Project links NPLM is a strategy to detect data departures from a given reference model, with no prior bias on the nature of the new
physics model responsible for the discrepancy. The method employs neural networks, leveraging their virtues as 1074
A
@' Homepage flexible function approximants, but builds its foundations directly on the canonical likelihood-ratio approach to \
hypothesis testing. The algorithm compares observations with an auxiliary set of reference-distributed events, 10 N 1 _
o possibly obtained with a Monte Carlo event generator. It returns a p-value, which measures the compatibility of the 14 r RECO/REF
Statistics reference model with the data. It also identifies the most discrepant phase-space region of the dataset, to be selected 12 == ARECO/REF
- NP for further investigation. Imperfections due to mis-modelling in the reference dataset can be taken into account 10 ' |#_$ DATA/REF
GitHub statistics: S s ‘
straightforwardly as nuisance parameters. = . l [ I
W Stars:1 g 6 T ‘
P Forks:1 lated k ; + ‘1 1
orks: Related works: 2 2o |l
e i s L AU S
. 0 H . o Tee et
© Openissues/PRs: 0 0 2 4 6 8

Lo . . o "L ing Multivariate New Physics" (Eur. Phys. J. C
Libraries.io (4, or by using our public sarning Multivariate New Physics (Ew: S )

dataset on Google BigQuery £ » "Learning New Physics from an Imperfect Machine" (arXiv)
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C. Plot of the empirical distributions of the 7 and 7 — A terms.

All the collected experiments are considered.\ The distribution are compared with the target xjf distribution with number of degrees of freedom, df, equal to the

number of trainable parameters of the model.

BKG-only experiments NU_S=0, NU_N=0.15, SIGMA_S=SIGMA_N=0.15

label = 'Be%i'3(N_BKg)

if N_Sig: label += ',

s=3i'3(N_Sig)

plot 2distribution(tau, tau-delta, df«TAU df, xmin«0, xmax=120, nbins«16,

0.10

0.08

e
=3
=

Probability

0.04

0.02

0.00

labell=r's\tau(D,\,A),

save~False, save pathe'',

$'+label, label2er'§\tau(D,\,A)-\Delta(D,\,A)S$,
file name='")

"+label,

R —

—

x*(13)

sample 7D, A),B=2000
size: 100

median: 65.76

std: 16.83

Z = 5.74 (+0.15/-0.15)

sample D, A)
size: 100
median: 11.42
std: 4.88
Z=-0.19 (+0.13/-0.13)

A(D, A), B=2000

1 1]
1 [ty 1
! T ﬂ—&—.—r
20 40 60 80 100
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https://pypi.org/project/NPLM/
https://github.com/GaiaGrosso/NPLM_package/tree/v0.0.6/example_1D

summary

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. |. C 82, 879 (2022)

“Fast kernel methods for Data Quality Monitoring as a goodness-of-fit test” - Letizia, Grosso et al. 2303.05413 (preprint)

March 20, 2023 Gaia Grosso


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

Outlook

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
neurips2?2 (ML for physical science workshop), paper in preparation)

® Exploring alternative methods of regularisation

Current applications

® Model-independent search with collider data (Eur. Phys. |. C 82, 275 (2022) + ongoing work)
® Multi-dimensional DQM (preprint 2303.05413)

® Multidimensional validation of MC simulators (ongoing work)

® Bank fraud detection (ongoing work)

® Anyidea?:)

March 20, 2023 Gaia Grosso


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)

Including systematic uncertainties
T term A term

Pre-trained modules i Pre-trained modules ili
Reference sample Data sample Rl Data sample Auxiliary

INPUT
A~ A~ A~ measurements A~ A~ A~ measurements
“ o () o ()

BSM module S module 0 module

f(-;w) Model

?(x;v)=exp[31(-)y+ 32(-)y2+...+3n(-)y"] 7 (x; v)—eXp 51( v+ d,( )P+ +3n(-)v”]

LIf(-;w).v. 8] = NR,) —NRy) — ) [log 7(x; v)] — log

x€eD

3(1/|A)]

L[f( . ,W), U, /5\] o Z We [ef(xe’ W)+10g ?(Xeﬂ/) — 1] — Z [f(X, W) -|- log ?(x, y)] —_ log [ 3(0 |A)

eER xeD

Z|A) ]
Z(0]A) Loss
function

Trainable parameters: W, v Trainable parameters: v

Constant terms: 5A

l l

«D.A) = —2min L [f( W) (- )] OUTPUT A(D.A) = — 2min L [y; 5. )]

WU

Constant terms: 3

March 20, 2023 Gaia Grosso



New Physics Learning Machine (NPLM)

Including systematic uncertainties

T term A term
l t(D,A) =7(D,A) — A(D, A) l

L(Hw|D) E(VIA)]
L(Ro|D)  L(0]A)

7(D, . A) = 2 maxlog [

A(D, A) = 2 maxlog [E(RVID) | £(V|A)]

L(Ro|D) £L(0]A)

Maximum likelihood from

l minimal loss l
r(D, A) = ~2 min {L | f(;w), ; 50| } AD,A) = -2 min {L5[v; 30)] }
Training samples
fl;w) v; 6() Refererge ly,  Data v; 3(-)
l L ., ||M“|NH[WHWM l T
NN model | * r modelling
Sefcnli)pe -+ n(z|Ry) n(z|Ry) n(z|Ry)
n(z|R r(z;v) =
l (z|Ro) n(z|Ro) n(z|Ro)
Weight clipping

tuning

March 20, 2023 Gaia Grosso



New Physics Learning Machine (NPLM)

Including systematic uncertainties
Final procedure in steps:

1.INN MODEL SELECTION:
weight clipping tuning — target )(IZWI ;

R(t|Ry)

2.[NUISANCE TAYLOR’S EXPANSION LEARNING:

A A A ?(XQV)=3XP [/5\1(X)1/+ /5\2(.X)I/2+...]
modelling 7(x;v) =exp | 0 (x) v + 0,(x) v+

NN 1 NN2

vg , vy = +o0g,0 vg , vy = — 03,0

3.][VALIDATION:
D~ Ry-, 0y
Veritying that the target XIZWI is always recovered;

2 )
o1l Xis1 11 X181

120 160 200 240 280 320 120 160 200 240 280 320

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

March 20, 2023 Gaia Grosso



The model implementation in Keras + Tensorflow

<>

imperfect model

fC-;w)

r(xv) = exp {31(-)v+ 5o( P+ ..+ 3,,(-)1/1

True (:EgEEEEE:) “NORM”
BSMfinderNet TaylorExpansionNet ShapeAuxiliaryConstraint | |NormAuxiliaryConstraint

é—BSMarchitecture
-BSMweigth_clipping

..........................................................................................................................................................................................................

ég-{éﬁ modules

§§-NU_S (array)
§§-NU_N (scalar)

...........................................................................................................................................................................

é—NUR_S (array)
=-NUO_S (array)
-SIGMA_S (array)

i ''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' Eﬁ:ﬁ:l:ﬁfﬁﬁéiﬁffff:fﬁfﬁfﬁfﬂffffﬁfﬁfﬂfﬁff:ﬁﬁﬁQﬁfﬂ:ﬁfffﬁfﬁffﬁKfﬂ:ﬁfﬁfﬂffiﬁffﬁfﬁfﬁfﬁiﬁfﬁﬁﬁlﬁﬁﬁfﬁﬁfﬁfﬁﬁﬁf ..... ........

~ -NUR_N (scalar)

-NUO_N (scalar)
-SIGMA_N (scalar)

......................

March 20, 2023
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use case .

Validation of generator models
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Example: nD DQM

Online monitoring of a DT chamber:

® 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

/

0.161
0.141
0.121

=

Z0.10

%008*
0.

® Result of the test statistics goos

Complete separation of the distributions!

0.0301 5D - N = 2000, Np, =500
' Reference
1 Thr 75%
0.0251 * 1 Thr 50%
1 Thr 25%
0.020-  ,%(83)
=
7 0.015 NPLM with kernel methods
0.010- M = 50, c =484, 1= 10_7
\ N(D) = 5000
0005 &q N... = 200000
0.000 . | | Execution time: ~ 1.5s
' 100 200 300 400 500

August 23, 2022

35

-40 -20 0 20 40
Slope (degrees)

100

Drift time (ns)

400

/

o
.c%.
0 7 — V m 100, . w
. . . . 101 . . . .
100 400 0 200 300 400
Drift time (ns) Drift time (ns)
ence [ Thr 75% [J1Thr 50% [_Thr 25% — [T
0.101
£0.08/
"3 0.06/
Q
)
Q‘:: 0.04
F 0.02
1
S /
ol B M/ E 1094 -—:\“gﬁf e V\//

0

200 300 400
Drift time (ns)

Distribution of the observables at different values of the threshold tension

NEW: arXiv:2303.05413

— more about this in an upcoming follow up talk!

In collaboration with  UniGe ‘ Mﬁg@a

Gaia Grosso


https://arxiv.org/abs/2303.05413

use case :
nD New Physics search
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Harder task: nD analysis
Two body final state (5D): sensitivity to NP scenarios

Z’ scenario

k —
VS —+US

EFT scenario

k —
I/S —+US

0.030

0.025}

~—~ 0.020¢}

A

= 0.015}

-~
N—"

R, o0.010}

0.005

0.000
0.030

0.025}

/'S“ 0.020¢

Muon-like regime

Electron-like regime

Negligible

systematic uncertainties

Tau-like regime

Z-score: Z = @1 [1 —p]

Z : Z-score from the median of the empirical #(D, A) distribution

March 20, 2023

37

Z' scenario (mz =300GeV, N(S)=120) i 7' scenario (mz =300GeV, N(S)=120) i ” Z' scenario (my =300GeV, N(S)=210) | | ” Z' scenario (mz =300GeV, N(S)=210) |
X§6 og =0.0005 (muon-like), v = + o X§6 o3 =0.003 (electron-like), v§ = + oy X926 og =0.0001 (negligible), v = + o5 X926 og =0.03 (tau-like), v = + o
M5 >100GeV, L=0.35fb ! M5 >100GeV, L=0.35fb ! My >120GeV, L=1.1fb! M3 >120GeV, L=1.1fb™!
Z=4.0+0.2, Z,.;=10.2+0.1 Z=39+0.2, Z,,s=10.5+0.1 7Z=33+0.2, Z,s=88+0.7 Z=36+0.1, Z,;=9.7£0.6
¢ 7(D, A) ¢ 7(D, A) $ (D, A)| | ] $ 7(D, A)
¢ ¢(D, A) I ¢ ¢(D, A) $ ¢(D, A) 1 $ ¢(D, A)
| |
o s | /!
i i | 1 1 i I i l
EFT scenario (¢, =1.0 TeV~?) i EFT scenario (¢, =1.0 TeV~?) 11 ” EFT (¢, =0.25TeV~2) || ” EFT (¢, =0.25TeV~2)
X926 os =0.0005 (muon-like), vy = + oy X926 os =0.003 (electron-like), v = + oy X926 os =0.0001 (negligible), v§ = + oy X926 os =0.03 (tau-like), v = + o5
M5 >100GeV, L=0.35fb~! M5 >100GeV, L=0.35fb ! M5 >120GeV, L=1.1fb! ] M5 >120GeV, L=1.1fb™!
7Z=51+0.3, Z,;=145+0.2 7Z=51+0.3, Z,,;=14.3+0.2 | Z=23+0.1, Z,4=5.7+0.2 | Z=19+0.1, Z,;=5.1£0.2
¢ 7(D, A) | ] ¢ (D, A) | | b (D, A)| | ’ $ 7(D, A)|
¢ ¢(D, A) | ¢ ¢(D, A) $ ¢(D, A) $ ¢(D, A)
! f Hy
» ) *S HH Y | | k TR
Hy 1Y y
T | | XN sl e AWy AN " | | | | | | | e =S
300 360 420 480 60 120 180 240 300 360 420 480 60 120 180 240 300 360 420 480 60 120 180 240 300 360 420 480
t t t t

¢ t(D, A)=7(D, A) — A(D, A)

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

Signal reconstruction with the NN:

Architecture: [5-5-5-5-1] (96 dof), weigh clipping 2.15, L = 240 fb™"
rchitecture: | ] (96 dof), weigh clipping NOTE:

Ex iy; 05 W) M, is not given as an input to the algorithm!
AR

n
7 reconstruction: n(x | Hy, ;) = n(x|R)
’ n

A reconstruction: n(x |R;)

4| I ' ' ' | i ' T T T ]
10 (D, 4)=463.7, A(D, A)=247.15, t(D, A)=216.55, Z=6.56 ° (D, A)=469.23, A(D, A)=307.48, (D, A)=161.75, Z=4.0 °

1035_ %% [_1 DATA ocoo 7RECO 103; QM! 1 DATA 000 TRECO
> | P [ 1 REFERENCE e2eo A RECO : 2 : hhla.q‘ml:I REFERENCE eeeo A RECO

| =S
| - =
WE‘J . g 102 : T
o

..._._.-._.__._ QSJ@ "
101 E_ W _E 101 E_ | | | |
1001 | 1001

T RECO/REF.

2.6 I T R.:EI:CO/REF. I { ® 2.6 N T
9 -= A RECO/REF. iI I$ [ + 2 L 9 -= A RECO/REF. i ¥ } }
+~ 1.9+ ¢ ¢ DATA/REF. e T 4 1 — 77 ¢ ¢ DATA/REF. 1
: SRR : AT T
= 121 P P S X YR 'iii*ﬁ-TT-----’-T-J-I-%T — 1.2__t’:':c-:o:':?'ffgi_iigi::?j:-i—_'l::€{££:+_::+‘_-:'}:}:}:1:

G A a e B Rl ol = it N il et S o o R R i
| II| Ii fIr l __IT TT{T _— | | | | +} |
181 263 345 426 508 181 263 345 426 508
M; o My, 2

“Learning Multivariate New Physics” Eur. Phys. [. C
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https://doi.org/10.1140/epjc/s10052-021-08853-y

Counts

Counts

Harder task: nD analysis

Z7 to 4 muons final state (7D)

103
102}
101
109}
101}
1072}
1073}
1074}

5
10 20

102

Input var

1ables:

PT 71

101
109}
101
1072}
1073}
1074}
107}

|

_6__
10 0

Signal benchmarks:

e Higgs boson (as an exercise)
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NOTE:

102 102
1 -
]_01 . - EEEEEEEE R e e e e n R EEEEEE | 10 _
Ll L L L 109}
10°} 1 T T _
I I 1071} !
-1
107} [ 102l
2 103
10 -3 —2 -1 0 1 2 3 -4 -2 -1 2 3
Nz1 Adz1 72
2
0 | ‘/-BFHIQ:_') L1 &t H125
101} =TT 1] o Wminus Hios [ 1 Z+ X
109 T pssiinnnnnniin AL Wplus H s [ 1 gq—4l
il T Z Hyo; EE gg — 2u2T
10 z bb H 25 N g9 4
1072 99 H 25 B g AT
-3 -2 -1 0 1 2 3
N72

m, is not given as an input to the algorithm!
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nD analysis
Z7Z to 4 leptons final state (7D)

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

DATA

REFERENCE

D, A)=530.28, A(D, A)=2.35, Z-score=3.57

090 TRECO

eee A RECO

104 10° 102 ‘ , . . ,
N Fj.ﬂ. | ':fw“' M“M"’ﬁ g0 %;%Fm;d i mﬂ ‘ 102 .‘lﬁ"’lq gdwr_
1o etiecre CHEE gy ! e i
R hinid ey, g LL' 10!} ?ff‘fﬂ . i T ; -ﬁﬁ@sﬂ‘
101} 1l
100} ﬁi‘ TT | 100 N T
107 107 10! 1001 . , ‘ . , ‘
' | | | | RECO/REF . | RECO/REF || 14/ ' , | RECOREF || 14} ‘ : { rRECO/REF ]
2O -- A RECO/REF |] 1.5.} B { l , -- ARECOREF || | ' H+ l . -- ARECO/REF || {,| H “ ll 1 1 | l '§"§ A RECO/REF ||
sl | ¢ § DATA/REF || -y ; i } l (] {¢ ¢ DaTAREF || © % rl l | | § DATA/REF ottt L‘ : R _I__ ATA/REF 4
[[1] Y T | roftettepataloagt.. --EMHLH A T 1.o,r} i R TR T T, T T FITE || L0l prr i3 {74 \ [ = t
B a1 D I L L VTR e it T e R l
0.5) N ! . H l o ' ' 0.6l } B o | | o6l ]
40 60 80 100 20 %% 50 100 150 ) ‘ 22 i 3 =2 1 U 1 3
Z1Mass Z1Pt
10° ‘ ‘ —1 10 102 . , 10° . . . K
. ‘m‘]m ., 11 J . o D, A)=530.28, A(D, A)=2.35, Z-score=3.57
ol (M o B it o Ml ] S e 0 255 |
ey s oy, g, e WE , : e
1011_"7?r 3 Wﬂ@@ﬂ ﬁﬂf " ’ﬁ]fﬁw | ol fﬂﬂﬁiﬁ; ? - L'{L} Lol + i3 9.k gf%TF] ‘
109} 1 100} 100} T
0 , , — % , , 10° 195 . ,
T RECO/REF . - rIRECCI)/IR:EIFI. 1.4} ] S - TRECO/RIEF 1130l ot T RECO/REF ||
2.0 I { iui SAP;EA(/ZPE)];P;EF‘ 150 ii"i ARECORREF [ | Hl l l h + | -- ARECOREF|(los5| , §-i A RECO/REF ||
LA £ s e [ TR— e ) A L Lt IR (L TT | b |
AR A R IR g | rptboegod { tofg=theetpi-opit i bt e o H-
L H f [ *}Tﬁ Fh ifI{T H} los| H } | Zz } - } } - —— ’ * | IR A T AT T B ;m ;H Tf £ }T [t
20 20 60 80 100 2o %0 50 100 150 ‘ ) ‘ ‘ 0.0 100 200 400 500
Z2Mass Z2Pt

Ongoing work for optmizing NPLM sensitivity in high dimensional problems
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