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Reinforcement Learning (RL)

§ Find policy 𝛑 𝒂 𝒔 while maximize cumulative rewards

§ It is called approximate dynamic programming

Environment

Agent State: s
Reward: r

Actions: a
Interaction
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Policy

§ In Deep RL, policy is parametrized by neural networks (𝜃)

§ Deterministic policy

𝒂 = argmax
+

𝛑(𝑺)

§ Stochastic Policy

𝒂~𝛑(𝑺)
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Policy Gradient & Q-Learning

§ Policy gradient

§ Q-learning

𝑃(𝑎 = 𝑎2|𝑆 = 𝑠)

𝑃(𝑎 = 𝑎6|𝑆 = 𝑠)

𝑄(𝑎 = 𝑎2|𝑆 = 𝑠)

𝑄(𝑎 = 𝑎6|𝑆 = 𝑠)

state

state

𝑄 𝑠, 𝑎 = 𝐸 𝑟; + 𝛾𝑟2 + 𝛾6𝑟6 + ⋯ 𝑠; = 𝑠, 𝑎; = 𝑎 : Q-function
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Training Policy Gradient

§ Episodic update: REINFORCE

max𝐸[𝐺|𝜋B] 𝑤ℎ𝑒𝑟𝑒 𝐺 = G
HI;

JK2

𝑟H
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Gradient Estimator (optional)

§ 𝐸L~M 𝑥 𝜃 [𝑓(𝑥)]

𝛻B𝐸L 𝑓 𝑥 = 𝛻B Q𝑝 𝑥 𝜃 𝑓 𝑥 𝑑𝑥

= Q𝛻B𝑝 𝑥 𝜃 𝑓 𝑥 𝑑𝑥

= Q
𝛻B𝑝 𝑥 𝜃
𝑝 𝑥 𝜃

𝑝 𝑥 𝜃 𝑓 𝑥 𝑑𝑥

= Q𝛻B log 𝑝 𝑥 𝜃 𝑝 𝑥 𝜃 𝑓 𝑥 𝑑𝑥

= 𝐸L 𝑓 𝑥 𝛻B log 𝑝 𝑥 𝜃

Sample 𝑥V~𝑝 𝑥 𝜃 , and compute W𝑔V = 𝑓 𝑥V 𝛻B log 𝑝 𝑥V 𝜃
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Policy Gradient Estimator

§ Now random variable x is a whole trajectory

𝜏 = (𝑠;, 𝑎;, 𝑟;, 𝑠2, 𝑎2, 𝑟2, … , 𝑠JK2, 𝑎JK2, 𝑟JK2, 𝑠J)

𝛻B𝐸[ 𝐺 𝜏 = 𝐸[ 𝐺 𝜏 𝛻B log 𝑝 𝜏 𝜃

§ Just need to write out 𝑝 𝜏 𝜃

𝑝 𝜏 𝜃 = 𝜇(𝑠])^
HI;

JK2

[𝜋 𝑎H 𝑠H, 𝜃 𝑃 𝑠H_2, 𝑟H 𝑠H, 𝑎H ]

log 𝑝 𝜏 𝜃 = log 𝜇(𝑠]) +G
HI;

JK2

[log 𝜋 𝑎H 𝑠H, 𝜃 + log𝑃 𝑠H_2, 𝑟H 𝑠H, 𝑎H ]

𝛻B log 𝑝 𝜏 𝜃 = 𝛻B G
HI;

JK2

log 𝜋 𝑎H 𝑠H, 𝜃

𝛻B𝐸[ 𝐺 = 𝐸[ 𝐺𝛻B G
HI;

JK2

log 𝜋 𝑎H 𝑠H, 𝜃
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Policy Gradient for Continuous Action

§ DQN cannot solve continuous action tasks

§ Policy gradient can simply solve the tasks (Gaussian policy parameterization)

𝜋 𝑠 = 𝑁 𝜇 𝑠 , 𝜎 𝑠

𝑎~𝑁 𝜇 𝑠 , 𝜎 𝑠

𝜇 𝑠

𝜎 𝑠

Sutton, R. S., et al., (2018). Reinforcement Learning: An Introduction, 338p
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Policy Gradient Algorithm (REINFORCE)
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REINFORCE: Cartpole Example

§ Policy 𝜋(𝑎|𝑠)

https://github.com/udacity/deep-reinforcement-learning/blob/master/reinforce/REINFORCE.ipynb
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REINFORCE: Cartpole Example

https://github.com/udacity/deep-reinforcement-learning/blob/master/reinforce/REINFORCE.ipynb
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Q-Learning

§ Q-function
𝑄 𝑠, 𝑎 = 𝐸 𝑟; + 𝛾𝑟2 + 𝛾6𝑟6 + ⋯ 𝑠; = 𝑠, 𝑎; = 𝑎
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DQN Algorithm

§ Temporal difference learning

§ Off-policy

§ Experience Replay
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REINFORCE vs DQN

§ Comparison between policy gradient and DQN

REINFORCE DQN

Estimation Monte Carlo method Bootstrapping (temporal difference)

Pros.
• Continuous action

• Stochastic policies

• Low variance

• Long episode

Cons.
• High variance

• Local optimal

• No continuous action

• Only deterministic policy
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Estimation Method: n-step TD

§ Bias-variance tradeoff 

Low variance
High bias

High variance
Low bias

https://www.quora.com/Intuitively-why-is-there-a-bias-variance-tradeoff-between-TD-k-0-and-TD-k-%E2%88%9E
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Estimation Method: n-step TD

§ n-step TD example



18

Contents

§ Policy Gradient

§ Actor-Critic Method

§ A3C

§ DDPG

§ Conclusions



19

DDPGA3C

Actor-Critic Algorithms

§ Actor-critic is hybrid of DQN & policy gradient

§ Variants: A3C, DDPG, TRPO…
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Actor-Critic Method

§ Network architectures

§ Actor: policy network / Critic: value network

𝜃 ← 𝜃 + 𝛼𝑮𝛻B log 𝜋 𝑎H 𝑠H, 𝜃

Actor Critic

State State
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Actor-Critic Method

§ Network architectures

§ Actor: policy network / Critic: value network

𝜃+ ← 𝜃+ + 𝛼𝑽 𝒔|𝜽𝒄 𝛻Bh log𝝅 𝒂𝒕 𝒔𝒕, 𝜽𝒂

Actor Critic

State State

𝑉 𝑠 = 𝐸 𝑟; + 𝛾𝑟2 + 𝛾6𝑟6 + ⋯ 𝑠; = 𝑠 : V-function
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Actor-Critic Method

§ Network architectures

§ Actor: policy network / Critic: value network

𝜃+ ← 𝜃+ + 𝛼𝑽 𝒔|𝜽𝒄 𝛻Bh log𝝅 𝒂𝒕 𝒔𝒕, 𝜽𝒂

Actor Critic

State

𝑉 𝑠 = 𝐸 𝑟; + 𝛾𝑟2 + 𝛾6𝑟6 + ⋯ 𝑠; = 𝑠 : V-function
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Actor-Critic Method

§ Network architectures

§ Actor: policy network / Critic: value network

§ Update actor
𝜃+ ← 𝜃+ + 𝛼𝑺𝒄𝒐𝒓𝒆𝛻Bh log𝝅 𝒂𝒕 𝒔𝒕, 𝜽𝒂

§ 𝑺𝒄𝒐𝒓𝒆

• 𝐺 REINFORCE

• 𝑄(𝑠, 𝑎) Q Actor-Critic

• 𝐴 𝑠, 𝑎 = 𝑄 𝑠, 𝑎 − 𝑉(𝑠) Advantage Actor-Critic

• 𝛿 = 𝑟 + 𝛾𝑉 𝑠H_2 − 𝑉 𝑠H_2 TD Actor-Critic
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A3C

§ Asynchronous Advantage Actor-Critic (A3C)

• Use CPU thread

• Multiple Actor-Critic

• Advantage

• Episodic update
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A3C

§ No replay memory, On policy
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Actor-Critic Update

§ For a single episode,

Episode Step 𝒓 𝑹 ← 𝒓𝒊 + 𝜸𝑹 𝑉 𝒔 𝝅 𝒂𝒕 𝒔𝒕 𝑹 − 𝑉 𝒔

6 10 10+0=10 11 -1

5 0 0+9=9 8 1

4 0 0+8.1=8.1 7 1.1

3 0 0+7.3=7.3 6 1.3

2 0 0+6.6=6.6 5 1.6

1 0 0+5.9=5.9 4 1.9
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Asynchronous Update

§ Uncorrelated experience

Actor Critic
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Asynchronous Update

§ Fast communication speed between CPU & memory
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A3C Performance

§ 5 Atari games
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A3C Performance

§ 57 Atari games
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DDPG

§ Deep deterministic policy gradient (DDPG)

Deterministic policy gradient† + DQN (replay memory)

§ Continuous action (categorical action)

§ Continuous update (not episodic update)

Lillicrap, T. P., Hunt, J. J., Pritzel, A., Heess, N., Erez, T., Tassa, Y., ... & Wierstra, D. (2015). Continuous control with deep reinforcement learning. arXiv preprint 
arXiv:1509.02971.
† Silver, D., Lever, G., Heess, N., Degris, T., Wierstra, D., & Riedmiller, M. (2014, June). Deterministic policy gradient algorithms. In ICML.

DDPGGaussian policy

𝒂 = 𝛑(𝑺)
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Deterministic Policy Gradient

§ REINFORCE

𝛻B𝐸[ 𝐺 = 𝐸[ 𝐺𝛻BG
HI;

JK2

log 𝜋 𝑎H 𝑠H, 𝜃

§ Deterministic policy gradient

𝛻Bh𝐸[ 𝑄(𝑠, 𝑎) = 𝐸[ 𝛻Bh𝑄(𝑠, 𝜋 𝑠H 𝜃+ |𝜃u)

=
𝜕𝑄
𝜕𝜋

𝜕𝜋
𝜕𝜃+

𝝅 𝒔𝒕 𝜽𝒂
𝑸(𝒔, 𝝅 𝒂𝒕 𝒔𝒕, 𝜽𝒂 )
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Deterministic Policy Gradient

§ Continuous action environment

Off-policy + deterministic policy > Off-policy + stochastic policy > On-policy + stochastic policy
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DDPG

§ Incorporate replay memory and target network ideas from DQN for increased stability 
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DDPG Performance

§ Continuous control examples
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DDPG Performance

§ Continuous control examples
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DDPG vs A3C

§ Continuous control examples

Tassa, Y., Doron, Y., Muldal, A., Erez, T., Li, Y., Casas, D. D. L., ... & Lillicrap, T. (2018). DeepMind Control Suite. arXiv preprint arXiv:1801.00690.
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Future of RL Algorithms

§ Efficient Learning

§ Robust Training

§ Complex problem

• Hierarchical RL

• Multi-agent RL


