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Nature Review

Years of data

Sensitivity

without machine

Sensitivity Ratio Additional
with machine of P data

Analysis  collection learning learning values required

CMS?4 2011-2012 2.2, 2.70,

H— vy P=0.014 P =0.0035

ATLAS#  2011-2012 2.5, 3.40,

H— 177 P =0.0062 P =0.00034

ATLAS®? 2011-2012 1.9, 2.50,

VH — bb P =0.029 P =0.0062

ATLAS*  2015-2016 2.8, 3.00,

VH — bb P =0.0026 P=0.00135

CMS10  2011-2012 1.4o, 2.10,

VH — bb P =0.081 P=0.018
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Google

chat gpt

[»] Videos "] Books : More

Q Al =) News [&] Images

About 10,700 results (0.31 seconds)

& The New York Times

Opinion | ChatGPT Has a Devastating Sense of Humor

The chat bot makes a lot of mistakes. But it's fun to talk to, and it knows its limitations.

3 weeks ago

& The New York Times

Can ChatGPT Make This Podcast?

It's writing podcast scripts, finishing students' homework and correcting mistakes in
computer code: ChatGPT, the A.l. chatbot from OpenAl,...

4 weeks ago

& The New York Times

How to Use ChatGPT and Still Be a Good Person

It's a turning point for artificial intelligence, and we need to take advantage of these
tools without causing harm to ourselves or others.

2 weeks ago

& The New York Times

Did Artificial Intelligence Just Get Too Smart?

The power and potential of a technology called ChatGPT have led some to claim it
heralds a new era in computing.

3 weeks ago

& The New York Times

ChatGPT is Social Media’s Newest Star

Social media's newest star is a robot: a program called ChatGPT that tries to answer
questions like a person. Since its debut last week,...
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® ‘Dense’ models ‘Sparse’ models* Nature: Robo-writers

Example prompt

Rigor [adj.] Open Al Google,
Something for scientists to aspire to, a state of mind GPT-3 . Switch
that would not be required if scientists could be trusted NI OR T OTTOTUTOTUOPONS
to do their job.
, — O
View next definition
........... £
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GPT-3’'s output:

The Literature [noun]

A name given to other people’s published papers, referred

to by scientists without actually reading them.
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(RNA polymerase domain) (adhesin tip)

@ Experimental result

@ Computational prediction
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100 million jets for training

Accuracy

PFN 0.772
P-CNN 0.809 354k
ParticleNet 0.844 370k
ParT 0.861 2.14M
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https://arxiv.org/abs/2202.03772

I'm a bit late with my presentation, could you summarise the latest progress in Machine
Learning for Particle Physics?



I'm a bit late with my presentation, could you summarise the latest progress in Machine
Learning for Particle Physics?

Sure! In recent years, there has been significant progress in the application of machine B N

learning techniques to particle physics. Some key areas where machine learning has made

significant contributions include:

1. Classification of particles: Machine learning algorithms, particularly deep learning
algorithms, have been successfully used to classify different types of particles based
on their properties and characteristics. For example, they can be used to identify and
distinguish between different types of hadrons (such as protons and neutrons) or
leptons (such as electrons and muons).

2. Event reconstruction: Machine learning algorithms have also been used to improve the
accuracy of event reconstruction in particle physics experiments. Event reconstruction
refers to the process of reconstructing the collision events that occurred in a particle
accelerator from the raw data collected by detectors. Machine learning algorithms can
be used to identify patterns and correlations in the data that can help scientists more
accurately reconstruct the events that occurred.

3. Particle identification: Machine learning algorithms have been used to identify and
classify particles based on their properties and characteristics. This can be particularly
useful in the context of high-energy particle colliders, where large numbers of particles
are produced in each collision event.

4. Simulation and modeling: Machine learning algorithms have also been used to improve
the accuracy of simulations and models in particle physics. For example, they have
been used to model the interactions between particles and the underlying physical
processes that take place during collisions.

5. Data analysis and interpretation: Machine learning algorithms have been used to
analyze and interpret large datasets generated by particle physics experiments. For
example, they have been used to identify patterns and correlations in the data that can
help scientists better understand the underlying physical processes at play.

Overall, machine learning has made significant contributions to particle physics and is
expected to continue to play a major role in this field in the future.
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algorithms, have been successfully used to classify different types of particles based
on their properties and characteristics. For example, they can be used to identify and
distinguish between different types of hadrons (such as protons and neutrons) or
leptons (such as electrons and muons).

Machine learning algorithms have also been used to improve the
accuracy of event reconstruction in particle physics experiments. Event reconstruction
refers to the process of reconstructing the collision events that occurred in a particle
accelerator from the raw data collected by detectors. Machine learning algorithms can
be used to identify patterns and correlations in the data that can help scientists more
accurately reconstruct the events that occurred.

3. Particle identification: Machine learning algorithms have been used to identify and
classify particles based on their properties and characteristics. This can be particularly
useful in the context of high-energy particle colliders, where large numbers of particles
are produced in each collision event.

Machine learning algorithms have also been used to improve
the accuracy of simulations and models in particle physics. For example, they have
been used to model the interactions between particles and the underlying physical
processes that take place during collisions.

Machine learning algorithms have been used to
analyze and interpret large datasets generated by particle physics experiments. For
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expected to continue to play a major role in this field in the future.



What makes particle physics special?

dP" = |Mq+ My|*dp,dp,...dp, Piaa = asPs + agPp

No truth label for individual events,

can only hope to constrain ag!
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Fully supervised Weakly supervised Unsupervised
e Requires truth labels e Requires physics knowledge to define e No signal prior, completely data driven
e Only possible using simulation regions enriched in signal/background
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v

Aggregate (mean/max/sum)

I
|
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— Voo
€;; = MLP(v;, Vi, Vjj 1)

Vj
‘ Fully connected

Lund-like features




SOTA: Graph Neural Networks acting on point cloud data
e ParticleNet (GNN on point cloud]
LundNet (GNN,Lund plane)
ABCNet (GNN, attention)
Point Cloud Transformers (transformer, attention)
ParticleNeXt (GNN, attention, Lund)

/

f

V'5 5(e1e5,. oo ,e6e5)

ParT (transformer, attention) *

Aggregate (mean/max/sum)

I
|
S B

L \A
e; = MLP(v;, v, v Y ‘ Fully connected
Lund-like features



https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2012.08526f
https://arxiv.org/abs/2001.05311
https://arxiv.org/abs/2102.05073
https://indico.cern.ch/event/980214/contributions/4413544/
https://arxiv.org/abs/2202.03772

SOTA: Graph Neural Networks acting on point cloud data
e ParticleNet (GNN on point cloud]

LundNet (GNN,Lund plane] N2

ABCNet (GNN, | .VM%?S

Point Cloud Transformers (transformer, ] , _1:,

ParticleNeXt (GNN, Lund) 5= (€125 65

ParT (transformer, ) *

Aggregate (mean/max/sum)

I
Fully connected
‘
S B

Fully connected
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Transformers and (self-)attention

[Self-)Attention
e Allows inputs to interact with each other {“self”) and find out who
they should pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

The

didn’t
Cross
the

street

because

it
was

too
tired

The
animal
didn’t
Cross
the

because

It
was
too
wide

The
animal
didn’t
Cross
the
street
because

was

too
tired

The
animal
didn’t
Cross
the
street
because

was

too
wide

Google Al blog



https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

Transformers and (self-)attention

[Self-)Attention
e Allows inputs to interact with each other (“self”) and find out who
they should pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

Weighted sum over all input vectors:
Y = 2 WijX;
]

Weight (how related inputs are):

/ T

Wij = Xi Xj
Map to [0,1]: /
exp Wi,
Wij —

/
)_j €Xp W,



Transformers and (self-)attention

[Self-)Attention
e Allows inputs to interact with each other (“self”) and find out who
they should pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

Weighted sum over all input vectors:
Y = 2 WijX;
]

Weight (how related inputs are):

/ T

Wij = Xi Xj
Map to [0,1]: /
exp Wi,
Wij —

/
)_; €Xp W,

xj>MLP(x))
Xi—>MLP(xi)




Transformers and (self-)attention

[Self-)Attention
e Allows inputs to interact with each other (“self”) and find out who
they should pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

Attention weights: weighted importance between each pair of particles
e Determine relationship between all particles of point cloud
e Jet features become parameters of the model
e Several attention layers — different important features
[multi-head attention)

Weighted sum over all input vectors:
Y = 2 WijX;
]

Weight (how related inputs are):

I _ ~ T
Map to [0,1]: /
exp Wij
Wij —

/
)_; €Xp W,

xj>MLP(x))
Xi—>MLP(xi)




Transformers and (self-)attention

[Self-)Attention
e Allows inputs to interact with each other (“self”) and find out who
they should pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

Attention weights: weighted importance between each pair of particles
e Determine relationship between all particles of point cloud
e Jet features become parameters of the model
e Several attention layers — different important features
[multi-head attention)

Transformer:
e Only set of interaction between units Is self-attention!

Weighted sum over all input vectors:
Y = 2 WijX;
]

Weight (how related inputs are):

I _ ~ T
Map to [0,1]: /
exp Wij
Wij —

/
)_; €Xp W,

xj>MLP(x))
Xi—>MLP(xi)




Transformers and (self-)attention

[Self-)Attention
e Allows inputs to interact with each other (“self”) and find out who

they should pay more attention to (“attention”).
e Qutputs: aggregates of interactions and attention scores

Attention weights: weighted importance between each pair of particles
e Determine relationship between all particles of point cloud
e Jet features become parameters of the model
e Several attention layers — different important features
[multi-head attention)

Transformer:
e Only set of interaction between units Is self-attention!

Example prompt

Rigor [adj.]
Something for scientists to aspire to, a state of mind

that would not be required if scientists could be trusted
to do their job.

View next definition

GPT-3's output: 1 of 10

The Literature [noun]

A name given to other people’s published papers, referred
to by scientists without actually reading them.

Gwern.net
)
Weight (how related inputs are): xi->MLP(x)
xi—>MLP(xi)
,v\)/ — 7(}.11)C.
j = Xi X
Map to [0,1]: /
exp W,
Wij —

/
)_; eXp Wi,
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ABCNet:

Pixel intensity = particle importance w.r.t most energetic particle in jet, from attention weights

No substructure information given, learned through attention layers!
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BETTER

Physics-informed networks respecting Lorentz group symmetries!
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Energy Flow Networks

Latent Dimension 128



https://arxiv.org/abs/1810.05165
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€& Go to NeurIPS 2022 Track Datasets and Benchmarks h...

Why do tree-based models still
outperform deep learning on
typical tabular data? =

Leo Grinsztajn, Edouard Oyallon, Gael

Varoquaux

06 Jun 2022 (modified: 16 Jan 2023)  NeurIPS 2022 Datasets and
Benchmarks Readers: (@ Everyone  Show Bibtex  Show
Revisions

Abstract: While deep learning has enabled tremendous progress on text
and image datasets, its superiority on tabular data is not clear. We
contribute extensive benchmarks of standard and novel deep learning
methods as well as tree-based models such as XGBoost and Random
Forests, across a large number of datasets and hyperparameter
combinations. We define a standard set of 45 datasets from varied
domains with clear characteristics of tabular data and a benchmarking
methodology accounting for both fitting models and finding good
hyperparameters. Results show that tree-based models remain state-of-
the-art on medium-sized data (~ 10K samples) even without accounting
for their superior speed. To understand this gap, we conduct an empirical


https://arxiv.org/abs/1804.06913

Train on simulation, test on data

| | | | | | | | | | | | |

Eur. Phys. J. C 74 (2014) 3023
ATLAS Simulation
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If data and simulation differ, this is sub-optimal!

L = q/(q+9)


https://indico.cern.ch/event/649482/contributions/2993322/attachments/1688082/2715256/WeakSupervision_BOOST2018.pdf

Is Nature Herwig++, MadGraph or Pythia? LO(Pythia) or NLO (Powheq)?

QCD Pythia8 (nominal)
QCD Herwig++

QCD MadGraph+Pythia
owheg

Dijet invariant mass (GeV)



Semisupervised: Classification without Labels

S enriched sample in data B enriched sample in data

LABEL = SIGNAL LABEL = BKG
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Efficiency of selecting electron neutrinos improved by 40%
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Sensitivity Sensitivity Ratio Additional

Years of data without machine with machine of P data ® LLF taggers .PELICAN LorentzNet
Analysis  collection learning learning values required HLF taggers T O
CMS24 2011-2012 2.2, 2.70, 4.0 51%
=="r P=0.014 P =0.0035 Physics-informed networks

ATLAS*®  2011-2012 2.5¢, 3.40, 18 859% ParticleNet ParT
H s 7t P— 0.0062 P — 0.00034 ® o
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VH — bb P=0.029 P =0.0062
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ML for higher sensitivity & ML for higher efficiency



A3D3 Institute https://a3d3.ai/
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High Luminosity LHC

New Physics is produced 1 in a trillion
e Need more collisions to observe rare processes




High Luminosity LHC

New Physics is produced 1 in a trillion ooz |
e Need more collisions to observe rare processes ‘

/m K
y 0.00 |

High Luminosity LHC
e X10 Increase In data size

e X3 collisions per second

-0.02 |

How xim
e X2 protons per bunch

e Squeeze beam at interaction point (8*)

| 2022 | 2023 | 2024 | 2025 | 2026 | 2027 | 2028 | 2029 | .. | 2037 | 2038
e | MARWGRADE | HLlWC

Run 3 = = Run 4+5




High Luminosity LHC

LHC

200 vertices
(average 140)

78 vertices
(average 60)
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High Luminosity LHC

Must maintain physics acceptance — better detectors

CMS High Granularity (endcap) calorimeter
e 85K (today) > 6M (HL-LHC) readout channels

More collisions
More readout channels
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http://home.fnal.gov/~chlebana/CMS/TDR-17-007-paper-v5.pdf

Computing resources

50000

Total CPU[kHSO06-years]
S S 8 3
S S S S

0

CMSOfflineComputingResults

. CMS Public

- Total CPU /
! 2022 Estimates /
— —i— No R&D improvements /
i -®- Weighted probable scenario /

== = 10 to 20% annual resource increase P 4

|
2021

| | | | |
2029 2031 2033 2035 2037

Year

| | |
2023 2025 2027

... flat computing budget

Need innovation and new techniques to maintain physics reach
while staying within throughout requirements!


https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

Todays algorithms will not be sustainable in HL-LHC!
— Utilise modern Machine Learning to become
faster

better
and do more
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Efficient NN design for edge compute

Before deploying any DNN on chip (CMS trigger, iPhone), must make it efficient!
e Big engineering field in 1its own right

During training
e Quantization: do you really need 32-bit FP precision?
e Pruning: removal insignificant synapses
e Knowledge distillation

Post-training
e Parallelisation (lower latency < more resources)

From 8 GPU server to tiny FPGA!
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www.nature.com/natmachintell / August 2021 Vol. 3No. 8

Nature Machine Intelligence 3 (2021) natur.e
machine

intelligence

Quantized neural networksontheedge
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https://www.nature.com/articles/s42256-021-00356-5

FPGA performance

., Nisdmt arXiv:1804.06913
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ML for compression

CMS High Granularity calorimeter ' J
e 6.0 million readout channels, 50 layers oW " " W




ML for compression

CMS High Granularity calorimeter
e 6.0 million readout channels, 50 layers

w " "
o 4




ML for compression

To L1

Must compress ON DETECTOR
e High radiation
e Cooled to -30 - low power
e 1.5 ys latency



ECON-T, D. Noonan

ML for compression

(lower dim.
space)
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Encoded data

Variational Autoencoder


https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf

ECON-T, D. Noonan

ML for compression

Encoded data


https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf

ECON-T, D. Noonan

ML for compression

On FPGA
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf
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https://indico.cern.ch/event/1156222/contributions/5062791/attachments/2521161/4335130/DNoonan_ECON_Autoencoder_FastMLWorkshop_Oct_3_2022.pdf

ML for reconstruction

On FPGA

Encoded data

On FPGA: 3.5 us to cluster energy deposits




ML for reconstruction
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On FPGA: 3.5 ys to cluster energy deposits

e Graph Neural Networks (GarNet/GravNet) for fast clustering of irregular geometry detectors

EPJC Vol 79 608 (2019)

100

—100


https://link.springer.com/article/10.1140/epjc/s10052-019-7113-9

Searches for new particles at LHC
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Bias in particle physics

Not interesting region

Standard Model
[simulated events)
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Need to exploit the
full capabilities

of the LHC and be
more generic!



Limitations of current trigger

- - LOST DATA
B SELECTED DATA
- - POSSIBLE NP SIGNAL

Level-1 rejects >99% of events!
|s there a smarter way to select?
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Trigger threshold Energy (GeV)



Look at data rather than defining signal hypothesis a priori
- - LOST DATA e Can we “classify” objects/events?

B SELECTED DATA
- - POSSIBLE NP SIGNAL
AN clusters

normal data

»
® noise
anomalous data
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Trigger threshold Energy (GeV)



ML for anomaly detection

Autoencoders: Learns from data

e Trains unsupervised
e [ earns to compress, then reconstruct data
e Often used for financial fraud detection
e Low rate of anomalous events versus high rate “background”

Real data X | | . _Reconstructed data X




ML for anomaly detection

Autoencoders: Learns from data

e Trains unsupervised
e [ earns to compress, then reconstruct data
e Often used for financial fraud detection
e Low rate of anomalous events versus high rate “background”

Real data X | | . Reconstructed data X

e Difference X-X defines "degree of abnormality”



Nature Machine Intelligence 4, 154 (2022)

ML for anomaly detection

- - LOST DATA
B SELECTED DATA
- - POSSIBLE NP SIGNAL

Select based on degree of abnormality!
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https://www.nature.com/articles/s42256-022-00441-3

Event clustering: t-SNE for NoVA

Nature Review
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https://www.nature.com/articles/s41586-018-0361-2

mpp-hep.github.io/ADC2021/
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Data challenge on real-time anomaly detection
e Dataset: Nature Scientific Data (2022) 9:118

Tutorial: Anomaly detection on FPGA with hlséml

Help us find new physics!



https://www.nature.com/articles/s41597-022-01187-8.pdf
github:thaarres/quantumUniverse_pynqZ2
https://mpp-hep.github.io/ADC2021/

F. Capel et al.

Real-time ML in other experiments

I

Reporting on international high-energyjphysics
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Taking plasma accelerators to market
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