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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 ÝÑ Ability to process current information to inform future decisions

None of the systems we have nowadays are real AI! The brain learns so efficiently
that no ML method can match it.

Sandá Seoane, R.M. Machine-Learned Exclusion Limits without Binning 3 / 24



Introduction
Applications
Conclusions

About ML...
Motivation
ML Likelihood method
Kernel Density Estimators

Learning Paradigms
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Supervised Learning

Given some labeled data D “ tpx⃗1, t⃗1q, ..., px⃗n, t⃗nqu with features tx⃗i u and
targets tt⃗i u, the algorithm finds a mapping t⃗i “ F px⃗i q
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Supervised Learning

Classification: tt⃗1, ..., t⃗nu (finite set of labels)
Regression: t⃗i P Rn

(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)
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pp −→ Z ′ −→ SS, S −→ AA −→ bbbb (MS = 200 GeV, MA = 80 GeV)

LR, M ′Z : 2.2 TeV, AUC: 0.82

LR 4P, M ′Z : 2.2 TeV, AUC: 0.89

LR, M ′Z : 3.3 TeV, AUC: 0.84

LR 4P, M ′Z : 3.3 TeV, AUC: 0.90

tx⃗i u : jet mass, jet’s tranverse momentum, 17 N-subjetiness variables.
tt⃗i u = t0, 1u

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

For experimental significances, selection cuts ÝÑ Working points ✗
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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... ÝÑ ML classifiers

For experimental significances, selection cuts ÝÑ Working points ✗

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

ÝÑ 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... ÝÑ ML classifiers

For experimental significances, selection cuts ÝÑ Working points ✗

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

ÝÑ Machine-Learned Likelihood (MLL) Method

Can we avoid binning the output?

ÝÑ +Kernel Density Estimators (KDE)

Sandá Seoane, R.M. Machine-Learned Exclusion Limits without Binning 9 / 24



Introduction
Applications
Conclusions

About ML...
Motivation
ML Likelihood method
Kernel Density Estimators

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

Lpµ, s, bq “ ppN, txi , i “ 1, ..., Nu|µ, s, bq ” Poiss
`

N|µS ` B
˘

N
ź

i“1
ppxi |µ, s, bq

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

ppx |µ, s, bq “
B

µS ` B pbpxq `
µS

µS ` B pspxq

The relevant to derive exclusion limits on µ (considering models with µ ě 0)

q̃µ “

$

’

’

&

’

’

%

0 if µ̂ ą µ ,
´2 Ln Lpµ,s,bq

Lpµ̂,s,bq
if 0 ď µ̂ ď µ ,

´2 Ln Lpµ,s,bq

Lp0,s,bq
if µ̂ ă 0 ,

where µ̂ is the parameter that maximizes the likelihood
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µS ` B pspxq

The relevant to derive exclusion limits on µ (considering models with µ ě 0)

q̃µ “

$

’

’

&

’

’

%

0 if µ̂ ą µ

2pµ ´ µ̂qS ´ 2
řN

i“1 Ln
´

Bpbpxi q`µSps pxi q
Bpbpxi q`µ̂Sps pxi q

¯

if 0 ď µ̂ ď µ

2µS ´ 2
řN

i“1 Ln
´

1 `
µSps pxi q
Bpbpxi q

¯

if µ̂ ă 0;

where µ̂ is the parameter that maximizes the likelihood
N
ÿ

i“1

pspxi q
µ̂S pspxi q ` B pbpxi q

“ 1
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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

opxq “
pspxq

pspxq ` pbpxq

Dimensional reduction by dealing with opxq instead of x
pspxq Ñ p̃spopxqq , and pbpxq Ñ p̃bpopxqq

Cranmer et al, arXiv: 1506.02169
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where p̃s,bpopxqq are the distributions of opxq for signal and background,
obtained by evaluating the classifier on a set of pure signal or background events,
respectively.
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The relevant test statistic for exclusion limits

q̃µ “

$

’

’

&

’

’

%

0 if µ̂ ą µ

2pµ ´ µ̂qS ´ 2
řN

i“1 Ln
´

Bp̃bpopxi qq`µSp̃s popxi qq

Bp̃bpopxi qq`µ̂Sp̃s popxi qq

¯

if 0 ď µ̂ ď µ

2µS ´ 2
řN

i“1 Ln
´

1 `
µSp̃s popxi qq

Bp̃bpopxi qq

¯

if µ̂ ă 0;

with µ̂ such us

N
ÿ

i“1

p̃spopxi qq

µ̂S p̃spopxi qq ` B p̃bpopxi qq
“ 1

The median expected exclusion significance when the true hyphothesis is
assumed to be the bckg-only one (µ1

“ 0) is

med rZµ|0s “

b

med rq̃µ|0s
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Traditional Binned-Likelihood (BL) method

ps,bpxq{p̃s,bpopxi qq are not known and are approximated by discrete binned
distributions

Lpµ, s, bq “

D
ź

d“1
Poiss

`

Nd |µSd ` Bd
˘

The median exclusion significance using Asimov datasets is given by

medrZµ|0s “

b

q̃µ|0 “

«

2
D
ÿ

d“1

ˆ

Bd ln
ˆ

Bd
Sd ` Bd

˙

` Sd

˙

ff1{2

ÝÝÝÝÑ
S!B?
B"1

S
?

B

J HEP 10 (2018) 117 arXiv: 2207.00338
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Density Estimation

What is the best way to extract p̃spopxqq and p̃bpopxqq?
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Density Estimation

ÝÑDensity 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.

ÝÑTwo types of methods for density estimation

Parametric: model the density function as a specified functional form with a
fixed number of tunable parameters.
Non-parametric: specify a model whose complexity grows with the number
of training datapoints.
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Kernel Density Estimators
Kernel Density Estimators (KDE) is a non-parametric method for extracting
p̃spopxi qq and p̃bpopxi qq

ÝÑSmoothed version of the empirical distribution qopxq of the training data
txi , i “ 1, ..., Nu

qopxq “
1
N

N
ÿ

i
δ px ´ xi q

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

κϵpuq “
1

ϵD κ1
´ u

ϵ

¯

where ϵ ą 0 (bandwidth parameter) controls the width of the kernel and κ1puq is
a density function bounded from above (as ϵ Ñ 0, κϵpuq approaches δpuq)

qϵpxq “
1
N

N
ÿ

i
κϵ px ´ xi q
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p̃s,bpopxqq “
1
N

N
ÿ

i
κϵ ropxq ´ opxi qs

Several options for κϵ, e.g.

κϵpuq “

$

&

%

1
ϵ

3
4

´

1 ´ pu{ϵq
2
¯

, if |u| ď ϵ

0 otherwise
Epanechnikov kernel
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The width parameter ϵ controls the degree of smoothness, if ϵ is too low the
model may overfit, whereas if ϵ is too high the model may underfit. In general,
we want ϵ to be smaller the more data we have and larger the higher the
dimension is.
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Toy Model: Multivariate Gaussian distributions
Toy model in abstract space px1, x2q. Events generated by N2pm, Σq

(known generative functions ps,bpxq).
Covariance matrices Σ “ I2ˆ2 (no correlation) and m “ `0.3p´0.3q 12 for
S (B).
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Training of supervised per-event classifier, XGBoost with 1M events per
class. KDE with Epanechnikov kernel.
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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.
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For higher dimensional data of dim “ n with n ą 2, Nnpm, Σq, Σ “ Inˆn,
m “ t`0.3p´0.3q, `0.7p´0.7qu 1n for S (B):
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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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Search for a heavy SSM Z 1 in dilepton final states at the HL-LHC
Based on ATLAS projections at

?
s “ 14 TeV and 3000 fb´1 for 95% CL

exclusion limits on a Z 1
SSM (ATLAS-PHYS-PUB-2018-014).

S: p p Ñ Z 1
Ñ ℓ`ℓ´ B: p p Ñ Z{γ˚

Ñ ℓ`ℓ´

Use of |pT |, ϕ, and η 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.
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Search for a heavy SSM Z1 in dilepton final states at the HL-LHC
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In both channels, unbinning signal and background posteriors provide more
constraining limits than binning output.
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

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...
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Thank you!

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