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McCulloch & Pitts (1943)
Rosenblatt (1962)

Paul Werbos(1974)
Hopfield (1982)
Hinton(2006)
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perceptron

Inputs  Weights Net input Activation
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Hopfield Net

Ising model of a neural network as a memory model is first proposed in 1974,

acknowledged by Hopfield in his 1982 paper.
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https://en.wikipedia.org/wiki/Ising_model
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http://www.no-free-lunch.org/coev.pdf

Input Cell

Backfed Input Cell

Noisy Input Cell

Hidden Cell

Probabilistic Hidden Cell

Spiking Hidden Cell

Output Cell

Match Input Output Cell

Recurrent Cell

Memory Cell

Different Memory Cell

Kernel

Convolution Or Pool

Feed Forward Radial Basis Network
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Well-Specified Model
Calibrated Inductive

Example: CNN

Complex Model
Poor Inductive Biases

Example: MLP

M)
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Simple Model
Poor Inductive Biases
Example: Linear Function

Corrupted CIFAR-10 MNIST

CIFAR-10
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Dataset

Structured Image Datasets
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Relational , deep learning, and graph networks
arXiv:1806.01261
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readme.txt

miniconda

export PATH=$PATH:${INSTALL}/bin/
source ${INSTALL}/etc/profile.d/conda.sh
conda info -e

#conda remove energyflow

conda create -n energyflow python=3.9
conda activate energyflow

pip install -r requirement.txt

create JHEI/INIE

1T

/cets/higgs/Tutorials/MachinelLearning
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Efticiency matrix determined by DL multi-classitication

nq €11 €12 "+ €19 Ny
N2 €21 €22 -+ €929 No
ng €91 €92 * - €99 Ny




SLIDE / 51



<
.
| .
:
1 4 I
: ! d i
, ) D _ _
, :
N ] |
-
-h A | | ! , \
. _ | _ . _.
i \ . ._
!
1 \ .
| _ | |
\
| { ' ,A
2 ! _ ,
d, . __ .
A 4 | . .
. ! " ..
\ ! |
£ % _ | |
e p | | 1
1 : | :
1 _ { ! | ,
{ : \ _. ~. _ |
: : . , | |
o : \ | _.
N8
b '

IR LR R
e !

T

SLIDE / 35



e e — bb ,.//E\‘

nma galnma anti-b
02.626 49121 88.001
amma gamma b anti-b

02.626 0.252 49121 838.001

< Hard process >

O

CMshower
137.122

b
48.767
35.%27
A S S 2 ( \
-b
g’:’l.!'lldl) l.?ls 25360 |0.367
anti-b | ' ‘
87.140 1.3’15 25"3’60 IOLE'GT

e i

< Fragmentation >

13.139

l

l3139

(Final state )
particles

,L

rho- anu K 0 K1+ ‘ anu 3 5 ‘0
8!358 1244 3160 5952 \
gamma rho+ rhol anll KU rho- anu-8 >O gammd
l/» 81314 —— 00 | 2209 aau | 1545_ 1“6"/ 40.166 % 0.673
hi D s+ K L0 K 10 anti-K0 p0
22232 30 722 l/ 28 360 \ 1. 787 27 165 1 013 8 333 3048 0.607
K- rho+ pi0 pi- rho+ _!n- K S0
12.234 3.887 1.885 5.831 9.045 12.289 6 966 1 367 3048

,f . l

8978 1601 lr918

e+ pi0

0.126 1 004




S5 FENSFER— M F
%Hﬁ“gﬁﬁﬁﬁ¥

. *u?ﬁ’x]é%,'ﬁ ( KANMEFHIE )




EN==AY Jet ...
Point cloud = particle cloud (jet)
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Point cloud Particle cloud
points are intrinsically unordered particles are intrinsically unordered
primary information: primary information:
3D coordinates in the xyz space 2D coordinates in the n-¢ space

but also additional “features”:
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ARgn , BARISOIFRIE ereray/moments
51E. B %@%%E’J@ﬂuﬁ i charge/particle type
L omHZFRIARE ] |, (EE A, track quality/impact parameters/etc.
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t-SNE Feature 2
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* A high-bias, low-variance introduction to Machine
Learning for physicists , Physics Reports 810 (2019) 1-124

» Relational inductive bias, deep learning, and graph
networks, arXiv:1806.01261

* Geometric Deep Learning, 5Gs, arXiv:2104.13478
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La connaissance de certains principes supplée facilement a
la connoissance de certains faits.

(Helvétius, 1759)
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Jet Representations «— Analysis Tools

Two key choices when analyzing jets

How to represent the jet

* Single expert observable
* A few expert observables

* Many expert observables

* Jet images

 List of particles

* Clustering tree

* N-subjettiness basis

* Energy flow polynomials

* Set of particles

PTK ML4Jets 2017
PTK ML4Jets 2018

How to analyze that representation

Threshold cut
Multidimensional likelihood

Boosted decision tree (BDT), shallow
neural network (NN)

Convolutional NN (CNN)
Recurrent/Recursive NN (RNN)
Fancy RNN

Dense neural network (DNN)

 Linear classification

* Energy flow network
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250 < pT/GeV <260 GeV, 65 < mass/GeV <95

ATLAS Simulation Preliminary

Pythia 8, W'— WZ, \s =13 TeV .
— 10° S . . Gluon Jets, Topocluster Constituents
s @ Herwig (dipole) - PYTHIA anti-k, R =0.4, 150 <p /GeV <200
o 102 (O] (O} = 04 0.2 >
2 - 12 2 2 s @
< 10 & @ 2 - | o
£ - X K g | H L=
El a £ 8 o2k N
E 0.6 B ” 2 [ | Pa
E 10 ' (m) & -
” > s | W
) 10 035 & B [ |
© 3 [ ] 0 © i .
5 10 00| S g OfF 0.1
2 .\ . 2 gt
s 10 03 £ - L
10° IS I
—-06 @ O -0.2\- 0.05
10°® D ' '
—0. © i
107 e = i ..
& i
108 -l12 8o 71 U R B 0
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-1 -0.5 0 0.5 1 Translated Azimuthal Angle ¢

[Translated] Pseudorapidity (n)

1511.05190 1603.09349 1609.00607 ATL-PHYS-PUB-2017-017

QCD jets, averaged primary Lund plane

I 70| 08784 VS =14TeV, p:>2 TeV
it b 6 Pythia8.230(Monash13)
. - " v - * . . 5
p 4
- % B s : - A : -
>
v 3
Qo
= " - Vi
s T 8|2 e E z ?
red = transverse momenta of charged particles 1
ged p - : - o H ; r -
i ) - - & ; - -
green = the transverse momenta of neutral particles - 0
blue = charged particle multiplicity -1
1803.00107 - T
I 6 I 2 O I 55 I i ) ] 0.0 0.5 1.0 1.5 2.0 25 3.0 3.5 4.0 45 5.0
Feature Feature Feature Feature Feature Feature Hidden Hidden Hidden
° Inputs maps maps maps maps maps maps units units units Outputs In( I/A)

4@37x37 128@37x37 64@36x36 64@18x18 64@17x17 64@16x16 64@8x8 64 256 256 2
© ~NONON T [ s

NN\ 0.0 0.2 0.4 0.6 0.8

p(A, kt)

Conv Conv Max-pool Conv Conv Max-pool Flatten Fully Fully Fully

4x4 4x4 2x2 4x4 4x4 2x2 connected connected connected
kernel kernel kernel kernel kernel kernel I 807 04758
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@
1607.08633

So '1>

s,
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1711.02633

Output

MLP

LSTM
States

Input
Sequence

Classifier

Jet embedding

F4(t5)

W

AN
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h*(t;)

Vi V2 VN;

1702.00748

. Reconstructed Jet

. Recombined Pseudolet

. Original particle

“DeepAK8”

CMS-DP-2017-049

P-CNN
- (14 layers)
ticles, ordered b
particles, ordere ' Y b1 Fully
Charged particles connected Output
f P-CNN |
< > (14 layers) I layer, softmax
tracks, ordered by Sip2p 512 units, activation
. relu-activation,
Secondary Vertices 20% dropout
kernel k;

P-CNN:

Legend

if dys < d,s: Input list ordering 1-2-3-4-5
if d;; > d,s: Input list ordering 4-5-1-2-3

1711.09059




