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Spacetime Algebra

- How do we build it? We start with real vectors 7" with the property

{,711:7 ,YV} — QQILV Same properties as the

gamma matrices!

Scalar Vector Bivector Axial vector Pseudoscalar

“ / N @ -

1 = A* g APy

\—Y—)

Multivectors




Spacetime Algebra

- Lorentz transformations:

/
e




Spacetime Algebra

- Lorentz transformations:




Spacetime Algebra

- Lorentz transformations: Fach grade

transforms separately




Spacetime Algebra

- Lorentz transformations: Fach grade

transforms separately

v

Equivariant maps never
MIX grade components




Spacetime Algebra

- Lorentz transformations:

Each grade
transforms separately

v

Equivariant maps never
MIX grade components

v

Easy to build equivariant
versions of ordinary networks



Spacetime Algebra

- Lorentz transformations:

Each grade
transforms separately

v

Equivariant maps never
MIX grade components

v

Easy to build equivariant
versions of ordinary networks

Lorentz Equivariance + Geometric
Algebra + = L-CA
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' Multivectors +
Inputs Scalars
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Key feature: Symmetry breaking

- Beam reference: (1,0,0, £1)

Boosts + rotations
SO(l, 3) — around the beam
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L-GATr

Key feature:
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Experiment: Jet Tagging

Top Tagging
Network Accuracy AUC 1/€e5 (€4 =0.5) 1/ez (e =0.3)
TopoDNN [52] 0.916 0.972 - 295
LoLa [9] 0.929 0.980 — 722
N -subjettiness [ 53] 0.929 0.981 — 867
PFN [54] 0.932 0.9819 247 888
TreeNiN [55] 0.933 0.982 - 1025
ParticleNet [56] 0.940 0.9858 397 1615
ParT [57] 0.940 0.9858 413 1602
MIParT [58] 0.942 0.9868 505 2010

LorentzNet* [10]
CGENN* [12]

PELICAN* [40]
L-GATr* [33]
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JetClass Tagging

- Large and comprehensive jet dataset
- JOOM events

- 10 classes

=/

All classes H— bb H—cc H—gg H—4q H—>.lvqc'1’ t —>.chj’ t > bly W —qq" Z—qq
Accuracy AUC  Rejsgey, Rejsge,  Rejsge,  RejJsoe, RejJggoy, Rejsn,  Re€Jog 50  Re€Js00, Re€Js00s

ParticleNet [56] 0.844 0.9849 7634 2475 104 954 3339 10526 11173 347 283
ParT [57] 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
MIParT [ 58 0.861 0.9878 10753 4202 123 1927 5450 31250 16807 542 402
L-GAIr 0.865 0.9884 12195 4819 128 2304 5764 37736 19231 580 427
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Experiment: Jet Tagging
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Experiment: Jet Tagging

What If we combine pre-training and equivariance?

Network Accuracy AUC l/eg (es =0.5) 1/ep (es = 0.3)
LorentzNet 0.942 0.9868 498 2195
CGENN 0.942 0.9869 500 2172
PELICAN 0.9426 0.9870 — 2250
L-GATr 0.9423 0.9870 540 2240
ParticleNet-f.t. 0.942 0.9866 487 1771
ParT-f.t. 0.944 0.9877 691 2766
MIParT-f.t. 0.944 0.9878 640 2789

L-GATr-f.t. (new 0.9442 0.98792 661 3005




Experiment: Jet Tagging

What If we combine pre-training and equivariance?
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Experiment: Jet Tagging

What If we combine pre-training and equivariance?

Network Accuracy AUC l/eg (es =0.5) 1/ep (es = 0.3) 3000 - + L-GATr-f.t.
LorentzNet 0.942 0.9868 498 2195
CGENN 0.942 0.9869 500 2172 ParT-f.t.+ +
PELICAN 0.9426 0.9870 - 2250 MIParTf ¢
L-GATr 0.9423 0.9870 540 2240 2500 - -LL.L
ParticleNet-f.t. 0.942 0.9866 487 1771 PELICAN
ParT-f.t. 0.944 0.9877 691 2766 -~ LorentzNet L-GAIr
MIParT-f.t. 0.944 0.9878 640 2789 -
[LGATe  frew) 09403 T 00%m7 el s ] < 2000° MIFGET
" M ParticleNet-f.t.
S ParticleNet ParT
1500 A
A
W
~—
‘_1 .
1000 - glgﬁeNlN Non-equivariant
Lola Equivariant
o _ Pretrained W
L-GATTr Is useful for more tasks!!! 500 - .
TopoDNN Equivariant+Pretrained O

2016 2018 2020 2022 2024 2026 2028

time of publication



Further L-GATr Applications

- Amplitude regression Do

- Anomaly detection

- Unfolding

e%
. . %
- Simulation-Based Inference ey,
S,
- Reconstructed event generation — First ever Lorentz-
equivariant generative model

.11; E _ tt +4j .%\0_3- __h tt +4j (?ng- :J-"‘-|1 tt +4j
g .. ......... Transform g g .- h ‘-—__
i o 0.0 + 0.0 _ :

P [GeV] AR;y j, m, " [GeV]



Conclusions

. L-GATr Is a versatile architecture for LHC physics
. Equivariance boosts performance in multilple tasks

. L-GAtr has a better scaling than competing baselines
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Lorentz-Equivariant . L
Geometric algebra Lorentz-Equivariant

Geometric Algebra representations layers architecture



oAV

Jesse Thaler
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Lorentz-Equivariant Geometric Algebra Transformer for High-
Energy Physics

Jonas Spinner¥*, Victor Breso*, Pim de Haan, Tilman Plehn,
Jesse Thaler, Johann Brehmer, NeurlPS 2024, arXiv:2405.14806

A Lorentz-Equivariant Transformer for all of the LHC
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Huilin Qu, Jonas Spinner, Jesse Thaler, arXiv:2411.00446

Try L-GATr
for yourself!

L-GATr code
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Experiment: Reconstructed event generation

Lorentz-Equivariant Flow Matching

Continuous nhormalizing flow (CNF) gy

connects a simple base density to a a _

complex target density through a dt¢(x) = V{x) —
neural differential equation

R. Chen et al., 1806.07366
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Experiment: Reconstructed event generation

Physics-inspired target trajectories 60_
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Experiment: Reconstructed event generation

Physics-inspired target trajectories " \V |
+

Straight trajectories In ‘'modified jet momenta’ x:

>
E Xp log(pr — Prmin) % ’ K pT o Y\\"
px Xm o) .
P = p — f_l(p)=x= x | = logm //
y . n /
pz x¢ ¢ //4/

Data Architecture Base distribution Periodic Neg. log-likelihood AUC

p L-GATr rejection sampling v -30.80 0.945
X MLP rejection sampling v -32.13 0.780
X L-GATr rejection sampling X -32.57 0.530
X L-GATr no rejection sampling v -32.58 0.523
(default) x L-GATr rejection sampling v -32.65 0.515



Experiment: Reconstructed event generation
How to extract the CFM velocity field v (x)?

Extend standard CFM workflow with L-GATr:

stable
h'e

—

between Minkowski space p
and the parametrization x

Parametrization

. Equivariant operations
using Mmultivectors

. Symmetry-breaking
operations using scalars
(required for numerical
stability)

[ %
<
~
=

Minkowski space




Experiment: Reconstructed event generation

Task: Build a generator that produces reconstructed level distributions

- Dataset:pp — t,t, +nj, n=0...4
- Simulation chain: MadGraph + Pythia + Delphes + Reconstruction

We develop the first-ever Lorentz-equivariant generative model trained
with Riemannian flow matching*
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Experiment: Reconstructed event generation

Result: Classifier metric

].O ‘—__‘_____‘
e tt+0j | - L-GATr generates samples that a
0ol *—o \ classifier can barely distinguish
| from the ground truth
< \ . . .
g 0.8- w.o..——>-__ | - EqQuivariant networks with full
2 symmetry-breaking outperform
S 07- non-eqguivariant networks
g 0.
Z

--&-- MLP CFM

0.6 - Transf. CFM Bt
#-- E(3)-GATr CFM -
4 L-GATr CFM

0.5 R .|
104 10° 10°

Number of training events



Experiment: QFT amplitude regression

Task: Phase space points {py, ..., P, | === Squared amplitude M
- Expensive operation at scale for EW processes and NLO calculations

- Neural surrogates are fast, but they don't scale well to high multiplicity
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- Key drivers: Lorentz and
permutation equivariance
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- High data efficiency
(important for interpolation
tasks)
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J. Spinner, L. Favaro et al., 2505.20280



