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There has been a recent explosion in research into machine-learning-based generative modeling
to tackf clornputa,tional Clhallenges for simulations gl hilglhdegeriy physics (HEP). In c:ir(iifer to Dataset FPD KPD
use such alternative simulators in practice, we need well-defined metrics to compare different -
generative models and evaluate their discrepancy from the true distributions. We present the first 1 (pbOtOHS) 0014(1) 0004(1)
systematic review and investigation into evaluation metrics and their sensitivity to failure modes of 1 (plons) 0029(].) 0004(1)
genera}ti\{e' models, using th@ frameworl? of two-sa‘mple goodne'ss—of-ﬁt testing, an‘d'their relevance 2 (electrons) 0043(2) 00001(2)
and viability for HEP. Inspired by previous work in both physics and computer vision, we propose
two new metrics, the Fréchet and kernel physics distances (FPD and KPD, respectively), and 3 (electrons) 0031(2) 00001(1-)
perform a variety of experiments measuring their performance on simple Gaussian-distributed,
and gimulated high energy jet‘daFaset.s We find FPD, in particu'lar7 to b? the most st?nsitive TABLE II. Additional metrics comparing the agreement be-
metric to all alternative jet distributions tested and recommend its adoption, along with the . T .
KPD and Wasserstein distances between individual feature distributions, for evaluating generative tween showers genera‘tEd with Geant4 and CaloDiffusion.
models in HEP. We finally demonstrate the efficacy of these proposed metrics in evaluating and The number in parentheses is the uncertainty in the last Sig-
comparing a novel attention-based generative adversarial particle transformer to the state-of-the-art nificant dlglt as evaluated with the JETNET libI‘&I‘y.

message-passing generative adversarial network jet simulation model. The code for our proposed
metrics is provided in the open source JETNET Python library.
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Implementation of High Level Feature Evaluation
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Incident Energy Mapping
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Model Architecture Flowchart Diagrams
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Hierarchical Decoder Implementation
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Sparsity Index Histograms — Model 108 (Sample
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Energy Histograms — Model 108 (Sample
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Model: Dutiful Silence 108

JSD Divergence Comparison per Layer
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Energy Ratio — Model 108 (Sample)
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Sparsity Index Histograms — Model 159 (Sample
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Energy Histograms — Model 159 (Sample
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Sparsity Index Histograms — Model 166 (Sample)

Dataset 2

100 E

1071 4

GT

Recon

=== 159 Samples
- 454 Samples

]

0.2

0.4

0.6
Sparsity Index

1.0

Histogram

Layers 0 to 4

Layers 5to 9

Layers 10 to 14

Layers 15 to 19

Layers 20 to 24

Layers 25 to 29

Layers 30 to 34

Layers 35 to 39

Layers 40 to 44

0 02 04 06 08 10
Sparsity Index




CaloQVAE

Energy Histograms — Model 166 (Sample
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Energy Ratio — Model 166 (Sample)
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Model 166 Energy Layers
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Mean Energy Plots — Model 108
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Mean Energy Plots — Model 159

,::,__:__2__:;:::t:_ _
w
£
1 ©
o
- & - - - m
- - - Je
m
L 1L 1o
~N
- - =}
-
- B ' —Ho
L | P i . I Lol l L 1
L] ~ =] n < m ~ — m o ~ A3
(A29) ABiau3 ueapy ] : ,
(%) (A99)
adualiayla lou3 'sqy
[T T T T F i1 FrT T
L L oL 1<
] -
i i 1L Ja
1 -
L L 1L 1o
] -
. . I 1o
- - 4 F do
L L 4 b da
- M b m b
L3 Lo qF I~
o :
2 :
1 8 | ' L
L - 4+ do
L L 1 L 1 L L L m 1
n o n (=] n o f= o [=] o ~ -3
— — =] o o o "] n } |
~ ~ ~ ~ I Ir [
(A®9) ABJau3 ueap (%) (A2D)
ERIVETETg] o3 'sqy
T L | T L T T
LW - 4 } .
Sz
12§ i
18 & [ ] i
- - 4 F He
I - 4 F e«
- - 4 F A~
- - 1 Jda
L il 1 I 1 L Il ﬁ 1
g 2 ] g R ] 2 2 2 e T i
1
(A29) ABuauz ueap (%) (A3D)
|dualayig Jou3 sqy

Layer number

6-bin

rbin




Mean Energy Plots — Model 166
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Diagrams
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Diagrams
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Diagram Models of Calorimeters (a)
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Diagram Models of Calorimeters (a)
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