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TopTagging Landscape : 1902.09914

https://arxiv.org/pdf/1902.09914
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Surpassing Analytic Observables 
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TopTagging Landscape : 1902.09914

First principle understanding : what makes things work?

https://arxiv.org/pdf/1902.09914
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Working of the explainers
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GNNExplainer ( 1903.03894 ) GNNShap ( 2401.04829 )

GradCAM ( 2111.00722 )

Pic credit : S. Khurana's Medium Article

https://medium.com/@sambhav.khurana006/explainability-in-graph-neural-networks-with-gnnexplainer-6287ec82dc28
https://medium.com/@sambhav.khurana006/explainability-in-graph-neural-networks-with-gnnexplainer-6287ec82dc28
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The Truth Lund-Plane Weight
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Aggregated Node Weights
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Aggregated Node Weights
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How do we make sense of these?
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The Fid+ score shift for   
QCD is counter intuitive. 
Follows from LJP distribution  
of QCD.  
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The average feature weight

Sanmay Ganguly (IITK) ML4Jets-2026

 play a 

Crucial role towards decision  
making. 

 also plays a 

sizeable role for identification of 
2 abd 3-prong jets.  

The azimuthal angle has no role 
to play, a validation test. 

ln(z) & ln(Δ)

ln(m) & ln(kT)
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We just took a scratch in this frontier.  

How do we understand the architecture dynamics?   
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Dissecting A Tagger Through Mech-Int 
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Boosted top jet
t → W (qq̄) + b

Particle Transformer
4 particle attention + 2 class attention

L0

L1

L2

L3

Cls0 Cls1

class attention

circuit heads highlighted · 16 heads total

Mech-interp toolkit
applied to internal activations

Zero ablation

Path patching

Logit lens

Linear & per-layer probes

Mechanistic interpretability tries to identify a minimal set of components ( circuits ) that are causally 
responsible for a learned behavior.  The intervention methods are as following :  

Zero ablation : switch off one head, measure the AUC drop ( or whatever the performance metric is ).  

Path patching : swap one head’s activation clean ==> corrupted run, see how much recovers (conceptual  
swap test ).  

Logit Lens : read the classification score out at every layer ( a partial reconstruction ). 

Linear Per-Layer Probing : runs a linear regression from intermediate layers to target (  coefficient ).  R2

2605.09881

https://arxiv.org/abs/2605.09881v1
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The Logit-Lens / Per Layer Probe  
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Naive logit-lens AUC :  

 

Per layer trained probe  after L1.  

This indicates a basis rotation, not a new computation.

0 . 575 → 0 . 366 → 0 . 541 → 0 . 801 → 0 . 111

∼ 0 . 97

2605.09881

https://arxiv.org/abs/2605.09881v1
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Head Importance Zero Ablation Method   
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6 out of 16 heads recover  of accuracy.  

L0H1 primary source ( soft/collinear context ).  

L1 (H0, H1, H3) ==> the relay heads 

recovers the W substructure.  

L3H3 performs the readout/aggregation. 

Tested over 5 training seeds & 2 independent  

corruption strategies. 

∼ 97 %

Edge thickness encodes the path effect  

magnitude.
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Head Importance Zero Ablation Method   

Sanmay Ganguly (IITK) ML4Jets-2026

The two largest single-step gains occur when  

L0H1 is added (Step-1, +0.868 AUC) and the  

L1H5 head is added (Step 5, + 3.8% points )

The random sparse subsets of six headed circuits 

have varied distribution. This shows part of the  

subset circuit is actually redundant. 
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Ablation Applied To Physics Variables

Sanmay Ganguly (IITK) ML4Jets-2026

A large deviation from baseline indicates that for a given head, the corresponding feature  

has a large causal impact. 
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Which Layer Learning What Physics?

Sanmay Ganguly (IITK) ML4Jets-2026

2-prong features are given more weightage over 3-prong structure.  

Energy correlator variables are preferred over N-subjettiness.
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Summary

Sanmay Ganguly (IITK) ML4Jets-2026

We approached the question of interpretability by trying to understand  
what is being learned and how the hidden layers are performing the downstream task.  

Correlation studies show that different layers of a jet tagger learns different  
Lund-Jet plane features.  

There aren’t any best explainability method as of now. Depends on downstream task. 

The takeaway message : if we have a point cloud data representation in HEP,  
we can do explainable AI on them and extend the methods discussed here.  

Mechanistic interpretability methods allows us to understand what’s going on  
inside a deep network :  
If some parts are found to be irrelevant, can be trimmed off for faster forward  

       computation.  
It will be great to develop these methods for FastML. 
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Summary
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We approached the question of interpretability by trying to understand  
what is being learned and how the hidden layers are performing the downstream task.  

Correlation studies show that different layers of a jet tagger learns different  
Lund-Jet plane features.  

There aren’t any best explainability method as of now. Depends on downstream task. 

The takeaway message : if we have a point cloud data representation in HEP,  
we can do explainable AI on them and extend the methods discussed here.  

Mechanistic interpretability methods allows us to understand what’s going on  
inside a deep network :  
If some parts are found to be irrelevant, can be trimmed off for faster forward  

       computation.  
It will be great to develop these methods for FastML. 

THANK YOU!!
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Backup   

Sanmay Ganguly (IITK) ML4Jets-2026
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Path Head Tests   

Sanmay Ganguly (IITK) ML4Jets-2026
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Path Head Tests   
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Pairwise Zero Ablation Test   

Sanmay Ganguly (IITK) ML4Jets-2026
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Mechanistic Interpretability Dictionary  

Sanmay Ganguly (IITK) ML4Jets-2026


