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• CEBAF accelerates electrons using 200 

configurable superconducting cavities

• Operators tune cavity gradients to satisfy objectives:

• Maintain target energy gain

𝐸 = ∑
𝑖
𝐺𝑖ℓ𝑖 |𝐸 − 𝐸𝑡𝑎𝑟𝑔𝑒𝑡| ≤ 𝛿𝐸

• Minimize hazards: heat load and FSD trip rate

𝐻 = ∑
𝑖

𝐺𝑖
2ℓ𝑖

𝜔𝑖𝑄𝑖(𝐺𝑖)
𝑇 = ∑

𝑖
exp{𝐴 + 𝐵𝑖(𝐺𝑖 − 𝐹𝑖)}

High dimensional accelerator optimization problem
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Rajput et al, ML S&T (2025)

CEBAF accelerator at Jefferson Lab
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Reinforcement learning for accelerator optimization
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Critic

𝑄𝜃(𝑠, 𝑎)
Policy

𝜋𝜙(𝑠)

Action 𝑎 Next state 𝑠′

Reward 𝑅

RL Agent

cavity 

gradients ∼ 𝐻, 𝑇, 𝐸

Environment
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Environment

Reinforcement learning for accelerator optimization
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Critics 

𝑄𝜃1(𝑠, 𝑎), 𝑄𝜃2(𝑠, 𝑎)
Policy

𝜋𝜙(𝑠)

Action 𝑎 Next state 𝑠′

Reward 𝑅

Policy update 𝜋(𝑠) → argmax 𝑄(𝑠, 𝑎)

RL Agent

cavity 

gradients ∼ 𝐻, 𝑇, 𝐸
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Environment

Reinforcement learning for accelerator optimization
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Critics 

𝑄𝜃1(𝑠, 𝑎), 𝑄𝜃2(𝑠, 𝑎)
Policy

𝜋𝜙(𝑠)

Action 𝑎 Next state 𝑠′

Reward 𝑅

Policy update 𝜋(𝑠) → argmax 𝑄(𝑠, 𝑎)

RL Agent

cavity 

gradients ∼ 𝐻, 𝑇, 𝐸

We know that TD3 fails for our CEBAF problem

How can we adapt it to improve performance?
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Environment

Learnable constraint for physical observables
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Critics 

𝑄𝜃1(𝑠, 𝑎), 𝑄𝜃2(𝑠, 𝑎)
Policy

𝜋𝜙(𝑠)

Action 𝑎 Next state 𝑠′

Reward 𝑅
cavity 

gradients ∼ 𝐻, 𝑇

Surrogate

𝑂𝜉(𝑠, 𝑎)

Physical 

observables 

𝑜

Policy update 𝜋 𝑠 → argmax 𝑄(𝑠, 𝑎) − 𝐶(𝑂(𝑠, 𝑎))

ArXiv:2502.20247

∼ 𝐸
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Learnable constraint for physical observables
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Surrogate

𝑂𝜉(𝑠, 𝑎) 𝑠, 𝑎 𝑜
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Learnable constraint for physical observables
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Surrogate

𝑂𝜉(𝑠, 𝑎) 𝑠, 𝑎 𝑜

ArXiv:2502.20247

Minimize 𝔼 𝑂𝜉(𝑠, 𝑎) − 𝑜
2

Learn how actions affect 

energy gain



April 9, 2025 Machine Learning Applications for Particle Accelerators

Learnable constraint for physical observables
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Surrogate

𝑂𝜉(𝑠, 𝑎) 𝑠, 𝑎 𝑜

ArXiv:2502.20247

Minimize 𝔼 𝑂𝜉(𝑠, 𝑎) − 𝑜
2

Minimize 𝔼 𝐶 𝑂𝜉(𝑠, 𝜋𝜙(𝑠))

Learn how actions affect 

energy gain

Use surrogate to estimate 

energy target
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CEBAF evaluation testbed
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Test algorithms on problems ranging from low-dimensional cryomodule optimization

to high-dimensional linac optimization

Rajput et al, ML S&T (2025)
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CEBAF evaluation testbed
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Test algorithms on problems ranging from low-dimensional cryomodule optimization

to high-dimensional linac optimization

Single-cryomodule 

optimization

Rajput et al, ML S&T (2025)
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Single-cryomodule optimization example
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Algorithms converge to lower bound of target energy range
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Optimization performance on higher-dimensional problems
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Learnable constraint enables superior performance on North linac optimization

ArXiv:2502.20247
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Optimization performance on higher-dimensional problems
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Learnable constraint aids convergence to target energy

ArXiv:2502.20247
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Energy surrogate helps critic capture North linac reward landscape
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LC-TD3 accurately predicts reward near the bounds of the target energy range

TD3: good

LC-TD3: good

TD3: bad

LC-TD3: good

Energy constraint
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• Conditional policy 𝜋(𝑠; 𝛼)

𝛼 defines the priority of heat load or 

trip rate minimization

• Sweeping 𝛼: 0 → 1 produces a 

Pareto front of optimal solutions

• Solution quality determined by 

normalized hypervolume metric

Multi-objective CEBAF optimization
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LC-TD3 struggles with high-dimensional multi-objective optimization

Multi-objective CEBAF optimization
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Interpretable surrogate model for physical observables
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Surrogate

𝑂𝜉(𝑠, 𝑎) 𝑠, 𝑎 𝑜

Sparse dictionary model builds surrogate equation for physical observables 

from a library of candidate functions

Brunton, Proctor, and Kutz. PNAS (2016)
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Sparse energy surrogate for CEBAF optimization
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Agent maintains valid predictions on high-dimensional North linac problem

ArXiv:2502.20247
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Sparse energy surrogate for CEBAF optimization
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Surrogate equation is interpretable and allows post hoc verification
ArXiv:2502.20247
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Sparse energy surrogate for CEBAF optimization
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Sparse energy equation provides broad characterization of energy landscape
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Sparse LC-TD3 achieves superior performance on all problems

Multi-objective CEBAF optimization
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• Model-free RL struggles with high-dimensional 

accelerator optimization

• Learning a physics-based constraint surrogate 

enables gradient backpropagation

• Sparse dictionary equations accurately capture 

energy landscape for multi-objective problems

• Grey-box RL approach combines predictive 

power with operator interpretability

Conclusions

25

ArXiv:2502.20247



Thank you!
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Malachi Schram Kishansingh Rajput Armen Kasparian

Questions?
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