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Agentic AI in high-energy physics
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The landscape — a fast-moving one

Recent studies have demonstrated agent-assisted execution of substantial parts of selected HEP analyses. (e.g. [1-4])

Automated analysis pipelines

Agent-assisted code generation, execution, and iterative correction in HEP analysis pipelines

End-to-end experimental analyses
Agents have performed event selection, background estimation, uncertainty quantification, statistical inference, and documentation

Demonstrated in experimental environments

Examples include open-data analyses and Dr.Sai's BESIII branching-fraction remeasurements using experiment-specific software and 
computing resources.

[1] Gendreau-Distler et al., arXiv:2512.07785 (2025).   [2] Moreno et al., arXiv:2603.20179 (2026). [3] He et al., Dr.Sai, arXiv:2604.22541 (2026). [4] Badea et al. arXiv:2603.05735 (2026).

As agentic analyses become more capable, a natural next step is to make the workflow more structured, reproducible, and reusable
across analyses.

Where that leaves us



Agentic AI + physics foundation models
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What a physics foundation model (FM) gives the agent

• Reusable physics capabilities
• Pretrained representations and task heads for reconstruction, assignment, and classification.

• Less task-specific ML design
• Select and combine existing capabilities instead of building a new ML solution from scratch.

What the agent gives the physics FM

• Physics-goal translation
• Maps a scientific goal to the appropriate tasks, targets, and model configuration. 

• Flexible analysis orchestration
• Connects data preparation, model execution, validation, and downstream physics observables.

Agent flexibility + reusable physics capabilities
Toward controlled, reproducible end-to-end analyses



EveNet as a physics FM engine
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• EveNet (arXiv:2601.17126):
• Event-level foundation model for collider physics.
• Point-edge transformer backbone, pretrained on 500M simulated SM events.
• Reconstructed objects represented as a point cloud, with kinematic and identification features.

• It provides a shared pretrained backbone with multiple task-specific heads.

Head Provides

Classification process / category label

Assignment object → parent-resonance pairing

Segmentation grouping objects into final-state 
categories

Supervised 
generation

invisible-particle four-momenta, e.g. 
neutrinos

Self-supervised 
generation

masked reconstruction, background 
generation

Our goal:  Develop a workflow for automated end-to-end physics analyses with foundation 
models,  demonstrated through EveNet

See Ting-Hsiang’s talk for EveNet details
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https://arxiv.org/abs/2601.17126
https://indico.global/event/15240/contributions/165304/


Agent Workflow architecture
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Physics prompt
“measure spin correlations in 
dileptonic ttbar …”
+ input data

Physicist approval
Sees head choice, slot mapping, cuts, 
checkpoint, observable definition — then 
approves or revises.
hard gate · plan.md written on approval

approved

data-converter
ROOT/.pt/h5 → point-cloud 

parquet

fine-tuner
Configuration, Train + predict 

job submission and monitoring

predictor
Pred.-only submission when 
needed; output validation

data-reconverter
predictions → requested 

format

result-synthesizer
computes the observable

LLM Wiki
Persistent knowledge

Shared across subagents

Persistent workflow state & recovery
Tracks execution and recovery history; enables evidence-guided diagnosis, minimal repair, and bounded retries.

Physics-planner
Inspects the actual data rather than 
assuming its structure. Proposes head(s), 
slot mapping, targets, split, training 
settings, observable.
read-only 
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Physics prompt
“measure spin correlations in 
dileptonic ttbar …”
+ input data

Physicist approval
Sees head choice, slot mapping, cuts, 
checkpoint, observable definition — then 
approves or revises.
hard gate · plan.md written on approval

approved

data-converter
ROOT/.pt/h5 → point-cloud 

parquet

fine-tuner
Configuration, Train + predict 

job submission and monitoring

predictor
Pred.-only submission when 
needed; output validation

data-reconverter
predictions → requested 

format

result-synthesizer
computes the observable

LLM Wiki
Persistent knowledge

Shared across subagents

Persistent workflow state & recovery
Tracks execution and recovery history; enables evidence-guided diagnosis, minimal repair.

Physics-planner
Inspects the actual data rather than 
assuming its structure. Proposes head(s), 
slot mapping, targets, split, training 
settings, observable.
read-only 

Explicit scientific intent
• Plan → physicist approval
Autonomous execution
• Specialized agents + validation
Persistent execution context
• Knowledge + state + recovery



Agent Workflow architecture
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Physicist-controlled scientific intent, agent-driven execution



Physics planner
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WHAT THE PLANNER PROPOSES

• Head selection

• Multiple heads when required by the physics task.

• Slot mapping, verified against the data

• Opens the files and checks: tree/keys, branch names, per-event 

multiplicities, mass hypotheses per index, event weights

• Targets, data splits, checkpoint, and training configuration.

• Observable definition and methodology

Inspect the data, rather than assume its structure.
The planner verifies input conventions against actual files, records 
evidence for inferred mappings, and flags discrepancies with the user's 
description for physicist review.

Short report
Concise summary for physicist review

Technical report
Evidence, mapping and implementation details

Data-grounded planning makes analysis choices explicit  and reviewable.



LLM Wiki — persistent scientific knowledge
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• Reusable knowledge is externalized from the agent conversation 
and available across workflow invocations.

• LLM Wiki pattern
• A shared, LLM-maintained Markdown knowledge base.
• Organizes reusable scientific, software/interface, and 

operational knowledge.
• Accessible to task-specialized subagents.

• Knowledge already captured
• Physics concepts: helicity basis, spin correlations, unfolding, 

significance, and Higgs analyses.
• Entities and tools: EveNet, ROOT/RooFit, NERSC, 

experiments, and data resources.

Andrej Karpathy, LLM Wiki (2026)

Current organization

Development: Expanding coverage and improving 
organization and quality control.

https://gist.github.com/karpathy/442a6bf555914893e9891c11519de94f


Benchmark I — 𝐻 → 𝑎𝑎 → 4𝑏
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Approved analysis plan

1  Physics task & model

• Classification: signal vs combined QCD.
• Assignment: a₁/a₂ → bb pairing.

2  Data & analysis definition

• 𝑝!-ordered jet slots; masked padding
• Assignment targets treat a1 and a2 as interchangeable
• Jet and b-jet event selections
• 2.06M selected events; fixed 50:50 holdout

3  Execution configuration

• Fine-tune EveNet-Full pretrained checkpoint 
• 4 GPUs 
• Event weights enabled for Classification training

4  Physics outputs

• 𝜀" vs. 𝜀#
• SIC = 𝜀"/ 𝜀# (Significance Improvement 

Characteristic)
• Symmetry-aware pairing efficiency.

“I want to search for the exotic Higgs boson decay 𝐻 → 𝑎𝑎 → 4𝑏, 𝑚$=30 GeV. I want to improve the separation between 
signal and background, and determine the most likely pairing between reconstructed b-jets in the signal events...”

Specif ic  physics request + data inspection → explicit,  reviewable FM analysis plan



Benchmark I — H → aa → 4b
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• Max SIC (Significance Improvement 

Characteristic): 4.2

• Two pairing-efficiency metrics

• Both resonances matched —

61.6%

• All truth-valid resonances 

matched — 75.0%

• EveNet paper definition, 

explicitly provided to the 

agent

• Comparable performance to the 

EveNet reference

Workflow result — Claude Sonnet 5

EveNet paper



Benchmark II — dileptonic 𝑡 ̅𝑡 quantum correlations
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Approved analysis plan

1  Physics task & model

• Assignment: lepton–b-jet pairing
• TruthGeneration: two massless neutrino momenta

2  Data & analysis definition

• 18 unified jet/lepton slots; masked padding
• Charge- and ΔR-matched assignment targets
• 3.45M train / 0.493M val / 8.2M test

3  Execution configuration

• Fine-tune EveNet-Full pretrained checkpoint
• 16 GPUs 

4  Physics outputs

• Neutrino kinematics and pairing efficiency
• Unfolded spin-correlation matrix 𝐶%&
• Entanglement observable Δ

“I want to study 𝑡 ̅𝑡 quantum entanglement in the dilepton final state...”

High-level physics goal + Wiki + data inspection → composed FM capabilit ies and downstream analysis



Benchmark II — dileptonic 𝑡 ̅𝑡 quantum correlations
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Another three 
independent runs yield 
consistent results
across Claude 
Sonnet/Opus 5  

83.1% pairing efficiency comparable to EveNet

Neutrino reconstruction
Target vs predicted neutrino 𝑝! /𝜂/𝜙

Construct Δ with unfolded 𝐶%&:

• Δ ≡ 𝐶!! + 𝐶"" − 𝐶## − 1

• 𝝈(𝜟)
𝜟
= 𝟑. 𝟐%

Comparable quantum-correlation 
precision to the EveNet reference.

Lepton-b jet pairing

Quantum 
correlation 
analysis

Run-to-run reproducibility



What does the structured workflow add?
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Workflow: Claude Sonnet/Opus 5  |  Bare agent: Claude Opus 5
Same physics task and EveNet resources; no workflow-specific memory, approval or rules.

Unapproved analysis changes 2000/3280 training files; 300/820 test files; 
unrequested recom!! < 400 GeV cut.

Unapproved execution changes Changed training from 50 → 20 epochs without 
approval; training stopped before the loss had 
converged. 

Unfolding procedure / validation Initial out-of-window fake subtraction; closure 
checks missed significant unfolding bias

Human-guided recovery reveals strong agent capability
Once the methodological issue was identified and the correction was provided, the 
bare agent successfully rebuilt the response and performed additional validation.

Bare Agent
Given:
• physics goal + input data
• EveNet repository + public docs
• EveNet paper + pretrained weights
• same computing environment

Not given:
• planner / LLM Wiki
• workflow-specific rules
• repair / workflow state

Human 
guide

The workflow adds explic it  intent,  approval,  persistent knowledge, validation, and structured recovery.

Preliminary bare-agent test — dileptonic 𝑡 ̅𝑡



Conclusion
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General-purpose agents + physics foundation models

• Flexible translation from physics goals to reusable FM capabilities 

• Demonstrated with two end-to-end EveNet analyses

Structured scientific execution

• Plan → Approve → Execute 

• Explicit decisions, persistent knowledge, validation, and recovery

Evidence

• Comparable EveNet performance in both benchmarks 

• Run-to-run reproducibility demonstrated for 𝑡 ̅𝑡

• Bare-agent test motivates explicit workflow control

Connecting general-purpose agents with domain-specific foundation models: toward 
reusable and reproducible physics analysis workflows.

From ChatGPT
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Thanks!
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BACKUP



Approved analysis plan — H → aa → 4b
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Approved analysis plan — dileptonic 𝑡 ̅𝑡
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