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WHY READING A JET (TAGGER)?

• Constituent based ML tools have emerged in jet physics 

• As of today, transformer based methods have 
demonstrated great capabilities in various jet studies  

• But constituent based ML methods are not by 
definition IRC safe, therefore: 

• Where does the performance gain rest on 
physically?  

• Whether these models are sensitive to generator 
details and thus generator dependent?  

• With less supervision imposed (such as pretraining 
with self-supervision), which physics will the model 
pick up? 
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taken from 2411.00446

I don’t have an answer for the questions today, rather offering an perspective for ParT

https://arxiv.org/abs/2411.00446
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HOW TO READ A JET (TAGGER)?

• Interpretation methods exist, with great motivations from physics and ML point of views

3

Therefore the Lund modality should help ParT’s 
interpretation

A crucial ingredient of ParT is the pair-wise 
feature inspired by Lund splittings 2605.26821

1807.04758

https://arxiv.org/abs/2605.26821
https://arxiv.org/abs/1807.04758
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HOW TO READ A JET (TAGGER)?

• Interpretation methods exist, with great motivations from physics and ML point of views

4

ParT is a transformer, therefore attention 
map reveals the underlying mechanism

i

ω = 1

i

ω = 2

· · · cls

ω = L

→ heads→ heads

s

2412.03673

https://arxiv.org/pdf/2412.03673
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HOW TO READ A JET (TAGGER)?

• Interpretation methods exist, with great motivations from physics and ML point of views

5

And even combining both to analyze the 
model with a view from the Lund Plane! 

2604.25885

https://arxiv.org/abs/2604.25885


Ja
co

bi
an

-le
ns

e, 
SQ

, M
L4

Je
ts

 2
02

6 
Vi

en
na

WHAT’S THE JACOBIAN LENS HERE

• TL;DR: 

• A way of attributing the per input attribution from 
gradients (a la the Jacobian rule) 

• Analogue to gradient based feature importance, 
though  could be a particle herex
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ai = ∑f x f
i ∂s/∂x f

i

Recently revived by Anthropic 
for LLMs, inspiration from 
here, though simplified :)

i

ω = 1

i

ω = 2

· · · cls

ω = L

→ heads→ heads

s

εs/εxi

fω
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WHAT’S A JACOBIAN LENS FOR PART
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Per particle attention “weight” 
available per layer per head
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WHAT’S A JACOBIAN LENS FOR PART
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Per particle attribution through 
Jacobian lens, for the final destination
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WHAT’S A JACOBIAN LENS FOR PART
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s

ai =
∣∣∣
∑

f x
f
i

ωs

ωxf
i

∣∣∣

ln 1/!R

ln kT

Gsoft

· · ·

Reading with a lund plane “density” : gradient allows aggregation per split

Or compare the attribution with another variable with Gini Index

Other ways, You name it!
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HOW DOES JACOBIAN LENS READ A PART?

• More straightforward: it is a derivative  

• if we take gradient w.r.t. a jet energy 
regression output node, the attribution 
behaves like a per-particle correction 
weight?! 

• Lund plane is for “split”, how to connect it with 
a NN?  

• C/A decluttering introduce a strict sequence  

• Hence the gradients can be aggregated per 
group from linearity! 

• i.e. lensing at each split :) 
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ai = ∑f x f
i ∂s/∂x f

i ∼ s := pGEN
T /pRECO

T

It seems to work :) 

pT regression trained 
with JetClass-II
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HOW DOES JACOBIAN LENS READ A PART?

• Same ParT backbone:  

• Out-of box for MC class physics discriminate (Hbb vs Zqq) 

• Fine tuned for MC domain classification (Pythia vs Herwig)
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On the generator side, the 
discrimination power is modest…

Still, should have some domain 
classification / shifting power… :)
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HOW DOES JACOBIAN LENS READ A PART?

• Same ParT backbone:  

• Out-of box for MC class physics discriminate (Hbb vs Zqq) 

• Fine tuned for MC domain classification (Pythia vs Herwig) 

• Generator classification relies on soft regime, while physics classification tracks hard 
constituents  

• Two prong structure reflected into the dR profiling of the Jacobian lens

12
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HOW DOES JACOBIAN LENS READ A PART?

• Same ParT backbone:  

• Out-of box for MC class physics discriminate (Hbb vs Zqq,) 

• Fine tuned for MC domain classification (Pythia vs Herwig)

13

ln(1/!R)

ln kT

kT = z pjetT !R → ln kT = ln(z pjetT )↑ ln(1/!R)

z →
1

z = 1/2

z = 0.1

z = 0.01

z = 10→3

W

H

top

Different generator on the 
same Hbb vs Zqq physics 
processes classification 

2512.17408

https://arxiv.org/pdf/2512.17408
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HOW DOES JACOBIAN LENS READ A PART?

14

• Hence the quest from PLuM: 

• Explicit adding Lund splittings to 
enhance the performance 

• Works for heavy flavor 

• Tiers with ParT for lighter

• As promised, Jacobian lens can trace down 
to feature set level  

• We can get the Jacobian lens per feature 
group  

• Behaves as expected :)  
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HOW DOES JACOBIAN LENS READ A PART?

• A Jacobian Lens answer to PLuM: 

• Taking the lens to the Pair-wise feature bias route, then project on the 
Lund plane: 

• The gain lives align with classes where attention more concentrated  

• With more input features the lund bias share will dilute  

• PLuM could bring it back by enforcing explicit Lund splitting 

• But if original Lund attention share is little, then the gain is little 
too… 

• Therefore, my humble guess for the rest: 

• Gain won’t be much… 

15
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HOW DOES JACOBIAN LENS READ A PART?

• How about another corpus from real data with self-supervised learning (SSL)? 

• Attempted SSL methods with Aspen Open Jet (AOJ) dataset —> jets collected from 
CMS open data  

• Firstly trained P-JEPA on AOJ, then applied to JetClass to test the reading, w.r.t. 
supervised ParT models  

• Robustness against domain shifts can be tested —> Key capabilities for transfer 
learning 

• AOJ-P-JEPA -> Supervised ParT 

• Different from Random weight 

• Advantage of real data SSL? 

16

SSL lens-ed through a random 
pulling in embedding direction 

and get the gradient

https://indico.in2p3.fr/event/33627/contributions/154606/attachments/95265/145823/P-JEPA_H_Qu_20250710.pdf
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HOW DOES JACOBIAN LENS READ A PART?

• How about another corpus from real data 
with self-supervised learning (SSL)? 

• Firstly trained P-JEPA on AOJ, then 
applied to JetClass(-I) to test the 
reading, w.r.t. supervised ParT models  

• OJ-P-JEPA -> Supervised ParT 

• Different from Random weight  

• Advantage of real data SSL? 

• We see certain structure towards hard 
splittings in both data and supervised 
training, on the Lund plane Jacobian 
lens 

17
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HOW DOES JACOBIAN LENS READ A PART?

• What is the difference? 

• Intuition: AOJ is dominated by QCD, so 
attention (hence the reading) will be 
QCD energy flow structure focused!  

• Below is the difference between TTbar 
and QCD 

• Supervised ParT demonstrates the 
structure  

• AOJ like random…

18
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HOW DOES JACOBIAN LENS READ A PART?

• Do different SSL paradigm / 
Backbone differ? 

• Exercised Masked Particle 
Modeling (MPM) vs P-JEPA 

• Exercised MIParT vs ParT 

19
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HOW DOES JACOBIAN LENS READ A PART?

• Do different SSL paradigm / 
Backbone differ? 

• Exercised Masked Particle 
Modeling (MPM) vs P-JEPA 

• Exercised MIParT vs ParT  

• Convergence is real: as long as on 
AOJ different training converges to 
similar patterns 

• But both variants demonstrated 
more physics pattern?  

• Again supervised has more physics!

20
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SUMMARY AND OUTLOOK

• Got inspired by the LLM Jacobian lens, and try the same for jets :)  

• Simple math setup: gradient from partial derivatives through the 
Jacobian rule 

• Not replacing attention map/shapley/… but offering a different 
angle  

• Per particle / input / group enables mapping into physics spaces 

• Paradigm can be generalized  

• For SSL studies: Offering another angle for the jet representation 
learnings  

• Jacobian lens is not limited to ParT or even Transformers /…, but 
anything auto-differentiable! 

• Results are to be matured with codebase to be public 

• A real intra layer LLM-style “Jacobian-lens” tracks the embedding shift?
21

Thank you! 

PS: if you want a quick C/A 
decluttering or jet clustering on 

GPU, check Chirayu’s talk 
tomorrow :)
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MORE GENERATORS IN ONE SLIDE

22

• Apart from Sherpa, all with hard 
process modeling from MadGraph 

• Sherpa’s hard process is done with 
Comix -> aligned at LHE level with 
MG 

• 7-class generator domain 
classification fine-tuned 

pair AUC G_soft generator corr with class map (Hbb 
vs Zqq / Hbb vs QCD)

Pythia vs Herwig 0.63 0.4 0.60 / 0.67

Pythia vs Herwig 
7.3 0.72 0.37 0.65 / 0.74

Pythia vs Sherpa 0.78 0.36 0.76 / 0.80

Pythia vs Dire 0.63 0.51 0.51 / 0.56

Pythia vs Vincia 0.61 0.52 0.48 / 0.53

Dire vs Vincia 0.56 0.39 0.78 / 0.83

Herwig vs Herwig 
7.3 0.67 0.3 0.76 / 0.84


