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Policy Optimization for Markov Decision Process



Policy Gradient

In theory, [Sutton et al. 99] In practice, [Williams 88, 92]

Popular implementations, e.g., A2C/A3, ACER, ACKTR, DDPG, PPO, TD3, TRPO, and SAC, 
are not estimating any gradient [Nota and Thomas 20]

Question 1: How are they related

Question 2: How to correctly implement policy gradient without making errors?



Our Approach: Sensitivity Analysis

State occupation counts

Key observation



Deriving Policy Gradient

Deterministic

Stochastic

* We omitted dependency on 𝜌0 for brevity



Extension 1: Policy Gradient in the Temporal Domain

From spatial to temporal

Unbiased estimates 
from the trajectory 
𝑠0, 𝑎0, 𝑠1, 𝑎1…



Extension 2: Incorporating Policy Entropy Regularization



Additional Discussion Why current implementation still works?

➢ Small approximation error when 𝛾 → 1

𝑂
1 − 𝛾

1 − 𝛼𝛾
for some contraction factor 𝛼

➢ Maximizer Invariance

• Experience replay changes max
𝜋

𝐽(𝜋; 𝜌0) to max
𝜋
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′ )

• If the maximizer is always attainable, arg max
𝜋

𝐽 𝜋; 𝜌0
′ = arg max

𝜋
𝐽 𝜋; 𝜌0



Summary

• Sensitivity analysis as a  general recipe for deriving policy gradients

• Applicable for different setups (objective, regularized or not, stochastic/deterministic)

• Formal derivation of the unbiased temporal policy gradient 

• Small approximation error for 𝛾 → 1 and maximizer invariance explains empirical success


