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Plan for the lectures

Lecture 1

1. Why do ML when we are physicists?
2. Setting up the language of general ML task.
3. Understanding basic ML architectures.

Lecture 2

1.  Walking through the examples of HEP and relate them
2. with the ML language from lecture-1.

Lecture 3

1. Continue from lecture-2 and see where the future of ML X HEP is evolving.
2. Learning some basic PyTorch so that we can do some hands-on stutff.

Lecture 4

1. Solving a jet tagging task using graph neural network from scratch.
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We are a bunch of physicists : then why ML?

quantum algorithm
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We are a bunch of physicists : then why ML?
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and the coolest idea you
are about to bring ...

Are there any common
theme within all these

different branches?

VSOP-2024

quantum algorithm




A common theme between all of them
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A common theme between all of them

Or we measure something and update our estimates :

p(data | theory) p(theory)
p(data)

p(theory |data) =

And finally, we just do a measurement and do model independent
statistical analysis (pattern identification) to achieve some understanding :
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S O \M hy ML? We often aim to solve hard computational expensive problems.

https://cds.cern.ch/record/2802918
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Bringing the data into more tractable form

Fig. from Lukas Heinrich

Hits Energy Cells E Clusters & Tracks E Clusters Particles
ATLASsimuI;;ion 2010 > s eV
_g : mt::vz:tg - u-u 1oE5 [MeV] g'z'%é_C.MS. % 1000
n Eo.osh o ! @ ; _2.4;_S/mu/at/on séoL % 800:
B SEE I . 245 e r
2 250 7 S0
_0.05'_'.";..:_‘_____'_;i;;f_‘_ 265 Es W g 200
: E . 102 27— J‘x_ E, 1
B 0.65 0.7 0.75 08 485 09 095 1 105
] §0.5 140 160 180 200 [20 240 260 2%(‘?” [82(\)/]
Tracks Energy Clusters Particles Jets (~ parton) Resonances

[ On one hand ML is handy to produce large scale simulations.

[ On the other hand, finding the right pattern in complex data is something
ML is designed to do.

[ 1In the era of data driven science, ML thus becomes an inevitable statistical
tool.
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A broad strategy towards physics inference

1 d°N
Guess the Lagrangian — %
solving the inverse problem via ML Z dprdn

A

The physics at the core:

driven by the interaction Final Particles Detector output/Readout
y . Produced via hadronization Produced via hardware
between quantum fields, . o : : :
(no first principle analytic or simulation

computed via perturbative

or lattice techniques. techniques are available)

For complex hard tasks, ML serves the purpose in both direction
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[et’s understand : what 1s AI/ML/DL?

Artificial Intelligence

Machine Learning

Deep Learnlng A subset of Al that

The subset of machine learning includes abstruse
composed of algorithms that permit statistical techniques
software to train itself to perform tasks, that enable machines
like speech and image recognition, by to improve at tasks
exposing multilayered neural networks to with experience. The
vast amounts of data. category includes
deep learning

Any technique that
enables computers
to mimic human
intelligence, using
logic, if-then rules,
decision trees, and
machine learning
(includingdeep
learning)

https://medium.com/@ clairedigitalogy/what-is-machine-learning-deep-learning-7788604004da
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The broad classes of ML task

Check the nature of data available
( labelled or unlabeled data )

Define the statistical learning task

Reinforcement learning

Supervised learning Un-supervised learning
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ML@HEP : what’s the broad task?

f{é’} (< ) — f{y@}_(X)

L(y,y) = L6}
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ML@HEP : what’s the broad task?

1. Decide the right representation
of the data (images/graphs/trees..)

L(y, ) = L({0})
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation
(CNN/GNN/) of the data (images/graphs/trees..)

L(y, ) = L6}
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

L(y,9) = L({0})
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

f{é’} ( ) — fi}zm

L(y,9) = L({0})

Variation in data
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

f{é’} ( ) — fi}zm

L(y, ) = L6}

Variation in data

Unsupervised

No-labels, the task is to
figure out p(x) from which

the data is drawn. e.g. VAE
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

f{é’} ( ) — fz}zm

L(y,§) = L({0})

-

-

-
-
-

-----

______

-
-
-
- ==

Unsupervised Semi-supervised

No-labels, the task is to Noisy labels. estimate :
figure out p(x) from which

the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted)
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

f{é’} ( ) — fi}zm

Ly.5) = L(16)

Varlatlon in data

------
-- ~
- - ~
- - ~
- ~
- b ~
- - ~
-- 4 ~
—————
- ~
-
------

Unsupervised  Semi-supervised  Weakly-supervised

No-labels, the task is to Noisy labels. estimate : Partial labels. e.g.
figure out p(x) from which simulating : SM bkg vs
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals.
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

f{é’ } ( _’ fi}zm

L) = L6

Varlatlon in data
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Unsupervised  Semi-supervised  Weakly-supervised Supervnsed
No-labels, the task is to Noisy labels. estimate : Partial labels. e.g. .
figure out p(x) from which simulating : SM bkg vs lLei)al‘ln?g on all the well
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. abeled data.
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ML@HEP : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

A\

y —
figy (X)
10,9 = 10D

—_

Varlatlon in data

f --------------------------
' P e T x0T
Unsupervised  Semi-supervised  Weakly-supervised Supervnsed
No-labels, the task is to _ Noisy labels. estimate : P.artial l.abels. e.g. Learning on all the well
figure out p(x) from which simulating : SM bkg vs labeled d
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. abeled data.
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Looking the problem through ML lens

2. Choose a NN model ; 1' Pecide the right rcpreséhtaﬂou ! 3 With a defined learnihg task, |
| (CNN/6NN/) ‘ of the dafa (images/graphs/trees..) | chmpufe the loss function. t

Uncertainty nterpretablllty

f{H} ( ) f{e} )

L(y.y) = L(10})

¢l H H =H =H =H =H =H = =H H )
Il B I E E B B E =B E s

i Self-supervised
bl aahianst Varlatlon in data
A e T e
Unsuperwsed Semi- supervnsed Weakly supervised Supervnsed
No-labels, the task is to Noisy labels. estimate : Partial labels. e.g. .
figure out p(x) from which iy b et simulating : SM bkg vs lu:rl“:in(gi on all the well
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. abeled data. ’

% Figure from : https:/atlas-public.web.cern.ch/ Q

Muon Chambers Electromagnetic Calorimeters

End Cap Toroid

Solenoid
\ Forward Calorimeters

Barrel Toroid Inner Detector Hadronic Calorimeters
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Data representation < NN correspondence

Ordered set
NN

Particles

Grid
CNN

eeeeeeeeeee

{7 MM Latent Space

Lt

Unordered set
Deepest

NNY pejjoiun

5 Sequential data
é RNN
l
ML4Jets e
S — Tree structure
J Deepset/GNN

The three “flavours” of GNN layers

- - -2 -1 0
logao(kr) logao(kr)

Convolut te al ‘Message-passing
h=¢ (x..@ w(a)) h=¢ (x..@ n(mﬂva(xﬁ) hi=¢
=3 JEN

Graph
GNN
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Application of ML in HEP

Gausslan

0 Paramater processes

Domain estimation Phase
adaptation

space
genaration
Generative
Simulation- X
X y modeling
/ density Diffusion

inference estimation mocels

BSM
physics

Quantile
regrasson

T Adversaral
Decorrelation training
methods

Machine learning .
Jot images in regression

particle physics

Sequences
Represen- \ Rearession Parton
ot " g o
ol

Event
Images

Classification Recasting

I || Equivariant Calbration

Fast

inference e
distilavon

Un-
supervised

Learning T

2 zat Firmware/
strategies ‘lﬂhoﬂ S—

Hardware-
Hyper- Deployment
aware "oy

“’::":"" Attention learring
mization
Reinforce-

»
= Feature

Quantum ranking
machine
learning

learning

Nomological Net for ML in Particle Physics
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https://github.com/jmduarte/Nomological_Net_ML_Particle_Physics?tab=readme-ov-file

Jet tagging . a popular case

— . 1
jet 3 jet2 10"m

{p19p29 9pn}

5 deposited energy:
§ Hn IIIIII hadronic
QO 1] . .
o [l electromagnetic Jet Algorithm (for CA, kT, anti-kT)
- track hits v
-15 ] L] L]
10 "°m {]1,J2, ---,Jk}
A
= . .
®) L IR
& IMesons: - s\ Ly |i/); baryons: —
£ pions, N\ 1f/f  protons,
kaons, neutrons, -
etc. etc. {p19p29 '°'9pn} - F(Q)
-18 .
<10""m The forward problem is not
z quark computable from first principle
8
S
a®

Y S = g — o g o

The question of jet tagging is
how do we define the inverse problem?

F_l({]?lapz, .,.,Pn}> ?

&

: X

jet 1 ; q =

The Large Hadron Collider
Editors: Thomas Schorner-Sadenius

<
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https://link.springer.com/book/10.1007/978-3-319-15001-7#author-1-0

The PF reconstruction algorithm

PF particles = Fpp (track hits + calo cells) HCALS

© 7 e® ¢~ HCAL2

arXiv : 2212.01328 ,
®° " & " HCAL1

ECAL3
N ECAL2
e OB - e
e i 20
o< .. 98 ECAL1
Y g T
' X 9]
% truth particles
Xx X
X ® photon

X @ neutral hadron
X ® charged hadron
track, extrapolation

standalone muons charged hadrons

linked
muons KN
muon/track S
e & S electrons
linking FYRRN
(closest in pr) /\\K"o o ’{(\o’@(\
tracks - S
NS J photons
Qi‘,\@(:e’&o p Q/\g’ie‘
. R 6 D xO
arXiv : 1808.02094 NS
. X8 2" P O
electromagnetic/ P& &Gl
. . N
electromagnetic track linking e
. Q) .
Calorimeter (closestin AR) unlinked tracks Calorllr.n?:fer/traCk
inkin
. ) \ A 4 (based on pr a%d AR)
ClU-Ster":‘g: electromagnetic+hadronic
calibration subtract
o electrons/photons

hadronic calorimeter
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Supervised learning

We have a labelled dataset in hand : (X;,¥¢), (X5,¥3), (X3,¥3) ...

X

f,: X->Y
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Supervised learning

We have a labelled dataset in hand : (X;,¥¢), (X5,¥3), (X3,¥3) ...

f,: X->Y
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Let’s learn through an example

Learning objective :

arg min L(f(x | w),y)

f(x|w) =w!.x

Y -variable

N P
L(y,y)=—2(y,-—y,-)2
Ni=1

oL
—=0=>w=X"X)"XTY
ow

>

X -variable
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Let’s learn through an example

A 2
Yi = Wo+ Wi Xj + W, X

Y -variable

>

X -variable
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Let’s learn through an example

a 2

i

yi=W0+W1 Xi+W2X

Y -variable

Should we just keep increasing the order of a polynomial fit?

>

X -variable

Sanmay Ganguly (II'TK) VSOP-2024
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The 1ssue 1s a model doesn’t generalize

1.4

1.4

Pic from J. Duarte

Degree-1 Degree-4
1.05 ¢ 1.05 '%
—~~ 0-7 —~ 0-7
2 0.35 g 0.35
S~ S~
T 0 @ 0
o ()
> -0.35 o -0.35
) ®)
= -07 - 07
-1.05 -1.05
1.4 1.4
-1.5 -1 -0.5 0 0.5 1 1.5 2 -1.5 -1 -0.5 0 0.5 1 1.5 2
log10(M/M©) log10(M/M©)
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The 1ssue 1s a model doesn’t generalize

Pic from J. Duarte

1.4 1.4
Degree-1 Degree-4
1.05 ° 1.05 ®
5 0.7 —~ 0.7
o 0.35 SE 0.35
S~ S
s 0 C 0
o ()
> -0.35 > -0.35
) ®)
- -0.7 - -0.7
-1.05 -1.05
-1.4 1.4
-1.5 -1 -0.5 0 0.5 1 1.5 2 -1.5 -1 -0.5 0 0.5 1 1.5 2
log10(M/M©) log10(M/M©)

Will a polynomial always work?
What’s the recipe for writing an inductive bias ?
When do we know if we are overfitting?

How do we club all of it inside a general principle of statistical learning?
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Statistical learning : the big picture

[4 Understand and prepare
the data to be used for
training.

[ Propose a search space for
hypothesis test. (a.k.a define the

algorithm)

[ Define the objective.
Will refer to this as loss function.

Learning
Algorithm
Final
Hypothesis

[ Provide a learning algorithm
to select the best one.
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The parameter optimization : gradient descent
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parameter optimization : gradient descent
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Stochastic gradient descent

https://blog.paperspace.com/intro-to-optimization-in-deep-learning-gradient-descent/

——

},,‘.-;,..-y/' t\ \ = |
.:' W”"“\\%\\\\‘ r.

e
e

~ T

Global Minima

Saddle Point

What if the network converges to a local minima?
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Stochastic gradient descent

https://blog.paperspace.com/intro-to-optimization-in-deep-learning-gradient-descent/

e
Wj < Wj — a* Vy, E L., (w

Gradient descent

Repeat Until Convergence

Stochastic Gradlent descent
Repeat Until Convergence { |

fori=1..m {

W w—a*x VL, (w

{l
| :{
)7' } }‘
*(

1 |

—— e —— = — - —

Sanmay Ganguly (II'TK)
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Few words about learning rates

L(w) A
> > > >
uw u' o' w
Learning rate too low Good learning rate High learning rate Learning rate much too high

Learning rate much too high

C[u':l A

https://www.bdhammel.com/learning-rates/

High learning rate

Learning rate too low

~ (Good learning rate
>
epoch
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Few words about learning rates

—0.5
model

n=d

0.5~

0.4-| Standard LR Schedule -

/

- min(step_num~

_ SingleModel

0

0.5 -

0.3+-

024

https://www.ruder.io/deep-learning-optimization-2017/

0 step_num - warmup_steps

| Sh‘apsh?ot' Eh.s_e_mfble | h
04 Cyclic LR Schedule

—1.5)

\ .
| ||
/ \ / "\J.‘. ..
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What’s the strategy to fit general functions?

) (Z ! x)

\/ N B

Z Wl B |, |

/\ > N4

" Wi Summation Threshold/
of weighted Activation function

Output

A single layer perceptron

https:/www.analyticsvidhya.com/blog/2021/06/beginners-guide-to-universal-approximation-theorem/
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What’s the strategy to fit general functions?

input hidden hidden output
layer layer layer layer

Sanmay Ganguly (II'TK) VSOP-2024

29



What’s the strategy to fit general functions?

input hidden hidden output
layer layer layer layer

Dimensions of the features changes.

Sanmay Ganguly (II'TK) VSOP-2024
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A thing or two about activation functions

—X

da .. .
e . Sigmoid (x) = >
(1 + e—x>

Sigmoid (x) =

1.0
0.25
= 08 o 0.20
5 0-67 % 0.15
% 0-4- S 0.10
0.2 5 0.05
0.0 0.00

-8 -6 -4 -2 O 2 4 6 8 -8 -6 -4 -2 0 2 4 6 8
X X
d
ReLU (x) = max (x,0) — ReLU (x) = 0O (x)
dx
8 1.0
0.8
6 E
)
2 = 0.6
S 4 e
(@)}
2 0.2
0 0.0
8 -6 -4 -2 0 2 4 6 8 -8 -6 -4 -2 0 2 4 6 8
X X
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What’s the strategy to fit general functions?

y= £(x)

Original function to be computed

‘ Q 6 (y) Qo(a )=y
w4

w2

https:/www.analyticsvidhya.com/blog/2021/06/beginners-guide-to-universal-approximation-theorem/
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Backpropagation & autograd

oL oL ox'L) pgsl)

OW L) — 9xL) 9s(L) oW (L)

/1N,

depends on the derivative of the

(W ()15 (L=1))

L
form of the loss non-linearity OW (£)
— (=17
note V L= oL is notational convention
WS = ow (L)
Figure credit J. Duarte
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Backpropagation & autograd

y =Jfi(.. L(ix)...) 0y
fL de
~i— ' ay | _[oy) ox
= £.(x) Q 1) (9x)ox
Y=L ; dy dy |0x;_,
= L-1 |: —
490 . Jo-1(Gxp 1) 5 ox; | |ax;_, JoxL—2
' dy _ | ay |0x;_,
'xl =«]C1(x) . a.xL_3 laxL_z 0XL_3
fia |
0 :
We want to compute 4 foralll € {1,...,L} - At each step we can reuse the
0x; @ computation of the previous step!
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dense layer

"—'gluon jet

35

VSOP-2024
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An example jet representation

Tagging objects
arXiv : 1902.09914
Background Signal
40 = 40 " = 9
35 2 351
10 [ 101
30 A1 30 -
3 101 0
25 - ; 25 - 10
& 20 e 10° -
N - - -
m 20 1071
15 - 101 15 -
10 - 10 - 102
1072
5 |
. > h . 10—3
0 10 o . | = i
0 10 20 30 40
n
1-prong gluon background 3-prong top signal
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Architectures : CNN

S5(1,7) = Z Zl(m, n) Ki—m,j—n)

m
Input
Kernel
c d
1 T
g h
Y 2
k [
v Output
_>
aw + br + bw + cx + cw + dr +
ey + [z fyv + gz gy + hz
ew + fx + fw + gr + gw + hx +
W+ gz Jjy + kz ky + Iz
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Architectures : Transposed Convs

0|0
_ 010
010101
_ 010]2]|3
i 0120} 3
4|16|6]|9

Input Kernel
01| 1 Transposed 01 1
Conv
213 (stride 2) 213

0| 1
2|3
+
0
4

Output

https://d2l.ai/chapter _computer-vision/transposed-conv.html
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Sequential data learning

C

~

THE
TRANSFORMER

J

|l | am a student

What are the general principles to code the transformer ?

ENCODERS

DECODERS

https://jalammar.github.io/illustrated-transformer/

An encoder - decoder turned out to be

serving this purpose best.
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Tracking & ML 1\ . -:|-:|7L|K

An exponentially large edge finding problem

]

/' //
Metric 2 e Sl LG ® o Connected
Learning \ f B .. “%m Components
or 3 — N\ > .y S = or

MOdUIe T o Cx/“»': €04 | ‘ ;.oa | 5 3 ‘ : ! ‘“2 Cf:::::::teen'dts

Map ° + Walkthrough
Hits Graph Edge Scores Track Candidates
Graph Edge Graph
Construction Labeling Segmentation
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Sequence to Sequence mapping

’:L'TRT[I am a student]

4

t | \

( ENCODER j - ( DECODER j
4 | 4

[ ENCODER J ( DECODER )
i i

( ENCODER ) ( DECODER J
) )

(: ENCODER j ( DECODER j
4 4

[ ENCODER ) ( DECODER )
/'y 4

( ENCODER J ( DECODER J

W\ ry g,

INPUT | Je suis etudiant
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Encoder feeds the decoder
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Encoder feeds the decoder

t

Feed Forward Neural Network

t

f[
[ Self-Attention
-

)
)

t

4

Feed Forward

$

Feed Forward

4

Encoder-Decoder Attention

Self-Attention

1

[

Self-Attention

t
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Encoder feeds the decoder

1 1 t

Je Suis etudiant
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The concept of self-attention

"The animal didn't cross the street because it was too tired”

Layer. 5 § | Attention: Input - Input =

The_ The_
animal_ animal_
didn_ didn_
t_ t_
Cross_ Cross_

the_ the
street_ street_
because_ because_
it_ -t
was_ was_
too_ too_
tire tire
d d
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How self attention works?

Input Thinking Machines

Embedding X X2

Queries q1 g2 wea

Keys

Values Vi v WV
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How self attention works?

Input Thinking Machines
Embedding X1 X2
Queries q1 2
Keys
Values V1 V2
Score qie kKi= qi* ke =
Divide by 8 ( Vd) )
Softmax
Softmax
X V1 V2
Value
Sum Z Z
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Computing the attention values

softmax(
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Computing the multi-head attention

X
ATTENTION HEAD #0 ATTENTION HEAD #1
Qo Q1
‘ ‘ |
| WOQ | | W+ Q
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Computing the multi-head attention

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting ~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix to
with weight matrices Q/K/V matrices produce the output of the layer
X Wo®
L1 | WoK QO

Machin »5;.5'4‘; I” WOV K 0
n Vo

* In all encoders other than #0, 1T WK Q1
we don’t need embedding. [~ w4V ﬁ‘:n ‘K1 _
We start directly with the output - | V1 H+

of the encoder right below this one

POSITIONAL 1 1 Y-8 0.0001 1 Tl 0.0002| -0.42 R
ENCODING

+

+ -
EMBEDDINGS i [ ][] x. [ xs IR Add the time stamp to ensure
positional encoding
INPUT Je suis étudiant
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[et’s see how the encoder looks

4 4
e

: Feed Forward Feed Forward

(-~
Ly
>

 JO *__
z1 LI
A Add & Normalize $
( )
X
w| ,» LayerNorm( + )
] AN J
ol 4 4
o
=1
L 1

Self-Attention

POSITIONAL
ENCODING

X1 X2
Thinking Machines
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The simplest encoder-decoder net

( Softmax )

3
N ( Linear )
3 2, 4
a A DECODER #2
S t t
Z : > Add & Normalize
= 4 L P ( T > )
- E =+ ]
& _g ______ y S_e_lf_.ét_tfr_‘t_“jri 3 ) % ( Feed Forward ) ( Feed Forward )
S| - e T i
f-»( Add & Normalize ) : O ,‘P( Add & Normalize )
| ' 1 O 3 3
z E ( Feed Forward ) ( Feed Forward ) :’( Encoder-Decoder Attention )
E eeemmmma. ’ ------------------- * T ’ """""""""" ’
; '.>( Add & Normalize ) ,-»( Add & Normalize )
. Self-Attention ' Self-Attention
N\ ey e 4 —/ RLLELETTYY SECT PP rre
PosToNAL @ ® <I> 619
X1 X2
Thinking Machines
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Transtormer architecture

)

Add & Norm

Feed
Forward

A

\.

Add & Norm

Multi-Head
Attention

—t

.

Output

Probabilities

|

Softmax

t

Linear

)

| |
Add & Norm

Feed
Forward

|

Add & Norm

Multi-Head
Attention

T J

Add & Norm

Masked
Multi-Head
Attention

Positional
Encoding

O

Input
Embedding

T

Inputs

\.

1

e/

_JJ

ral

Output
Embedding

T

Outputs

(shifted right)

N x

Positional
Encoding

Sanmay Ganguly (II'TK)

VSOP-2024

52



