
Reimagining Adaptive Optics Control with 
Model-Free Reinforcement Learning
A direct path from system performance to control policy
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Classical Adaptive Optics faces 
persistent, real-world limitations.
Even with meticulous modeling and calibration, 
traditional AO controllers struggle with a set of 
well-known issues that degrade performance.
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Temporal Error: lnherent system delays 
(WFS read-out, computation, DM 
response) mean we are always correcting 
a past state of the atmosphere.

Wind-Driven Halo: High-wind conditions 
cause vibrations and turbulence 
evolution that simple integrators cannot 
predict or suppress effectively.

Misregistration:Miner, unavoidable 
misalignments between the WFS and the 
DM introducenon-linear contrai errors.

Noise: Detector noise and photon-starved 
scenarios corrupt measurements and 
impact stability.
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The critical challenge: The reward function is a ''black 
box''.
To learn, the algorithm needs to know how to adjust its parameters (0) to get more reward. This 
requires calculating a gradient. But the reward-the Strehl ratio or residual error-comes from 
a physical sensor, not a clean mathematical function.

Reward 
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We have no analytical gradient.
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Is it possible to maximize this 

reward without a model? /!SI NotebookLM





But Model-Based is a good way to do it:

PO4AO is a model-based policy opyimization algorithm :
- Uses a learned dynamics model to generate simulated trajectories.
- It directly trains a policy network by backpropagating gradients through these simulated 

trajectories.
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