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Introduction

What is Machine Learning?

Machine Learning (ML) is the study of computer algorithms capable of building
a mathematical model out of a data sample, by learning from examples.

The algorithm builds a predictive model without being explicitly programmed to
do so
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Artificial Intelligence

Intelligence — Ability to process current information to inform future decisions

0

Artificial Intelligence

ARTIFICIAL INTELLIGENCE
A technique which enables machines
to mimic human behaviour

MACHINE LEARNING

Subset of Al technique which use
statistical methods to enable machines
to improve with experience

DEEP LEARNING

Subset of ML which make the
computation of multi-layer neural
network feasible

None of the systems we have nowadays are real All The brain learns so efficiently
that no ML method can match it.
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Learning Paradigms
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Supervised Learning

Given some labeled data D = {(x1, f1), ..., (n, tn)} with features {x}} and
targets {t;}, the algorithm finds a mapping t; = F(xX})

true labels

Training set

Build and fit the

model

Split data into
train and test
sets

prediction
R

Testing set I:>
true labels

Test the model
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Supervised Learning

Classification: {t1, ..., tn} (finite set of labels)
Regression: t; € R"
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Classification Regression

(Linear Regression is the oldest ML algorithm!)
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Supervised Learning in HEP: examples

Classification: Jet Tagging (infering number of quarks and gluons inside it, or

prongs)
W/z/H '%
Processes  Prongness Classification
‘: aco O"e'(‘;’;,’)”ged Background
te—10
—= ©sss . Two-pronged
w ‘, WiZiH — q7 2P)
A_—N toos Wb = igh Th’e"(‘a";‘)’“ged signal
s —:

S Ad = Four-pronged
G99 (@P)

/
m

{Xi} : jet mass, jet’s tranverse momentum, 17 N-subjetiness variables.
{ti} = {01}

(J.A. Aguilar-Saavedra, E. Arganda, F.R. Joaquim, J. Seabra, RMSS)
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Method: Machine-Learned Likelihood

E. Arganda, X. Marcano, V.
Martin Lozano, A. D. Medina,
A. D. Perez, M. Szewc, A.
Szynkman

Eur. Phys. J. C 82, no.11, 993
(2022)

A method for approxima

g optimal statistical
significances with machi

learned likelihoods

Sanda Seoane, R.M.

E. Arganda, M. de los Rios, A.
D. Perez, RMSS

PoS ICHEP2022 (2022) 1226

E. Arganda, M. de los Rios, A.
D. Perez, RMSS

arXiv: 2211.04806

Machine-Learned Exclusion Limits without Binning
PROCEEDINGS!

OF SCIENCE

Imposing exclusion limits on new physics with
machine-learned likelihoods

Ermosto Arganda,

Martin de os Rios,* Andres D. Perez" and Rosa Maria

Machine-Learned Exclusion
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Kernel Density Estimators

Traditional vs ML search of New Physics

Distinguish SM (bckg) vs BSM (signal) in collider data:

@ Design observables, define control regions... —> ML classifiers v~

o For experimental significances, selection cuts — Working points X

Sanda Seoane, R.M. Machine-Learned Exclusion Limits without Binning 8/24
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Traditional vs ML search of New Physics

Distinguish SM (bckg) vs BSM (signal) in collider data:

@ Design observables, define control regions... — ML classifiers v~

@ For experimental significances, selection cuts — Working points X
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Traditional vs ML search of New Physics

Distinguish SM (bckg) vs BSM (signal) in collider data:

@ Design observables, define control regions... —> ML classifiers v~

@ For experimental significances, selection cuts —> Working points X

Is it possible to connect the ML classifier output with the
standard statistical tests without defining working points?

— Machine-Learned Likelihood (MLL) Method
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Traditional vs ML search of New Physics

Distinguish SM (bckg) vs BSM (signal) in collider data:

@ Design observables, define control regions... —> ML classifiers v~

o For experimental significances, selection cuts — Working points X

Is it possible to connect the ML classifier output with the
standard statistical tests without defining working points?

— Machine-Learned Likelihood (MLL) Method
Can we avoid binning the output?

—> +Kernel Density Estimators (KDE)

Sanda Seoane, R.M. Machine-Learned Exclusion Limits without Binning 9/24
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The MLL method

Statistical model for N independent measurements, with a high-dimensional set
of observables x

N
L(p,s,b) = p(N, {x;,i = 1,..., N}|u, s, b) = Poiss(N|uS + B) [ [ p(xilu. s, b)
i=1

where S (B) is the expected total signal (background) yield, and

uS

B
p(x|u, s, b) = IS+B pb(x) + S+ B ps(x)

The relevant to derive exclusion limits on p (considering models with p > 0)

0 ifo>up,
~ L b . ~
gu=1+-2Ln gzz% ifo<a<up,
L(p,s,b oA
—2Ln Z(0.5.5) if 0 <0,

where (i is the parameter that maximizes the likelihood

Sanda Seoane, R.M. Machine-Learned Exclusion Limits without Binning
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The MLL method

Statistical model for N independent measurements, with a high-dimensional set
of observables x

=

L(p, s, b) =p(N,{xi,i =1,..., N} u,s, b) = Poiss(N|uS + B) p(xilp, s, b)

i=1

where S (B) is the expected total signal (background) yield, and

B uS
p(x|p, s, b) = ST B Pb(x) + SiE ps(x)

The relevant to derive exclusion limits on y (considering models with p > 0)

0 if f>p
~ - N Bpy (xi)+15ps (xi) : N
Gu=120— S -2/, Ln (GREAEEET) i 0<f<p
N ILSPS(Xi) i i .
2uS—2%_; Ln (1 + Bonx) ) if 0<0;
where [i is the parameter that maximizes the likelihood
N
&1 S ps(xi) + B py(xi)
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The MLL method

Statistical model for N independent measurements, with a high-dimensional set
of observables x

=

L(p, s, b) =p(N,{xi,i =1,..., N} u,s, b) = Poiss(N|uS + B) p(xilp, s, b)

i=1

where S (B) is the expected total signal (background) yield, and

B uS
p(x|u, s, b) = ST B Pb(x) + S+ B ps(x)

The relevant to derive exclusion limits on y (considering models with p > 0)

0 if f>p
N ~ N Bpp (xi)+pSps(xi) : IN
Gu =120 — S -2/, Ln(GREiiages) i o<p<p
N 1Sps(xi) N .
2uS—2%; 4 Ln <1+ Bps () ) if 2<0;
where [i is the parameter that maximizes the likelihood
N
Z Ps(xi) -1
& AS ps(xi) + B ps(xi)
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Solution: train classifier to distinguish signal from bckg with a balanced dataset.
The classification score maximizing the binary cross-entropy and thus approaches
O(X — pS(X)
ps(x) + pp(x)
Dimensional reduction by dealing with o(x) instead of x
ps(x) = ps(o(x)), and Pb(x) = Pb(o(x))
Cranmer et al, arXiv: 1506.02169
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where ps p(0(x)) are the distributions of o(x) for signal and background,
obtained by evaluating the classifier on a set of pure signal or background events,

Sanda Seoane, R.M. Machine-Learned Exclusion
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The relevant test statistic for exclusion limits

0 if o>up

. ; N g (Bt buShe)) i <

g = { 20— WS —2XY, L (FEHTHBEER) i 0<a<n
2us —23V 1Ln(1+%) if f1<0;

with fi such us

N
p (Xi)) _
2 555:(000)) + Bl "

The median expected exclusion significance when the true hyphothesis is
assumed to be the bckg-only one (1 = 0) is

med [Z,[0] = 4/med [§,|0]

Machine-Learned Exclusion Limits without Binning
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Traditional Binned-Likelihood (BL) method

Ps.b(x)/Ps,p(0(x;)) are not known and are approximated by discrete binned
distributions D

L(i, s, b) = H Poiss (Ng|1Sq + Ba)
d=1

The median exclusion significance using Asimov datasets is given by

b 1/2
~ B S
med[Z,,|0] = \/J: 2y (Bdln (SdeBd) *56’) “s<B B
VB

d=1

»1
T 35.91b" (13 TeV)
2 | cms e 10°
5 | 4 Data W (i = 0.88) e ATLAS T o Unceraity
@ + I Non-w/z [ [ 2 1 Eo13Tev, 1390 i w
ol oK +1j1b R § OEy ww e MH. WA,

[ Moy il S 10 Verenichednz2  MOvers W W

[ 452 Postiit refit 10° Top quarkCR mz visld

L X uncertainty uncertainty . W oter W)

E — Prefit Data/MC

5 ow

i 2 3 4 5 6 7 8 9 10 % ...6++1
1j1b BDT output bin £ o Ll
S 0102703704705 0870770805
NN output
J HEP 10 (2018) 117 arXiv: 2207.00338
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Density Estimation

What is the best way to extract ps(o(x)) and pp(o(x))?
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Density Estimation

——Density estimation in a sense is the reverse of sampling: from given samples
we want to retrieve the density function from which the samples were generated.

—>Two types of methods for density estimation

o Parametric: model the density function as a specified functional form with a
fixed number of tunable parameters.

o Non-parametric: specify a model whose complexity grows with the number
of training datapoints.

Sanda Seoane, R.M. Machine-Learned Exclusion Limits without Binning 15/24
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Kernel Density Estimators

Kernel Density Estimators (KDE) is a non-parametric method for extracting
Ps(o(xi)) and pBp(o(xi))

—>Smoothed version of the empirical distribution go(x) of the training data
{X,', i= 1, ey N}

1 N
Qo) = 37 230 (x=x)

—We can smooth out the empirical distribution and turn it into a density by
replacing each delta distribution with a smoothing kernel

1 u
o) = 5 ()
where € > 0 (bandwidth parameter) controls the width of the kernel and k1 (u) is
a density function bounded from above (as € — 0, k¢(u) approaches §(u))

1 N
4e(x) = 5 2 ke (x = x)

Sanda Seoane, R.M. Machine-Learned Exclusion Limits without Binning 16 /24
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Psb(0(x) = 7 D ke [0(x) — o(x))]

Several options for ke, e.g.

%% (1 — (u/e)2> . iflul <e .
Ke(u) = Epanechnikov kernel
0 otherwise
3.5
. Sampled pp "
3.0 rlr .‘\‘ === Learned py ',"’ '.I
2544 1 Sampled p. A
\ Y 1
20 :' ‘\\ --- Learned p; A :I
[m] i N, # !
15y N i II
) '._ ‘J" 1
1.0 vy prian i
| el H
051 ! T s, L '
] "J' “'N‘_N\ .
0.0 = " " : . ~,
0.0 0.2 0.4 0.6 0.8 1.0

s(x)
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The width parameter € controls the degree of smoothness, if € is too low the
model may overfit, whereas if € is too high the model may underfit. In general,
we want ¢ to be smaller the more data we have and larger the higher the

dimension is.

8 Sampled pp
71 === Learned py
6 Sampled ps
5 Learned ps
w
24
3
2
1
0
0.0 0.2

0.4

s(x)

0.6

0.8 1.0
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Toy Model: Multivariate Gaussian distributions
Search for a heavy SSM Z’ in dilepton final states at the HL-LHC

Applications

Toy Model: Multivariate Gaussian distributions

@ Toy model in abstract space (x1, xp). Events generated by N>(m, X)
(known generative functions ps p(x)).

o Covariance matrices X = Ipx» (no correlation) and m = +0.3(—0.3) 15 for
S (B).

Ensemble: B=50k, S=500

. 3
N> distributions —— Background 2500
—— Signal

1.5 2000 &
3
8

> c 1500
: > >? 0 ;n
. ]
1000 5
n S -1.5 &

VU 500

-3 0
3 . .

@ Training of supervised per-event classifier, XGBoost with 1M events per
class. KDE with Epanechnikov kernel.

Sanda Seoane, R.M. Machine-Learned Exclusi



Applications

Multivariate Gaussian distributions, N>

n
2.0 S S A )
[
a ‘\’l\\’ \ ,” YN \
P '\‘<\,\\ VA
1.54 i ri N \
i / o \
w g 4 \ I
a / i \ 'Y
a I
1.0 i i “ \
; . - \
i Lo Binned pp(0(x)) 3 R
i _
| ; 45 —==- KDEpplo(x) \
0.5 7 / . = N \
i /’ Binned ps(o(x)) N\ \
i ---- KDE p5(0(x)) .
00 7 2 s
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o(x)

Toy Model: Multivariate Gaussian distributions

Search for a heavy SSM Z’

Zu

20

15

10

in dilepton final states at the HL-LHC

Multivariate Gaussian distributions, Nyim =2

True pdf Likelihood
X Binned Likelihood
o(x) Binned Likelihood
MLL KDE

125

25 75 10.0 15.0

S/VB (B=50k)

5.0

@ Significances estimated with all method are all close to the true pdf scenario
given the low dimensionality of the problem.

@ The ML output is always 1D regardless the dimensionality of the data and
can be easyly handled.

Sanda Seoane, R.M.
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. Toy Model: Multivariate Gaussian distributions
Applications

Search for a heavy SSM Z’ in dilepton final states at the HL-LHC

For higher dimensional data of dim = n with n > 2, Npo(m, X), £ = I,xp,
m = {+0.3(—0.3), +0.7(—0.7)} 1, for S (B):

Multivariate Gaussian distributions, N, Multivariate Gaussian distributions, A},

10 30
m=0.3 m=0.7

Zu

= True pdf Likelihood 7 — True pdf Likelihood

41 —— MLL+KDE PPtie —— MLL+KDE
~—= o(%) BL (100 bins) 10 ~—~ o) BL (100 bins)

5 0(%) BL (50 bins) 0(X) BL (50 bins)
~—= (%) BL (25 bins) 5 ~== 0(%) BL (25 bins)
——= o(%) BL (10 bins) ——= 0(%) BL (10 bins)

0 0

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
n n

@ Results with MLL+KDE method approach the ones with the true generative
functions, independently of dimension and/or separation of S and B.

@ BL intractable in the original space. BL in the ML output not as good as
MLL+KDE. Undesirable dependence with the binning.
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N Toy Model: Multivariate G. sian distributions
Applications

Search for a heavy SSM Z’ in dilepton final states at the HL-LHC

Based on ATLAS projections at /s = 14 TeV and 3000 fb~! for 95% CL
exclusion limits on a ZéSM (ATLAS-PHYS-PUB-2018-014).

S:pp—oZ >0t B: pp— Z/y* > T
o Use of |pT|, ¢, and 7 of the final state leptons as ML inputs in each
channel.

@ Training of supervised per-event classifier, XGBoost with 1M events per
class. KDE with Epanechnikov kernel.

@ For saving computational resources, generation of events only with dilepton
invariant mass over 1.8 TeV.

2 10" 210"

€ 10°F ATLAS Smulation Ple\im\nzry‘ ,f € 10"°F ATLAS Smulation Pye\lm\nzry‘ ,f
i 10° Z —ee, {5 =14 TeV, 3000 fb™ = & 10° Z -, ¥5 =14 TeV, 3000 fo'! 4
10°F = 10°f o
107E [ 107 O
10°E — T (5TeV) 10°E —Z, (6TeV)
10°E 10°E
10'F 3 10°E 3
10°F - 10° -
100 o 100k o
10F E 10F E
1k - 1k -
1o EEL . L3 - . 3
7010% 2x107 10* 2x10° 10t 70107 2x107 100 2x10° 10t
Dielectron invariant mass [GeV] Dimuon invariant mass [GeV]

Sanda Seoane, R.M. Machine-Learned Exclusi

Search for a heavy SSM z/ dilepton final states at the HL-LHC
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N Toy Model: Multivariate Gaussian distributions
Applications

Search for a heavy SSM Z'in dilepton final states at the HL-LHC

Z'set+e— ] Z'su+u—
SN —— MLL+KDE S~ —— MLL+KDE
107 —— o(x) Binned Likelihood 10 ~ —— o(x) Binned Likelihood
N —-- otheory -- o theory
1044 \-\ === ATLAS o upper limit - ATLAS o upper limit .|
N e ATLAS mz upper limit. 4 8 - ATLAS mz upper limit
R '~ H -7 =
: o
N
D Systematic uncertainty::6.5% x my
1077 . ; . . . ; 1077
3 4 5 6 7 8 3 4 5 6 7 8
mz (TeV) mz (TeV)

@ In both channels, unbinning signal and background posteriors provide more
constraining limits than binning output.

o For direct comparison with ATLAS projections, necessary to simulate full
spectrum of invariant masses. Potentially biased results by possible
enhancement of classifier performance.
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Conclusions

Conclusions

@ MLL method allows to obtain exclusion (and discovery) significances for
additive new physics scenarios.

@ Uses a single XGBoost classifier and its full 1D output (no working points),
which allows the estimation of the S and B pdfs needed for statistical
inference. Not strictly necessary to bin the output to extract the pdfs.

@ Inclusion of KDE as extension of MLL method to avoid the binning of the
ML classifier output.

@ Improves results obtained by traditional techniques in toy models and
realistic analysis, approaching (when possible) the ones computed with true
generative functions.

@ Possible improvements: unsupervised analysis, systematic uncertainties...

Sanda Seoane, R.M. Machine-Learned Exclusion Limits without Binning 24 /24



Conclusions

Thank you!

(special thanks to M. de los Rios and A. D. Perez)
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