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- Low-fidelity simulation tools provide cheap, abundant,
but biased data: reduced-order models, generative world
models, heuristic reward functions, digital twins, etc.
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Q: How can we enable sample-efficient RL
in the real world by mixing multi-fidelity
data, while being robust to low-fidelity
data biases?
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Apply Policy Gradient Step
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- Faster finite-sample convergence of MFPG-REINFORCE than the standard, single-fidelity baseline

. How do we build the blender?

[p (X7, XT7) 1 = Var(Z™(¢*)) | = faster MFPG convergence ]
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