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Outline

1. Generation: Jet generative models 

2. Inference: Fundamental limit of jet tagging 

3. Evaluation: SURF method
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Jet generative models

• A jet is a collimated spray of particles, each with features 
(pT, Δη, Δϕ)
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Jet generative models

• A jet is a collimated spray of particles, each with features 
(pT, Δη, Δϕ)

Likelihood p(jet)Generative model
Likelihood  

computation:

Generative modelGeneration:
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• Jet tagging is a key task in collider physics

• Can think of it as (binary) classification task! 

Bett
er

ROC curve:
Background: QCD jets 

Signal: Top jets
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performance!
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Fundamental limit of jet tagging (2411.02628)
[2411.02628] J. Geuskens et al.

• ML jet taggers (classifiers) are achieving state-of-the-art 
performance!


• Goal: Determine the optimal achievable performance for jet tagging


• Neyman-Pearson Lemma: Likelihood ratio is the most powerful 
test statistic for binary classification


• Challenge: True jet likelihoods are not available a priori
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Fundamental limit of jet tagging (2411.02628)
GPT jet generative models 

trained on JetClass


Generated synthetic QCD and 
Top jet datasets


Have access to likelihood of 
synthetic jets


Compute optimal ROC curve 
of top vs QCD

[2411.02628] J. Geuskens et al.

Performance gap 
between optimal classifier 

and SOTA classifiers

Not so fast… 

1. This is only the OPTIMAL performance 
for the GENERATED jets! 

2. Can we reproduce the gap with other 
generative models?
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Tops vs QCD
EPiC-FM results Rutgers GPT results

We restricted to up to hardest 40 jet constituents
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6

Tops vs QCD
EPiC-FM results Rutgers GPT results

Reproduced large gap!
Small gap

So is there really a gap? 
If so, which method is 

correct?

We restricted to up to hardest 40 jet constituents
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Likelihood of reference?

JetClass

Generative model

Image made using ChatGPT
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Likelihood of reference?

JetClass

Generative model

Image made using ChatGPT

Don’t have likelihood of reference jets :(
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• We don’t know true Top vs QCD ROC 
curve for JetClass

• Use generated EPiC-FM jets as 
reference:

• Access to true log-likelihood of reference

Likelihood of reference?

GPT ROC curve is vastly inflated 
compared to reference ROC curve

SUrrogate ReFerence (SURF) method
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• We don’t know true Top vs QCD ROC 
curve for JetClass

• Use generated EPiC-FM jets as 
reference:

• Access to true log-likelihood of reference

• We have an example where GPT 
artificially inflates reference ROC curve

Likelihood of reference?
SUrrogate ReFerence (SURF) method
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What kind of mismodeling?

• Val loss > Train loss

• GPT jets are more similar to 
training jets than validation jets

• Overfitting? 
 

Possible explanation arXiv: 2311.17035
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More test of overfitting:

• Train GPT model on different dataset sizes 

• Expect more overfitting for smaller datasets 

• More overfitting -> More separable tops vs QCD

Possible explanation
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What kind of mismodeling?

• EPiC-FM has no evidence of 
overfitting

• Generalization phenomenon is 
an active research area

Possible explanation
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How could overfitting lead to performance gap?

Possible explanation

Overfit training data

Introduce high frequency artifacts 
in generated jets


Difficult for NN taggers to 
learn high-frequency features

“… learning bias of deep networks towards 
low frequency functions…”
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How could overfitting lead to performance gap?

Possible explanation

Overfit training data

Introduce high frequency artifacts 
in generated jets


Difficult for NN taggers to 
learn high-frequency features
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Conclusions
We reproduced jet tagging performance gap found in 2411.02628 with GPT 
model

Found that flow-matching based model results in a significantly smaller gap

Used surrogate generative model with known likelihoods as reference to 
interpret performance gap

Found that GPT artificially inflates reference ROC curve

Performance gap is GPT case might be due to mismodeling -> e.g. overfitting

ian.pang@physics.rutgers.edu
/1212
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GPT models

• Trained to generate sequences

• Learns p(xi+1 |x0, x1, …, xi)

• For jets:  are the features of the 
 hardest constituent

xi
ith

• Constituent features are 
“tokenized” (mapped to finite 
number of integers)

Jet generative models
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Flow matching models

• Learn invertible transformation 
from noise to data

Jet generative models

log p1(x(1)) = log p0(x(0)) − ∫
1

0
dt Tr

∂uθ
t

∂x
Compute 

log-likelihood:

t=0 t=1

where Noise and x(0) ∼ x(1) ∼ jets

uθ
t (x(t)) =

dx(t)
dt

Vector field:

Image taken from arXiv:2210.02747

https://arxiv.org/pdf/2210.02747
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integration
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Model EPiC-FM Rutgers GPT

Training data JetClass 

QCD/Top jets

Tokenized 

JetClass 


QCD/Top jets

(      - ordered)

Main architecture
EPiC layers 

(Permutation 
equivariant) 

GPT blocks

(Autoregressive)

Model output Vector field Probabilities of 
token

Log-likelihood 
computation

Numerical 
integration

Sum of token log-
probabilities

40  bins 
30  bins 
30  bins

log pT
Δη
Δϕ

Based on HuggingFace 
GPT-2 

https://huggingface.co/docs/
transformers/en/model_doc/gpt2

Jet generative models

We validated the 
accuracy/robustness

https://huggingface.co/docs/transformers/en/model_doc/gpt2
https://huggingface.co/docs/transformers/en/model_doc/gpt2
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But why can’t SOTA jet taggers 
reproduce the optimal ROC curve?

Maybe GPT introduces artifacts that 
are hard to learn for the SOTA jet 

taggers?
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Obtaining FM log-likelihoods

where Noise and x(0) ∼ x(1) ∼ jets

uθ
t (x(t)) =

dx(t)
dtVector field:

log p1(x(1)) = log p0(x(0)) − ∫
1

0
dt Tr

∂uθ
t

∂x
Compute 

log-likelihood:

log pt−Δt(x(t − Δt)) = log pt(x(t)) − Δt Tr(𝙹𝚊𝚌[uθ
t−Δt(x(t)])Numerical integration:

Can reproduce ROC curve for 
analytic toy model
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Validating FM log-likelihoods
Forward: Noise -> Jets (Generation) 

Backward: Jets -> Noise (Density estimation) 

Want forward and backward to be exact inverses!
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• Train GPT model on different dataset sizes 

• Expect more overfitting for smaller datasets 

• More overfitting -> More separable tops vs QCD
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