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Symmetries in jet data

• Permutations of constituents

•  Rotational, boost, Lorentz symmetries

4
ATLAS Experiment © CERN
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Inductive biases in the architecture 
(Low-lying minima @ low complexity)

Architectural efficiency 
(fast convergence to minima)

Expressivity
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To isolate effects of equivariance:

1.  Take a particular equivariant model

2. “Break” its equivariance in a “minimal” way

• Change only the input layer

• Same architecture, same hyper parameters and optimization

3. Compare to an equivariant model that accesses the same information content in the data.
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Inputs:   dij = pi ⋅ pj = EiEj − ⃗pi ⋅ ⃗pj
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PELICAN

dijN

N

PELICAN Classification score

Invariant w.r.t. the Lorentz group  
State-of-the-art across many tagging and regression tasks

SO+
1,3

[arXiv:2307.16506]



9

What information is “not invariant”?



9

What information is “not invariant”?
1. Detector orientation: the -axis is specialz



9

What information is “not invariant”?
1. Detector orientation: the -axis is specialz

2. Finite resolution introduces potential non-isotropy w.r.t. -rotationsz



10

Two methods

Promote non-invariant data to an 
input of an invariant architecture

“Spurion method” 
(thanks to Jesse Thaler)

Add non-invariant data as a 
direct “scalar” input

“Input method”



10

Two methods

Promote non-invariant data to an 
input of an invariant architecture

“Spurion method” 
(thanks to Jesse Thaler)

Add non-invariant data as a 
direct “scalar” input

“Input method”

If the spurion method produces better models, equivariance 
can be claimed to be a source of a performance boost.
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Workaround: spurions
1. Treat detector geometry as part of input

2. To each event append fixed 4-vectors like e± = (1,0,0, ± 1)

p1, p2, …, pN

p1, p2, …, pNe+, e−,

Global Lorentz is preserved, while 
on the jet only  remains.SO2

ATLAS Experiment © CERN
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dijN + 2

N + 2

PELICAN Classification score

Workaround: spurions

The architecture remains exactly the same and globally Lorentz invariant!

New rows contain “non-invariant” info like E, pz
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dijN + 2
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PELICAN Classification score

Workaround: spurions

Particle scalar data



14

dijN + 2

N + 2

PELICAN Classification score

Workaround: spurions

1-hot labels

Each spurion gets a unique label, different from the common label of a jet constituent.
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PijN

N

PELICAN Classification score

Alternative: extra inputs

 a reduction of  to the relevant symmetry groupPij (pi, pj)
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Input:        dij
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4 inputs: 

(1,0,0,0), (0,1,0,0),
EiEj ⊕ pi,x pj,x ⊕ pi,ypj,y ⊕ pi,z pj,z Alternatively: 5 inputs including dij = EiEj − ⃗pi ⋅ ⃗pj
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Two methods

 spurions, full Lorentz symmetryk

Spurion method

 inputs, partial/no symmetryk + 1

Input method

• Both methods access the same information in the data.
• Models differ only in the input layer; almost the same model size.
• Fix random seeds: initial weights beyond input layer are identical.
• Input layers are initialized to produce identical outputs.
• Outputs of all models are identical on the first batch.
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Preliminary results: quark/gluon tagging
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Conclusions
1. Invariant inputs help.
2. Stronger effect at higher model complexity.
3. Equivariance edges out augmented non-invariant inputs.

Upcoming
1. Full range of subgroups ( , -boost).SO3 z

2. More tasks: 
• detector simulation 
• top tagging
• multi class jet tagging
• 4-momentum reconstruction.
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