Lecture 33: Bias and Variance
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Recap & Today’s Outline

e Policy gradient methods e Bias and variance

e Gradient expression e \Variance reduction

e Reinforce algorithm e Baseline
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REINFORCE: Monte-Carlo Policy-Gradient Control (episodic) for .

Input: a differentiable policy parameterization w(a|s, 0)
Algorithm parameter: step size a > 0
Initialize policy parameter 8 € RY (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, R1,...,S7_1, Ar_1, Rp, following =(-|-, )
Loop for each step of the episode t =0,1,....,717" — 1:
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Section 13.1, Reinforcement Learning: An Introduction, Sutton & Barto



http://incompleteideas.net/book/RLbook2020.pdf
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[ Variance of the estimator is determined by variance of f }




Why Does Variance Matter?
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Iteration number k

Convex Optimisation, Ryan Tibshirani



https://www.stat.cmu.edu/~ryantibs/convexopt/lectures/stochastic-gd.pdf

