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ML(@Natural-Science : 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.
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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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Different physics : same ML problems

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.

arXiv : 2204.13713, Camel’s simulation
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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 Learning on all the well

the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. labeled data.
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This talk 1s about ......
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Data representation < NN correspondence
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Early jet tagging

et-al JHEP 02 (2015) 118

J. Cogan
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(a) Jet-image prior to rotation

The first paper to discuss

image pre-processing for jet physics

2.5

2.0

1.5

1.0

Relative ¢

0.5

0.0

0.0

0.5

1.0 1.5 2.0 2.5

Relative 7

(d) Average jet-image, prior to

rotation

(b) Rotated pixel grid
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(c) Jet-image after projectio
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(e) Average jet-image, after pre
processing
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Similar methods were applied for particle identifications
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CMB spectrum cleaning using NN

Reference Difference
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Super-resolution T
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super-resolution case for HEP

8 X 8 Low Res detector 32 X 32 High Res detector

The networks in general have good
noise removal abilities.

Towards a computer vision particle flow

Francesco Armando Di Bello, Sanmay Ganguly &, Eilam Gross, Marumi Kado, Michael

Pitt, Lorenzo Santi & Jonathan Shlomi

The European Physical Journal C 81, Article number: 107 (2021) \ Cite this article
1341 Accesses \ 13 Citations \ 11 Altmetric | Metrics
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The general GNN arXiv : 1806.01261
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NN 1n Cosmology

Training in SIMBA, testing in SIMBA

Training in IllustrisTNG, testing in lllustrisTNG
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arXiv : 2204.13713
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GNN 1n Cosmology : LOS Velomty

Type Feature Symbol ATxsz ——or | n v_n dl ~ -
Node 3D position p Tems "\ ¢ c
Node Stellar mass m.

Node Star formation rate Mg Fr

Global Number of galaxies in a graph N, 30 Mpe/h - m T

T — "

A 6% improvement was achieved by including galaxy masses.

GNN can overcome the shortcoming of explicit galaxy bias.

(Required by perturbation theory based methods)

=== VGNN = Virue . ,/_, === VGnN = Vtrue //
1000+ 1000+
Q) Q I
£ g arXiv : 2402.1239
] 0 3 0
= 2
= =
o N
—-1000+¢ —1000+
—1000 0 1000 ‘ ~1000 0 1000
Vtrue (km/s) Vtrue (km/s)

Sanmay Ganguly (II'TK) CHEP-Conference-2024 12



. = 1 I 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I I 1 1 1 I 1 1 I
70 . . .
G ‘\ ‘ ‘\ ‘ 1n HEP . ATLAS Simulation Preliminary 2500
60;\/§= 13 TeV GN2
- ttjets, e, =70% 12000
24001 o LLF taggers JELUCAN et ~ 50 [ |
® HLF taggers ] 9 B . _:
2000 = ' |
O - ' Run 3 reco _ .
. @ 40F FTAG-2023-001 i 1500
1600 .PartcheNet .ParT &T - E GN1 .‘
o Disco-FFS on EFPs  ParticleNet-lite = [ ! .
«© 12001 * ¢ TeeNiN ResNext C% 30 i i DL1d 1000 °
~ DL1r i _e
8 Nsube @ DNN EFPs @ 1
800 6 Nsube  LolLa @ ° 20+ i -
| it 8T e © DL ;
400 - .I_mear EFPs TopoDNN 10 - : | 500
‘LDA B : .
0 4= e e ey [ : ]
103 10 105 106 o L - N N 0
Parameters 2017 2018 2019 2020 2021 2022 2023
Year
100 CMS Simulation Preliminary (13 TeV) 100 CMS Simulation Preliminary (13 TeV)
> 1 T T T > T T T T
2 - H—cC vs QCD = - H—ctvs QCD
-% | 450 < pr <600 GeV, Inl < 2.4 -%’ L pr>600GeV, Inl<2.4
= - 90 < mgp < 140 GeV = £ - 90 < mgp < 140 GeV
o 10k 1 I o0k E
C o C
: : 3 S 3
S > S
Jet tagging is E Z 2
revolutionized & = 1 & ]
by GNN >
y Q
103} E E 10 E
- — ParticleNet-MD ccvsQCD - 8 - — ParticleNet-MD ccvsQCD -
— DeepDoubleCvL — DeepDoubleCvL
—— DeepAK8-MD ccvsQCD | —— DeepAK8-MD ccvsQCD
— ! ! ] ! ! ! ] ! ! 1 ! ! ) — ! . | ! T ! ! ) | ! ! ) | ! ! !
10 8.0 0.2 0.4 0.6 0.8 1.0 10 8.0 0.2 0.4 0.6 0.8 1.0

Signal efficiency

Signal efficiency

Sanmay Ganguly (II'TK)

CHEP-Conference-2024

13


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://cds.cern.ch/record/2866276/files/BTV-22-001-pas.pdf

Direct physics application of the taggers
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http://cms-results.web.cern.ch/cms-results/public-results/publications/HIG-21-008/

SBI 1n Cosmology

Likelihood free inference
is state of the art
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SBI in HEP

Key: Muon

& Electron

Charged Hadron (e.g. Pion)
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Generative models : what are they?

Tm{m'ng data Saw\p{ {y\g Trar'm'ng data
(e.g. 64x64x3=12K dims)

cat §

real/fake?
é=dog/ cat?

Discriminator
Classifier

L Condition ¢

Generator
Latent vector z

Hbin moa.x EcGAN (99, ad) = I%in Inaa.x []Ec,xNI,dam(c,z) log ng (c, :I}) + ]ECNPdam(c),Zsz(z) log (1 - ng (c, G()g (c, z)))}
g d 9 d

http:/www.lherranz.org/2018/08/07/imagetranslation/

min max [Ewwpdm(m) log Dy, (z) + E,p(z) log (1 — D, (GGg (z)))}

0y 0a Input <---------ooo Ideally they are identical. ------------------ B Recoi:itl:;lcted
T — ————— ~ ’
Real X R X
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' Encod Decoder
_ Learn how to tell apart X . ";‘; o - 1
Latent | . fake data from true data
Space
] Learn data \ An compressed low dimensional
el D IsD - representation of the input.
m distribution ¢ Correct?

Discriminato

G

Generator

Generated n

Fake Lr(0, ) = %Z(X(i) — fo(ge(x™)))?

. Samples =

Fine Tune Training

ttps:/lilianweng.github.io/posts/
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https://lilianweng.github.io/posts/

Generative models : the popular species

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Generator

G(z)

Decoder

Po(x|z)

Inverse

Discriminator 7
—
* D)
x L, Encoder ~
q¢(z[x)
x| Flow I
f(x)
x0<———— x1<-—--x2<— ——————— >-

Fig from : https:/lilianweng.github.io/posts/2021-07-11-diffusion-models/

f~(2)
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ThlS universe doesn’t eXiSt arXiv : 2206.04594
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The performance
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The major gain
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Differentiable programming

Differentiable programming allows us to configure our analysis

optimization in learnable

Simulation
of physics
processes

Particle- ..o,
level truth simulation

https:/mode-collaboration.github.io/

Generation

Validation

Pattern

Detector recognition Differentiable Analysis
model reconstructed model

response signals
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Major thrust in immediate future : Interpretability

GNN model training and predictions Explaning GNN'’s predictions
“Basketball”

7; = “Basketball” y; = “Sailing”

GNNEXxplainer

N —)
7 P ray,

“Sailing” /—~—==

Interpretability is a key issue and efforts are ongoing to map the NN
explainability to first principle physics intuition
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Interpretability . an example attempt

R(l) Z Z R(l+1) (3)

mk:

where R;l) represent the R-scores of the features of node j at layer [, while the quantity x; A
models the extent to which node j at layer /, with activation x ;, contributes to the relevance of node
k atlayer [ + 1, where A is the adjacency matrix.

Node aggregation layer MLP layer

Figure 1: The flow of R-scores of node 1 across the different layers in MLPFE. For MLP layers, the
redistribution of R-scores follows the standard LRP rules [35,36]. For the aggregation step in the
message passing layer, the redistribution follows Equation 3. We only show three nodes for simplicity.

Neur IPS 2021. F. Mokhtar, R. Kansal et al
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Major thrust in immediate future : Uncertainty

g

(TL, /87 77 RO)

Reliable uncertainty estimation on ML based predictions are crucial for HEP
Only few Bayesian methods have been tested naively.

Can we decompose and correlate the aleatoric and epistemic uncertainties
with the underlying physics?
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Major thrust in immediate future : Uncertainty

e Gradient Metrices'

e Additional Network
for Uncertainty?

e Distance to Training

Data’

arXiv:2107.03342

e Augmentation
Policies?

e Prior Networks*

e Evidential Neural
Networks®
o Gradient penalties’

e Sub-Ensembles®*
e Batch-Ensembles??

p
e Application of
Variational Inference?®
e Stochastic Variational
Inference’
e Normalizing flows'’
e Monte-Carlo
\ Dropout!!

e Model Pruning?!
e Distillation??

e Original works!? e Diagonal Information

e Stochastic MCMC!?
e Theoretic Advances!*

Matrix "

e Kronecker-
Factorization'®

e Sparse Information

s 17
L Matrix

J

e Random Initialization/
Data Shuffling!®

e Bagging/ Boosting!®

e Single Training Run®
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An example of next frontiers

https:/pyt-team.github.io/toponetx/

Traditional Discrete Domains General Topological Domains
O
oo o° o
" iy v
O O L’
Simplicial  Cellular Combinatorial

Set Graph complex complex complex Hypergraph
No Pairwise Part-Whole Set-Type

Relation Relations Relations Relations

O :Nodes \ : Edges \ is part of v . not necessarily part of '
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An example of next frontiers

Model | Multi-Layer Perceptron (MLP) | Kolmogorov-Arnold Network (KAN)
Theorem Universal Approximation Theorem Kolmogorov-Arnold Representation Theorem
F 1 N(e) 2n+1 n

ormula _

(Shallow) fx) = Z a,06(W; - X+ b) f) =3, @ | D g,
i=1 g=1 p=1
(@) fixed activation functions | (b) /T\ learnable activation functions
/ on nodes N U D N A on edges
Model oL L N
(Shallow) LSS S~—— sum operation on nodes
learnable weights NN NN NN
on edges
F 1
Doy MLP(x) = (W5 0 6,0 W, 0 6, 0 W,)(X) KAN(X) = (@3 0 @, o ®,)(X)
MLP(x) | (d)
Model ,|\nonlinear,
(Deep) fixed ‘|nonlinear,
"| learnable
linear,
»learnable NN (1)1 —
. T X

Better interpretability through KAN ?
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Let’s formulate the questions e

M ML is here to stay with HEP/Cosmology and other branches of natural sciences.
' When looked through the lens of ML, it’s about finding the right inductive bias for a prob. distribution
[ Interpretability and uncertainty estimation is a corner stone which we should emphasize.

M The HEP community should talk with mathematicians/comp-sc and other branches of natural science
who are using the similar methods and exchange ideas.

¢ H H H H H H H H H H H N H H H H H H = = =H =B = = = = W

1 https:/iml-wg.github.io/HEPML-LivingReview/ .
" https:/github.com/georgestein/ml-in-cosmology ’

HE BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN B B B = m o

THANK YOU

Sanmay Ganguly (IITK) CHEP-Conference-2024 29


https://iml-wg.github.io/HEPML-LivingReview/
https://github.com/georgestein/ml-in-cosmology

