Convex Parameterization for
Linear Dynamical Systems

CS 6789: Foundations of Reinforcement Learning
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X, 1 = AX, + Bu, +w,, xy ~ D, w, ~ N(0,6°])
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We cannot guarantee the optimal policy is linear anymore...

Convex Function!

But we consider a restricted policy class
= {r={-K} K e X Vi}
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A New Convex Parameterization of Controllers
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Unfortunately, even with quadratic cost, max [ [ Z c(x,, ah)] is not convex
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Let us consider an arbitrary linear controller 7 := {—Kt}fi?)l
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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,
| always derive them from scratch when | 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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What we did covered:
Online Control with Adversarial noises and costs

On the k-th day,
1. adversary decides sequence of noises {w(])‘, cens wllfl_l} and (convex) cost function ck(x, u),

2. Without knowing noises a fearner pro s a sequence of controllers
k pgk k 1
(MM, . ME L)) }

3. Learner executes controllers, and suffers total cost Z ck(x}’l‘, a,’l‘)

Goal: No-Regr






