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We cannot guarantee the optimal policy is linear anymore…

But we consider a restricted policy class

 Π = {π = {−Kt}H−1

t=0 : Kt ∈ (, ∀t}
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What we covered:

1. LQR formulation and DP for LQR (Riccati Equation)

2. You don’t really need to remember the exact quadratic formulation and linear control,

I always derive them from scratch when I use LQR (but it could be time consuming..)

3. Another form of over-parameterized controllers which leads to a convex 
parameterization (hence we can do gradient descent). 
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