Modern machine learning methods in HEP

Lecture | — Introduction to Machine Learning
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Why care about ML in physics?



Why ML in HEP? O

Data volume Signal detection Increasing interest

Large amounts of data > 150 paper/year

Future of HEP?

Rare and elusive signals
1. labeled (Simulation) among large backgrounds

2. unlabeled (Detector) [N S&e 2o
' X
AT

ML has high accurac SF S
and sensitivity

Y

‘..\
|

\
ML wants lots of data =54

Complexity Computing Budget

Average Top jet

Simulation & analysis
is computationally
expensive

High-dimensional &
highly correlated
data structure

ML is expressive ML is fast

and flexible

1987
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LHC analysis

C)))’))I Recon- Event

struction | selection
Detector '

2.2 Anomaly
detection

Pattern

1.1 Top recognition E
Tagging :
2.1 Generative Modelling 1.2 Optimal
: : ] ::  Inference :

g MC Shower + ..........................

Scattering hadron Detector B  Recon- : Event

Quantum Amplitudes sampler . lattion
Theory simulattio

simulation | struction [ selection



HEPML Living Review

g HEP ML Living Review @ Q Search

Home Recent About Contribute Resources Cite Us

GitHub
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A Living Review of Machine Learning for Particle Physics

Modern machine learning techniques, including deep learning, is rapidly being applied, adapted, and developed for high energy
physics. The goal of this document is to provide a nearly comprehensive list of citations for those developing and applying these
approaches to experimental, phenomenological, or theoretical analyses. As a living document, it will be updated as often as
possible to incorporate the latest developments. A list of proper (unchanging) reviews can be found within. Papers are grouped
into a small set of topics to be as useful as possible. Suggestions are most welcome.

Expand all sections Collapse all sections
Reviews
B Modern reviews >
§ Specialized reviews >
§ Classical papers >
§ Datasets >

* Check LivingReview for many
ML4HEP applications

Reviews
Modern reviews
Specialized reviews
Classical papers
Datasets
Classification
Parameterized classifiers
Representations
Targets
Learning strategies
Fast inference / deployment
Regression
Pileup
Calibration
Recasting
Matrix elements
Parameter estimation

Parton Distribution Functions
(and related)

Lattice Gauge Theory
Function Approximation
Symbolic Regression

Eauivariant networks.



https://iml-wg.github.io/HEPML-LivingReview/

Plan of attack

1. Introduction to Machine Learning

o » Basic concepts of machine learnin
B o P | J Lecture | (?0min)
2  Classification and Regression

* Example: Top Tagging, MadMiner

2. Generative Models for the LHC

> .

* Normalizing flows
G J | Lecture Il (20min)
I « CWOolLA and Anomaly detection

 Examples: MadNIS, CWoLA-Hunting,...



Plan of attack

1. Introduction to Machine Learning

 Basic concepts of machine learning  act | (90min)
eciure min

Today

* (lassification and Regression
* Example: Top Tagging, MadMiner



Introduction to Machine Learning



What is machine learning?
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data”
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What is machine learning?

Tom Mitchell

ML pioneer

“Machine learning (ML) is the study
of computer algorithms that can
improve automatically through
experience and by the use of
data”

1. algorithm: a method to perform a task of
Interest

2. experience: training data, which the algorithm

can use to learn how to perform a task

3. improve: a way to measure the performance

on the training data

4. automatically: a strategy to exploit the

training data, without external input



What is machine learning?

“"Machine learning is just statistics on steroids.
Lots and lots of steroids”

llya Sutskever
Co-founder of OpenAl




What is machine learning?

What if feels like... (sometimes)

Aim of the lectures:
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Giving you the tools and ideas gsead w
to use it right! - v _




What is machine learning?

What if feels like... (sometimes)

THAT WAS SURPRISINGLY

EASY. HOW COME THE
ROBOTIC UPRISING USED Lj&gg&éﬁ’f’ é&?\,
SPEARS AND ROCKS THE VAST MAJORITY
INSTEAD OF MISSILES OF BATTLE-WINNERS
Ai £ the lect . AND LASERS? USED PRE-MODERN
ImOoO e IeCtures. WEAPONRY.

Giving you the tools and ideas
to use it right!

Be aware!

The core of machine learning is to find
structure In data - no more no less!

Thanks to machine-learning algorithms,
the robot apocalypse was short-lived.



What is deep learning?



What is deep learning? ),

—————— ARTIFICIAL INTELLIGENCE

Artificial Intelligence - A technique which enables
machines to mimic human
behaviour




What is deep learning? )

ARTIFICIAL INTELLIGENCE

A technique which enables
machines to mimic human
behaviour

Artificial Intelligence

Machine Learning

MACHINE LEARNING

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




What is deep learning? )

ARTIFICIAL INTELLIGENCE

Artificial Intelligence A technique which enables
machines to mimic human
behaviour

Machine Learning

MACHINE LEARNING

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

Deep Learning @

DEEP LEARNING

Subset of ML which make the
computation of neural networks
feasible




What are neural networks?



Components of artificial neurons

bias
| 5
L1 O > (W1
activation
function output
. L9 O > (W9 E > f - Y
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Deep neural network

hidden hidden
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Training objective and optimization @

Performance measure

In order to train the neural network, we need a training objective or loss function:

N
Lo = ), L),y
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Training objective and optimization @

Performance measure

In order to train the neural network, we need a training objective or loss function:

N
Lo = ), L),y

Backpropagation

- d2(f,,y) o 0Z Yiw
VoL (f,(X),y) = P = - % ‘ é)_a), =0

Stochastic gradient descent

b
0 =0, =V, L), with Zyw) =Y L(f,x).)



- O N \
| e R : i
A - S \\) S:St \\\\\ ﬂ. 5 ', ~, '4: ' ),
v . t«\ \ < x ,
"\“‘\-".'\\\_.QQ{‘V"&;\‘ ":? ' Q. A oS 2 ALK ) RN \ ) \ L‘) N0 .
SR T A A = ‘\»‘2&"‘ R A, N\ Dl s KoL SRR \‘«‘I»‘s‘ g
g *‘\\-‘v ™ \V &, » \’N. (.v ° “\\ B 4" : \ 3 .‘\. " . . '

<& .. 9.»\! 5 \\' \ l.‘ . \-
R R L AN \\‘ A
Y o . : \” 'V‘ \ \ - . .o

i.‘;\‘ 4‘? t".\‘ 'l\?' < ",- \\i\\wts‘x_\_ ?V\TQA‘T\_ ‘é_ \9\\‘&? . \ ‘ ‘.' \} \ VN ’.'-:‘ Yy " a«
A e XN N -.,' “\5\-. x Y \- 'O o A
\" \:.:‘. NSNS \“-‘\‘\\'-\"‘V Oin \\‘ \“ ‘\\. \\': ‘:{\\§\\/ b \% % «\'\‘ﬁ«\ '- \\\‘ “\‘ \? } 3 '-.’.'.. "-A \ A -
SN A ‘-‘Q» R AN RS 5y \\"'\I\\ \\f‘:’ R R
\ \ \\\ e t\\\\ NN \ \\\,.\\ .

"‘. _‘.--..~_‘-‘\’ '- ) " \\ ; \" \
y ".;:_ ".:\\i‘ ¢ \ ‘\K 4\ \'\“\\ \"\ ‘\\h' \ V N '\\ \&‘

L \\c\

- VQ ‘A\

U \ ._' .
\\ i ‘5.\) \\\4‘ \\.? ‘\\ ‘\ \ \\ \\“ .‘ S

“ AR : §-'. . .-" \ ‘ .r ‘\." M\ % '.’\' ":.‘\'
S "\\" RS~ \. \ §‘ \‘ X‘“k “\,\, \ "I \\\ \ \\ \\:\:“\\ \-.\l\\\ WV
AR VAN AN ~\\"'.-;‘--"-"\ \\ N \, \\ \\\ \‘ N i SN e
A RN \\ NG N ROYAT RSN Y, S, AN ‘\\ . v .\\ MR *. \\ o \\\ &
N \" h \ \ . .j\.‘:\'\ '\ :.‘."-.:s\.t "'.-"."'. '}_‘ )\:‘>. N I, G/ \\\ \\0\ S~
S NN R AR AN \,\1 DALY, ;«‘ e *“ 3 ‘ \\\ =
' X ) \../ '.l.'.f\. 1..".1‘\";“.’ :""* \ s' ‘;' ¥ DX AT \\.’ '~ 4‘0"" " )- ' .' \ ) . ;.-‘ = : :
ANV /) N S -~ N \".‘v._.\\ ! v \ R T
i R -;\"m o ‘“"\‘.-w\ 7 \ BN v 5 DR eilesne
St AR B A N O \J }..*\ = - -G EX AN
o R A AR PN et AR \ g\ /2 v\\v IR et ST
-~ :‘&;c 3‘0?"'. ‘ i"“\‘.,\"‘.'\.\ \ \\ \‘? %\\ ’\}\ 4 » - {f \‘ “ .:’\\1\‘; AN fh \.n'
X~ v e S NN t, s NS T
R B T P SN RS \t\ o' ;i oy el
T RN F R A SRR N A, K’Q «S‘ A“’\\‘a ol \ ~'&Q A Pt
N N T e SN & ANT AR \\\ — Ay o’\\ e & ‘ Y TS I, ‘\;\‘\u‘ .
A AN AN A AT — ¥, AN et e N IND%
o e :.-)_. ' ™ N (‘ ‘ \’\ . " \\“ ". \\Q - i. .

S el v \\ % ¢."' \‘ ’\ \ .
*‘\‘:l\ > ~,Vf-" \% %“io"' .-\’ \' ﬁ\\ Q\\.@ P '4\\‘
4§ \\" QN z\ \\‘ v \\'

s, .‘» - 4 ‘ - ? “
N ..‘,_-5.‘9‘ o x‘\ ;\e, g{oé‘ \"\ Q\ {§\,\' \\00.( &
; N~ Y % ‘

C AN D, <.~". DR AT
o Q}'}"A\"“{ e 5'3‘-;3-

P . PN NN )
D R R s &w w

MODE CONNECTIVITY =~ -~
OPTIMA OF COMPLEX LOSS FUNCTIONS CONNECTED BY SIMPLE CURVES OVER
WHICH TRAINING AND TEST ACCURACY ARE NEARLY CONSTANT | : 1 vy F _. ‘ :
BASED ON THE PAPER BY TIMUR GARIPOY, PAVEL IZMAILOY, DMITRII PODOPRIKIIN. DMITRY VETROY, ANDREW GORDONWRSON - _ V., UK, A <t i s e e W S o 7 29 & Lo B s locy REAL DATA, RESNET-20 "0‘3"2':

VISUALLZATION & ANALYSIS IS A COLLABORATION BETWEEN TIMUR GARIPOY, PAYEL TIMAILOY AND JAVIER IDEAMIGLOSSLANBSCAPE.CoM -~ ./ RS\ SRRGIL/" v, Wi 3is o 8o 2y s 0% , AR TIPS L ATRITIY 3 °'“"°'““;"ﬁ.§i‘o,

NeurlPS 2018, ARXIV:1802.10026 | LOSSLANDSCAPE.COM .~ ==~ " /IS i, i) A ek }-,f‘;“‘- 2 sSA i B TRAN HOD KPS

LOG SCALED (ORIG LOSS NUMS)



Optimizer and loss landscape

Finding the global minimum In a sea of local minima

L.oss function

Lack of exploration

Lack ot exploitation

I

local minimum

I

oglobal minimum
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Overfitting und regularization @

Identify

e Test/validation set:
independent samples for testing/
validation




Overfitting und regularization @

Identify

* Test/validation set:
independent samples for testing/

validation

Regularization

* L1 & L2 Reqgularization: penalty term
in the loss function

» Dropout: randomly sets the inputs to
some nodes to zero




How to choose the loss function?



Fits and interpolations

Approximate function
Jo(¥) = f(x)

Maximize probabillity for fit output

1 = f ) |
(x| w) = e
e

J

f; = fo ) |

= logp(x|w) = — 2 >  const
,- g




Fits and interpolations

Approximate function

Jo(X) = f(X)
Assumes Gaussian

probablity distribution

Maximize probabillity for fit output

1 = L) |7
(x| w) = c
px|w 1:[ TMJ XP[ | ]

= L) |7

= logp(x|w) = — 2 >  const
,- g




Fits and interpolations

Approximate function

Jo(X) = f(X)
Assumes Gaussian

probablity distribution

Maximize probability for fit output Loss function of the fit

1 = L) |7
(x| w) = c
px|w 1:[ TMJ XP[ | ]

v o AW
2= ;W - ; 20,N

= L) |7

= logp(x|w) = — 2 o  const

i J Minimize negative log-likelihood




Regression in Machine Learning @

Loss function in fits
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Loss function in fits Typical ML Regression loss

|
Z\f — f,,(x)|* = —MSE

20

= fx) |
D

J J if error o; unknown ZGN

or same for all
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Loss function in fits Typical ML Regression loss

|
Z\f — f,,(x)|* = —MSE

20

= fx) |
D

J J if error o; unknown ZGN

or same for all

Puts more weight solely on
deviations of the function values!



Regression in Machine Learning @

Loss function in fits Typical ML Regression loss

f; = () |7 1 , 1
= — = — —_—— — —f(x)]* =
Z <= Z 20; o 20N Z UGS ZGMSE

i ] if error o; unknown

or same for all

Puts more weight solely on
deviations of the function values!

Preprocessing of the ining data

fologf G- g




Regression in Machine Learning @

Loss function in fits Typical ML Regression loss

|
Z\f — f,,(x)|* = —MSE

fi = f ) |7
Yum g 2= LA | ——— L

20;

J J if error o; unknown ZGN

or same for all

Puts more weight solely on
deviations of the function values!

Preprocessing of the ining data Mean-absolute error

folosf f=fmU) £




What about Classification?

Approximate data probabillity

pa)(x) ~ pdata(x)



What about Classification?

Approximate data probabillity
[X. On the Problem of the most Efficient Tests of Statistical Hypotheses.

By J. NEYMAN, Nencki Institute, Soc. Sci. Lat. Varsoviensis, and Lecturer at the
Central College of Agriculture, Warsaw, and E. S. PrArRsoN, Department of
Applied Statistics, Unwversity College, London.

(Commumnacated by K. PEARSON, F.R.S.)

(Received August 31, 1932.—Read November 10, 1932.)

ratio of the two likelihoods is the
most powerful test statistic



What about Classification?

Approximate data probabillity

[X. On the Problem of the most Efficient Tests of Statistical Hypotheses.
Pa ()C) ~ P data(’x) By J. NEYMAN, Nencki Institute, Soc. Sci. Lat. Varsoviensis, and Lecturer at the
Central College of Agriculture, Warsaw, and E. S. PrArRsoN, Department of
Applied Statistics, Unwversity College, London.

Op tmal test (Communrcated by K. PEARSON, F.R.S.)
‘_ statistic (Received August 31, 1932.—Read November 10, 1932.)

ratio of the two likelihoods is the

Kullback-Leibler divergence most powerful test statistic




Classification loss function

Classification loss

gclass — Z DKL(pdata,j ‘pa),,j)
J=S,B

= = Z [pdata,S log p,, s + Pdata,B IOgPa),B] + const
1x}




Classification loss function

Classification loss

gclass — Z DKL(pdata,j ‘pa),,j)
J=S,B

= = Z [pdata,S logp, s+ Pdata,B IOgPa),B] + const
X}

, Using py = 1 — ps

Binary cross-entropy loss

ZBCE = — Z [pdata,S logp,,s + (1 = Pgara,s) l0g(1 = pa),S)]
X}




Classification loss function

Classification loss

gclass — Z DKL(pdata,j ‘pa),,j)
J=S,B

= = Z [pdata,S log p,, s + Pdata,B IOgPa),B] + const
1x}

, Using py = 1 — ps

Binary cross-entropy loss Generalization (multi-class)

ZBCE = — 2 [pdata,S logp,,s + (1 = Pgara,s) l0g(1 = pa),S)]
X}




Useful libraries + algorithms @

» scikit-learn: For most of the “basic” algorithms like Linear Regression and
Boosted Decision Trees. Also useful for preprocessing, model combination, etc.

"'1
. Pocyy
|

e XGBoost, LightGBM, CatBoost: For optimized tree-based models
dmilc

XGBoost < nghtGBM 4 CatBoost

 TensorFlow, PyTorch, Jax: For deep learning models

¥ TensorFlow () PyTorch




The Landscape of Machine Learning



Precision Generation
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MADNIS [2102.05073] PELICAN
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ELSA Energy Flow Networks Landscape of
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[1902.09914]

Jet Simulation
[2203.00520]
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[2303.05376] FPCD [1904.10004]
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enerative _
EPIC-GAN Models Supervised MadMiner
[2301.08128] Learning [1907.10621,...]

NNPDF
[2109.02653]

How to GAN
[1907.03764]

DDPM & CFM
[2305.10475]

Matrix Elements

[2206.14831] Symbolic regression

[2109.10414]

CaloGAN
[1712.10321]

Unsupervised
Learning

JetGPT

[2305.10475] Flavor structure

[2304.14176]

Jet Clustering
[2008.06064]

Simplifying Polylogs String vacua & landscape

[2206.04115] [1903.11616, 2111.11466]
3D Pixel Clustering
[2007.03083] Normalized AE CATHODE
[2206.14225] [2109.00546]
Model Building Analytic continuation
[2103.04759] [2112.13011]
CWOoLA Hunting (R-)ANODE
[1902.02634] [2001.04990,...]



Point Clouds
[2102.05073]

PELICAN
[2211.00454]

Landscape of
Top tagger
[1902.09914]

Energy Flow Networks
[1810.05165]

Bayesian Tagger
[1904.10004]

Supervised P
Learning [1907.10621,...]
NNPDF

[2109.02653]

Matrix Elements

[2206.14831] Symbolic regression

[2109.10414]



Break & Questions

3 Minutes




Classification with Top Tagging



LHC analysis

struction [ selection

C)))’))I Recon- Event

Detector

Pattern

1.1 Top recognition

Tagging

Shower +
hadron.
simulattion

Detector Recon- : Event
simulation struction [ selection

Z Scattering MC

Quantum Amplitudes sampler
Theory



What is jet tagging?

ATLAS . ..

Event: 474587238
EXPERIMENT 2015-10-21 06:26:57 CEST

A jet is collimated shower of particles in the collider




What is jet tagging?

Light quark
jete

Gluon jet?

Bottom quark
jet?

AT LAS Run: 282712 . TOP qUCII'k

Event: 474587238 .et?
EXPERIMENT oot arasenass o o |

We want to know which particle produced the jet!



What is jet tagging?

, ' Why?
Gluon jet? . :
* Discover new particles

e Measure the SM

Bottom quark
jet?

AT LAS Run: 282712 . TOP qUCII'k

Event: 474587238 .et?
EXPERIMENT oot arasenass o o |

We want to know which particle produced the jet!




What is jet tagging?

Why?
 Discover new particles

e Measure the SM

Top quark
|et?

We want to know which particle produced the jet!



What is jet tagging?

Why?
 Discover new particles

 Measure the SM
Focus on top taggers

 Modern taggers are
multi-class

Top quark
|et?

We want to know which particle produced the jet!



What is jet tagging?

Why?
 Discover new particles

 Measure the SM
Focus on top taggers

 Modern taggers are
multi-class

ML algorithm?

« Complex and multi-
dimensional data

Top quark
|et?

We want to know which particle produced the jet!



What is jet tagging?

Data most naturally as point cloud E

Each input (jet, event,...)
IS a set of k-dimensional vectors
(individual particles, hits,...)

Particle-ID and chargé
isElectron, isMuon, ..

Kinematics : /
prs 1, ¢ electron muon

charged hadron

Bottom quark
jete

Top quark
Run: 282712 .
: ' Event: 474587238 Iet?
\ Trajectory displacement : 2015-10-21 06:26:57 CEST
do : closest approach to PV in Xy-plane

d, : z position where d;, is evaluated

[2312.00123]



Landscape Dataset

Open dataset for the devolopment
of better tagging algorithms
for particle physics

2 million simulated examples

Perfect class labels:
S=top jet or B=light quark/gluon jet

Input: momentum sorted list of
200 particles/jets with
3 features/particle

(D> Py P2)

arXiv:1902.09914v3 [hep-ph] 23 Jul 2019

SciPost Physics m

The Machine Learning Landscape of Top Taggers

G. Kasieczka (ed)!, T. Plehn (ed)?, A. Butter?, K. Cranmer?, D. Debnath?, B. M. Dillon®,
M. Fairbairn®, D. A. Faroughy®, W. Fedorko’, C. Gay’, L. Gouskos®, J. F. Kamenik®?,
P. T. Komiske!?, S. Leiss!, A. Lister’, S. Macaluso®*, E. M. Metodiev'?, L. Moore'!,

B. Nachman,'?3, K. Nordstrom!%1®, J. Pearkes”, H. Qu®, Y. Rath', M. Rieger'%, D. Shih?,
J. M. Thompson?, and S. Varma®
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July 24, 2019

Abstract

Based on the established task of identifying boosted, hadronically decaying top
quarks, we compare a wide range of modern machine learning approaches. Unlike
most established methods they rely on low-level input, for instance calorimeter
output. While their network architectures are vastly different, their performance
is comparatively similar. In general, we find that these new approaches are ex-

tremely powerful and great fun.
[1902.09914]
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Figure 1: Left: typical single jet image in the rapidity vs azimuthal angle plane for the top
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Solve it by calculating the integral with ML (),
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Solving it with likelihood-free inference



The MadMiner approach

Parameters €

Observables
N

—> 1(z, 2|0)

Simulator

—> t(z, 2|6)
Latent z
Augmented data

eV
1. Simulation

“Mining gold”: Extract
additional information
from simulator

Brehmer, Cranmer, Louppe, Pavez [1805.00013, 1805.00020, 1805.12244]



The MadMiner approach

Parameters €

O

Approximate

_

likelihood
r(a ratio
1 ) Z A
Simulator arg min L[g] —> 7(x|0)
—_— t(x, 2 g
Latent z
Augmented data
_— _—
1. Simulation 2. Machine Learning

“Mining gold”: Extract
additional information
from simulator

Use this information to
train estimator for likelihood ratio

Brehmer, Cranmer, Louppe, Pavez [1805.00013, 1805.00020, 1805.12244]



The MadMiner approach

Parameters €

0;
; @
Observables .
; likelihood
| ratio

— r(x, 2

Simulator

arg min L[g] —> 7(z|f) —>
g

—_— t(z, 2
Latent 2
Augmented data

O |
1. Simulation

_—
2. Machine Learning

“Mining gold”: Extract
additional information
from simulator

Use this information to
train estimator for likelihood ratio

Brehmer, Cranmer, Louppe, Pavez [1805.00013, 1805.00020, 1805.12244]

-----
.......
. -
.
ot .
*
.
.
.
*
-

- -
e D

-
S

3. Inference

Set new constrains with
standard hypothesis tests




The MadMiner approach

Parameters €

|

Observables
P AN

Simulator r(a:, z\H)

Latent 2z

Augmented data

eV
1. Simulation



Mining gold from the simulator @
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Parton-level likelihood
can be evaluated!

= For each generated event, we can calculate the joint likelihood ratio conditional on its evolution:

p(-xa Ly Lg Zp | 91) p(x Zd) p(Za’
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The value of gold

We can calculate the joint likelihood ratio

p(xa Zd9 Zsa Zp 9())

p(xa Zda Zsa Zp 91)

r(x,z|6,,0,) =

We want the likelihood ratio function

p(x|6y)

Ol 1) = p(x|6))




The value of gold @

We can calculate the joint likelihood ratio
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The value of gold

We can calculate the joint likelihood ratio

p(xa Zd9 Zsa Zp 9())

p(xa Zda Zsa Zp 91)

r(x,z|6,,0,) =

With r(x, z| 6, 0,), we define the functional

L[7(x]6,,0)] = dejdz p(x,z|0)) [F(x]6,,0,) — r(x.z]0, 91)]2

One can show it is minimized by

L . . r(x| 6y, 0,) = r(x| 6y, 0,)
We want the likelihood ratio function
p(x| ‘90)

r(x|6,,0,) = S0




Machine learning = applied calculus @
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Machine learning = applied calculus

We can get a precise estimator by numerically minimizing a functional:

: ~ 2
A(x|6,,6,) = argmin jdxjdzpoc, zlay) [#(x|64,6,) — r(x,2165,6))
rF(x| ‘90» ‘91)
—V—
L[7(x|6,,0,)]

We do this via Machine Learning:

 Functional L, ——» Loss function
| A 2
ZMSE = N Z [”a)(xi | 6y, 0)) — r(x;, z; | 6, ‘91)]
i
» Variational familiy 7 (x| 6, 6,) —>  Flexible parametric function (e.g. neural network)

 Exact minimization —» Numerical optimization algorithm (eg. Stochastic gradient descent)
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Constraining EFT parameters with ML (&)

Higgs production in weak boson fusion:

at least 16-dimensional
observable space

q

Exciting new physics might hide here!
We parameterize it with two EFT coefficients

. |f lg wNT ~a v a .fWW 92 T a U a
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Better sensitivity to new physics

Expected exclusion limits at 68%, 95%, 99.7% CL
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Variational calculus

LIg(x)] = dejdzp(x,z 10)]g(x, 2) = 8]

. de [gz(x) sz px, 2] 6) — 28(x) [dzp(x, 210) g(x, 2) + [dzp(x, 210) g%(x, z)]

—F(x)

oF
O0=—| =2¢ szp(x,z\ﬁ) — ZJde(x,z\é’) g(x, z)

g*

=p(x|0)

1
g*(x) = ) [dzp(x, z,10) 8(x,2)




