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Foundational Models BERKELEY LAB

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?
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Jets are the most common
signatures at the LHC
e (Complicated signature:

Hadronization

Fragmentation

partons @@ @ ...

0(10-100) particles are
clustered in each jet
Everywhere: Jets are used in

almost any analysis at the
LHC



The Model BERKELEY LAB

Point-Edge Transformer (PET)
i R Combine local information with graphs
PET Body Learn global information with Transformers:
| - 3M parameters
[~ (~
Classiﬁej Generator A\~
Head Head -
& L | J
Class J (Generatorﬂ
2 Labels . Outputs v
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The Model BERKELEY LAB

Not all datasets contain the same information:
et the model learn with and without some features
Feature Dropout: With fixed probability, set some of

the input features to 0

ff,f,f|p=0.9

£, f T T

41'

0000 |[p=0.1

More details at: https://arxiv.orq/abs/2404.16091



https://arxiv.org/abs/2404.16091

The Learning BERKELEY LAB

Couple the network with multiple experts:
i R Classify jets: learns the difference in

PET Body radiation between jet types
N _ Generate jets: implicitly learn the likelihood of
fCIasIs I 6 elrato; jets for different particles
kH«ea.dj | Head | Multi-objective oss

[
) [

.

mEEEDm OO
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The Learning BERKELEY LAB

L= Eclass + Egen T Eclass smear
2 A
= CE(, Yprea) + [V = Vpreal|” + ¢*CE(y, prea)

Straightforward loss function:
Cross entropy for each class
Perturbed data prediction from the diffusion loss
Classification over perturbed inputs: data augmentation!

More details at: https://arxiv.orq/abs/2404.16091



https://arxiv.org/abs/2404.16091

Comparison Between Models BERKELEY LAB

Language inspired models  OmniLearn
e Data are continuous

e HEP has one of the best
simulators across all sciences:
supervised pre-training

e Medium models that can fit on
standard GPUs are still useful



Training BERKELEY LAB

JetClass dataset used for training
100M jets
10 different jet categories, AK8 jets simulated in pp collisions
with Madgraph + Pythia8 with CMS Delphes detector
simulation
Use the pre-trained model as the starting point and fine-tune using
different datasets

Huilin Qu, Conggiao Li, Sitian Qian, arXiv:2202.03772



https://arxiv.org/abs/2202.03772

BERKELEY LAB
Fvaluation datasets: 1

2 different jet categories, AK8 jets simulated in pp collisions with
Madgraph—+Pythia8 with ATLAS Delphes detector simulation

Acc AUC 1/eB

es = 0.5 es =0.3
ResNeXt-50 [38] 0.936 0.9837 302 +5 1147 £ 58
P-CNN [38] 0.930 0.9803 201 +4 759+ 24
PFN [35] - 09819 247 +3 888 £ 17
ParticleNet [38] 0.940 0.9858 397 £7 1615 + 93
JEDI-net [37] 0.9300 0.9807 - 774.6
PCT [41] 0.940 0.9855 392 + 11 1559 + 98
LGN [79] 0.929 0.964 - 435 £ 95
rPCN [39] - 09845 364 £9 1642 + 93
LorentzNet [10] 0.942 0.9868 498 + 18 2195 + 173
PELICAN [80] 0.9425 0.9869 - 2289 + 204
ParT [42] 0.940 0.9858 413 £16 1602 % 81
ParT-f.t. [42] 0.944 0.9877 691 £+ 15 2766 + 130
Mixer(HDBSCAN) [81] -  0.9859 416 -
PET Classifier 0.938 0.9848 340 4+ 12 1318 £ 39
OMNILEARN 0.942 0.9872 568 £ 9 2647 + 192

Better than all non-fine-tuned models
and similar to PartT performance



BERKELEY LAB
Evaluation datasets: 2

2 different jet categories, AK4 jets simulated in pp collisions with

Madgraph—+Pythia8 with-EMSDelphes-deteetorsimulation

Acc  AUC 1/eB

es = 0.5 es = 0.3
P-CNN [38] 0.827 0.9002 34.7 91.0
PFN [35] _ 0.9005 34.7+0.4
ParticleNet [38] 0.840 0.9116 39.84+0.2 98.6+1.3
rPCN [39] 0.9081 38.6 = 0.5
ParT [42] 0.840 0.9121 41.3 £ 0.3 101.2 + 1.1
ParT-f.t. [42] 0.843 0.9151 42.4 4+ 0.2 107.9 + 0.5
PET classifier 0.837 0.9110 39.92+0.1 104.9 + 1.5

OMNILEARN 0.844 0.9159 43.7+0.3 107.7 = 1.5

Better than all non-fine-tuned
models and similar to PartT
performance



EvaInEo BERKELEY LAB
Evaluation datasets: 2

------- Top tagging OmniLearn -+ Quark/Gluon OmniLearn
0.241 —— Top tagging 0.44 —— Quark/Gluon
0.43
0.22 .
, Faster training
[} [%2]
Q Q
and better
k= ks
= = 0.40
£ 0.18- S Convergence
0.391
0.161 0.38
...................... 0.37 s e e e s G R s e s
2 4 6 8 10 12 14 2.5 5.0 7.5 10.0 12,5 15.0 175

Epochs



Evaluation

BERKELEY LAB
Evaluation datasets: 3

2 different jet categories, AKS jets simulated in pp collisions with
Pythia6 with Geant4 Simulation + CMS Particle flow reconstruction

0.454
0.452
0.450

2]
& 0.448

tion L

= 0.446

Valid

0.444

0.442{

------- CMS Jets Omnil.earn

—— CMS Jets

AUC Acc 1/ep
es = 0.5 es = 0.8

PET classifier 0.875 0.796 23.91 4+ 0.07 4.770 £+ 0.001

OMNILEARN

0.877 0.797 24.36 + 0.01 4.836 + 0.004

0.4401 e,




BERKELEY LAB
Fvaluation datasets: 4

Evaluation

2 different jet categories, AK10 jets simulated in ep collisions with
Rapgap with Geant3 Simulation + H1 Particle flow reconstruction

0.6875¢ . . DIS H1 OmniLearn
—— DIS H1

AUC ACC 1/63
es = 0.1 es = 0.5
PET classifier 0.5691 0.547 17.734+0.04 2.467+0.002
OMNILEARN 0.5695 0.547 17.7840.06 2.470+0.003

0.6870

0.6865{ :
1] F

t Los

g z
S0.68601
o]

Valid

0.6855

0.6850

0.6845

2 4 6 8 10 12 14 16

Epochs . 4
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J Jet Generation BERKELEY LAB

Evaluation datasets: 6

le—2
Tot class Model W (x10-%) [WE (x10~°) [WI™F (x10°°)| FPND |Covl|MMD Top quarks [ Generated Top quarks
FPCD [52] 0.36 £ 0.08 [0.34 £ 0.09] 047 £0.13 007 |055] 0.03 4.0
Gluon FPCD 1 [52] 0.65 + 0.11 |0.34 + 0.06| 0.60 = 0.09 011 | 055 0.03
MP-GAN [44] 0.60 +0.07 | 1.8+0.2 0.9 £ 0.6 020 |0.54|0.087
EPIC-GAN [45] 0.3+01 | 1.6+02 04+£02 |101£007| - | - 35/ .
PET generator 0.42 £ 0.10 |0.36 + 0.08| 0.35 + 0.08 004 |0.55| 0.03 : G
PET generator (Ideal)| 0.36 4 0.08 |0.34 + 0.09| 0.47 + 0.13 0.07 0.55 | 0.03 reat generatlon
OMNILEARN 0.38 + 0.08 |0.33 + 0.07| 0.33 + 0.09 0.02 | 0.55] 0.03 3.0 R
OMNILEARN (Ideal) | 0.33 + 0.06 [0.29 + 0.08| 0.30 + 0.07 0.02 055/ 0.03 n 3.07 q I y
FPCD [52] 0.52 £ 0.07 |0.27 £ 0.06] 0.98 £ 0.11 0.08 0.49 | 0.02 -f:) ua It across
Light Quark FPCD 1 [52 0.59 + 0.08 | 0.36 + 0.08 | 0.50 % 0.08 009 | 048] 0.02 = o o
MP-GAN[ [411] 06+02 | 49+05 0.7 + 0.4 035 |0.500.026 & 2.51 mUItl ple metrics
EPIC-GAN [45] 05+£01 | 40+04 08+04 |0434+003| - | - °
PET generator 0.39 +0.12 | 0.35 +0.06 | 0.24 + 0.10 003  |0.54| 0.02 e
PET generator (Ideal)| 0.31 + 0.08 | 0.38 4 0.10 | 0.23 + 0.07 0.03 0.53 | _0.02 't_?:; 2.01
OMNILEARN 0.24 £ 0.03 |0.32 £ 0.07| 0.24 + 0.08 002 |0.54] 0.02 &
OMNILEARN (Ideal) | 0.31 +0.08 |0.30 + 0.09| 0.26 + 0.08 0.01 |0.54| 0.02 g
TPCD [52] 051 £ 007 |04l £012| 105 £0.10 017 | 058 0.0 2151
Top Quark FPCD 1 [52] 1.22 4 0.09 | 0.46 £0.10| 2.66 + 0.26 0.56 | 0.57 | 0.05 :
MP-GAN [44] 06+02 | 23+03 241 037 |0.57]0.071
EPIC-GAN [45] 05+01 | 21401 1L7+£03 [0.31+0037 - | -
PET generator | 0.44 + 0.03 [0.29 + 0.07| 1.09 + 0.23 007 | 058/ 0.05 1.01
|PET generator (Ideal)| 0.41 &+ 0.07 |0.34 & 0.08| 1,22 + 0.23 007 10581 005
OMNILEARN 0.43 £ 0.06 [0.30 + 0.07| 1.31 £ 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 0.51
TPCD [52] 0.26 £ 0.05 | 0.30 £ 0.08 | 0.15 £ 0.02 = 056 | 0.02
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 0.0 : : : : : : :
| PET generator (Ideal)| 0.15 + 0.02 10,31 + 0.07| 0.12 + 0.03 - 0.57! 0.02 60 80 100 120 140 160 180 200 220
OMNILEARN 0.19 £ 0.03 |0.27 £ 0.07| 0.10 £ 0.02 = 0.57| 0.02
OMNILEARN (Ideal) | 0.16 + 0.06 [0.28 + 0.04| 0.10 + 0.02 . 0.57/ 0.02 Jet Mass [GeV]
TPCD [57] 0.21 £ 0.04 | 040 £ 0.13 | 0.18 £0.03 = 0.56 | 0.02
Z Boson FPCD 1 [52] 0.99 + 0.05 | 0.35 4 0.06 | 0.49 % 0.03 - 0.56 | 0.02
PET generator | 0.22 % 0.04 |0.32 &+ 0.07| 0.20 % 0.04 . 0.57/ 0.02
|PET generator (Ideal)| 0.18 + 0.10 |0.30 + 0.08| 0.14 + 0.02 - 0.56 | 0.02
OMNILEARN 0.19 + 0.07 |0.32 + 0.09| 0.12 + 0.03 - 0.57] 0.02
OMNILEARN (Ideal) | 0.22 + 0.05 [0.27 + 0.06| 0.13 + 0.02 - 0.57 | 0.02 . 4
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The Challenge BERKELEY LAB

192M Jets
F ATLAS Smulation Prefminary | G,i Jeswo  Pushing classification
e[ VS =13TeV 30M Jet : performance requires |ots
- tt jets, £ =70% eLs <2000
cof * s of datal
| B E e
St - 1 3
B M Run 3 reco 11500 -5
o | ] 5
U DL1d 11000 =
O C ] 2
20 F =l
10f

1500

2017 2018 2019 2020 2021 2022 2023
Source: ATL-PHYS-SLIDE-2023-048 Year




BERKELEY LAB
Evaluation datasets: 7

FastSim to FullSim

. . . AUC A 1
OmniLearn is trained on cheap - M-
Delphes simulations. Can we Roset 50 R O
fine-tune to Run 2 ATLAS Full hIDNN 0.938 0.863 515  10.5
mulation + R fruction? DNN 0.942 0.868 67.7  12.0
simuilation econstruction: PFN 0.954 0.882 108.0  15.9
: 0 ParticleNet 0.961 0.894 153.7  20.4
¢ MatCheS SOTA Wlth 10% Of PET classifier (4M) 0.959 0.890 146.5 19.4
the data OMNILEARN (4M)  0.961 0.894 172.1  20.8
. PET classifier (40M) 0.964 0.898 2014 __ 23.6
e Improves on SOTAif all OMNILEARN (40M) 0.965 0.899 207.30 24.10

events are used



Unfolding




OmniFold

Detector-level

Natural

Synthetic

Step 1:

Reweight Sim. to Data

Data
Up—1 — Wp,

Simulation

L R 2
gis

——

Pull Weights

—_—
+—

Push Weights

Particle-level

Step 2:

Reweight Gen.

w’l].
Un—1 > Un

-

Generation

=

i

BERKELEY LAB

2-step iterative process

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

Learn a reweighting function between

data and simulation

Source: Andreassen et al. PRL 124,

182001 (2020) .



BERKELEY LAB

Detector-level Particle-level

2-step iterative process

=N
‘ \ = Step 2: Convert learned weights
into functions of particle level
e e D e Ay objects
Va1 225 w, Hl_ Classification!
'E% Simulation M Generation

I_—|_|_I I_—Ll_l Source: Andreassen et al. PRL 124,
182001 (2020)

4



BERKELEY LAB
Evaluation datasets: 8

Unfolding

[ Pythia Unfolded OmniLearn [ 1 Pythia

Unbinned Unfolding using the OmniFold of 7 Py vnetees Dota rervi)

N
o

workflow. More precise than traditional

. o . 7
unfolding and more efficient than previous ML+,
models. Ex: HT trained thousands of networks =_ |
Metric MurtiForp UnNiFoLp IBU OmMNIFoLD

DeepSets PET classifier| OMNILEARN - 0.9

Jet mass 3.80 8.82 9.31 2.77 2.84+0.9 2.6+0.8 ‘é 1.1
N 0.89 1.46 1.51 0.33 0.50+0.15 0.34+0.1 [; 1.0
Jet Width 0.09 0.15 0.11 0.10 0.09+0.02 0.07+0.01 5
log p 0.37 059 0.71 0.35 0.2340.07 | 0.1440.03 503
21 0.26 1.11 1.10 0.53 0.13+0.03 0.05+0.01
Zg 0.15 0.59 0.37 0.68 0.1940.03 0.214+0.04

See also: H1 Collaboration, PLB 844 (2023) 138101 N
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BERKELEY LAB

gen_data [ reco_mc
[ reco data [ unfolded

OmniFold is also now available on pip: gen me
pip install omnifold
GitHub repository:
https://github.com/ViniciusMikuni/omn
ifold

RooUnfold implementation coming soon!

o
NS

e
[

Normalized number of events
©
N

0.1
Let's now unfold!
llllllllllllllllll (
"Gaussian_test",
modell,
model2, 0.0 - . T r - v v v +
data, -3 -2 -1 0 1 2 3 4 5
mc, .
bbbbb | ¥ o SR, First Feature [a.u]
niter = 5, #Number of Iterations
epochs=100,
eights_ g
verbose = True,
)
1d.Prepro g()


https://github.com/ViniciusMikuni/omnifold
https://github.com/ViniciusMikuni/omnifold



https://www.symmetrymagazine.org/article/december-2013/four-things-you-might-not-know-about-dark-matter

Anomaly Detection

Bump-hunting using ML:

e Use the background in the sideband
to estimate the background in the
signal region

e (Compare the estimated background
with the data

dN/dmres

BERKELEY LAB
Evaluation datasets: 9

background
signal /
A "’




Anomaly Detection

Bump-hunting using ML:
e Generative Model

e Classifier

wn
Qo
-
©
S~
Z
©

i
BERKELEY LAB

Evaluation datasets: 9

background
signal /
B -




LHCO dataset BERKELEY LAB
Evaluation datasets: 9

(13

LHCO R&D dataset
e Resonant dijet final
state: A->B(qq)C(qq)

with m, mg, m.=3.5,
0.5, 0.1 TeV

Detector cross-section
image credit: ATLAS



Anomaly Detection

Max. SIC

(o))
o

- — Idealized (high level) PRD 106, 055006

0

o
L
|

40}
30}
20}

10}

s/Vb
L — T T T T LI ———
| — Flow Matching (low level) PRD 109, 055015  —— PET (low level) i
|_—— Diffusion (low level) —— |dealized PET (low level) ]
—— |dealized (low level) PRD 109, 055015 ~— OmniLearn (low level)

CATHODE (high level) PRD 106, 055006 —— |dealized OmniLearn (low level) -

Q00

Injected Signal Events (nbkg = 100000)

BERKELEY LAB
Evaluation datasets: 9

e ¢ e Generate the full dijet system: 2*279*3

= 1674 numbers to generate
e Classify data from background
SIC = Significance Improvement Curve
(TPR/sqrt(FPR) vs TPR) “By how much can |
improve the significance of a particular
signal given an initial significance.”

See also: E. Buhmann, C. Ewen, G. Kasieczka, V. Mikuni, B.
e/ | | . . . .1 ... .1 Nachman, and D. Shih, Phys. Rev. D 109, 055015
1000 1500 2000 2500 3000

4



Anomaly Detection

Max. SIC

(o))
o

40}
30}

20}

- — Idealized (high level) PRD 106, 055006

0

o
L
|

10}

s/Vb
T T T T ]
| — Flow Matching (low level) PRD 109, 055015 — PET (low level)
|_—— Diffusion (low level) —— |dealized PET (low level) ]
—— |dealized (low level) PRD 109, 055015 ~— OmniLearn (low level)

CATHODE (high level) PRD 106, 055006 —— |dealized OmniLearn (low level) -

Q00

Injected Signal Events (nbkg = 100000)

BERKELEY LAB
Evaluation datasets: 9

e ¢ e Generate the full dijet system: 2*279*3

= 1674 numbers to generate
e Classify data from background
Previous results were limited by the amount
of data in the SR: Only sensitive to NP when
S/B>3%~ 40
OmniLearn founds the NP with S/B = 0.7%
~ 20

See also: E. Buhmann, C. Ewen, G. Kasieczka, V. Mikuni, B.
e/ | | . . . .1 ... .1 Nachman, and D. Shih, Phys. Rev. D 109, 055015
1000 1500 2000 2500 3000

4



BERKELEY LAB

e OmnilLearn: learn a general representation of jets p
e Evaluation across 9 different downstream datasets PET Body
e FEvaluate the performance on jet tagging, jet
o o o \
generation, unfolding, and anomaly detection N E— —
e OmniLearn improves upon SOTA or/and converges c';sejgej Genes Hor
quicker than models trained from scratch = |
e Magnify the statistical power of the data: Not only [ Class ] (Generator
Big Data benefits from Al BEBE OO
O

e Try it out yourself:
https://qithub.com/ViniciusMikuni/OmniLearn/ and
check out the paper: arXiv:2404.16091 e



https://github.com/ViniciusMikuni/OmniLearn/
https://arxiv.org/abs/2404.16091

7
THANKS!

Any questions?







Comparison Between Models BERKELEY LAB

Language inspired models  OmniLearn
e Data are continuous

e HEP has one of the best
simulators across all sciences:
supervised pre-training

e Medium models that can fit on
standard GPUs are still useful



Input Dropout BERKELEY LAB

Not all datasets contain the same information:
et the model learn with and without some features
Feature Dropout: With fixed probability, set some of

the input features to 0
f,f,f,f | p=0.9

£, f T T

41'

0000 |[p=0.1

More details at: https://arxiv.orq/abs/2404.16091



https://arxiv.org/abs/2404.16091

)

ATLAS Loss Curves BERKELEY LAB

------- ATLAS Top tagging (4M) OmniLearn 0291 -~ ATLAS Top tagging (40M) OmniLearn
G.5E —— ATLAS Top tagging (4M) —— ATLAS Top tagging (40M)
0.281
0.341
w [}
8 8 0.271
~0.32 A
= g
2 .=
I I
g S
= 0.301 s 0.26
= 2
0.281
0.251
A'V /
0.26 e i
.................................................................................................................... —
2 4 6 8 10 12 14 16 2.5 5.0 7.5 10.0 125 15.0 17.5
Epochs Epochs
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J OmniLearn for reweighting BERKELEY LAB

w % el @@ | =x.  senaews ] 1
0.071 1 Pythia Reweighted OmniLearn [ Pythia [ Pythia Reweighted OmniLearn [ Pythia 0071 pythia Reweighted OmniLearn 1 Pythia 0.690 OmniFold Z+Jets OmnilLearn
[ Pythia Reweighted Data (Herwig) 7] C3 Pythia Reweighted Data (Herwig) 3 Pythia Reweighted Data (Herwig) % :
0.06 —— OmniFold Z+]Jets
g6 u g s
£ £ 0.05
£5 g ]
: ) 0.685
1 8
| € 0.03
Es
z LI 0.6801
1 7]
[%2]
0 o 4
B 20.675
211
£ =)
210 =}
8 4,:;
Zoo % 0.670
0 10 20 30 40 50 60 70 0.2 0.3 . FE
Jet Mass [GeV] Jet Width Neonstituents TU
0.6651
[ Pythia Reweighted OmniLearn [ Pythia [ Pythia Reweighted OmniLearn [ Pythia 251 £ pythia Reweighted OmniLearn [ Pythia
[ Pythia Reweighted Data (Herwig) 71 £=3 Pythia Reweighted Data (Herwig)| [ Pythia Reweighted Data (Herwig) 0 660 4 .
0.20 . .
6 n 2.0
2 ] { 8
E £ ] E
g0 5° LL 815
z Ly ! s 0.6551
A s N
0. g3 H-LL £1.0
g £ £ tieecesnit
2 2 2
2 ]
0.05 0 0.650 : , .
1 H 0 5 10 15 20
0 Epochs
£ £ k=
£ 2 £
= = [
S 8 2
2 2 2
0. s k]
[ -4 4

0.0 0.1 0.2 0.3 0.4 0.5 0.6
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J OmniLearn for Unfolding BERKELEY LAB

1 Pythia Unfolded Omnilearn 1 Pythia 101 =1 Pythia Unfolded OmniLearn 1 Pythia [ Pythia Unfolded Omnilearn 1 Pythia
0.061 — pythia Unfolded Data (Herwig) 1 Pythia Unfolded Data (Herwig) 0.05{ C1 Pythia Unfolded Data (Herwig)
0.051 8 y
g £ go.04
= =} =}
£$0.041 8 6 g
T : 7003
£ 0.034 g i =
£ E Eoo2
£ 0.02 S K
2
0.01/ 0.01
0.00 0 0.00
= = = =
5114 ® 5 1.1 511
E o ) o £ £
O o [}
s10 £1.07 21.01
s ) 8y 0° s s
$09{ © PP ® Do Z0.9 £0.9
& an G [} £ &
0 50 60 70 0.0 01 02 03 04 05
Jet Mass [GeV] Jet Width Neonstituents
[ Pythia Unfolded OmniLearn [ Pythia [ Pythia Unfolded OmniLearn [ Pythia [ Pythia Unfolded OmniLearn [ Pythia
0.20 C=3 Pythia Unfolded Data (Herwig) 81 =3 Pythia Unfolded Data (Herwig) =3 Pythia Unfolded Data (Herwig)
. 7 20 §
w 1 w | «
£ £6 £
£ 015 E 15
g e g
- o -
3 3 g
| EN S
F0.101 5 F10
g B . £
E Es E
5 5 5
z z z
2 05
1
ol 0.0
£ £
511 511
& e
210 21.0
e 2
509 S 509

0.0 0.1 0.2 0.3 0.4 0.5 0.6
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BERKELEY LAB

-
PET Body
\_
| |
p
Classifier | | Generator
Head Head
&
]
Class Generator
L Labels Outputs
[ | OOO

I Feature Drop I

Time
Embedding

Featune Scale || Shift
Embedding

( Local Embeddlng )

( Transformer Block x8 )

Particle Tokens

.,
----------------------------------------

e ®e
@ @

HE N

( Particle Tokens ) ( Class Labels) ( Jets )

o
(Particle Tokers )

(gers )
.............................................................................................................

JetEmbedding| % { Sl me Ik
Embedding ) :
: . Layer Drop :
. ( Transformer Block x2 XCIass Token)

IIDI

* 0
. .
------------------------------------------

[Jet Embeddmg]

K
H
.
.

( Transformer Block x2
I

C Generator Outputs j

Classifier :

. o
---------------------------------------------------------------------------------------

Train one model that learns to classify and generate jets
Combine both local and global information using local edges
and a transformer: Point-Edge Transformer

More details at: https://arxiv.orq/abs/2404.16091



https://arxiv.org/abs/2404.16091
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Diffusion Generative Models BERKELEY LAB

Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw

S g RN Tend
score function

dx = [f(x,t) — & log pt (x)|| dt + g(t)dw

Reverse SDE (noise — data)

Source:
https://yang-song.net/blog/2021/score/ D 4



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

BERKELEY LAB

L= Eclass + Egen T Eclass smear
2 A
= CE(, Yprea) + [V = Vpreal|” + ¢*CE(y, fprea)

Straightforward loss function:
Cross entropy for each class
Perturbed data prediction from the diffusion loss
Classification over perturbed inputs: data augmentation!

More details at: https://arxiv.orq/abs/2404.16091



https://arxiv.org/abs/2404.16091

\ g

Diffusion models are the go A

to for data generation }'
Simple training: take data
x, perturb with a Gaussian 8 4 "h
of mean u and std o oY
= u*x + o*e, e~N(0,1) &
Ask the network to predict = ..
the noise injected

= |ID(x’) - &l|?



http://www.youtube.com/watch?v=tRSdt5kmeW0

