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Automating Recasting
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Automating Recasting
Why is this not trivial? 

1. Running the simulation — multiple simulation packages


2. Missing information


3. Publicly available simulators only approximations

❓
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Automating Recasting
Recasting Pipeline

1. Reproduce public SUSY yields for a given mass point


2. Reproduce SUSY limit plots


3. Exchange SUSY → SUSY 2

Validation

Recast
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Benchmarking agentic workflows

Current literature landscape of agents + hep:


- Agents of Discovery [2509.08535]

- ArgoLOOM [2510.02426]

- Automating high energy physics data analysis with llm-powered agents [2512.07785]

- HEPTAPOD [2512.15867]

- MadAgents [2601.21015]

- ColliderAgent [2603.14553]

- FERMIACC [2603.22538]

- AI Agents can Already Autonomously Perform Experimental High Energy Physics [2603.20179]


…

Demonstration that (self-build) autonomous agents can solve a given task


No evaluation (or validation) of how well 

→ Need of evaluation benchmarks for agents capturing real scientific workflows
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Benchmarking agentic workflows
On Recasting — Why? 

1. Multi-step pipeline (navigating different code environment, programming languages, 
code execution…)


2. Long-horizon task (gathering all information, planning, executing, iterating, …)


3. Reasoning capabilities (filling the gap)
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Benchmarking agentic workflows
On Recasting — How? 
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Everything you need is in this directory.

TASK.md

Paper: CMS-SUS-16-046
Centre-of-mass energy: 13 TeV
Luminosity: 35.9 fb�1

Task type: simulation
Signal benchmark: T5Wg_1750_1700
Observable: S�

T

Task
Implement the search analysis described in CMS-SUS-16-046 and use it to predict the binned differential
signal yield in S�

T for the benchmark point T5Wg_1750_1700, in the analysis’s signal region, normalized
to 35.9 fb�1 at

p
s = 13 TeV.

The agent should:
1. Generate T5Wg_1750_1700 events using a matrix-element generator, parton shower, and detec-

tor simulation chain of its choice.
2. Read the paper to determine the object identification, event-selection requirements, and signal-

region cuts that define the analysis, then apply them to the generated events.
3. Histogram the surviving events in S�

T using the bin edges already present in the
results/*.yaml template. The bin edges must not be modified.

Definitions
• S�

T – the scalar sum of pmiss
T and the transverse momenta of all photons in the event.

• T5Wg_1750_1700 – pair-produced gluinos at m(g̃) = 1750 GeV, each decaying via the T5Wg
simplified-model topology to a mass-degenerate wino NLSP at m(fW ) = 1700 GeV‘ and a
massless LSP.

Output requirements

Artifact Purpose

results/*.yaml Fill null bin values with predicted relative signal bin contents.
analysis/*.py Event-selection code, runnable on the generated sample.
data/*.root, sims/*.dat Selected-event files and generator/detector cards.
report.md Methodological choices and deviations from the paper.

Important
The goal is to predict the signal event distribution from your own simulation and analysis pipeline. Do not
extract bin values from the paper’s figures, tables, HEPData record, or elsewhere.

AGENTS.md

AGENTS
You are analyzing CMS paper {arxiv_id}.

What you have
• papers/{arxiv_id}.pdf — the paper. Read it with bin/read-paper.
• results/*.yaml — histogram template with null values. The file contains two YAML

documents separated by –-: a metadata block with instructions, description,
target, cm_energy_gev, and luminosity_fb, followed by the HEPData-style his-
togram with dependent_variables and independent_variables. Fill the nulls in
dependent_variables[0].values in place. Do not modify bin edges or metadata.

• object_efficiencies/ — detector efficiency files, if provided for the task.
• bin/ — command-line tools. A cheat sheet is shown below; the full reference is in TOOLS.md.
• tools/ — Python libraries and collider-physics toolkit.

Tools cheat sheet
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Collider-Bench
Execution & Output
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Use agent of your choice

Sandbox guarantees reproducibility 


Final output : yield vector 

 

̂y = ( ̂y1, …, ̂yK)



Collider-Bench
Qualitative evaluation 
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Audit agent’s log file, analysis codes and report


Check: 

• Did it run through? 

• Did the agent actually ran the simulation chain?

• Did the agent use its own simulation to create the yield vector? 

• …


→ Writes report, human decides 👍 👎
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    Relative  distance between truth  and agent’s prediction 


                      Yield normalisation error, with 


d( ̂y, y*) =
∑K

i=0 ( ̂yi − y*i )2

∑K
i=0 y*i

2
L2 y* ̂y

δnorm =
| ̂Y − Y* |

Y*
Y =

K

∑
i=0

yi

Collider-Bench
Quantitive evaluation 



18



19

Collider-Bench
What we did

Table 1: Source analyses and simulation tasks in COLLIDER-BENCH. Each task fixes a paper, signal
benchmark, target observable or signal region, and output template. Difficulty is graded from the
our physicist-in-the-loop experiments: F (easy), FF (medium), FFF (hard).

Task Analysis target Signal s obs. O LHC search P Reference Diff.

sus-16-034_sim-TChiWZ leptons + jets TChiWZ E
miss
T CMS-SUS-16-034 Sirunyan et al. [2018b] F

sus-16-046_sim-T5Wg photons T5Wg S
�
T CMS-SUS-16-046 Sirunyan et al. [2018a] F

sus-16-046_sim-TChiWg photons TChiWg S
�
T CMS-SUS-16-046 Sirunyan et al. [2018a] F

sus-16-047_sim-T5Wg_highHT photons T5Wg, high-HT p
miss
T CMS-SUS-16-047 Sirunyan et al. [2017b] FF

sus-16-047_sim-T5Wg_lowHT photons T5Wg, low-HT p
miss
T CMS-SUS-16-047 Sirunyan et al. [2017b] FFF

sus-16-047_sim-T6gg_highHT photons T6gg, high-HT p
miss
T CMS-SUS-16-047 Sirunyan et al. [2017b] FF

sus-16-047_sim-T6gg_lowHT photons T6gg, low-HT p
miss
T CMS-SUS-16-047 Sirunyan et al. [2017b] F

sus-16-051_sim-T2tt single lepton T2tt E
miss
T CMS-SUS-16-051 Sirunyan et al. [2017a] F

sus-16-051_sim-T2tt_comp single lepton T2tt, compressed E
miss
T CMS-SUS-16-051 Sirunyan et al. [2017a] FFF

sus-16-051_sim-T2bW single lepton T2bW E
miss
T CMS-SUS-16-051 Sirunyan et al. [2017a] FF

directly. The agent must reconstruct it from the paper and implement it through domain-specific,
open-source scientific software.

3.2 Task Corpus Design

COLLIDER-BENCH is built from public LHC searches for physics beyond the Standard Model. Each
paper is treated as a source analysis from which several bounded task instances are derived. Each
task fixes one target signal s, one observable O in a specified signal region, and one output template.

We select source analyses using two criteria.

• Task tractability: The search must specify the relevant signal regions, object definitions,
and event selections well enough for an external researcher with domain expertise to at-
tempt the recast. The target signal must also be reproducible with reasonable fidelity using
the public simulation tools available in the benchmark environment. This excludes analyses
whose published results depend too strongly on internal detector reconstruction, special-
ized collaboration software, unavailable signal-generation machinery, or computationally
prohibitive workflows.

• Reference availability: The search must provide quantitative reference results suitable for
the evaluation. These may be published signal yields, binned signal distributions or plots
that can be digitized reliably. We require a fixed reference target so that agent outputs can
be scored automatically.

These criteria give the agent the public materials available to a human recaster.

The present release focuses on Supersymmetry (SUSY) simplified-model searches, which provide
standardized signal topologies and public benchmark points while still requiring nontrivial recon-
struction of the analysis logic (see Appendix B.1 for a simple example of such a reconstruction).
Since a full LHC search often contains several signal models, mass points, event categories, and
signal regions, COLLIDER-BENCH factorizes each source analysis into smaller tasks. Tasks derived
from the same paper share common analysis ingredients but vary the target signal, mass point, ob-
servable, or region, helping separate paper-level understanding from signal-specific implementation
and normalization errors.

The current task corpus uses CMS experimental searches at center-of-mass energy
p
s = 13 TeV

with integrated luminosity Lint = 35.9 fb�1. The benchmark consists of 10 primary Simulation
tasks, summarized in Table 1. Each task requires the agent to reproduce the binned signal yield for
a fixed paper, signal benchmark, observable, and signal region. These 10 tasks define the headline
benchmark and are used for the main model comparisons.

The task prompts are intentionally standardized across the corpus. Apart from paper-specific fields
each prompt follows the same structure and gives the same type of instruction. This reduces prompt-
format variability and makes differences in performance more attributable to the scientific content
of the task rather than to changes in the agent interface. A representative prompt for one of the tasks
is shown in Appendix B.2.
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Testing 6 different autonomous agents along capability ladder (Anthropic: Opus, Sonnet, 
Haiku; OpenAI: GPT, mini-GPT) and 1 open source (DeepSeek)


Benchmarked against Physicist-in-the-loop 


Evaluation of 10 tasks drawn from 4 CMS Run-2 SUSY analyses
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Collider-Bench
What we saw

LLM judge flagged failed and fabricated runs


Among the higher-reasoning model, no agent fabricated results


Runs occasionally crashed because of the wall-time (2h 30 min)
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Collider-Bench
What we saw

Mean distance over 3 runs


Define Acc = dtask − 0.33

Worst human-in-
loop performance 

(with Opus 4.7)
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Collider-Bench
What we saw

Human-in-loop still outperforms autonomous 
runs


Proprietary frontier models outperform open 
source model


More money, better results 
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Collider-Bench

Automating Recasting? 

Not yet


But, autonomous agents are capable of executing 
many important recasting steps 
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Collider-Bench

Automating Recasting? 

Not yet


But, autonomous agents are capable of executing 
many important recasting steps 

Benchmarking agentic workflows?  

Collider-Bench is a well-calibrated benchmark along 
capability ladder


Only 30% saturated and human-in-the-loop outperforms 


Consists of relatively easy (cut-and-count) analyses


→ Increase benchmark to contain more and more analyses 

→ As models become better, analyses can become harder 
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Collider-Bench
Outlook

Worst human-in-
loop performance 

(with Opus 4.7)


