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REINFORCE: Monte-Carlo Policy-Gradient Control (episodic) for .,

Input: a differentiable policy parameterization 7(als, @)
Algorithm parameter: step size a > 0
Initialize policy parameter 6 € RY (e.g., to 0)

Loop forever (for each episode):
senerate an episode Sy, Ag, R1,...,S7_1, Ar_1, R, following 7(-|-,0)
Loop for each step of the episode t =0,1,...,7 — 1:
G Z§=t+l VTR
0 «— 0+ ay' GV Inw(AS;,0)

 Sutton, Barto “Reinforcement Learning — An Introduction (2"9 ed.), p. 328
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