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L-GATr

' Multivectors + ' ' Multivectors + '
Inputs Scalars Scalars Outputs

Input and output data Attention blocks
can have one or can be stacked to large depth,
multiple token gradients are propagated
dimensions efficiently
( \ T v ( ) v ( ) (Co T v ( \ T v v N
: 1 . : 1 : | E : : : : :
. ! ui . ™ I . — I Equi 1 ! ) | | . - .
Equi ¢ a4 Equi | ' Geo 1| Equi 4 ! 1 | Equi ['Geom.: ' Gated | Equi "y i | Equi
. > | , -1 , =1 . _ :
linear | aver :_> linear | 1 attn. :_) linear ..+ S D :_> linear | _i prod :_)1' ELL :_> linear —)‘\f .«'_'_) linear
1 horm e | 1 horm K ) | i
I 1 I | I 1 I 'L | g
—___ NI G BV G N G B VR N S G AN )
Linear layers
between GA Geometric attention Geometric product
representations with generalizes scaled dot- allow for construction
equivariance constraint product attention of new geometric types _
. d P Credits to Johann Brehmer



L-GATr

D> Key feature: Symmetry breaking




L-GATr

D> Key feature: Symmetry breaking

Beam direction




L-GATr

D> Key feature: Symmetry breaking

-Beam reference: (1,0,0, £1)

SO(1,3) — boosts + rotations around the beam

Beam direction




L-GATr

D> Key feature: Symmetry breaking

-Beam reference: (1,0,0, £1)
SO(1,3) — boosts + rotations around the beam
-Time reference: (1,0, 0, 0)

SO(1,3) — SO(3)

Beam direction




L-GATr

D> Key feature: Symmetry breaking

-Beam reference: (1,0,0, £1)
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D> Key feature: Transformer scaling
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L-GATr TAGGING

D> Experiment: Top tagging

Network Accuracy AUC 1/ez (e=0.5) 1/ez (e5 =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] 0.942 0.9868 498 2195
CGENN~* [12] 0.942 0.9869 500 2172
PELICAN* [40] 0.9426 0.9870 - 2250

L-GATr* [33] 0.9423 0.9870 540 2240
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D> Experiment: JetClass tagging

- Large and comprehensive jet dataset

- 100M events

- 10 classes
All classes H—_>b5 H—ct H—>gg H—>4q H—1vqq t—bqq t—>bly W—qq Z—qq
Accuracy AUC  Rejsoy, Rejsgy,  Rejsoe,  Rejsge,  Rejoogo, Rejsons  Rejoose,  Rejsoy,  Rejsoo
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 5_450 31250 16807 542 402
I L-GAIr 0.865 0.0884 12195 4819 128 2304 5764 3773 19231 580 427
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D> Experiment: JetClass tagging

- Large and comprehensive jet dataset
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L-GATr TAGGING

D> What if we combine pre-training and equivariance?

Network Accuracy AUC 1/e5 (€5 =0.5) 1/eyz (e =0.3)

ParticleNet-f.t. [60] 0.9866
ParT-f.t. [60] 0.944 0.9877 691 2766
MIParT-f.t. [60] 0.944 0.9878 640 2789
L-GATr-f.t.* (new) 0.9442 0.98792 661 3005
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D> What if we combine pre-training and equivariance?
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CONCLUSIONS

D> L-GATr sets a new benchmark on multiple tagging tasks
D> L-GATr has a better scaling behavior than competing baselines

D> L-GATr has a strong performance on multiple problems, namely
regression and generation




MSE on standardized amplitudes
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Jonas Spinner Pim de Haan Tilman Plehn Huilin Qu Jesse Thaler

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

Johann Brehmer, Victor Bresd, Pim de Haan, Tilman Plehn,
Huilin Qu, Jonas Spinner, Jesse Thaler, arXiv:2411.00446

What will you use L-GATr for?

L-GATr cod
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