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“off-policy deep reinforcement
learning algorithms are ineffective
when learning truly off-policy”
Fujimoto et al. 2019
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Main Contribution

(Gradient B

Use Temporal-Difference!

Gradient Temporal-Difference Learning
with Regularized Corrections
Ghiassan et al. 2020

1"7'(' (S, a) _— g(s1,a1) g(s2,as) g(s3,a3) ?
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Policy Gradient with a Gradient Critic
Low A

iNg
ariance

We can obtain an unbiased S

estimator without using
Importance sampling
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