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ction fitting

X: n dimensional input data

Y: k dimensional output data

Function fitting:

* best case: N<2, k=1
* basis functions given explicite

» expansion coefficients could be interpretable

Machine learning in HEP,
WMLQ 2024 2/29 04.06.2024
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1versal approximator

Taylor theorem (J. Gregory, 1671):

Every, continuous, differentiable, function f(x): R = R can be approximated by a polynomial:

f(z,0) = 0,2" ~ 0+ 017 + 027 +.. . +6,2"
n=0

Coefficients 6; are derivatives of f(x).
In the case of unknown function (“data”) coefficients can be found by a numerical procedure.
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Fourier theorem (1807) :

versal approximator

Every continuous, differentiable, and periodic function f(x): R = R can be approximated in a basis of
sines i cosines:

60.0 s 27
f(z,0) = — + E 6o.n cos(nwx) + 01y sin(nwe), w = —
2 £ )
n=1
Coefficients 6; can be found analytically.
In the case of unknown function (“data”) coefficients
can be found by a numerical procedure. 1.0 e=——/—————= e Data
Model
0.8
1 nMax = 25000
2 omega = 2*np.pi/1.0 0.6
3
4 Y model = np.full like(X,0.5) 0.4
5 for n in range(1,nMax+1l, 2):
6 Y model += 2.0/np.pi*1/n*np.sin(omega*n*X) 0.2
0.0 —_ _—_———
Machine learning in HEP, 4/29 0.00 0.25 0.50 0.75 1.00
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X: n dimensional input space

Y: k dimensional output space

@ __[ (X, &) | Result:

n~10, k~10™, 1, m~6

* basis functions defined implicite - through data
flow - the network architecture

* expansion coefficients are uninterpretable

Machine learning in HEP,
WMLQ 2024 5/29 04.06.2024
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A sigmoid function: any non polynomial function fulfilling conditions:

1versal approximator

A(6,z) = A() 0ixi+b) _lim A(z) -0 lim A(z)—1
1=1

Universal approximator theorem (Cybenko, 1989):

Every continuous function f(x) R®—=R can be approximated
in basis of sigmoidal functions:

f(2,0) ~ Y wnA(6y, )

Coefficients 6,, wi do not have in general an analytic form,
but can be found using a numerical procedure

04.06.2024
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1 nUnits = 32

2 inputs = tf.keras.Input(shape=(1,))

3 layerl = tf.keras.layers.Dense(nUnits, activation='relu') (inputs)

4 layer2 = tf.keras.layers.Dense(nUnits, activation='relu') (layerl)

5

6 outputs = tf.keras.layers.Dense(l, activation='linear')(layer2)

7 model = tf.keras.Model(inputs=inputs, outputs=outputs)

8 model.compile(loss = 'mse’)

9 #i#t# 10/ = Dat
10 history = model.fit(X,Y,epochs=150) ] . * ata
11 Y model = model.predict(X) : * Model
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1 nUnits = 32
2 inputs = tf.keras.Input(shape=(1,))
3 layerl = tf.keras.layers.Dense(nUnits, activation='relu') (inputs)
4 layer2 = tf.keras.layers.Dense(nUnits, activation='relu') (layerl)
5
6 outputs = tf.keras.layers.Dense(l, activation='linear')(layer2)
7 model = tf.keras.Model(inputs=inputs, outputs=outputs)
8 model.compile(loss = 'mse’)
9 #i#t# 10/ =
10 history = model.fit(X,Y,epochs=150) ] : * Data
11 Y model = model.predict(X) : + Model
0.8 - '
0.6 1 :
An issue 0O: it is quite |
hard to get an extremely 0-41 ;
precise predictions from - :
ML. :
0.0+ e me—
00 02 04 06 08 1.0
Machine learning in HEP, 8/29 04.06.2024

WMLQ 2024



FACULTY OF

“PHYSICS sal approximator
1 nUnits = 32
2 inputs = tf.keras.Input(shape=(1,))
3 layerl = tf.keras.layers.Dense(nUnits, activation='relu') (inputs)
4 layer2 = tf.keras.layers.Dense(nUnits, activation='relu') (layerl)
5
6 outputs = tf.keras.layers.Dense(1l, activation='linear')(layer2)
7 model = tf.keras.Model(inputs=inputs, outputs=outputs)
8 model.compile(loss = 'mse’)
O #i##
10 history = model.fit(X,Y,epochs=150) e Data
11 Y model = model.predict(X) 1.51 . Model

1.01 *
H
H

0.5 i
:
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32

tf.keras.Input(shape=(1,))

tf.keras.layers.Dense(nUnits, activation='relu') (inputs)
tf.keras.layers.Dense(nUnits, activation='relu') (layerl)

niversal approximator

nUnits
inputs
layerl
layer2

model = tf.keras.Model(inputs=inputs, outputs=outputs)

1
2
3
4
5
6 outputs = tf.keras.layers.Dense(1l, activation='linear')(layer2)
7
8
9
C
1

model.compile(loss = 'mse')

it
10 history = model.fit(X,Y,epochs=150) * Data
11 Y model = model.predict(X) 1.51 Model
An issue 1: behavior for n
unseen data is hard |
(impossible?) to predict. o :
If the model is trained on
simulated input the real 0.0 emmm— T
data might contain | | | .
unseen parts of the input -2 -1 0 2
Space 10/29 04.06.2024
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The task: jet categorisation: JINST 17 (2022) P07023
hadronic 1 decay/electron/muon/jet

Context:

* 11is the heaviest lepton, with short life time -
only decay products are observed Vs
in the detector

* Tdecays to 1/3 hadrons + neutrinos
in 65% cases

* T decays look very similar to small
jets originating from quarks and gluons

Machine learning in HEP,
WMLQ 2024 11/29 04.06.2024
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KExample: hadronic T decay

1dentification
Input data: T
* low level:

highest pr particle of given type:

e/J/charged hadron.neutral hadron « 21 x 2lcells (7 X ¢ = 0.05 x 0.05)
properties from each of cells U EEREERSNE
around the 1 candidate direction. T H\
. X cells
About 20 features per particle / (1 X & = 0.02 X 0.02)
0.1 Ji === \
* high level: RS gy ,
47 human invented features 2| K /
N
derived from particle properties X A fySignal cone
o4 ™ N > | N\ Isolation cone
-04 -03 -0.2 -01 0 0.1 0.2 03 04 >
n—n"
Machine learning in HEP, 12/29 04.06.2024
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FACULTY OFI Example: hadronic T decay - : -

Input data:

* low level:
highest pr particle of given type:
e/J/charged hadron.neutral hadron
properties from each of cells

around the t candidate direction.
About 20 features per particle

* high level:
47 human invented features

derived from particle properties

0.4

0.3

0.2

0.1

¢ — g™ o

-0.2

-04

[ER ¢

Yo TS

1dentification

CMS Collaboration,
JINST 17 (2022) P07023

21 X 21 cells (7 X ¢ = 0.05 X 0.05)

Observation 0: injection of

L1 ] ] N
N
\
X
11 X 11 cells
/ (n X ¢ = 0.02 x 0.02)
[ = \
\ N /
i /
4
\\ // ~{Signal cone
N - N |Isolation cone
N - - L

domain knowledge in form of S s
hand crafted features training
improves stability and
convergence.
WL S ing In HEP, 13/29 04.06.2024
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TP: trainable parameter

Applied similarly for inner and outer cells
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S 1dentification S

105 703 inputs 4 outputs

ngh—IEVEI |47 inputs >E § E § i 57 outputs > @ i
variables P 285 z i
i i 5 5
'-'---'--'-----'-'--'--'-'-" ------------------- = :
' 208819 TP | : 371200 TP § :
21 x 21 grid . i 21 x 21 grid . ; i Yy
188 inputs each : et / i ! 64 outputs each ; 8 N ] Eé £ 38 385%8 i c
1 ; 1 53 x @ ] =[5 |2lsllalt y
Outer cells | >: ek 1 >i S oo 1|64 outputs > 2 BS1Sis Sl < : £
! % i I i SARSHEESINE
P 0] i88g8 o Yr
i . : >0 2 . o E
E.-. ------ E -.-.-.{.-.}}.-.-.-.-.- -: i—.f.-f—.:.—.%-.—.—.-.—.-.—.-i E y-] et
11 x 11 grid E 208819 TP § 11 x 11 grid : 185600 TP i E
188 inputs each i et / ¥ i 64 outputs each i § = = ; ]
Inner cells | o > ut 1 > 2 Zg |64 outputs > i
: ; i EgL B i i E
&S i [hE/h ] ioFE8e i L E
ﬁ\o&&)&o\\@ (TSP oy L
Q\eb\)c'{\(;eﬁ\\co
& P11 x 10 inputgrd i
LT AT * i 9x9 , | :
g VY Filters w/ 1 x 1 window to E %5 oo y ‘ ;
E - reduce number of nodes for ! < - e Y H
[ é é _q;) é subsequent convolution ~ _ & R
S &l ollo S
STEAN- R HE i} Observation 1: clever
: NP — E E ° ° °
' 7 7 T, g1
; 77 eI 7777 b architecture design is a key
: Shelem 5| ElEhElEm =i . . 7
R Al EENES point to success. A plain “all
LDE R l\/ S N § 83 2 4 . .
1 | (I ) N 8: J)
: 774 data into a single bag” does not
: AP B B g1
0] 2 g work well.
£ N R n | F :
: g E Applied similarly for inner and outer cells

Applied similarly for inner and outer cells TP: trainable parameter
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CMS Collaboration,
JINST 17 (2022) P07023

L(y™, y;, 7, ) = ke He (y™, ;@) + (e + %, + Ket) Femb (1 = 45,1 = ¥ Yemb)

Y T~

(a) Separation of all & (b) Focused separation of

e, i, jet from T,

+xp Y, & 0(yr —0.1) Fi(y™, yi;v:).
ic{e, u,jet}

Ny -
Y

(c) Focused separation of 7, frome, u,
jet for y. > 0.1

Focal loss function:

Fly™e,y;v) = —-y™ (1 —y)"logly)  Fy™ey:7) =NEG™S,v;7),

Machine learning in HEP,
WMLQ 2024 16/29 04.06.2024
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CMS Collaboration,
JINST 17 (2022) P07023

FACULTY OFI KExample: hadronic T decay - : -

W W

(a) Separation of all (b) Focused separation of

e, i, jet from T},

+ Kk Z x; 0(y, — 0.1) F;(y™, y;;7;).
ic{e, u,jet}

Ny -
Y

(c) Focused separation of 7, frome, u,

pa

jetfory. > 0.1l Observation 2: clever loss
function improves model
performance in intermediate

Focal loss function: . . .
region of efficiency (aka. recall.)

true

F(y

Machine learning in HEP,
WMLQ 2024 17/29 04.06.2024
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CMS Collaboration,
JINST 17 (2022) P07023

CMS 2018, 60 fb (13 TeV) CMS 2018, 60 b (13 TeV)
% DeepTau vs. muon - WP Loose _CEU L ]
= T $ Observed ¢ 4 2 i |
= - 1 5 /"
7 " B 7
= ; /& Expected 1 5 sail "
ke % f & :
2] i 1 .@ B 7 7 -
= - A i1 1 € i :
= g + d  aE - DeepTau vs. electron ¢ -
/ - T, In| <1.46 ” -
T I Z2 2 | 7 h »
=, 7 7Z ey $ Observed ¢
2.2 : T : 2 2%
- Xpecte )
L il g g & 7
N E 0o [
e E— - ® _Q| A I | * + ........ -
Ol [ ° Ol | E— - 2 45
{ § e — ¥ [
< 0A A08 (g2 4 AT A1 o=® @ SO A
0. 0. ;9 Py Th m| \‘.\’0 \fOo %1\36 'f\\g \fﬂ\g
Machine learning in HEP, 18/29 04.06.2024
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CMS Collaboration,
JINST 17 (2022) P07023
CMS 2018, 60 fb (13 TeV) CMS 2018, 60 b (13 TeV)
E DeepTau vs. muon - WP Loose (;E L 1
-‘ig 103 $ Observed ¢ — -E L / -
= L /& Expected ] = 10tk el oy
O i 1 B z Y 5
852 i ) 8 B 7 7 a
= B Z i1 1 E i .
= g + ’ d s - DeepTau vs. electron -
- . <1.46 . ..
1 7 7 i T, Il 7
- i 7 1 o 12l i Observed ¢
ZZ E 3
— - - é/ﬁ Expected .
g} o | | ' Observation 3 (trivial):
S 4 e o ., |models trained on simulation

Machine learning in HEP,
WMLQ 2024

never work exactly as expected
on a real data. The more rare
cases the harder to follow the
expectations.
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-dversarial Attack

Explaining and Harnessing Adversarial Examples
arXiv:1412.6572

o
2 x4+ ?
“panda” “gibbon”
57.7% confidence 99.3 % confidence

Small and smart distortion to input data can lest to dramatic change in model
response. This effect is exploited by bad people to perform Adversarial Attacks.

Machine learning in HEP,
WMLQ 2024 20/29 04.06.2024
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Explaining and Harnessing Adversarial Examples
arXiv:1412.6572

+ .007 x
: T +
. Sen(92700,5,9) esign(V2J (6, @, y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

Small and smart distortion to input data can lest to dramatic change in model
response.This effect is exploited by bad people to make an Adversarial Attacks.

Good people can use is to increase robustness of a model to features distortions

Machine learning in HEP,
WMLQ 2024 21729 04.06.2024
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Comput Softw Big Sci 6 (2022) 15

The task: improve network robustness against Data - Monte
Carlo differences.

Context:

* jet classification:
- light quark or gluon jets
- c-quark jets
- b-quark jets

* features:
- Jow leve/: 21 parameters of 6 tracks
within a jet
- igh feve/: 14 jet properties

https://cms.cern/news/machining-jets

Machine learning in HEP,

WMLQ 2024 22/29 04.06.2024
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t Gradient Sign Adversarial - : -
put Modification (FGSM) - *

Comput Softw Big Sci 6 (2022) 15

231:“(:‘}81\/1 — :EI'&W _l_ € Sgn (vﬂjraﬂwt]('{:[":I.Eu“ﬂ’rj y))
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.

Aloss .J
e = 0.01 used

during the training
phase

e sgnV,.J
. ! .
$Zraw szGSM input :U?:
Machine learning in HEP, 23/29 04.06.2024
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radient Sign Adversarial -
t Modification (FGSM) -

Comput Softw Big Sci 6 (2022) 15
Raw samples

Y
Epoch Epoch
: Minibatch : Y Minibatch
Ej FGSM -
=
= % 2 3
= Y Nominal /" Adversarial
model model
-« -«
Back- Back-
propa- propa-
gation gation
—> —>
N\ J A 4
Machine learning in HEP, 24/29 04.06.2024
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ut Modification (FGSM)

Comput Softw Big Sci 6 (2022) 15 2105 IFG|5r|u1 Ia=:|a.r;2|—
=0 —— FGSM £=0.05
- 0 — dW
The variable S "
o o . o
distribution ~ 103}
distortion from =
FGSM is quite 2+ I -+
a B
small z ]
s ARRRSRRERTY
T2l 15
Ems:_llllflﬁgh:is;ul,ﬂlzluu o _ A PRI AR SRR BTEPET IR
S F —— FGSM £=0.05 3 v 015 020 025 030 035 0.40
= 10"5 oo Jet width n
2 |
10%k
e
=
E i $ 4 ' ty ) L
"‘UE: | AR T o R
e

P B BV EErE E | Lol | |
-8.20 -0.15 -0.10 -0.05

0.00 0.05 010 0.5 0.20
Track 1dg [cm] 04.06.2024
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Iast Gradient Sign Adversarial -
input Modification (FGSM) f

Comput Softw Big Sci 6 (2022) 15

—
==
=

%‘E el = e

2 | ___ Nominal training 2 gt

g Raw, AUC = 0.946 fff
FGSM acts as a En -~ FOSM £k 0.05, AC = 0.883 If’
regularisation, which g |~ wmica” 40/
does not affect the S [~ Fasero0s AUCS 018 -
performance of the f |
model, but improves | | _
it generalization WRARENESNEREN . Ay SRR
capabilities. : | >

T T E— n!:: T Di.S 10

Tagging efficiency (b)

Machine learning in HEP

WMLQ 2024 ' 26/29 04.06.2024
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radient Sign Adversarial - ;|
ut Modification (FGSM) -~

Comput Softw Big Sci 6 (2022) 15

-

o

=
T

g ™ . L -i .n ‘--E' )
-ﬂﬂ‘l__ o) : . u o uiggnnﬁcﬂ:‘;% __
: : : 100 e, :
1 1 I"'r.- I

e et %, | FGSM regularisation,
oo e = 1 works better than

g - T ea]f']_y Stopplﬂg
-1 refularisation.

R T MU 0T S0 0 0 L 0 0 0 S 0 S "€ 4 0 0 0
Adversanal tramm_g

Difference disturbed - raw AUC (B vs L)

[ " FGSM,e=p.02 | ]
-0.05} Nominal trammg =
- °  FGSM, £=0.02 f -
Adversarial training
®  FGSM, £=0.05 i

-0.06 ._“"mmmmnmlnal trammg

FGSM, £€=0.05
_I L i 1 IJ 'l L J | — — i | —  — | Ll | — |. | — | — |. 'l 1 | — ]
0.9275 0.9300 0.9325 0.9350 0.9375 0.9400 0.9425 0.9450 0.9475

Raw AUC (B vs L)

Machine learning in HEP,
WMLQ 2024 27129 04.06.2024
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 Machine Learning is not a magic ward - this
is yet another technology

but keep in mind what Arthur C. Clare said: “Any sufficiently advanced technology is indistinguishable from magic.”

« ,ordinary” ML users should concentrate on
creative problem formulation instead of
attempting to invent a new, complicated,
architecture

e we should remember about unavoidable
difference between features distributions used
for training (MC) and inference (Data)

Machine learning in HEP,
WMLQ 2024 28/29 04.06.2024
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o VL. review for Particle
Physics

N HEP ML Living Review ® Q search $r316 %95

Home Recent About Contribute Code of conduct Resources Cite Us

Table of contents

A Living Review of Machine Learning for Particle Physics

Reviews

Modern reviews

Modern machine learning techniques, including deep learning, is rapidly being applied, adapted, and developed for high energy physics. Specialized reviews

The goal of this document is to provide a nearly comprehensive list of citations for those developing and applying these approaches to Classical papers
experimental, phenomenological, or theoretical analyses. As a living document, it will be updated as often as possible to incorporate Datasets

the latest developments. A list of proper (unchanging) reviews can be found within. Papers are grouped into a small set of topics to be Classification

as useful as possible. Suggestions are most welcome. Parameterized classifiers

OfE24|0

Machine learning in HEP,
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