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HEP is Entering an Era of Large-Scale Pre-training

Jets 
ParT  MPM  JEPA


OmniJet  OmniLearn  OmniLearned
⋅ ⋅

⋅ ⋅

Event / Analysis 
BumbleBee


EveNet

Detector 
TrackingBERT  Panda


FM4NPP
⋅

tracking  particle ID  
noise detection

⋅ tagging  generation

anomaly detection

⋅ reconstruction  searches

anomaly detection

⋅

Pre-training  new  
performance regime

→• Large-scale pre-training has already 

demonstrated clear performance gains.


• Foundation models now span 

detector, jet, and event representations, 

with transfer across diverse 

downstream tasks.
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Pre-training is Only Half the Story - Post-training

Learn language  

 Context Structure

⋅ reasoning  

instruction following 

⋅Language

Learn visual distribution Prompt fidelity  

human preference

⋅Image

Pre-training Post-training

Post-training goes beyond traditional task-specific fine-tuning:

 it shapes pretrained capabilities toward desired behavior through feedback and objectives.

Black et al., Training Diffusion Models with Reinforcement Learning, ICLR 2024

Reinforce learning

Fine-tuning…
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Black et al., Training Diffusion Models with Reinforcement Learning, ICLR 2024
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Pre-training is Only Half the Story - Post-training

Learn language  

 Context Structure

⋅ reasoning  

instruction following 

⋅Language

Learn visual distribution Prompt fidelity  

human preference

⋅Image

Pre-training Post-training

What defines “preference” for science ?

Post-training goes beyond traditional task-specific fine-tuning:

 it shapes pretrained capabilities toward desired behavior through feedback and objectives.

Reinforce learning

Fine-tuning…
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What does “Preference” Mean for Scientific Inference?

Physics Fidelity Analysis Sensitivity Unbiased Estimation

Depends on downstream scientific objective…

Etc….
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What does “Preference” Mean for Scientific Inference?

Physics Fidelity Analysis Sensitivity Unbiased Estimation Etc….

• Essential for precision measurements like quantum 

entanglement.


• No unique solution  generative models.


• Generated model do not guarantee physically consistent 

solutions, especially when the relevant physics constraints are 

soft rather than exact.

→

Depends on downstream scientifi

Our Testbed: Underconstrained  reconstructionν
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What does “Preference” Mean for Scientific Inference?

Physics Fidelity Analysis Sensitivity Unbiased Estimation Etc….

Depends on downstream scientifi

Our Testbed: Underconstrained  reconstructionν All fit well, but…Foundation Model f.t.
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What does “Preference” Mean for Scientific Inference?

Physics Fidelity Analysis Sensitivity Unbiased Estimation Etc….
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TARP

Generation 
Prediction 

(EveNet f.t.)

Physics-consistent 
Reference

Generation 
Prediction

MC: Physics 
consistent solutions

Does the reconstructed posterior reproduce the coverage 
expected from physics-consistent solutions.

A plausible generative posterior is not necessarily 
physics-consistent. Deep correlation is hard to learn.

Depends on downstream scientifi

Our Testbed: Underconstrained  reconstructionν

Delphes  
 2Ltt̄
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Preference Optimization for Generative Models

Observed Event Pretrained Generative Model Generated  candidatesν
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Progressive Noise Injection

Reverse diffusion / Sampling

EveNet 
Nature Machine Intelligence (accepted), 2026

https://arxiv.org/abs/2601.17126
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Preference Optimization for Generative Models

Observed Event Pretrained Generative Model Generated  candidatesν
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Progressive Noise Injection

Reverse diffusion / Sampling

Policy 
 pθ (xt−1 |xt , t, c)

State  
xt

State  
xt−1

State  
xt−2

State  
xt−3

State  
x0Action Action Action Action

Generation becomes a sequential decision process.  Reinforcement Learning→
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Preference Optimization for Generative Models

Observed Event Pretrained Generative Model Generated  candidatesν
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Progressive Noise Injection

Reverse diffusion / Sampling

Policy 
 pθ (xt−1 |xt , t, c)

State  
xt

Actions

Preference 

Optimization

Reward reshapes the generated posterior.
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Scientific Objective  Reward→

R(x0, c)

Different way to guide the generative model !
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Preference Optimization for Generative Models

Observed Event Pretrained Generative Model Generated  candidatesν
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Progressive Noise Injection

Policy 
 pθ (xt−1 |xt , t, c)

State  
xt

Actions

Preference 

Optimization

Reward reshapes the generated posterior.
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Scientific Objective  Reward→

R(x0, c)

The Model already knows how to generate 
Now we need to tell it what to prefer

Reverse diff
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Lesson we learned: Truth-Guided Preferences
• Candidates closer to the event-wise truth neutrino momenta receive higher reward.

R( ̂z, z*) = − ∑
j,c (

̂pc,j − p*c,j

sc + ϵ )
2

• Preference optimization on top of EveNet improves reconstruction and downstream statistical precision.

DGPO w.o. EveNet EveNet DGPO + EveNet
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Lesson we learned: Truth-Guided Preferences
• Event-level reconstruction improves, but the generated population drifts.


• A distribution-level anchor suppresses this bias while preserving most of the reconstruction gain.

This reward may not reflect our final scientific objective.

DGPO + EveNet

DGPO + EveNet 
+ Penalty
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Lesson we learned: Truth Guided Preferences Failure Mode
Toy Model: Conditional Distribution

c = (cx, cy) → ρ(c) → p(y1, y2 |c)

One condition does not correspond to a unique solution; 
it defines a conditional distribution.

At each fixed , there is an entire distribution of valid c y1, y2Conditional correlation ρ(c)
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Lesson we learned: Truth Guided Preferences Failure Mode
Toy Model: Conditional Distribution

• Truth-guided preference creates a regression-like pull toward a 
single realized truth.


• But the scientific target is the full conditional distribution 




• Point-wise optimization can therefore distort the learned 
conditional structure

p(y1, y2 |c)

Truth Generative 
Model

Truth-Guided 
Preference
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Population-Level Information as Reward
1. Reframe the target

pgen(z |c) → ptarget(z |c)

2. Estimate distributional mismatch 3. Turn the likelihood ratio into preference

Gen

Truth

Classifier learns


log
ptarget(z |c)1

pgen(z |c)1

Reweight 
Population

Reweighted Gen

(Iter 1)

Truth Iterative population 
reweighting

Classifier learns


log
ptarget(z |c)n

pgen(z |c)n
Reweighted Gen


(Iter n)

Truth

classifiers → log
ptarget(z |c)
pgen(z |c)

Classifiers learn the conditional density ratio.
Learn the preference from 

populations, apply it event by event.

R(c, z) ∼ log
ptarget(z |c)
pgen(z |c)

R(
c,

z)
∼

lo
g

p t
ar

ge
t(z

| c
)

p g
en

(z
| c

)

Under-represented 
(Need relatively more)

Over-represented 
(Need relatively less)Frozen reward model

DGPO uses relative 
reward among 
candidates of the same 
event

The object we want to correct 
is the conditional distribution
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Population-Level Information as Reward
1. Reframe the target

pgen(z |c) → ptarget(z |c)

2. Estimate distributional mismatch 3. Turn the likelihood ratio into preference

Gen

Truth

Classifier learns


log
ptarget(z |c)1

pgen(z |c)1

Reweight 
Population

Reweighted Gen

(Iter 1)

Truth Iterative population 
reweighting

Classifier learns


log
ptarget(z |c)n

pgen(z |c)n
Reweighted Gen


(Iter n)

Truth

The object we want to correct 
is the conditional distribution

classifiers → log
ptarget(z |c)
pgen(z |c)

Classifiers learn the conditional density ratio.
Learn the preference from 

populations, apply it event by event.

R(c, z) ∼ log
ptarget(z |c)
pgen(z |c)

Frozen reward model

Beyond Hand-Designed Physics-
Consistent Rewards 
• The likelihood-ratio classifier can 

exploit multivariate physics 
correlations.


• The reward can therefore capture 
physics-relevant structure
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Population-Level Information as Reward
1. Reframe the target

pgen(z |c) → ptarget(z |c)

2. Estimate distributional mismatch 3. Turn the likelihood ratio into preference

The object we want to correct 
is the conditional distribution

classifiers → log
ptarget(z |c)
pgen(z |c)

Classifiers learn the conditional density ratio.
Learn the preference from 

populations, apply it event by event.

R(c, z) ∼ log
ptarget(z |c)
pgen(z |c)

y1 + y2 y1y2

Truth Generative 
Model

Population-Guided 
Preference

Population-guided preference restores the underlying 
conditional structure. Correlation-sensitive observables unfold 

more precisely
Reference DGPO

Truth
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Pressure Test:  Quantum Entanglement MeasurementZ → ττ
• Neutrinos carry a substantial fraction of the  momentum, making the reconstructed  system highly sensitive to 

neutrino reconstruction.


• The EveNet + truth-guided DGPO + anchor strategy does not transfer well to this  topology.


• This provides a stringent pressure test for population-guided post-training.

τ ττ

Z → ττ

EveNet DGPO + EveNet 
(Truth-Guided)

Δϕ(l, ν)

For the full  quantum-entanglement analysis with DELPHI data, see Chen-Hua’s talk.Z → ττ

Δϕ(l, ν)

https://indico.global/event/15240/contributions/165309/
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 QE measurement ResultsZ → ττ

Trained with 10% dataset 

(Full dataset: 5M statistics)

• Population-guided preference optimization reduces the joint-
distribution mismatch by 20–50% across the limited-data 
regimes.


• The improvement persists after removing the 1D marginals, 
indicating better multivariate dependence rather than marginal 
reshaping alone.
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1D distribution 1D distribution

EveNet
DGPO + EveNet 
(Population-guided)

Better
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Conclusions

‣ Large-scale pretraining provides a broad generative solution space, but 
scientific post-training requires a well-defined notion of “better.” 

‣ Truth-guided preferences improve event-level reconstruction, but can distort 
the conditional distribution in underconstrained inference.


‣ Population-level likelihood information provides a more suitable feedback 
signal, translating distributional mismatch into event-wise preferences.


‣ Population-level optimization improves distribution fidelity, but does not 
consistently improve downstream physics sensitivity, since the current reward is 
not directly aligned with the final measurement.

The choice of reward is itself part of the scientific inference problem.
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Could we align post-training directly with 
inference-level objectives ?


Event level  population level  inference level→ →
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BackUp
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Conceptual Origin: Group-Relative Policy Optimization

Medium: Group Relative Policy Optimization (GRPO) 
Illustrated Breakdown & Explanation

https://pub.towardsai.net/group-relative-policy-optimization-grpo-illustrated-breakdown-explanation-684e71b8a3f2
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DGPO as Policy Optimization for Diffusion Models
Policy Gradient

J(θ) = Ex∼πθ
[R(x)]

∇θJ(θ) = E[A(x)∇θ log πθ(x)]

Positive advantage increases the sample 
probability, negative advantage suppresses it.

A > 0 ⇒ log πθ(x) ↑

A < 0 ⇒ log πθ(x) ↓

−log pθ ∝ lθ = ∥vθ(xt, c, t) − v*∥2

Diffusion Bridge

For a Gaussian reverse diffusion 
step, the denoising residual acts 
as a local negative-log-probability 
surrogate

∇θlog pθ ∝ − ∇θlθ

DGPO Update

∇J ∝ E[−A∇lθ]

Lpolicy = E[Alθ]

Ak > 0 ⇒ lk ↓ ⇒ pθ(xk) ↑

Ak < 0 ⇒ lk ↑ ⇒ pθ(xk) ↓

DGPO implements policy-gradient learning 
by using the diffusion residual as a 
surrogate for sample log-probability.
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From Group Preference to the Full DGPO Objective
1. Sample a group 

For the same event


 

And use the same 


x(1,e)
0 , . . . , x(k,e)

0 ∼ πθ( ⋅ |ce)

(t, ϵ)

x(k,e)
t = αtx(k,e)

0 + σtϵ

2. Relative preference  Advantage 




: relative preference within the same 
event


: prefered

: suppressed

→

Rk,e → Ak,e

Ak,e

Ak,e > 0
Ak,e < 0

3. Compare current and reference 
policies 







l(k,e)
θ = ∥vθ − v*∥2

l(k,e)
ref = ∥vref − v*∥2

Δk,e ≡ l(k,e)
θ − l(k,e)

ref ∼ log
πθ(xk |ce)

πref(xk |ce)

4. Event-level DGPO Gate 






Large : preference ordering is not yet satisfied


Small : current policy already favors the prefered 
candidates.

Me =
β
K ∑

k

Ak,eΔk,e

we = σ(Me)
we

we

5. Final Update 







LDGPO =
1

BK ∑
e

we ∑
k

Ak,el(k,e)
θ

Ltotal = LDGPO + λKLLKL

LKL =
1

BK ∑
e,k

∥vθ − vref∥2


