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Introduction
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Particle colliders



https://www.businessinsider.com.au/what-happens-inside-a-particle-collider-2015-4

https://www.calcmaps.com/map-radius/
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The Large Hadron Collider (LHC) is a 3 mile radius accelerator
facility, accelerating particles near the speed of light
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The Challenge

Standard Model Production Cross Section Measurements Status: May 2017
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Events / GeV

Data - Bkg

The Challenge

1 S —— . . o
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The Challenge

CMS Experiment at the LHC, CERN
% 4 Data recorded: 2018-Nov-0820:48:06.756040 GMT

~ | Run/Event/LS: 326382 /309207 / 7

The trick: Bunches of
protons cross each other
every 25 ns, resulting in
about 600 Million effective
collisions per second




The Challenge
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Source: CMS-NOTE-2022-008

Future upgrades of the LHC
experiment will aim to
increase the likelihood of
collisions happening,
exceeding the current
computing budget



The Challenge

Physics L _ > Detector --> Simulated data

Physics Theory - > o lation Simulator

We can only compare our physics predictions with
experiments through the use of simulations. Detector
simulation takes more than 40% of the computing resources




Generative models

Random Noise
€ ~ ple

Source:

Generative models are a class of algorithms trained to hitps://yang-Song.netlblog/2021/score!

transform easy-to-sample noise into data



https://yang-song.net/blog/2021/score/

Diffusion Generative Models

S ‘ OF DIGITAL MATERIALS
“g#s| FOR THE PLANET |

B © 28 “Scientists from BIDMAP
/- W working on Science and
Machine Learning”

https://openai.com/dall-e-2 m



Diffusion Generative Models

Forward SDE (data — noise)

Q dx = f(x,t)dt + g(t)dw
| - o ;cdr function
‘(— dx = [f(x,t) — & log p:(x)| dt + g(t)dw

Reverse SDE (noise — data)

Source:
https://yang-song.net/blog/2021/score/



https://yang-song.net/blog/2021/score/
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Physics Simulation

e V. Mikuni and B. Nachman Phys. Rev. D 106, 092009
e V. Mikuni and B. Nachman 2024 JINST 19 P02001

Generated by CaloScore

First Diffusion model in
High Energy Physics
named CaloScore.

Up to 50k Detector
Components simulated



Diffusion Generative Models for Detector Simulation

Improve energy
conservation by training 2
conditional diffusion

1 models: One on normalized
| pixel responses and one to
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Physics Simulator

CaloScore

10°-10° times
faster than full
physics
simulation!
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What we measure
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Unfolding
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The Challenge

Energy Correlations in Electron-Positron Annihilation: Testing Quantum Chromodynamics

C. Louis Basham, Lowell S, Brown, Steph.en D. Ellis, and Sherwin T. Love N Ot eve ryth i n g iS n at u ra | |y re p rese nted

Department of Physics, i i eattle, Washington 98195
(Received 21 August 1978) h M |
An experimental measure is presented for a precise test of quantum chromodynamics. by a I Stog ra I I I .

This measure involves the asymmetry in the energy-weighted opening angles of the jets

of hadrons produced in the process e*e” — hadrons at energy w. It is special for several M

reasons: It is reliably calculable in asymptotically free perturbation theory; it has ra- . S O m e O b S e rva b | e S a re n ot S I m p |y
pidly vanishing (order 1/w?) corrections due to nonperturbative confinement effects; and

it is straightforward to determine experimentally.
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Natural

Synthetic

Detector-level

Data

&

Step 1:

Reweight Sim. to Data

Data
Up—1 — Wp,

Simulation

L R
AR

——

Pull Weights

—_—
L—

Push Weights

Particle-level

Step 2:

Reweight Gen.

Wn,
Vn—1 > Un

-

Generation

=

e

2-step iterative process

= Step 1: Reweight simulations to
look like data

= Step 2: Convert learned weights
into functions of particle level
objects

Source: Andreassen et al. PRL 124,
182001 (2020)



Natural

Synthetic

Particle-level

Detector-level

Data

&

Step 1:

Step 2:
Reweight Sim. to Data

Reweight Gen.
Data w
Upn—1 — Wn Vn—1 = Vn ‘

Pull Weights

Slrnul‘atmn —_— Generation

L

R G— % <
Push Weights

2-step iterative process

Step 1: Reweight simulations to
look like data

Step 2: Convert learned weights
into functions of particle level
objects

Use classifiers to learn the
reweighting functions!

Source: Andreassen et al. PRL 124,
182001 (2020)



|§|m Histograms are not used during the measurement,

only to display the results
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Jet Charge (A})

As the energy scale increases, so does the
likelihood of scattering a valence quark
from the proton, resulting in more positive
jet charges! ) E

H1 Collaboration: PLB 844 (2023) 138101 <&~



In practice
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We can quantify this statement by

looking at the average jet charge versus
energy scale
No histograms needed!

Source: Andreassen et al. PRL 124,
182001 (2020)
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https://www.symmetrymagazine.org/article/december-2013/four-things-you-might-not-know-about-dark-matter

The Challenge

Q: How do you find a
needle in a haystack?




The Challenge

Q: How do you find a
needle in a haystack?
A: You use a magnet!




The Challenge
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Plausible Theory:
SUSY, WIMPs, LLPs

~

J

-

Verification: Confirm
the theory using data

~

J
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Search for anomalies!
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}f} Anomaly detection

Autoencoders learns to compress and
decompress data

Anomalies are often poorly decompressed,
yielding a high reconstruction error
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« Background (0.01) . e
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}f} Anomaly detection
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observation is anomalous
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}f} Anomaly detection performance

No anomaly
ther colors:

nificance
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0.1% anomalies
and 99.9%
background

V. Mikuni, B. Nachman, and D. Shih. Physical Review D 105.5 (2022): 055006.
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Foundational Models

Foundational models are everywhere now

In essence, these models are trained on large datasets and can be
used for multiple tasks

How does a foundational model for science looks like?

S ¥ Claude

OQ Meta f%\ y

BBBBBBBBBBB

ChatGPT
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repr %‘ THE TRANSFORMER | am a student | OUTPUT

Data Learning

Enter text:
One, two,

nifi &

con- .
Lorem ipsum dolor
re et

nve- . L N . ] cou
mo  Sitamet, consectetur adipiscing elit, ..
con- J . s ye blar
»n  sed do eiusmod tempor incididunt
reeu wail
ccae-  eiusmod tempor incididunt utlabore etdo-  aliquip ex ea commodo consequat. the
;ulpa  lore magna aliqua. Ut enim ad minim ve- Duis aute irure dolor in reprehenderitin - sint
labo-  niam, quis nostrud exercitation ullamco  voluprate velit esse cillum dolore eu fugiat  inc

laboris nisi ut aliquip ex ea commodo con-  nulla pariatur. Excepteur sint occaecatcup-  est

adip-  sequat. Duis aute irure dolor in reprehen-  idatat non proident, sunt in culpa qui offi-  sect
icidi-  deritin voluprate velitesse cillum doloreen  cia deserunt mollit anim id est laborum.  tem
a. Ut fugiat nulla pariatur. Excepteur sint occae-  Lorem ipsum sit amet, consectetur adipi- nas
exer-  cat cupidatat non proident, sunt in culpa  scing elit, sed do eiusmod tempor incidi-  nos
exea  quiofficiadeserunt mollitanimid estlabo-  dunt ur labore et dolore magna aliqua. Ut aliq
Jolor  rum. Lorem ipsum sit amet, consectetur  enim ad minim veniam, quis nostrud exer-  aute
ecil-  adipiscing elit, sed do eiusmod temporin-  citation ullamco laboris nisi utaliquipexea  lupt
«wep-  cididunt ut labore et dolore magna aliqua.  commodo consequat. Duis aute irure dolor  null
dent,  Utenimad minim veniam, quisnostrudex-  in reprehenderit in voluptate velit esse cil-  con
allit  ercitation ullamco laboris nisi utaliquipex  lum dolore eu fugiat nulla pariatur. Lorem  tem
n sit ea commado conseanar. Duis ante irnre  insum dolorsitamer. consecteturadiniscine naa
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ENCODER %

ENCODER STACK

ENCODER i

DECODER

R DECODER

J

INPUT Lje suis  étudiant

One 7 two !
5108 1 s

3198 11 734 11

Prediction
# probs next token ID predicted next token
0 39.71% 1115 three
1 16.97% 290 and
2 7.55% 734 two




Model Learnin

CMS Experiment at the LHC, CERN |
g L= Eclass -+ Lgen + Eclass smear

Pty G . o o (2
= CE(Y, Yprea) + IV — Vpreal® + > CE(y, Jprea)
pred pred Y, Ypred
PET Body
G
s N
Classifier | | Generator
Head Head
_ J
| |
( N\
Class Generator
L Labels 3 Outputs )
(] OOO



Improving Generative Models

le—2 Jet class Model WIM (x10~%)[WF (x10~%)[WE™F (x10~°)[ FPND [Cov{[MMD
FPCD [52] 0.36 £ 0.08 |0.34 £ 0.09| 0.47 +0.13 0.07 0.55 | 0.03
Top quarks 1 Generated Top quarks Gluon FPCD 1 [52] 0.65 £ 0.11 [0.34 £ 0.06| 0.60 £ 0.09 0.11 0.55 | 0.03
MP-GAN [44] 0.69 + 0.07 | 1.8+ 0.2 0.9 + 0.6 0.20 0.54 | 0.037
4.0 EPIC-GAN [45] 03+01 | 1.6+02 0.4+02 [1.01£007| - 5
PET generator 0.42 +0.10 |0.36 + 0.08| 0.35 + 0.08 0.04 0.55 | 0.03
PET generator (Ideal)| 0.36 + 0.08 [0.34 + 0.09| 0.47 + 0.13 0.07 0.55 | 0.03
OMNILEARN 0.38 + 0.08 |0.33 + 0.07| 0.33 + 0.09 0.02 |0.55|0.03
3.5 OMNILEARN (Ideal) | 0.33 + 0.06 |0.29 + 0.08| 0.30 + 0.07 0.02 055 0.03
FPCD [52] 0.52 £ 0.07 |0.27 £ 0.06| 0.38 £ 0.11 0.08 0.49 | 0.02
Light Quark FPCD 1 [52] 0.59 + 0.08 | 0.36 + 0.08 | 0.50 % 0.08 0.09 0.48 | 0.02
3.0 MP-GAN [44] 06+02 | 49405 0.7 + 0.4 0.35 0.50 | 0.026
e EPIC-GAN [45] 05+01 | 40+04 08+04 [043+003| - :
- PET generator 0.39 +0.12 | 0.35 + 0.06 | 0.24 + 0.10 003  |0.54| 0.02
= PET generator (Ideal)| 0.31+ 0.08 | 0.38 +0.10 | 0.23 + 0.07 0.03 0.53 | 0.02
g25 OMNILEARN 0.24 + 0.03 |0.32 + 0.07| 0.24 + 0.08 002 |0.54| 0.02
o OMNILEARN (Ideal) | 0.31 & 0.08 |0.30 + 0.09| 0.26 + 0.08 0.01  |0.54| 0.02
@ FPCD [52] 0.51 £ 0.07 | 041 £0.12 | 1.25 £0.19 0.17 0.58 | 0.05
N Top Quark FPCD 1 [52] 1.22+0.09 | 046 +0.10| 2.66 & 0.26 0.56 0.57 | 0.05
< 2.0 MP-GAN [44] 06+02 | 23+03 241 0.37 0.57 | 0.071
g EPIC-GAN [45] 0.5+ 0.1 2.1+ 0.1 L7+03 (03140037 - -
= PET generator 0.44 + 0.03 |0.29 + 0.07| 1.09 + 0.23 0.07 0.58 | 0.05
° PET generator (Ideal)| 0.41 + 0.07 |0.34 + 0.08| 1.22 + 0.23 0.07 0.58 | 0.05
Z15 OMNILEARN 0.43 + 0.06 |0.30 + 0.07| 1.31 4 0.18 0.04 0.58 | 0.05
OMNILEARN (Ideal) | 0.36 + 0.05 | 0.41 + 0.08 | 1.02 + 0.20 0.03  |0.58]0.05
FPCD [52] 0.26 £ 0.03 | 0.39 £ 0.08 | 0.15 & 0.02 : 0.56 | 0.02
1.0 W Boson FPCD 1 [52] 0.94 + 0.06 | 0.42 +0.09 | 0.35 + 0.03 . 0.56 | 0.02
. PET generator | 0.17 + 0.04 [0.26 + 0.05| 0.11 + 0.02 - 0.56 | 0.02
PET generator (Ideal)| 0.15 + 0.02 |0.31 + 0.07| 0.12 + 0.03 - 0.57 | 0.02
OMNILEARN 0.19 + 0.03 |0.27 + 0.07| 0.10 + 0.02 - 0.57| 0.02
0.5 OMNILEARN (Ideal) | 0.16 + 0.06 |0.28 + 0.04| 0.10 + 0.02 = 0.57/ 0.02
FPCD [52] 0.21 £ 0.04 | 0.40 £0.13 | 0.18 £0.03 E 0.56 | 0.02
Z Boson FPCD 1 [52] 0.99 £ 0.05 | 0.35 + 0.06 | 0.49 + 0.03 - 0.56 | 0.02
0.0 PET generator | 0.22 =+ 0.04 [0.32 + 0.07| 0.20 + 0.04 5 0.57| 0.02
. y y " " ; . . . " PET generator (Ideal)| 0.18 + 0.10 |0.30 + 0.08| 0.14 + 0.02 - 0.56 | 0.02
60 80 100 120 140 160 180 200 220 OMNILEARE\! ; 0.19 £ 0.07 |0.32 + 0.09| 0.12 + 0.03 - 0.57 | 0.02
Jet Mass [GeV] OMNILEARN (Ideal) | 0.22 + 0.05 |0.27 + 0.06| 0.13 + 0.02 : 0.57/ 0.02

Simultaneously improving generative models, unfolding, and
anomaly detection in 9 different benchmarks! 4



}f} Improving Unfolding

2.5

1 Pythia Reweighted OmniLearn "] Pythia
[ Pythia Reweighted Data (Herwig)
2 201 Metric MurtiFoLp UniForp IBU OwmnNiIFoLD
‘;:‘ DeepSets PET classifier OMNILEARN
= 1.51 Jet mass 3.80 8.82 9.31 2.77 2.84+0.9 2.61+0.8
IS N 0.89 1.46 1.51 0.33 0.50%0.15 0.34+0.1
g 1.0 Jet Width 0.09 0.15 0.11 0.10 0.0940.02 0.07+0.01
g log p 0.37 0.59 0.71 0.35 0.231+0.07 0.14+0.03
- 21 0.26 1.11 1.10 0.53 0.1340.03 0.05+0.01
' Zg 0.15 0.59 0.37 0.68 0.1940.03 0.21+0.04
0.0
=]
214 .o .
=
" Training time reduced by a factor 2!
o
E 0.9

0.0 0.2 04 0.6 0.8 1.0 1.2
T21

Simultaneously improving generative models, , and
anomaly detection in 9 different benchmarks!



}(} Improving Anomaly Detection

Improved sensitivity to new physics:
requires 4 times less data to find the signal!

800 1000 1500 2000 2500 3000
Injected Signal Events (nbkg = 100000)

Simultaneously improving generative models, unfolding, and
anomaly detection in 9 different benchmarks! 4



}f} Improving Everything!

Acc  AUC Tfes AUC de _ Ljeg
es = 0.5 es =0.8 .
N es =05 es=03 ResNet 50 0885 0803 214 513 More benchmarks in
P-CNN [37 0.827 0.9002 34.7 91.0 EFN 0.901 0.819 26.6 6.12 . .
PFN [34] . 0.9005 34.740.4 - hIDNN 0.938 0.863 515  10.5 V. Mikuni, B. Nachman,
; DNN 0.942 0.868 67.7  12.0 .
ParticleNet [37] 0.840 0.9116 39.8+0.2 98.6+1.3  DNN 0o Do g O arXiv:2404.16091
rPCN [38] - 0.9081 38.6 £ 0.5 - ParticleNet 0.961 0.894 153.7 204
ParT [41] 0.840 0.9121 41.3 £ 0.3 101.2 £ 1.1  PET classifier (4M) 0.959 0.890 1465  19.4 ATC Ace T
ParT-f.t. [41] 0.843 0.9151 42.4 + 0.2 107.9 £ 0.5 OMNILEARN (4(M) ) 0.961 0.894 172.1 20.8 es=05 €s =038
PET classifier 0.837 0.9110 39.92+0.1 104.9 + 1.5  PET classifier (40M) 0.964 0.898 201.4  23.6  PET classifier 0.875 0.796 23.91 £ 0.07 4.770 £ 0.001
OMNILEARN  0.844 0.9159 43.7+0.3 107.7 + 1.5 COMNLEARN (40M) 0.965 0.899 207.30 24.10  OmNILEARN 0.877 0.797 24.36 + 0.01 4.836 + 0.004
Jet class Model WM (x107%)[WY (x107%) [WIFFF (x107°)] FPND [Covt|MMD PET classifier OMNILEARN
FPCD [52] 0.36 + 0.08 [0.34 + 0.09| 0.47 + 0.13 0.07 0.55 | 0.03
Gluon FPCD 1 [52] 0.65+ 0.11 |0.34 + 0.06| 0.60 =+ 0.09 011 | 0.55| 0.03 Jet mass  0.13+0.03  0.027:-0.008
MP-GAN [44] 0.69 £0.07 | 1.8+0.2 0.9 £ 0.6 020 |054|0037| N 0.13£0.03  0.05+0.02
EPIC-GAN [45] 0.3 + 0.1 1.6 £ 0.2 0.4 £+ 0.2 1.01 £ 0.07 | - - Jet Width  0.0940.02 0.02+0.01
PET generator 0.42 + 0.10 |0.36 £+ 0.08| 0.35 £ 0.08 0.04 0.55 | 0.03 log p 0.08+0.02 0.03+0.01
PET generator (Ideal)| 0.36 + 0.08 [0.34 + 0.09| 0.47 + 0.13 0.07 0.55 | 0.03
OMNILEARN 0.38 + 0.08 |0.33 + 0.07| 0.33 + 0.09 0.02 | 0.55| 0.03 T21 0.08::0.03 0.02:0.01
OMNILEARN (Ideal) | 0.33 + 0.06 |0.29 + 0.08| 0.30 + 0.07 0.02 | 0.55 | 0.03 Zg 0.04+0.01  0.001+0.004

Simultaneously improving generative models,
and anomaly detection in 9 different benchmarks!



Data Model

Open Catalyst 2020 (OC20) Dataset
Descriptors Fre ¢

ooy
i-Path

ki

Metals

Intermetallics

lonic compounds

e
2D Materials Chem. and CO, Utilization

Learning



}(} Conclusions

------------- hemoumase <7 Alisrevolutionizing the way to do science
. " . o Atthe LHC, large amounts of data
T Newimeea ~ motivate the use of Al to accelerate

discovery

e Beyond the LHC, Al enables
interdisciplinary research

e Interdisciplinary models could bring
new discoveries: Foundational models
for Science!




7
THANKS!

Any questions?







Fast Detector Simulation




Improving Simulations even Further

Diffusion generative models in latent space for calorimeter simulation.
Thandikire Madula, PhD Student at UCL: submission accepted at
NeurlPS 2023 ML4PS Workshop

Calorimeter detector simulation with continuous normalizing flows.
Chirag Furia, CS Undergraduate Student at Brown University: submission
accepted at NeurlPS 2023 ML4PS Workshop

Faster diffusion generative models for jet generation.
Yash Melkani, Physics Undergraduate Student at UC
Berkeley




Diffusion Generative Models

ON THE THEORY OF THE BROWNIAN MOTION

By G. E. UHLENBECK AND L. S. ORNSTEIN

UUNIVERSITY OF MICHIGAN, ANN ARBOR AND PHysIscH LaBorATORIUM DER R. U. UTRECHT,
HoLLAND

(Received July 7, 1930)
ABSTRACT

With a method first indicated by Ornstein the mean values of all the powers of the
velocity % and the displacement s of a free particle in Brownian motion are calculated.
It is shown that % —ueexp(—pBt) and s—uo/8[1 —exp(—pt)] where uo is the initial
velocity and 8 the friction coefficient divided by the mass of the particle, follow
the normal Gaussian distribution law. For s this gives the exact frequency distribu-
tion corresponding to the exact formula for s2 of Ornstein and Fiirth. Discussion
is given of the connection with the Fokker-Planck partial differential equation.
By the same method exact expressions are obtained for the square of the deviation
of a harmonically bound particle in Brownian motion as a function of the time and
the initial deviation. Here the periodic, aperiodic and overdamped cases have to be
treated separately. In the last case, when 8 is much larger than the frequency and for
values of £3>871, the formula takes the form of that previously given by Smoluchowski. N 4



Diffusion Generative Models

. . . Communications i
A Mechanical Model of Brownian Motion Mathematical
Physics
D. Diirr*, S. Goldstein**, and J. L. Lebowitz*** © Springer-Verlag 1981

Department of Mathematics, Rutgers University, New Brunswick, NJ 08903, USA

Abstract. We consider a dynamical system consisting of one large massive
particle and an infinite number of light point particles. We prove that the
motion of the massive particle is, in a suitable limit, described by the Ornstein-
Uhlenbeck process. This extends to three dimensions previous results by
Holley in one dimension.

The ultimate mathematical idealization of this phenomenon is the Ornstein-
Uhlenbeck process for the position and velocity of the Brownian particle (X,, 1)),
described by the stochastic differential equations

dX,=Vdt, 0.1)
dK=—aZdt+]/EdE{, az0, D=0, W,=Wiener process. | (0.2)

The position process X, converges in an appropriate limit (e.g. a— 00, a*/D = const)
to a Wiener process.




Score matching/denoising/diffusion

Denoise diffusion models are the newest state-of-the-art generative
models for image generation.
Pros:
Stable training: convex loss function
Scalability: Network complexity is more sensitive to the
architecture than the dimensionality
Access to data likelihood after training: similar to NFs, but
overall normalization is not required during training
Cons:
Slow sampling: Possibly 1000s of model evaluations to
generate realistic images




The common choice for A(t) is a(t)? resulting in the loss function
~ 2
B, o) [llo(t)s9(@,) + (0, DI

Another important result is when A(t) is g(t)? that represents an

upper bound of the data likelihood

T
KL(po(x)llpo(x)) < S Ercuu(o1)Ep, () [A()[[Vx log pi(x) — so(x, 1))

+ KL(pr || 7).

Allowing the maximum-likelihood training of diffusion models!


https://arxiv.org/abs/2101.09258

Generation

Generation of new samples is done by

solving the reverse SDE Forward SDE (data — noise)
Langevin dynamics is used to draw dx = £(x,t)dt + g(t)dw H@
samples from p(x) using only the score PR —

x(0)
function .i
High fidelity samples require small time ; e
steps, dx = [£(x,t) — ¢*(t)Vx logpt(xl ) dt + g(¢) @
For Calorimeter generation, 0(100) Reverse SDE (noise — data)
evaluations are enough to produce precise
results

Xi+1(—Xi+€vx10gp(X)+\/2—€Zi, ’I::O,].,"',K, n




Particle generation

Light quark Gluon top quark

JetNet30 and JetNet150 Datasets
Datasets with up to 30 or 150 particles
Multiple jet classes including: W/Z bosons, Light quarks, Gluons

4


https://zenodo.org/record/6975118
https://zenodo.org/record/6975117

Particle generation

Mikuni, V, Nachman, B., and M.
Progressive distillation is used to reduce the overall number of function evaluations  Pettee Phys. Rev. D 108, 036025

e Single-shot generation with almost no performance degradation

FPCD: top FPCD: top 8 steps FPCD: top 1 step

lll.lll.l.llll— —lllllllllll

4



Jet class Model WiV (x107%)[ WT (x107°) [Wi ™" (x107°)| FPND [Covt|MMD

FPCD 0.36 + 0.08 [ 0.34 = 0.09 | 0.47 + 0.13 0.07 0.55| 0.03

FPCD 8 0.60 = 0.16 |0.36 = 0.07 | 0.54 £ 0.09 0.07 0.55| 0.03

Gluon FPCD 1 0.65 £ 0.11 | 0.34 + 0.06 0.60 = 0.09 0.11 0.55| 0.03

MP-GAN [35] | 0.69 £+ 0.07 1.8 £0.2 0.9 £0.6 0.20 0.54 | 0.037
EP1C-GAN [36]| 0.3 + 0.1 1.6 £ 0.2 0.4 £ 0.2 1.01 £0.07| - -

FPCD 0.52 + 0.07 | 0.27 £ 0.06 | 0.38 = 0.11 0.08 0.49 | 0.02

FPCD 8 0.59 £+ 0.14 | 0.35 £ 0.05 0.44 + 0.07 0.09 0.48 | 0.02

Light Quark FPCD 1 0.59 + 0.08 | 0.36 £ 0.08 0.50 & 0.08 0.09 0.48 | 0.02

MP-GAN ([35] 0.6 + 0.2 49 £ 0.5 0.7+ 04 0.35 0.50| 0.026
EP1C-GAN [36]| 0.5 + 0.1 40+ 04 0.8 £04 0.43 £0.03 | - -

FPCD 0.51 + 0.07 | 0.41 £+ 0.12| 1.25 + 0.19 0.17 0.58 | 0.05

FPCD 8 0.80 £ 0.06 | 0.45 = 0.12 1.91 + 0.30 0.37 0.58| 0.05

Top Quark FPCD 1 1.22 £ 0.09 | 0.46 £ 0.10| 2.66 + 0.26 0.56 0.57 | 0.05

MP-GAN ([35] 0.6 + 0.2 23+03 2 1 0.37 0.57 [ 0.071
EPIC-GAN [36]| 0.5 + 0.1 21+0.1 1.7 £ 0.3 0.31 £ 0.037| - -

FPCD 0.26 + 0.03 | 0.39 + 0.08 | 0.15 + 0.02 - 0.56 | 0.02

W Boson FPCD 8 0.48 +£0.04 | 0.38 = 0.05 0.22 &+ 0.02 - 0.55 | 0.02

FPCD 1 0.94 = 0.06 |0.42 = 0.09 0.35 = 0.03 - 0.56 | 0.02

FPCD 0.21 + 0.04 | 0.40 £+ 0.13| 0.18 + 0.03 - 0.56 | 0.02

Z Boson FPCD 8 0.40 £ 0.04 | 0.35 = 0.04 0.27 £ 0.03 - 0.56 | 0.02

FPCD 1 0.99 £ 0.05 | 0.35 = 0.06 0.49 &+ 0.03 - 0.56 | 0.02

Mikuni, V, Nachman, B., and M.
Pettee Phys. Rev. D 108, 036025

Multiple physics inspire metrics

used to evaluate the

performance of the generative

model, achieving SOTA in many

categories

e Single-shot model is still

performant and 1000
times faster than the full
simulation



Multidimensional Unfolding




e O

Reco level @ Data( ) MC

O O

(o @

Generator level @ Data(_MC



e O

Reco level @ Data( ) MC Step 1:
) e Train a classifier to separate data from MC events
Iteration 1 e Reweight reco level MC with weights:
W(reco) =

Pp...(reco)/p, . (reco)

.

Generator level @ Data(_MC



Reco level @ bataOMC .

) e Pull weights from step 1 to generator level events
Iteration 1 e Train a classifier to separate initial MC at gen level
' from reweighted MC events

e Define a new simulation with weights that are a
proper function of gen level kinematics

~ - W(gen) - pweighted
(Lrom "' Mc(gen)/pMc(gen)

Generator level @bData( 'MC( ' MC reweighted

S



Reco level @ Data( ) MC

Start again from step 1 using the new simulation after

] pushing the weights from step 2
Iteration 1

Qe

(@

Generator level @ Data(_MC



Reco level @ Data( ) MC

Iteration N

Generator level @ Data(_MC

Start again from step 1 using the new simulation after
pushing the weights from step 2
e Guaranteed convergence to the maximum
likelihood estimate of the generator-level
distribution when number of iterations goes to
infinite
e Inpractice, less than 10 iterations are enough to
achieve convergence

S



Events / GeV

Data - Bkg

The Challenge

LN BEE froelvomn SR DNNG QN NG STH N NN GRS G oor Som TEE NG JNEEEE e TR RN CE )

2200 Selsced dphoonwample Almost all measurements at the LHC
fzgg Sig+Bkginclusiv<‘efit(mH=126.5GeV) are reported as hiStograms
RS 202020202020 esSsensed 4th order polynomial . .
s (5= 77eV, [ Lot= 481" e Natural representation for counting
12005— : . \s=8Tev.ILdt=5.9fb" prOblemS
0 ‘ e Well-understood properties
600F- ‘
4005—
2005_ ATLAS Preliminary
1OZ+ b bt ¢ +2
< T Ty t :
100E- 1 t
100

.............. § s vy g 0 ¢ 3 0 - 8 4 ¥ 2
m,, [GeV]



The Challenge

1. . .
; Not everything is naturally represented
< 95E by a histogram!
g 09 e Moments of distributions: theory is
I: ! only sensitive to moments of
S | «=05,R=05 observables
~ o3l k=1, R=0.5 8 -
- k=1, R=1 ]
0.75 - e .
100 200 300 400 500 600
E [GeV]
(Q1) = L Jul(E, R, ,u) ZQ Dh (K, ) D.Krohn, M. D. Schwartz, T. Lin, and W. J

1673 jq(E, R, ,u 3 Waalewijn Phys. Rev. Lett. 110, 212001 -



Jet angularities

Use jet observables to study different
properties of QCD physics:
Infrared and collinear (IRC) safe 2 49 (prD)
»',a=10,0.51]and unsafe p.D
angularities
Charge dependent observables:
Qj and N,
Study the evolution of the
observables with energy scale N
Q*=-g° 0 - ; >

0 1 2 f

p
R; -
X[;:E zf’(R—z) ngﬂzg qi X 25,
icjet 0 icjet A

ﬂ, K Charge information
ﬂ included
Charge independent

1 - -Charge

Broadening Thrust

z:: longitudinal momentum fraction
q.: charge
R. distance from jet axis in (eta,phi)



Experimental setup

Using 228 pb™ of data collected i
by the H1 Experiment during e ’ff
2006 and 2007 at 318 GeV
center-of-mass energy

P: incoming proton 4-vector
k: incoming electron 4-vector
q=k-k’ : 4-momentum transfer

Phase space definition:

0.2<y<0./
2 2
?et> 15>01((5)eC\;/ev | Reconstructed hadrons using
1 <pT <75 | combined detector
Ty information: energy flow

Jets are clustered with kt

algorithm with R=1.0 algorithm

y
1 —“‘M’y’_,»—*" 7 /4 g
L / o
~4, V4
¥ A
i e
l n
1



Large Scale Computing

2800 neural networks were trained to determine the final measurement
One of the first uses of the Perlmutter supercomputer for science!
Training with 128 GPUs simultaneously while evaluation requires a single

PE-!I' | n UHE\IE 4 f
(B




Extracting particle information

Particle information is extracted using a Point cloud
transformer* model

Model takes kinematic properties of particles and use the
distance between particles in n-¢ to learn the relationship
between particles

Built in symmetries: permutation invariance

Consider up to 30 particles per jet

'I,?

m \ / EdgeConv K 7
X, 1114

'J Ji1

e

*V. Mikuni and F. Canelli 2021 Mach. Learn.: Sci. Technol. 2 035027




All distributions are unfolded simultaneously without binning
and without jet substructure information used at reco level!

Closure test

—~30 “\era“or\' 1 T T T T ™~ 2.00 7It\erati°\n 1 T T T T T ] —= 200 7It\erati?n 1 T T T T T T T
',;;": :%l gzsgzsweighted g1 Djangoh H1i Preliminary E,’_<,_ 175 ;\gl S:gg::’:weighted & Djangoh H1 Preliminary; ';,;:‘ 175 ;\gl Szggzgweighted gr  Djangoh HA1 Preliminary;
o 251 1 g
5 @>150GeV? 1O {50f Q2> 150 GeV?2 T 1501 Q2> 150 GeV?2
B [ 02<y<0.7 ,g F 02¢y<0.7 B F 02¢y<0.7
© 20 pis10Gev 1O {05k pE'> 10 GeV T 1251 pE'> 10 GeV
o f kr,R=1.0 i-g “F kr,R=1.0 o kr,R=1.0
et = reop 1 Tk 1 Verify the model
1.0 B 0.75 ? E 0.75 ? E . . f h
i 050} E 050} ; consistency: start rrom the
0.5 — 5 1 5 1 . .
I 0.25F = 0.25F E
: : | : | Rapgap simulation and
0.0 e e ‘ 0.00" 0.00- ——
g 507 T T T L) B e e g 505 T T T T T T T T g 505 T T T T T T T T T ] unfOId the response based
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Multi-differential Standard deviation of all distributions also unfolded for free
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Anomaly Detection




Anomaly detection
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Kasieczka, G., Mastandrea, R., Mikuni, V., Nachman, B., Pettee,
M., & Shih, D. (2022). arXiv preprint arXiv:2209.06225.

Signal Efficiency

The set of features used to
search for anomalies can also
have a big impact on the
algorithm performance, as
statements regarding p,(x)
and p,(x) are not invariant
under change of coordinates
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The LHC Big Data problem

¢40 MHz in / 100 KHz out

e~ 500 KB / event

® Processing time: ~10 Us

® Based on coarse local reconstructions
¢ FPGAs / Hardware implemented

Slides from Maurizio Pierini

More than 99% of events are
rejected due to bandwidth
restrictions

Given the algorithm’'s simplicity,
it can also be deployed directly
using modern hardware
implementations such as
FPGAs

Possibility to identify
anomalous events and store
the information for further
analysis


https://atrium.in2p3.fr/nuxeo/nxfile/default/2c445c94-34a9-4bce-97c7-0847bb139245/blobholder:0/PIERINI_Deep%20Learning%20with%20FPGA.pdf

%} Anomaly detection at trigger level

- - Potential to recover new physics events lost as

" v
_ Welcome to the
S MAr]omal'yl"Detection tri gger leve]
g Ongoing data challenge to test ideas
CMS shows that AD triggers are feasible:

CMS-DP-2023-079

Govorkova, Ekaterina, et al. Scientific Data 9.1 (2022): 118.
Govorkova, Ekaterina, et al. Nature Machine Intelligence
4.2 (2022): 154-161.
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