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On-policy algorithm ≔ algorithm 
requiring 𝜇 = 𝜋.

Why do we want an off-policy
algorithm?

• Can choose a better 𝜇

• Sample efficient

Behaviour
𝜇

updates target 
policy 𝜋



Actor-Critic Algorithm

• Goal: find policy 𝜋: 𝑆 𝑥 𝐴 → [0,1] such that 𝑉𝜋 is large

• Algorithm:

• Repeat for 𝑡 = 1,…

• Sample trajectories 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖
′ : 𝑖 ∈ 𝐼 ⊂ 𝑆 × 𝐴 × ℝ × 𝑆, where ∀ 𝑖 ∈

𝐼 ∶ 𝒂𝒊 ∼ 𝝁 𝒔𝒊
• Improve the policy 𝜋

• Estimate the value 𝑉𝜋



Actor-Critic Algorithm: Details

„Policy Improvement“

Improve the policy 𝝅𝒘
Find w such that 𝑉𝜋𝑤(𝑠) is large

• Using gradient ascent:

• 𝑤 ← 𝑤 + 𝜂 ∇𝑤𝑉𝜃
𝜋𝑤 𝑠

„Policy Evaluation“

Estimate 𝑽𝝅𝒘

Find 𝜃 such that 𝑉𝜋 ≈ 𝑉𝜃
𝜋

• i.e. min
𝜃

𝑉𝜃
𝜋 𝑠 − 𝑉𝜋 𝑠 2

• Using gradient descent:

• 𝜃 ← 𝜃 + 𝜂′ 𝑉𝜃
𝜋 𝑠 − 𝑦 ∇𝜃𝑉𝜃

𝜋 𝑠

• 𝑦 is an estimate of 𝑉𝜋(𝑠), 

e.g. y = 𝑟 + 𝛾𝑉𝜃 𝑠𝑛𝑒𝑥𝑡



Policy Evaluation: How to estimate 𝑉𝜋 𝑠0 ?

• Given: 𝑠0, 𝑎0, 𝑟0, 𝑠1, … , 𝑎𝑛−1, 𝑟𝑛−1, 𝑠𝑛; 𝑎𝑖 ∼ 𝜇 𝑠𝑖

• Approach 1: 𝑦 ≔ 𝑟0 + 𝛾𝑉 𝑠1 (Abbreviate 𝑉 ≔ 𝑉𝜃
𝜋)

• Approach 2: 𝑦 ≔ 𝑟0 + 𝛾 𝑟1 +⋯+ 𝛾𝑛−1𝑟𝑛−1 + 𝛾𝑛𝑉 𝑠𝑛+1

= 𝑉 𝑠0 +

𝑘=0

𝑛−1

𝛾𝑘 𝑟𝑘 + 𝛾𝑉 𝑠𝑘+1 − 𝑉 𝑠𝑘

• Approach 3: y ≔ 𝑉 𝑠0 + σ𝑘=0
𝑛−1 𝛾𝑘 𝑟𝑘 + 𝛾𝑉 𝑠𝑘+1 − 𝑉 𝑠𝑘 ς𝑗=0

𝑘 min 1,
𝜋 𝑠𝑗,𝑎𝑗

𝜇 𝑠𝑗,𝑎𝑗

Weights



Policy Improvement: How to
estimate ∇𝑤𝑉

𝜋𝑤 𝑠0 ?

• ∇𝑤𝑉
𝜋𝑤 𝑠0 = 𝐸𝜋𝑤 𝑄𝜋𝑤 𝑠, 𝑎 ∇𝑤 ln 𝜋𝑤 𝑠, 𝑎

= 𝐸𝜇 𝑄𝜋𝑤 𝑠, 𝑎 ∇𝑤 ln 𝜋𝑤 𝑠, 𝑎
𝜋𝑤 𝑠,𝑎

𝜇 𝑠,𝑎



Effect of Off-Policy Correction
Performance on 5 DeepMind Lab tasks



Performance of Impala





On/Off-policy & Offline/Online learning

• Task: find a target policy 𝜋 using data D generated by behavioural policy 𝜇

• D ≡ 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖
′ : 𝑖 ∈ 𝐼 ⊂ 𝑆 × 𝐴 × ℝ × 𝑆, where ∀ 𝑖 ∈ 𝐼 ∶ 𝒂𝒊 ∼ 𝝁 𝒔𝒊

• On-policy Algorithm ≔ an algorithm working well only for 𝜇 = 𝜋

• Off-policy Algorithm ≔ an algorithm working well for all 𝜇

• Online learning ≔ able to choose a behavioural policy and interact with the
environment

• Offline/batch learning ≔ no interaction possible. 𝜇 generally not known.



The End


