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WHY GRAPHS!

* Properties of HEP data:
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 High granularity
* Sparsity

* Irregular geometry
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Units normalized to unit area

RELATED WORK

LAGAN (Oliveira et al. 2017)
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Conditional WGAN-GP

FastCaloGAN (ATLAS Collab. 2020)
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DL for Calorimetry (Belayneh et al. 2020)

RELATED WORK
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WHY GRAPHS!

* Properties of HEP data:

 High granularity
* Sparsity
* Irregular geometry

» = Graphs furnish a more natural
representation of such data than
images

» Our goal Is to design a graph-based
GAN, which may be more efficient,
flexible, and better suited to data

Raghav Kansal
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GAN ARCHITECTURE

Nodes in the graph learn via ‘message passing between their neighbours:

(( \\ mt+1 Z ft+1(ht ht e )
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GAN ARCHITECTURE

Such a message passing model is used in both the generator and discriminator:
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RESULITS

Up to 30 particles (zero-padding when needed) per gluon jets of pr ~ | TeV
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CONDITIONAL GAN

- We want to be able to condition the generator on jet pr, 7 PN
- We modified the message passing architecture to incorporate ¢ e
graph-level features, and trained a GAN conditioned on pr i3 1

* For evaluation the jets have been split into three regions with 7
B lgciicach 2l ]
»  Distributions well-matched in all three regions, but some e 2
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VARIABLE-SIZED GRAPHS

Up to 30 particles (zero-padding when needed) per top jets of pr ~ | TeV

* Some Issues with generation because of zero-padded particles:
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 (Also top jets are more complicated: t - Wb — gqgb so 2 or 3 subjets)
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Number of Particles

VARIABLE-SIZED GRAPHS

Up to 30 particles per top jets of pr ~ | TeV

* We 'mask’ the particles with an extra binary feature, telling the model if they're
real or zero-padded - effectively allowing for variable sized graphs

«  With our masking strategy, distributions are well-matched even for complex top

s
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Paper: https://arxiv.org/abs/2012.00173 (=] o]

r.L '
S U M M Z S RY Code: https://github.com/rkansal4//graph-gan P-E'Irn 4
T = : . = T < .: .F
Email: rkansal@ucsd.edu e

[=] ga

+ We developed a new graph-based GAN, which may be naturally surted for
HEP data

» |t has been successful in producing jets (as well as graphical MNIST data)
» Currently exploring conditioning and variable-sized graphs

» Future work
» Further applications to HEP datasets (calorimeter data) and beyond

» More sophisticated architectures e.g. sequential generation, Lorentz
oroup equivariant networks

Raghav Kansal Graph GANs for HEP Data Generation
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GAN TRAINING

* Some GAN training techniques attempted, mostly to improve mode
collapse on the MNIST Superpixels dataset (final choices in bold):

* Least squares, binary cross entropy, Wasserstein, hinge and AGCD

losses |
Early sample outputs of models trained on

Superpixels 3s, showing clear ‘mode collapse’

RMSProp, Adam, Adadelta, SGD

Two-time update rules (LR of 1072 and 3 x 107> for G and D G RN RGNS

respectively) wvy ey e

Dropout (0.5 in D only)

a-a.‘ u'u-.;. ot : ,....' t :

$ s . . i

----- vagaeat” ‘wona® Yo nane "o s

* Batch Normalisation

soim ::: "‘0:'5 iieny ".:l:‘f'; ] N
» Gradient Penalty we s LR
e i £ i A a
* Spectral Normalisation

* Noisy labels, label smoothing
 Data augmentation

* Calculating quantitative metrics such as |-Wasserstein score and
Graph Frechet Distance for model evaluation and optimisation

Raghav Kansal Graph GANs for HEP Data Generation



* Quarks, gluons, VWV, Z bosons are produced
often at LHC but are never directly
detected

 This is because they decay or hadronise

far too quickly to reach the detector
(lifetime of ~10-23s)

* Instead after decaying/hadronising
(multiple times sometimes) they produce
a set of stable particles with distinct
features and geometries, called a jet

* From this we an infer the originating
particle

Raghav Kansal
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STANDARD MODEL OF ELEMENTARY PARTICLES
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J E ‘ S Edge features are angular distances
2

R =4/n*+ ¢ between nodes

\

* Simulated high transverse momentum (py) jets

* In each jet we consider the N highest p particle

constrtuents (zero padding when neede

particle features (r]”el gb”el pf’el >
rel rel ' Jet ‘image’
Parton level 4)‘5 _l‘ b
= et axis il
\ !‘ s— <®1j:
p - —- — 20 1
I g 0 : . -
\ Particle Jet Energy depositions NN

P In calorimeters

Raghav Kansal Graph GANs for HEP Data Generation



FHIC GEOMETINS

* Variables are chosen carefully to be invariant to ‘boosts’ along the ‘beam-

ine’” (z-axis), so we can always boost, or switch, to the centre of mass or some
other convenient frame of the collision

* Instead of momentum p, transverse momentum py

« Instead of 6,7 = — In [tan(é’/ 2)] = that Az is invariant to boosts so we can

freely translate in # space (also defined so that the angle perpendicular to
beam axis 8 = n/2 — n = 0)

: Fy Center-of- Mass “Transverse” i perEm ];] =O
xz-plane x-axis Scattering Angle rypline | jaids &m% Angle
| | =0.88
: y 0=90° /'n
- 0=45°
Proton MttiProtunz.:ns / b e i
i ,|>n = -In[tan(6,,,)/2)] s o=10—"1"

Raghav Kansal Graph GANs for HEP Data Generation |8



EVALUATION: JETS

. We look at particle "¢, ¢, p}el, and jet mass and Energy Flow Polynomials (Komiske et al.)

distributions
 EFPs calculate n-particle correlations per jet

* Span the set of useful” jet observables

« We use |-Wasserstein (W,) metric (minimum work needed to transform one dist. to another)
- Baseline: average W, between different sets of samples of real jets

« Score: average W, between sets of real and fake samples

Raghav Kansal Graph GANs for HEP Data Generation *.e.[RC safe


https://arxiv.org/pdf/1712.07124.pdf

RESULTS: JETS (PARTICLE LEVEL)

Jets Dataset (Up to 30 particles per gluon jets of pr ~ | TeV)

- Real distributions are reproduced with high fidelity:
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RESULTS: |ETS (JE T EEVE

» Real distributions are reproduced with high fidelity (4-particle correlation EFP):

x103 x10%
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Real vs Fake W, =6 + 2 Real vs Fake W; = 0.08 £ 0.03

» Remarkable that without specific guidance complex physics Is learnt

* Learning talls well = little evidence of mode collapse
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GAN ARCHITECTUR

=S (NON-GRAPH)

* First, baseline attempt at using our sparse data structure with standard
NN and CNN based GANS:

Generator
Neural Network

Noise {

100 pixels
X
3 features
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Just noise

23

Outputs (on Sparse MNIST) were

GAN ARCHITECTURES (NON-GRAPH)
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GAN ARCHITECTURES

* Next, recurrent neural network (RNN) based

Generator generator which can produce graphs with
Node generation via RNN arbrtrary numbers of nodes
NG * But while outputs (on Sparse MNIST, below)
eo e : .
2 “ﬁ \ngod i showed learning of some structure, this
- architecture was unable to reproduce real
5] samples
( * ~
o = . -
Discriminator e el
CNN e
3 features * : «
o — . . - - g s
r 2 2 4 4 . ?_' | 14 2 ;. )
100 pixels » () Real or Fake ' e ~ ‘ * k 1,‘3' | # 35
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GAN ARCHITECTURE

End goal Is a generator which takes graph/jet-level variables into account, so we try a
modified ‘conditional’ GAN/generalised MPNN:

~ N mi= Y e b el (GGenerator
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GAN ARCHITECTURE

End goal Is a generator which takes graph/jet-level variables into account, so we try a
modified ‘conditional’ GAN/generalised MPNN:

) mr= Y e, by GENErator

. % )
// CH« 1. wewN, A N nodes
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GAN ARCHITECTURE

To allow for variable sized graphs we ‘mask’ extra nodes with an additional binary

feature: mt+1 4 Z fé+1(ht h! el hG)

1% Vo W Fyws

) weN

teg T || W =5 b, mi hg)
Je

l
Na
AN

. O
GG
@%ﬁ

- >,
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GAN ARCHITECTURE

To allow for variable sized graphs we ‘mask’ extra nodes with an additional binary

feature: e Z FHU(h e
(( \\ weN
Lz hfj—l £F rtl+1(h£, mf,“,h )
P T f .
//
hG = (pT’ )

l
Na
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l

é; Dﬁ Gl
\_ ) 3 feat
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N\
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feature:

Raghav Kansal

GAN ARCHITECTURE

To allow for variable sized graphs we ‘mask’ extra nodes with an additional binary
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GAN ARCHITECTURE

To allow for variable sized graphs we ‘mask’ extra nodes with an additional binary
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GAN ARCHITECTURE
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GAN ARCHITECTURE
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