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A typical LHC Physics Analysis Workflow
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ML is an old friend of HEP
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To Final Decider Data from Detector

Connected network of adapted processors system
(CNAPS) used for H1 trigger system, 2003: Source
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https://ieeexplore.ieee.org/document/1223378

ML is an old friend of HEP

NEURAL NETWORK FOR DO MUON CHAMBER TRACKING

Input = 3 Drift times + 3 signal transit times
Cutput = 32 0.63cm bins from —Ocm to +20cm
+ 32 0.07rad bins from -~1.0rad to 1.2rad

Ocm 20em!-1.0rad 2.2rad
Target Distribution:

Ocm 20cm|—1.0rad 2.2rad
Output Distribution:

Out.put. Umt.s ﬁ] ..................................

Hidden Units:

Input Units:

Reconstruction

DC Signals:

Primary vertexing based on the fired
wires at E735, Fermilab, 1991: Source
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https://lss.fnal.gov/archive/1991/conf/Conf-91-241.pdf
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ML is an old friend of HEP
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A lot more, see reviews in 1993
and in 1999



https://lss.fnal.gov/archive/1992/conf/Conf-92-121-E.pdf
https://pdf.sciencedirectassets.com/271575/1-s2.0-S0010465500X04328/1-s2.0-S0010465598001994/main.pdf?X-Amz-Security-Token=&X-Amz-Algorithm=AWS4-HMAC-SHA256&X-Amz-Date=20231017T211408Z&X-Amz-SignedHeaders=host&X-Amz-Expires=300&X-Amz-Credential=ASIAQ3PHCVTYZJJQ7ZYZ/20231017/us-east-1/s3/aws4_request&X-Amz-Signature=d829f21b294f2199a942ca42a1bd087245c2f734689e0c802051b737db6d867c&hash=91f246c526236df63d20a1f543f393656fb5033a68a2be953f9d38f65de2accd&host=68042c943591013ac2b2430a89b270f6af2c76d8dfd086a07176afe7c76c2c61&pii=S0010465598001994&tid=spdf-b43bac35-3296-4491-ae2f-ba08d86e945f&sid=44ce0ad626cbd8425c1a7e65d58ddeb8b1dfgxrqb&type=client&tsoh=d3d3LnNjaWVuY2VkaXJlY3QuY29t&ua=050e565759015c0c025b&rr=817b8ca8ebea3b58&cc=ch
https://link.springer.com/article/10.1007/s100529801031

A BRIEF HISTORY AND NEAR-TERM FUTURE OF Al

An Al passes the Kurzweil-Kapor test? (estimate)

ARTIFICIAL
GENERAL
INTELLIGENCE

ARTIFICIAL INTELLIGENCE TIMELINE (REVISION 2) lml4@tommcfﬁ'&ﬁ“’""m"sVe"“‘”

©2020 TROY ANGRIGNON

Level 2 Autonomous Vehicles
Level 1 Autonomous Vehicles

Tesla pre-anhounces full self-driving capability

Tesla hits >$1100B valuation

Google Assistant sets up a hair-cut appointment

TeslaHW 3
TeslaHW 2

Iph Zero beats AlphaG
AlphaGo beats Ke Jie |

Rapid development in e

Tesla Model S launched
TeslaHW 1

recent decade S R R e
" Autonomous Al - Al that can move around and operate autonomously from humans

Dr. Kai-Fu Lee's 4 types of Al in the third wave Percerception Al - Using Al to sense the world

Business Al - the use of Al to solve single-domai

Effectiveness demonstrated T

high data voll problems.

Geoffrey hinton, Ilya Sutskever, alid Alex Krizhevsky use Deep learning algorithms to win the ImageNet context with AlexNet

Google Brain launched

across enormous domains. e —y

Kaggle launched

Fei-Fei Li's ImageNet had 3.2M images acrdss 5,200 categories.

Tesla IPOs, raising $226M '

Tesla ships first Roadster and discontinues roadster; Musk takes over leadership
Modern-day Deep Learning established

ART'FICIAI_ Wired Magazine talks about Big Data

AWS launches SQs, EC2, 53

Hadoop created on top of Google's MapReduce. .

NARROW s—— :
Elon Musk joins Tesla H

lNTELLIGENCE Tesla founded (2003) .
1BM Deep Blue Beats Kasparov '

Wave 3: Artificial Narrow Intelligence constructed from Machine Learning and Deep Learriing

Digital storage becomes cheaper than paper storage
Dragon Systems launches first publicly available speech recognition
Unsupervised deep learning
Sir Tim Berners-Lee sets out specs for world wide web '

Christopher Watkins' PhD thesis: "Learning from Delayed Rewards" describes Q-Learning. This impacted r:einforcemem learning.

Yann LeCun merges convolutional networks with backpropagation. Useful for analyzing handwriting. '

Geoffrey Hinton, David Rumelhart, and Ronald J. Williams write "Learning Representations by Back-Propagating Errors" that results in improvements in accuracy of predictions and visual recognition.
'

John Hopfield develops Hopfield Networks (recurrent neural networks) '
John Searle writes "Minds, Brains, and Programs" outling the "Chinese room argument"
NLP Phase 2
Wave 2: Expert Systems
Convolutional Neural networks emerge
Kunihiko Fukushima created Neocognitron that became the basis of convolutional neural networks (based on animal visual cortex sy:nems)

Backpropagation emerges
U.S. Govt builds first data center
DARPA funds Al at MIT
Shallow neural networks

Golden Age of Al: Wave 1 / Symbolic reasoning
NLP phase 1

“Logic Theorist" app demoed by Allen Newell, Cliff Shaw, and Herbert Simon to John McCarthy's 10-week "Study of Artificial Intelligence" research project.
Alan Turing writes "Computing Machinery and Intelligence" and outlines Turing test.
Norbert Wiener writes "Cybernetics: Or Control and Communication in the Animal and the Machine" and hits the NYT bestseller list.
Alan Turing writes "On Computable Numbers", discussing Turing machines
Statistical Methods improvements
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https://www.linkedin.com/pulse/brief-history-near-term-future-artificial-ai-troy-angrignon/

ML is not a magic

It’s built upon linear algebra and information theory

Learning procedure is to compress the

C@\ » iInput to output.
@\ w, Vi =f1(x)
. - g Y2 =/(X)  Which function is close to
@/) n-1 Step Function E tl’uth ?
O v, =4,
- N Need to quantify “similarity” between y; and
Win Wi o Wi| | X Yiruth-
Wa1 W2 Worl | %2 | _ o
olz| . . ; . | | =Y e« Both are distributions (PDF)
P W2 Wi ] | *n ] | e Also known as “loss™ => min(Loss(Y;, Yiruth))
Information theory offers measures for
y = fw(x)

guantifying similarity

Neural network is a function that maps input
to output; “universal approximation theorem”

e Entropy: disorder of 1 PDF
e Divergence: disorder between 2 PDFs

14



ML is a Tool for HEP

- Step 1: how to represent data < Step 2: set up the learning task

/Loam’
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ML is a Tool for HEP

- Step 1: how to represent data < Step 2: set up the learning task
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Step 1: how to represent data?
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1.1 Input has fixed length

e Decide in advance variable list for training, then train a deep

A typical signal extraction using NN

Entries /0.1

Data / Pred.

R. Zhang

neural network / BDT
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Applied similarly for inner and outer cells
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reduce number of nodes for }
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https://www.sciencedirect.com/science/article/pii/S0370269318302120
https://iopscience.iop.org/article/10.1088/1748-0221/17/07/P07023

1.2 Input as sequences

e In some situations, fixed o Agluon jet |
length is not suitable Tou ® Aquark jet

. . °®
- e.g. Jets contain a variable number of IS

particles *%
°Q
» Recurrent Neural Networks shows °Q

great performance for Natural °Q

Language Processing tasks °®
o
- Information across the entire sequence q
3\
O

can be accumulated and used

se0 @
(Y

Recursive Neural Networks in Quark/Gluon Tagging
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https://arxiv.org/abs/1711.02633

Recurrent Neural Networks
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Bi-directional RNN RNN Encoder-Decoder
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Unrolled RNN
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RNN application
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b-tagging

ES

Background rejection

FEr T T
E ATLAS Simulation

- Vs =13 TeV, tt events
19" Anti-kt R = 0.4 PFlow jets
- 20 GeV < pr <250 GeV, |n| <25

—— light-flavour jet rejection

b-jet rejection
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2019-033/
https://link.springer.com/article/10.1140/epjc/s10052-023-11699-1

1.3 Input as images

Electron classes

e Jets can be viewed as images

Prompt Electron Charge Flip Photon Conversion Heavy Flavour Light Flavour e/y Light Flavour Hadron
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https://link.springer.com/article/10.1007/JHEP01(2017)110
https://cds.cern.ch/record/2850666

Convolutional neural network

e Convolutional neural network shows great performance for
computer vision tasks

- Nice features: sparse interactions, parameter sharing and equivariance

|

. ":\h\ //;/

Convolution (=4 >§ — i

. - — oA o4
operation: = /.j:/; 2 —

Convolution Pooling Convolution Pooling Convolution Pooling

ﬁ YN YN M YN )Y

Convolution

operation: é“
Input Intermediate Intermediate  Intermediate  Intermediate Intermediate Final
8x8x3 8x8x6 4x4x6 4x4x12 2x2x12 2x2x24 I x1x24

PDG Machine Learning
Goodfellow et al. Deep learning. MIT press, 2016.
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https://pdg.lbl.gov/2022/web/viewer.html?file=../reviews/rpp2022-rev-machine-learning.pdf

An event
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CNN applications
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2019-028/

Hybrid: DNN + RNN + CNN application

Particle and vertex based DNN: Deeplet

~700 400 250
- — —

e
charg. part. 5= CNN, = RNN,

=/ CNN_. F==/ RNN__ —
=R —08 =R — FC
=  CNN,, ==/ RNN,, |—

global > Vs= _13 TeV, Phase 1

—L

~ 700 inputs and 250.000 model parameters 0.of- Mo Slmulation Preiminary ... -

oof P pyeomeey ]
0.7 : : s : : : :
0.6

e CMS Deepdet algorithm used 05
CNN, RNN and fully connected >

— DeepJet
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------- convolutional |:........i...io i T
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https://cds.cern.ch/record/2275226

1.4 Input as sets

® Sequence (and also image) implies certain ordering
- Lack of permutation invariance f(x;,x,) # f(x,, x;)

e Deepset [Manzil et al]
« for any permutation 7 : f({x1,...,2m}) = f({Zra1),-- > Tr(an)})

- e.g. f =max, mean, etc

cC 104 = | I | | | | | I | | | | | | | | | | I
-% - ATLAS Simulation Preliminary
Q - vV/s =13 TeV, it
210% - =
o
5 _
3 102 3 ~
T f
(@)
S 10" _
= [ RNNIP
- 1 DIPS
100 oo | | [
ca 1.
> F
£Z 1.0 EE e e
Z it it u
o 0.6 0.7 0.8

b-jet efficiency
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~ ATLAS b-tagging

. \ |
(ndets, 1, 128) EPLECITRIIES :—» | (ndets, 100) (ndets, 100)
| (ndJets, 3)

Sum over the
tracks
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space to preserve properties
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https://arxiv.org/abs/1703.06114
https://cds.cern.ch/record/2718948

1.5 Input as graphs (including point cloud)

e Graph is also a natural way to represent LHC data

A tt event Hits in tracker

W-jet o9
»

‘ b-jet o
Muon o~% o
= 2
‘ Top /./0/—‘

W-jet e ./o/

bijet @ Top ®

MET

Jet is a graph of particles

Event graph

°

@ 0,—\»‘&.
¢ . A

l Graph neural networks in particle physics

Graph Neural Networks for Particle Tracking and Reconstruction

Graph neural networks at the Large Hadron Collider

Graph Neural Networks in Particle Physics: Implementations, Innovations, and Challenges

R. Zhang
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https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2012.01249
https://doi.org/10.1038/s42254-023-00569-0
https://arxiv.org/abs/2203.12852

Graphs neural networks

Convolutional graph neural networks (ConvGNNs)  Spatial-temporal graph neural
networks (STGNNSs)

ALXIXT Yaan
IXIXIX] o hete;

CALWA Ak ( . c il g
Ve U

Graph autoencoders (GAES)
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- S » @38
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- ‘. ‘_ ’ ‘\‘ II wu“ ‘\“\ A
e:.' Latent 'c‘ dustering

features
(©)
(1) Graph Construction (2) Graph Autoencoder (3} Doc. Clustering

A Comprehensive Survey on Graph Neural Networks

Spatial-Temporal Graph Convolutional Networks for Sign Lanquage Recognition
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https://arxiv.org/pdf/1901.00596.pdf
https://arxiv.org/abs/1901.11164

Background rejection

Light-jets ratio

C-jets ratio

GNN applications
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DL1d is DeepSet based b-tagger
GN1 is GNN based b-tagger
GN2 is optimised GN1 + attention

mechanics [1706.03762]

R. Zhang

Jet origin identification using ParticleNet

0.1
Signal efficiency

Good diagonal in confusion matrix in ee

collider

: CNN based large R jet tagger
: GNN based large R jet tagger
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0.084 0.028 0.045 0.062 0.094

0.055 0.080 0.174 0.111

0.113

40.015 0.014 0.024 0.024 0.052 0.052 0.043 0.041 0.034 0.034

0.667
1
G

d

c s S
Predicted

b b c u T d

22


https://indico.cern.ch/event/1232499/attachments/2602341/4494127/2023-03-01_GN1_Seminar.pdf
https://indico.cern.ch/event/1232499/attachments/2602341/4494127/2023-03-01_GN1_Seminar.pdf
https://cds.cern.ch/record/2707946/files/DP2020_002.pdf
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/2310.03440

Step 2: set up the learning task

@ A common feature of previous Supervised
exampleS dalre SuperVised Unsupervised

machine learning

Reinforcement

® Trained on data with known -™"¢
signal, known background
— known labels

Weakly
supervised

Semi
supervised

R. Zhang China LHC Physics 2023, Nov 23-27 23



Step 2: set up the learning task

Supervised Unsupervised

O
020
O O

O

Weakly-supervised = noisy labels Semi-supervised = partial labels

| |
0 (OO 0 (OO
@ O @ O

R. Zhang China LHC Physics 2023, Nov 23-27 24



Unsupervised—fast simulation (than Geant4)

Event Detector
Generation simulation

Digitisation  Reconstruction Analysis

Tracking Calorimetry

Stable particles

) —

Colision, production, decay
chains, parton shower and

Image courtesy: J. Raine

R. Zhang China LHC Physics 2023, Nov 23-27 29


https://indico.ijclab.in2p3.fr/event/5999/contributions/25943/attachments/18734/25168/2022%20Learning%20to%20Discover%20-%20Generative-1.pdf

Fast simulation: Generative models

A generator is a function that maps random
numbers to structure.

Generative models are typically unsupervised.

GAN VAE NF Diffusion
Generative Variational Normalizing Diffusion model
Adversarial Autoencoders Flows

Networks

JINST 2023 18 P10017
PRD 97, 014021 (2018) 2211.15380 2308.11700 PRD 108 (2023) 072014
2309.06515 2203.00520 PRD 107.113003 2309.05704

2207.04340 2210.07430 2305.11934 2308.03847
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https://doi.org/10.1103/PhysRevD.97.014021
https://arxiv.org/abs/2309.06515
https://arxiv.org/abs/2207.04340
https://arxiv.org/abs/2211.15380
https://arxiv.org/abs/2203.00520
https://arxiv.org/abs/2210.07430
https://doi.org/10.1088/1748-0221/18/10/P10017
https://arxiv.org/abs/2308.11700
https://doi.org/10.1103/PhysRevD.107.113003
https://arxiv.org/abs/2305.11934
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.108.072014
https://arxiv.org/abs/2309.05704
https://arxiv.org/abs/2308.03847

Example—Integrated Into real experiment

ATLAS fast simulation includes a GAN at intermediate energies for hadrons

Inner
Detector

Geant4
Hadrons Geant4 E,, Tﬁ MeV

Other hadrons:
E,;, <400 MeV

Muon

Calorimeters Spectrometer

FastCaloSimv2

FastCalo m FastCalo Muon
Sim V2 GAN

Punchthrough

E;, < 8-16) GeV | (8—16) GeV < Ey, | B, > (256 — 512) GeV +Geant4

< (256 — 512) GeV

Geant4 Geant4

COMPUT SOFTW BIG SCI 6, 7 (2022)
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https://link.springer.com/content/pdf/10.1007/s41781-021-00079-7.pdf

Marrying generative techniques (in R&D)

o * Contribution from Chinese community

CaloLatent: Score-hased Generative
Modelling in the Latent Space for
Calorimeter Shower Generation

" Latent Generative Model for
Calorimeter Fast Simulation

Qibin LIU, Chase Shimmin,
Xiulong LIU, Eli Shlizerman,
Shih-Chieh HSU, Shu LI

Thandikire Madula: UCL
Vinicius M. Mikuni: NERSC

Quant’

I ‘ H Latent ‘ I ‘

L2 loss, Ph* sics loss (shower center, width, ...)

¢: Encoder y: Decoder

Discriminator Loss

— Trqnsformer—
' F Transformer for sampling
In latent space

Data x Reconstruction x

Latent learned by
| Latent Diffusion

diffusion model
Forward noising process
(data = noise)

v

“modern” concepts as a plugin
put into traditional architectures

Reverse denoising process
(noise - data)

R. Zhang China LHC Physics 2023, Nov 23-27 28



Un-/weakly/semi supervised—anomaly detection

Why anomaly detection?

Typical Searches Anomaly Detection

o Looking for a specific, o Model agnostic/
physics motivated signal independent search

o Maximum sensitivity (using o Looking for deviations
supervised learning e.g. from background only
BDT) for a specific model o Less sensitive to any

o Not very useful for other specific model, but can
signal models look for multiple different

models

29



Two types of anomaly detection

X Outlier Detection

o Searching for unique or unexpected events

o In HEP, this is the tails of distributions or
uncovered phase space

[1807.10261, 1808.08979, 1808.08992, 1811.10276, 1903.02032, 1912.10625, 2004.09360, 2006.05432, 2007.01850, 2007.15830,
2010.07940, 2102.08390, 2104.09051, 2105.07988, 2105.10427, 2105.09274, 2106.10164, 2108,03986, 2109.10919, 2110.06948,
2112.04958, 2203.01343,2206.14225, 2303.14134, 2304.03836, 2306.03637, 2308.02671, 2309.10157, 2309.13111, ... ]

i Overdensity detection

o Analogous to the traditional bump hunting

[1805.02664, 1806.02350, 1902.02634, 1912.12155, 2001.05001, 2001.04990, 2012.11638, 2106.10164, 2109.00546, 2202.00686, 2203.09470,
2208.05484, 2210.14924, 2212.11285, 2305.04646, 2305.15179, 2306.03933, 2307.11157, 2309.12918, 2310.06897, 2310.13057, ....]

Inspired by this presentation
R. Zhang China LHC Physics 2023, Nov 23-27 30



https://indico.cern.ch/event/1198609/contributions/5366508/attachments/2653550/4595418/Fraser_LHCP_2023_Talk.pdf

Outlier Detection in experiments (ATLAS)

Rapidity-mass matrix

elpiss mr(ji)  mr(j2) coomr(jn)  omr(u) .omr(un)
ho(j)  er(h)  mGnj2)  ...omGjn)  mQGnm) om(,pn)
hi(j2)  hGrj2)  ber(ja)  ...m(ja,jn)  m(ja 1) ..m(j2, un)
Gn) hGuin) o rGn) mUes) -m(nin)
he(u) by, jr) o h(pnj2)  ch(unjn)  er(m) (11, uN)
he(p2)  h(pz,jr)  h(pnsj2) o h(po,jn) (e, p2)  m(ua, pw)
he(un) hGan i) hanadn) o hGansdn) W) Ser(uw)
Events
SM
BSM

Reconstruction loss

Trigger (one lepton) and pre-selection
jet
(p% > 60 GeV, p!=" > 30 GeV)

;

Reconstruct Rapidity Mass Matrix for
each event

|

Train autoencoder using 1% ATLAS
Run2 data

|

Define signal region using
reconstruction loss from autoencoder

|

Fit invariant mass spectrum,
statistical analysis, look for bumps

Autoencoder I
Events

U

Two-body mass

e Full event level anomaly detection

@ Searched in 9 invariant masses including di-jet, di-b-jet, with three
anomaly regions => demonstrating high efficiency in the search

R. Zhang

China LHC Physics 2023, Nov 23-27

arXiv: 2307.01612
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https://arxiv.org/abs/2307.01612
https://cds.cern.ch/record/2861647/files/ATL-PHYS-SLIDE-2023-224.pdf

Overdensity Detection in experiments (ATLAS)

* Di-jet (large-R jets) resonance search A 5 (et
.. . o . C (jet)
= Training classifiers on data, with no labels
Mixed sample 2 Mixed sample 1
Mixed Sample 1 Mixed Sample 2 eos ‘
(..) CeOO®O®O® | OCO®O®
' ©0O00 | | @O©®6 £
OCOO®O®® | | ©CO®O®® 2
CWolLa |©0006 | |0eese —
@GOG | [ OCCG® signal J
Classification ~ * © ’ I\
Without Labels \0 1 / >
Metodiev, Nachman, Thaler . s
e Classifier Phys. Rev. Lett 121, 241808 (016
Features of B, C

e Performed on di-fatjet resonant search
@ Network is learning difference between Prob(b) and Prob(s+Db)

Phys. Rev. Lett. 125 (2020) 131801
R. Zhang China LHC Physics 2023, Nov 23-27 32



https://cds.cern.ch/record/2724057/files/ATL-PHYS-SLIDE-2020-235.pdf
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.125.131801

Summary ‘
e ML and HEP: an enduring partnership

- ML has been a longstanding companion in HEP in various stages of the data
analysis pipeline

@ ML as a Toolset for HEP

- ML serves as a valuable assistant, maximising the exploration of costly collision
data

- Choosing ML architectures based on the data structures to optimise efficiency

- Evolution towards unsupervised and semi-supervised learning on more generative
tasks

e Future directions
- Expanding training data to refine ML models

 Delving into lower level features to uncover hidden patterns
* Incorporating physics knowledge for a deeper contextual understanding

ML continues to unlock breakthroughs within the realm of HEP.

R. Zhang China LHC Physics 2023, Nov 23-27 33



Backup

R. Zhang

China LHC Physics 2023, Nov 23-27
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References

@ A Living Review of Machine Learning for Particle Physics
- https://iml-wg.github.io/HEPML-LivingReview/
- Updated summary on arXiv available submission in machine learning in HEP

® Neural Networks, Types, and Functional Programming

* http://colah.github.io/posts/2015-09-NN-Types-FP/
« Deep learning introduction in 10 min

® (New) Machine learning chapter in the particle data group

book:
* https://pdg.Ibl.gov/2023/reviews/rpp2022-rev-machine-learning.pdf
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https://iml-wg.github.io/HEPML-LivingReview/
http://colah.github.io/posts/2015-09-NN-Types-FP/

GN1 vs GN2

Updated Attention Mechanism

GN2 follows more closely the transformer architecture [1706.03762]
[2105.14491] [1706.03762]

Source
node A,

Source
node A,

Linear projections

— ™~

GN1—————p GN2

e, =a-0Wh;®Wh) B Attention scores e;; = (Wh; - Wih) /s

> Deeper & wider
> More attention heads

softmax(eij) : thj

; = softmax(e;) - Wih;

ij=

> RelLU — SiLU activation.

Next layer Dense

R. Zhang China LHC Physics 2023, Nov 23-27 36



Generative model: GAN

A summary blog

Generator

G(2)

Discriminator

D(x)

GAN: Adversarial / X
training

. @Generative Adversarial Networks (GANS): A pair of networks
where one produce realistic data and the other classifies it as fake
or real.

@ High-quality output @ Training instability
& Mode collapse

Paganini, et al, Phys. Rev. D 97, 014021 (2018)
Fauuci et al, arXiv:2309.06515
Ratnikov et al, arXiv:2207.04340
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https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://doi.org/10.1103/PhysRevD.97.014021
https://arxiv.org/abs/2309.06515
https://arxiv.org/abs/2207.04340

Generative model: VAE

A summary blog

Variational Autoencoders: A pair of networks where one embed the !
data into a latent space with a given prior and the other decode
back to the data space.

Encoder

VAE: maximize X |
qe(2[x)

variational lower bound

@ Structured latent representations & Less realistic outputs

Cresswell, et al, arXiv:2211.15380
Touranakou et al, arXiv:2203.00520
Abhishek et al, arXiv:2210.07430
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https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://arxiv.org/abs/2211.15380
https://arxiv.org/abs/2203.00520
https://arxiv.org/abs/2210.07430

Generative model: NF

A summary blog

Normalising flow: invertible transformations to map a simple
distribution to a complex one.

@ Exact likelihood computation

@ High generative capacity @ Slow sampling

Flow Inverse ’

f(2)

Flow-based models: X
Invertible transform of f (x)
distributions

Diefenbacher et al, 2023 JINST 18 P10017
Pang et al, arXiv:2308.11700

Krause et al, PhysRevD.107.113003
Buckley et al, arXiv:2305.11934
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https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://doi.org/10.1088/1748-0221/18/10/P10017
https://arxiv.org/abs/2308.11700
https://doi.org/10.1103/PhysRevD.107.113003
https://arxiv.org/abs/2305.11934

Generative model: Diffusion model

A summary blog

Diffusion model: gradually add Gaussian
noise to input and learn the added noise using NN.

& Slow sampling

& Strong generative performance & Difficult to train

Amram et al, Phys. Rev. D 108 (2023) 072014
Buhmann et al, arXiv:2309.05704
Mikuni et al, arXiv:2308.03847

Diffusion models: X0
Gradually add Gaussian - - - - - - - € ———=—=--  "%® nus “«-————— -
noise and then reverse

R. Zhang China LHC Physics 2023, Nov 23-27 40


https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.108.072014
https://arxiv.org/abs/2309.05704
https://arxiv.org/abs/2308.03847

ATLAS
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Decorrelation

Caution Part | 38 Enforcing Independence 39

How can we learn a classifier that does Train e.g. a neural network with a custom loss functional
not sculpt a bump in the background? ,
g L:[f(ﬂ?)] — Z@gs Lclassiﬁer(f(xi): 1) +Zi€b Lclassiﬁer(f (1[?;‘/), O)
+)\ Zieb Ldecor(f(xi)a mz)

4 Ideal case 4 Reality
Recent proposals:
> >
feature 1 feature 1

Nachman, Overview of Machine Jet Image Learning for Particle Physics
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https://indico.cern.ch/event/1264566/contributions/5348556/attachments/2690470/4668770/USATLASMLTraining2023.pdf

