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'0'02nN DNMIAZRN - REINFORCE Monte Carlo ©
REINFORCE MC with Entropy Regularization
REINFORCE MC Continuous Action Space

\Value Base I Policy Gradient 7w 217'w — Actor Critic Method °
Actor-Critic — basic one step *

Actor-Critic with mini batch - n_step
A2C — Advantage Actor Critic ®

.PPO — Proximal Policy Optimization °
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