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Review: Full-Information Policy Learning in MDPs

𝜃𝑘+1 = argmax
𝜃

𝑉𝜋𝜃 𝜌 − 𝑉𝜋𝜃𝑘 (𝜌) −
1

𝜂
𝐷(𝜃, 𝜃𝑘)

≈ 

𝑠,𝑎

𝑑𝜌

𝜋𝜃𝑘 𝑠 𝜋𝜃 𝑎 𝑠 − 𝜋𝜃𝑘
(𝑎|𝑠) 𝑄𝜋𝜃𝑘 (𝑠, 𝑎)

≈ 𝜃 − 𝜃𝑘
⊤ 

𝑠,𝑎

𝑑𝜌

𝜋𝜃𝑘 𝑠 ቚ∇𝜃𝜋𝜃 𝑎 𝑠
𝜃=𝜃𝑘

𝑄𝜋𝜃𝑘 (𝑠, 𝑎)

= 𝔼(𝑠𝑖,𝑎𝑖)

𝜋𝜃 𝑎𝑖 𝑠𝑖 − 𝜋𝜃𝑘
(𝑎𝑖|𝑠𝑖)

𝜋𝜃𝑘
(𝑎𝑖|𝑠𝑖)

𝑄𝜋𝜃𝑘
 (𝑠𝑖 , 𝑎𝑖)

= 𝔼(𝑠𝑖,𝑎𝑖)

|∇𝜃𝜋𝜃 𝑎𝑖 𝑠𝑖 𝜃=𝜃𝑘

𝜋𝜃𝑘
(𝑎𝑖|𝑠𝑖)

𝑄𝜋𝜃𝑘
 (𝑠𝑖 , 𝑎𝑖)

PG/NPG:  Estimate them using the 

empirical sum of reward in the trajectory

(i.e., Monte Carlo estimator)

We can also use other estimators to 

balance bias and variance 



Actor-Critic Methods

Use value function approximation to estimate 𝑄𝜋𝜃𝑘 𝑠𝑖 , 𝑎𝑖  or 𝐴𝜋𝜃𝑘 𝑠𝑖 , 𝑎𝑖

𝑟1 + 𝛾𝑉𝜙 𝑠2 − 𝑉𝜙(𝑠1)

Possible estimators for 𝐴𝜋𝜃𝑘 𝑠, 𝑎 : 

𝑟1 + 𝛾𝑄𝜙 𝑠2, 𝑎2 − 𝔼𝑎′∼𝜋𝜃𝑘
(⋅|𝑠) 𝑄𝜙 𝑠1, 𝑎′

Use 𝑄𝜙 𝑠, 𝑎  to approximate 𝑄𝜋𝜃𝑘 𝑠, 𝑎  

Use 𝑉𝜙 𝑠  to approximate 𝑉𝜋𝜃𝑘 𝑠    

𝑄𝜙 𝑠1, 𝑎1 − 𝔼𝑎′∼𝜋𝜃𝑘
(⋅|𝑠) 𝑄𝜙 𝑠1, 𝑎′

𝑟1 + 𝛾𝑟2 + 𝛾2𝑄𝜙 𝑠3, 𝑎3 − 𝔼𝑎′∼𝜋𝜃𝑘
(⋅|𝑠) 𝑄𝜙 𝑠1, 𝑎′𝑟1 + 𝛾𝑟2 + 𝛾2𝑉𝜙 𝑠3 − 𝑉𝜙(𝑠1)

Let (𝑠1, 𝑎1, 𝑟1, 𝑠2, 𝑎2, 𝑟2 … ) be a trajectory starting from 𝑠1 = 𝑠, 𝑎1 = 𝑎

… …



Pure Policy-Based Methods vs. Actor-Critic Methods



Actor-Critic with 𝑸𝝓

For 𝑘 = 1, 2, … 

Use 𝜋𝜃𝑘
 to collect 𝑛 trajectories

Define 

𝑠1
1

, 𝑎1
1

, 𝑟1
1

, ⋯ , 𝑠𝜏1

1
, 𝑎𝜏1

1
, 𝑟𝜏1

1
, … … , 𝑠1

𝑛
, 𝑎1

𝑛
, 𝑟1

𝑛
, ⋯ , 𝑠𝜏𝑛

𝑛
, 𝑎𝜏𝑛

𝑛
, 𝑟𝜏𝑛

𝑛

1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛



𝑎

ฬ∇𝜃 𝜋𝜃 𝑎 𝑠ℎ
𝑖

𝜃=𝜃𝑘

𝑄𝜙𝑘
𝑠ℎ

𝑖
, 𝑎

𝜃𝑘+1 ← 𝜃𝑘 + 𝜂𝑔

Perform updates 

𝑔 =
1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛 ቚ∇𝜃 𝜋𝜃 𝑎ℎ
(𝑖)

𝑠ℎ
𝑖

𝜃=𝜃𝑘

𝜋𝜃𝑘
𝑎ℎ

(𝑖)
𝑠ℎ

𝑖
𝑄𝜙𝑘

𝑠ℎ
𝑖

, 𝑎ℎ
(𝑖)

or

𝜙𝑘+1 ← 𝜙𝑘 − ቮ𝜆∇𝜙 

𝑖=1

𝑛



ℎ=1

𝜏𝑛

𝑄𝜙 𝑠ℎ
𝑖

, 𝑎ℎ
𝑖

− 𝑟ℎ
𝑖

− 𝛾𝑄𝜙𝑘
𝑠ℎ+1

𝑖
, 𝑎ℎ+1

𝑖
2

𝜙=𝜙𝑘



Advantage Actor-Critic (A2C) = PG + 𝑽𝝓

For 𝑘 = 1, 2, … 

Use 𝜋𝜃𝑘
 to collect 𝑛 trajectories

Define 

𝑠1
1

, 𝑎1
1

, 𝑟1
1

, ⋯ , 𝑠𝜏1

1
, 𝑎𝜏1

1
, 𝑟𝜏1

1
, … … , 𝑠1

𝑛
, 𝑎1

𝑛
, 𝑟1

𝑛
, ⋯ , 𝑠𝜏𝑛

𝑛
, 𝑎𝜏𝑛

𝑛
, 𝑟𝜏𝑛

𝑛

𝜃𝑘+1 ← 𝜃𝑘 + 𝜂𝑔

Perform updates 

𝑔 =
1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

ฬ∇𝜃log 𝜋𝜃 𝑎ℎ
𝑖

𝑠ℎ
𝑖

𝜃=𝜃𝑘

𝑟ℎ
(𝑖)

+ 𝛾𝑉𝜙𝑘
𝑠ℎ+1

𝑖
− 𝑉𝜙𝑘

𝑠ℎ
𝑖

𝜙𝑘+1 ← 𝜙𝑘 − ቮ𝜆∇𝜙

1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

𝑉𝜙 𝑠ℎ
𝑖

 − 𝑟ℎ
𝑖

− 𝛾𝑉𝜙𝑘
𝑠ℎ+1

𝑖
2

𝜙=𝜙𝑘

or any other advantage estimator in the previous slide

Mnih et al., Asynchronous Methods for Deep Reinforcement Learning. 2016. 



Proximal Policy Optimization (PPO) = NPG + 𝑽𝝓

For 𝑘 = 1, 2, … 

Use 𝜋𝜃𝑘
 to collect 𝑛 trajectories

𝑠1
1

, 𝑎1
1

, 𝑟1
1

, ⋯ , 𝑠𝜏1

1
, 𝑎𝜏1

1
, 𝑟𝜏1

1
, … … , 𝑠1

𝑛
, 𝑎1

𝑛
, 𝑟1

𝑛
, ⋯ , 𝑠𝜏𝑛

𝑛
, 𝑎𝜏𝑛

𝑛
, 𝑟𝜏𝑛

𝑛

𝜃𝑘+1 ← argmax
𝜃

 ൞
1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛 𝜋𝜃 𝑎ℎ 
(𝑖)

𝑠ℎ
(𝑖)

𝜋𝜃𝑘
𝑎ℎ

(𝑖)
𝑠ℎ

(𝑖)
𝑟ℎ

(𝑖)
+ 𝛾𝑉𝜙𝑘

𝑠ℎ+1
𝑖

− 𝑉𝜙𝑘
𝑠ℎ

𝑖

ቑ−
1

𝜂

1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

KL 𝜋𝜃 ⋅ 𝑠ℎ
(𝑖)

, 𝜋𝜃𝑘
⋅ 𝑠ℎ

𝑖

Perform updates 

𝜙𝑘+1 ← 𝜙𝑘 − ቮ𝜆∇𝜙

1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

𝑉𝜙 𝑠ℎ
𝑖

 − 𝑟ℎ
𝑖

− 𝛾𝑉𝜙𝑘
𝑠ℎ+1

𝑖
2

𝜙=𝜙𝑘

or any other advantage estimator in the previous slide

Schulman et al., Proximal Policy Optimization Algorithms. 2017. 



Additional Technique 1: Clipped Objective (for PPO) 

Instead of using  𝜌𝐴 as the objective, use min 𝜌𝐴, clip 1−𝜖,1+𝜖 𝜌 𝐴

𝐴: = 𝑟ℎ
(𝑖)

+ 𝛾𝑉𝜙𝑘
𝑠ℎ+1

𝑖
− 𝑉𝜙𝑘

𝑠ℎ
𝑖𝜌: =

𝜋𝜃 𝑎ℎ 
(𝑖)

𝑠ℎ
(𝑖)

𝜋𝜃𝑘
𝑎ℎ

(𝑖)
𝑠ℎ

(𝑖)

𝜌

𝜌

obj

obj

Schulman et al., Proximal Policy Optimization Algorithms. 2017. 



Additional Technique 2: Entropy Bonus

In the objective of policy update, add a bonus term

𝐻 𝜋𝜃(⋅ |𝑠) =  

𝑎

𝜋𝜃 𝑎 𝑠  ln
1

𝜋𝜃(𝑎|𝑠)

argmax
𝜃

 ൞
1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛 𝜋𝜃 𝑎ℎ 
(𝑖)

𝑠ℎ
(𝑖)

𝜋𝜃𝑘
𝑎ℎ

(𝑖)
𝑠ℎ

(𝑖)
𝐴ℎ

(𝑖)
−

1

𝜂

1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

KL 𝜋𝜃 ⋅ 𝑠ℎ
(𝑖)

, 𝜋𝜃𝑘
⋅ 𝑠ℎ

𝑖 ቑ+𝑐
1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

𝐻 𝜋𝜃 ⋅ 𝑠ℎ
(𝑖)

−KL 𝜋𝜃 ⋅ 𝑠ℎ
(𝑖)

, 𝜋unif ⋅ 𝑠ℎ
𝑖

For PPO: 

For A2C: 

𝑔 =
1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

ฬ∇𝜃log 𝜋𝜃 𝑎ℎ
𝑖

𝑠ℎ
𝑖

𝜃=𝜃𝑘

𝐴ℎ
(𝑖)

+ 𝑐∇𝜃

1

𝑛


𝑖=1

𝑛



ℎ=1

𝜏𝑛

𝐻 𝜋𝜃 ⋅ 𝑠ℎ
(𝑖)



Additional Technique 3: Parallel Sample Collection

Levine CS285 Lecture 6

https://rail.eecs.berkeley.edu/deeprlcourse/deeprlcourse/static/slides/lec-6.pdf


Actor-Critic Summary



Off-Policy Actor-Critic

● Leveraging off-policy evaluation → allow reusing data



Review: Full-Information Policy Learning in MDPs

𝜃𝑘+1 = argmax
𝜃

𝑉𝜋𝜃 𝜌 − 𝑉𝜋𝜃𝑘 (𝜌) −
1

𝜂
𝐷(𝜃, 𝜃𝑘)

≈ 

𝑠,𝑎

𝑑𝜌

𝜋𝜃𝑘 𝑠 𝜋𝜃 𝑎 𝑠 − 𝜋𝜃𝑘
𝑎 𝑠 𝑄𝜋𝜃𝑘 𝑠, 𝑎

≈ 𝜃 − 𝜃𝑘
⊤ 

𝑠,𝑎

𝑑𝜌

𝜋𝜃𝑘 𝑠 ቚ∇𝜃𝜋𝜃 𝑎 𝑠
𝜃=𝜃𝑘

𝑄𝜋𝜃𝑘 𝑠, 𝑎

Use any off-policy policy evaluation methods to find 𝜙𝑘 such that 𝑄𝜙𝑘
𝑠, 𝑎 ≈ 𝑄𝜋𝜃𝑘 (𝑠, 𝑎)

Suppose that our (𝑠𝑖 , 𝑎𝑖) samples are obtained from ො𝜋 



Off-Policy Actor-Critic

𝜃𝑘+1 = argmax
𝜃

𝑉𝜋𝜃 𝜌 − 𝑉𝜋𝜃𝑘 (𝜌) −
1

𝜂
𝐷(𝜃, 𝜃𝑘)

≈ 

𝑠,𝑎

𝑑𝜌

𝜋𝜃𝑘 𝑠 𝜋𝜃 𝑎 𝑠 − 𝜋𝜃𝑘
𝑎 𝑠 𝑄𝜙𝑘

𝑠, 𝑎

≈ 𝜃 − 𝜃𝑘
⊤ 

𝑠,𝑎

𝑑𝜌

𝜋𝜃𝑘 𝑠 ቚ∇𝜃𝜋𝜃 𝑎 𝑠
𝜃=𝜃𝑘

𝑄𝜙𝑘
(𝑠, 𝑎)

Use any off-policy policy evaluation methods to find 𝜙𝑘 such that 𝑄𝜙𝑘
𝑠, 𝑎 ≈ 𝑄𝜋𝜃𝑘 (𝑠, 𝑎)

Suppose that our (𝑠𝑖 , 𝑎𝑖) samples are obtained from ො𝜋 

= 𝔼𝑠∼𝑑𝜌
ෝ𝜋

𝑑𝜌

𝜋𝜃𝑘 𝑠

𝑑𝜌
ෝ𝜋(𝑠)



𝑎

𝜋𝜃 𝑎 𝑠 − 𝜋𝜃𝑘
𝑎 𝑠 𝑄𝜙𝑘

𝑠, 𝑎

= 𝜃 − 𝜃𝑘
⊤𝔼𝑠∼𝑑𝜌

ෝ𝜋

𝑑𝜌

𝜋𝜃𝑘 𝑠

𝑑𝜌
ෝ𝜋(𝑠)

 

𝑎

ቚ∇𝜃𝜋𝜃 𝑎 𝑠
𝜃=𝜃𝑘

𝑄𝜙𝑘
(𝑠, 𝑎)



Actor-Critic + Replay Buffer

For 𝑘 = 1, 2, … 

Sample a batch 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖
′

𝑖=1
𝑛  from replay buffer

Define 

𝜃𝑘+1 ← 𝜃𝑘 + 𝜂𝑔

Perform updates 

𝑔 =
1

𝑛


𝑖=1

𝑛



𝑎

ቚ∇𝜃𝜋𝜃 𝑎 𝑠𝑖
𝜃=𝜃𝑘

𝑄𝜙𝑘
(𝑠𝑖 , 𝑎)

𝜙𝑘+1 ← 𝜙𝑘 − ቮ𝜆∇𝜙

1

𝑛


𝑖=1

𝑛

𝑄𝜙 𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 − 𝛾 𝔼𝑎′∼𝜋𝜃𝑘
(⋅|𝑠𝑖

′) 𝑄𝜙𝑘
(𝑠𝑖

′, 𝑎′)
2

𝜙=𝜙𝑘

Note: not using 𝑎𝑖 here

Collect samples using 𝜋𝜃𝑘
, and place them in the replay buffer

Levine CS285 Lecture 6  Page 20-25

Off-policy TD → unstable (more on this later)  

https://rail.eecs.berkeley.edu/deeprlcourse/deeprlcourse/static/slides/lec-6.pdf


Dealing with Continuous Action Sets



Review: Linear Bandits and One-Point Gradient Estimator



Policy Network for Continuous Action Sets

𝑠 𝜇



Policy Network for Continuous Action Sets

𝑠

𝜇

log 𝜎



A2C / PPO with Continuous Action Sets

𝑔 =
1

𝑛


𝑖=1

𝑛

ቚ∇𝜃log 𝜋𝜃 𝑎𝑖 𝑠𝑖
𝜃=𝜃𝑘

𝐴𝑖

𝜃𝑘+1 ← argmax
𝜃

 ቐ
1

𝑛


𝑖=1

𝑛
𝜋𝜃 𝑎𝑖 𝑠𝑖

𝜋𝜃𝑘
𝑎𝑖 𝑠𝑖

𝐴𝑖 ቑ−
1

𝜂

1

𝑛


𝑖=1

𝑛

KL 𝜋𝜃 ⋅ 𝑠𝑖 , 𝜋𝜃𝑘
⋅ 𝑠𝑖



Recall: Actor-Critic with 𝑸𝝓 Critic

For 𝑘 = 1, 2, … 

Use 𝜋𝜃𝑘
 to collect samples 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖′ 𝑖=1

𝑛

Define 𝑔 =
1

𝑛


𝑖=1

𝑛



𝑎

ቚ∇𝜃  𝜋𝜃 𝑎 𝑠𝑖
𝜃=𝜃𝑘

𝑄𝜙𝑘
𝑠𝑖 , 𝑎

𝜃𝑘+1 ← 𝜃𝑘 + 𝜂𝑔

Perform updates 

𝜙𝑘+1 ← 𝜙𝑘 − ቮ𝜆∇𝜙 

𝑖=1

𝑛

𝑄𝜙 𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 − 𝛾𝔼𝑎′∼𝜋𝜃𝑘
(⋅|𝑠𝑖

′) 𝑄𝜙𝑘
𝑠𝑖′, 𝑎′

2

𝜙=𝜙𝑘



Deterministic Policy Gradient Theorem



Deterministic Policy Gradient

For 𝑘 = 1, 2, … 

Use 𝜇𝜃𝑘
 to collect samples 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖′ 𝑖=1

𝑛

Define 

𝜃𝑘+1 ← 𝜃𝑘 + 𝜂𝑔

Perform updates 

𝜙𝑘+1 ← 𝜙𝑘 − ቮ𝜆∇𝜙 

𝑖=1

𝑛

𝑄𝜙 𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 − 𝛾𝑄𝜙𝑘
𝑠𝑖

′, 𝜇𝜃𝑘
(𝑠𝑖′)

2

𝜙=𝜙𝑘

𝑔 =  ቮ
1

𝑛


𝑖=1

𝑛

∇𝜃𝑄𝜙𝑘
𝑠𝑖 , 𝜇𝜃𝑘

𝑠𝑖

𝜃=𝜃𝑘



Two Viewpoints for the Deterministic PG Algorithm



Deep Deterministic Policy Gradient (DDPG)

For 𝑘 = 1, 2, … 

Use 𝜇𝜃𝑘
𝑠 + 𝒩(0, 𝜎2) to collect samples and place them in replay buffer

𝜃 ← 𝜃 + 𝜂 

𝑖=1

𝑛

∇𝜃𝑄𝜙 𝑠𝑖 , 𝜇𝜃 𝑠𝑖

𝜙 ← 𝜙 − 𝜆∇𝜙 

𝑖=1

𝑛

𝑄𝜙 𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 − 𝛾𝑄𝜙tar
𝑠𝑖

′, 𝜇𝜃tar
(𝑠𝑖′)

2

Sample a batch 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖
′

𝑖=1
𝑛  from the replay buffer 

𝜃tar ← 𝜏𝜃 + 1 − 𝜏 𝜃tar

𝜙tar ← 𝜏𝜙 + 1 − 𝜏 𝜙tar

Elements:  replay buffer, target network, action noise

Lillicrap et al., Continuous control with deep reinforcement learning. 2015. 



Further Stabilizing DDPG (1/3)

● Double Q-learning

𝜙1 𝜙tar1 𝜙2 𝜙tar2

When training 𝜙1, instead of using 𝑄𝜙tar1 to evaluate the regression target, use 𝑄𝜙tar2 Double Q-learning: 

TD3: min 𝑄𝜙tar1
, 𝑄𝜙tar2

Double Q-learning: Use independent samples to train 𝜙1 and 𝜙2

TD3:  Use the same set of samples 

          (the independence between 𝜙1 and 𝜙2 only comes from random initialization) 



Further Stabilizing DDPG (2/3)

● Target policy smoothing

DDPG: use 𝑄𝜙tar
(𝑠′, 𝜇𝜃tar

(𝑠′)) as the regression target 

TD3: sample 𝑎′ = 𝜇𝜃tar
𝑠′ + 𝒩(0, 𝜎2)

use 𝑄𝜙tar
(𝑠′, 𝑎′) as the regression target



Further Stabilizing DDPG (3/3)

● Delayed policy updates:  running multiple steps of value updates before 
running one step of policy update



Twin Delayed DDPG (TD3)

For 𝑘 = 1, 2, … 

Use 𝜇𝜃 𝑠 + 𝒩(0, 𝜎2) to collect samples and place them in replay buffer

𝜃 ← 𝜃 + 𝜂 

𝑖=1

𝑛

∇𝜃𝑄𝜙 𝑠𝑖 , 𝜇𝜃 𝑠𝑖

𝜙𝑗 ← 𝜙𝑗 − 𝜆∇𝜙𝑗


𝑖=1

𝑛

𝑄𝜙𝑗
𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 − 𝛾 min

ℓ=1,2
 𝑄𝜙tarℓ

𝑠𝑖
′, 𝑎𝑖

′ 2
 ∀𝑗 = 1,2

Sample a batch 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖
′

𝑖=1
𝑛  from the replay buffer 

𝜃tar ← 𝜏𝜃 + 1 − 𝜏 𝜃tar

𝜙tar𝑗 ← 𝜏𝜙𝑗 + 1 − 𝜏 𝜙tar𝑗 ∀𝑗 = 1,2

For each sample 𝑖, draw 𝑎𝑖
′ ∼ 𝜇𝜃tar

𝑠𝑖′ + 𝒩(0, 𝜎2𝐼)

If 𝑘 mod 𝑀 = 0: 

Fujimoto et al., Addressing Function Approximation Error in Actor-Critic Methods. 2018. 



Soft Actor-Critic (SAC)

● TD3 / DDPG: modeling a deterministic policy + additional noise for exploration

● SAC:  modeling a randomized policy (by adding entropy as an exploration bonus)

● TD3 / DDPG vs. SAC is similar to 𝜖-greedy vs. Boltzmann exploration 



Entropy Bonus

Bandit

𝜋 = argmax
𝜋

 

𝑎

𝜋 𝑎 𝑅(𝑎) + 𝛼 𝐻 𝜋 = argmax
𝜋

 𝔼𝑎∼𝜋 𝑅 𝑎 − 𝛼 log 𝜋(𝑎)

MDP

𝜋 = argmax
𝜋

 𝔼𝜋 

ℎ=0

∞

𝛾ℎ 

𝑎

𝜋 𝑎|𝑠ℎ 𝑅 𝑠ℎ, 𝑎 + 𝛼 𝐻 𝜋(⋅ |𝑠ℎ)

= argmax
𝜋

 𝔼𝜋 

ℎ=0

∞

𝛾ℎ 𝑅 𝑠ℎ, 𝑎ℎ − 𝛼 log 𝜋(𝑎ℎ|𝑠ℎ)



Bellman Equation with Entropy Bonus



TD3 vs. SAC

● Value update

TD3: Sample 𝑎′ ∼ 𝜇𝜃 𝑠′ + 𝒩(0, 𝜎2)

Use 𝑄𝜙tar
(𝑠′, 𝑎′) as the regression target

SAC:

Use 𝑄𝜙tar
𝑠′, 𝑎′ − 𝛼 log 𝜋𝜃 (𝑎′|𝑠′) as the regression target

Sample 𝑎′ ∼ 𝜋𝜃 ⋅ 𝑠′ = 𝜇𝜃 𝑠′ + 𝒩(0, 𝜎𝜃
2(𝑠′))



Soft Actor-Critic (SAC)

For 𝑘 = 1, 2, … 

Use 𝜇𝜃 𝑠 + 𝒩(0, 𝜎𝜃
2(𝑠)) to collect samples and place them in replay buffer

Sample a batch 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖
′

𝑖=1
𝑛  from the replay buffer 

𝜙tar𝑗 ← 𝜏𝜙𝑗 + 1 − 𝜏 𝜙tar𝑗 ∀𝑗 = 1,2

For each sample 𝑖, draw 𝑎𝑖
′ ∼ 𝜇𝜃 𝑠𝑖′ + 𝒩(0, 𝜎𝜃

2(𝑠𝑖′))

Haarnoja et al., Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor. 2018. 

Perform Policy (𝜃) Update (to be specified later)

𝜙𝑗 ← 𝜙𝑗 − 𝜆∇𝜙𝑗


𝑖=1

𝑛

𝑄𝜙𝑗
𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 − 𝛾 min

ℓ=1,2
 𝑄𝜙tarℓ

𝑠𝑖
′, 𝑎𝑖

′ + 𝛼 log 𝜋𝜃(𝑎𝑖
′|𝑠𝑖′)  

2
 ∀𝑗 = 1,2



TD3 vs. SAC

● Policy update

TD3: Do not view −𝛼 log 𝜋𝜃 (𝑎|𝑠) as part of the reward

Simply perform 𝜃 ← 𝜃 + 𝜂∇𝜃𝑄𝜙(𝑠, 𝜇𝜃(𝑠))

SAC:

Perform the following:  

View −𝛼 log 𝜋𝜃 (𝑎|𝑠) as part of the reward

Let 𝑎𝜃 𝑠 = 𝜇𝜃 𝑠 + 𝜖𝜎𝜃(𝑠)   where 𝜖 ∼ 𝒩(0,1) 

Perform 𝜃 ← 𝜃 + 𝜂∇𝜃 𝑄𝜙 𝑠, 𝑎𝜃(𝑠) − 𝛼 log 𝜋𝜃(𝑎𝜃 𝑠 |𝑠)



Policy Gradient with Entropy Bonus



The Reparameterization Trick



Soft Actor-Critic (SAC)

For 𝑘 = 1, 2, … 

Use 𝜇𝜃 𝑠 + 𝒩(0, 𝜎𝜃
2(𝑠)) to collect samples and place them in replay buffer

𝜙𝑗 ← 𝜙𝑗 − 𝜆∇𝜙𝑗


𝑖=1

𝑛

𝑄𝜙𝑗
𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 − 𝛾 min

ℓ=1,2
 𝑄𝜙tarℓ

𝑠𝑖
′, 𝑎𝑖

′ + 𝛼 log 𝜋𝜃(𝑎𝑖
′|𝑠𝑖′)  

2
 ∀𝑗 = 1,2

Sample a batch 𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖
′

𝑖=1
𝑛  from the replay buffer 

𝜙tar𝑗 ← 𝜏𝜙𝑗 + 1 − 𝜏 𝜙tar𝑗 ∀𝑗 = 1,2

For each sample 𝑖, draw 𝑎𝑖
′ ∼ 𝜇𝜃 𝑠𝑖′ + 𝒩(0, 𝜎𝜃

2(𝑠𝑖′))

Haarnoja et al., Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor. 2018. 

Let 𝑎𝜃 𝑠𝑖 = 𝜇𝜃 𝑠𝑖 + 𝜖𝜎𝜃(𝑠𝑖)   where 𝜖 ∼ 𝒩(0, 𝐼) 

𝜃 ← 𝜃 + 𝜂 

𝑖=1

𝑛

∇𝜃 𝑄𝜙 𝑠, 𝑎𝜃(𝑠𝑖) − 𝛼 log 𝜋𝜃(𝑎𝜃 𝑠𝑖 |𝑠𝑖)

Further using 𝜋𝜃 𝑎 𝑠 =
1

2𝜋𝜎𝜃 𝑠 2 𝑑/2  exp −
𝑎−𝜇𝜃 𝑠 2

𝜎𝜃 𝑠 2
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