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Quiz 5 Today 
 
v  20 minutes on Policy Gradient (PG) 

 



No Quiz Next Week 
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Class arrangement 
 

 

https://users.wpi.edu/~yli15/courses/DS595CS525Fall19/Schedule.html 
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Project 3 is available 
Due 10/17 Thursday 
10 bonus points and a leader board 

v  https://users.wpi.edu/~yli15/courses/
DS595CS525Fall19/Assignments.html 

v  https://github.com/huiminren/DS595CS525-
RL-HW/tree/master/project3 
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Leader board (as of 5:30PM today) 
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Project 4 is available 
Starts 10/17 Thursday 
Due 12/12 Thursday mid-night  
v  https://github.com/huiminren/DS595CS525-

RL-HW/tree/master/project4 
v  Important Dates 
v  Project Proposal: Thursday Today 
v  Project Progress:  Thursday 11/14/2019 
v  Final Project: Thursday 12/12/2019 
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Project 4 Team Assignment 

10 teams 
 
Team assignment can be updated by this 
weekend. 
 
Proposal is due today 
Some sampled cool ideas from you. 
 
1.  Real world robot planning 
2.  Mojuco environment agent training 
3.  Multi-agent RL  
4.  Sparse reward problem, etc. 



Last Lecture 
v  Imitation Learning / Inverse Reinforcement Learning 

§ Introduction  
§ Behavioral Cloning  
§ Inverse reinforcement learning 

•  Model-Based, Linear Reward Functions (this time) 
v  Policy Gradient 

§ Intro and Stochastic Policy 
§ Basic Policy Gradient Algorithm 
§ Vanilla Policy Gradient  
§ PPO, TRPO, PPO2 



This Lecture 
v  Policy Gradient 

§ Intro and Stochastic Policy 
§ Basic Policy Gradient Algorithm 
§ REINFORCE and Vanilla Policy Gradient  
§ PPO, TRPO, PPO2 

v  Actor-Critic methods 
§ A2C 
§ A3C 
§ Pathwise Derivative Policy Gradient 



Reinforcement  
Learning 

Si
ng

le
 A

ge
nt

 
M

ul
tip

le
 

 A
ge

nt
s 

Inverse  
Reinforcement Learning 

Tabular representation of reward 
 Model-based control 
 Model-free control 
 (MC, SARSA, Q-Learning) 

Function representation of reward 
 1. Linear value function approx 
 (MC, SARSA, Q-Learning) 
 2. Value function approximation 
 (Deep Q-Learning, Double DQN,  
 prioritized DQN, Dueling DQN) 
 3. Policy function approximation 
 (Policy gradient, PPO, TRPO) 
 4. Actor-Critic methods (A2C, 
 A3C, Pathwise Derivative PG) 

Review of Deep Learning  
 As bases for non-linear function  
 approximation (used in 2-4). 

 

Linear reward function learning 
 Imitation learning 
 Apprenticeship learning 
 Inverse reinforcement learning 
 MaxEnt IRL 
 MaxCausalEnt IRL 
 MaxRelEnt IRL 

Non-linear reward function learning 
 Generative adversarial  
 imitation learning (GAIL) 
  
 Adversarial inverse reinforcement  
 learning (AIRL) 

 Review of Generative Adversarial nets
 As bases for non-linear IRL 

Multi-Agent Reinforcement Learning 
 Multi-agent Actor-Critic 
 etc. 

  

Multi-Agent Inverse Reinforcement  
Learning 

 MA-GAIL 
 MA-AIRL 
 AMA-GAIL Applications 



This Lecture 
v  Policy Gradient (Review Quickly) 

§ Intro and Stochastic Policy 
§ Basic Policy Gradient Algorithm 
§ REINFORCE and Vanilla Policy Gradient  
§ PPO, TRPO, PPO2 

v  Actor-Critic methods 
§ A2C 
§ A3C 
§ Pathwise Derivative Policy Gradient 

I	don’t	have	candies	for	you	today,	but	algorithmsJ	



Model-Free RL: 
Explicit: Value function and/or policy function  
No model  
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Policy of Actor	



Actor, Environment, Reward 	

Actor	 Env	Env	 Actor	 Env	 …
…	

Reward	 Reward	

updated	updated	

Expected Reward (Objective to maximize)	

s1 

a1 s2 s1 

a1 s2 

a2 a3 

a2 

r1 r2 Optimization  
Problem	



Basic Policy Gradient Algorithm	
Update 
Model	

Data 
Collection	only used once	

Unbiased estimator 



From basic PG algorithm to… 
v  Issues with the basic PG algorithm 

§ TIP 1. Inaccurate update when non-negative 
rewards 

•  Add baseline:  
§ TIP 2. Large variance 

•   Assign suitable credits 
•  REINFORCE and Vanilla Policy Gradient  

§ TIP 3. Slow, due to the un-reusable data collection 
process 

•  Use importance sampling to reuse data when training: 
PPO, TRPO, PPO2 



TIP #2: Assign Suitable Credit by using returns 



The simplest way to implement it  
is using average return of a state st: 

Using both TIP #1 & #2 



This Lecture 
v  Policy Gradient 

§ Intro and Stochastic Policy 
§ Basic Policy Gradient Algorithm 
§ REINFORCE and Vanilla Policy Gradient  
§ PPO, TRPO, PPO2 

v  Actor-Critic methods 
§ A2C 
§ A3C 
§ Pathwise Derivative Policy Gradient 

v  Generative Adversarial Networks (GAN) 
v  Deep Inverse Reinforcement Learning 



TIP #3: Importance Sampling 
+ Constraints 

§ TIP 3. Slow, due to the un-reusable data collection 
process 

•  Relook at  
–  Basic PG, 
– REINFORCE PG 
–  Vanilla PG 



From on-policy  
to off-policy	

Using the experience more than once	



On-policy v.s. Off-policy	

v  On-policy: The agent learned and the agent 
interacting with the environment is the 
same. 

v  Off-policy: The agent learned and the agent 
interacting with the environment is 
different.	

? 



Hope to use the data to update θ multiple times before collecting new data. 





Importance weight 



? 











Basic PG 







? 



? 



Add Constraints	

RL — The Math behind TRPO & PPO 
https://medium.com/@jonathan_hui/rl-the-math-behind-trpo-ppo-d12f6c745f33 
 
TRPO paper:  
https://arxiv.org/pdf/1502.05477.pdf 
 
PPO paper:  
https://arxiv.org/pdf/1707.06347.pdf 
 
 
 





(2015) 

(2017) 











Experimental Results	
https://arxiv.org/abs/1707.06347	



This Lecture 
v  Policy Gradient 

§ Intro and Stochastic Policy 
§ Basic Policy Gradient Algorithm 
§ REINFORCE and Vanilla Policy Gradient  
§ PPO, TRPO, PPO2 

v  Actor-Critic methods 
§ A2C 
§ A3C 
§ Pathwise Derivative Policy Gradient 

v  Generative Adversarial Networks (GAN) 
v  Deep Inverse Reinforcement Learning 





















(A2C algorithm)	

Value function  
Approximation	

Policy Gradient	





Asynchronous 
Advantage Actor-Critic 
(A3C)	









Pathwise Derivative Policy Gradient	

David Silver, Guy Lever, Nicolas Heess, Thomas Degris, Daan Wierstra, Martin Riedmiller, 
“Deterministic Policy Gradient Algorithms”, ICML, 2014	

Timothy P. Lillicrap, Jonathan J. Hunt, Alexander Pritzel, Nicolas Heess, 
Tom Erez, Yuval Tassa, David Silver, Daan Wierstra, “CONTINUOUS CONTROL WITH DEEP 
REINFORCEMENT LEARNING”, ICLR, 2016	

















Replaced ε-greedy policy with πnetwork. 



Connection with GAN	

David Pfau, Oriol Vinyals, “Connecting Generative Adversarial 
Networks and Actor-Critic Methods”, arXiv preprint, 2016	



Next Lecture 



The Lecture after next week 
v  Advanced deep reinforcement learning 

approaches 
 

§ Sparse Reward Problems/Techniques 
§ Generative Adversarial Networks (GANs) Review 
§ Deep Inverse reinforcement learning 

•  Entropy based IRL 
•  GAN (Generative adversarial networks) 
•  GAIL (Generative adversarial imitation learning) 
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Inverse  
Reinforcement Learning 

Tabular representation of reward 
 Model-based control 
 Model-free control 
 (MC, SARSA, Q-Learning) 

Function representation of reward 
 1. Linear value function approx 
 (MC, SARSA, Q-Learning) 
 2. Value function approximation 
 (Deep Q-Learning, Double DQN,  
 prioritized DQN, Dueling DQN) 
 3. Policy function approximation 
 (Policy gradient, PPO, TRPO) 
 4. Actor-Critic methods (A2C, 
 A3C, Pathwise Derivative PG) 

Review of Deep Learning  
 As bases for non-linear function  
 approximation (used in 2-4). 

 

Linear reward function learning 
 Imitation learning 
 Apprenticeship learning 
 Inverse reinforcement learning 
 MaxEnt IRL 
 MaxCausalEnt IRL 
 MaxRelEnt IRL 

Non-linear reward function learning 
 Generative adversarial  
 imitation learning (GAIL) 
  
 Adversarial inverse reinforcement  
 learning (AIRL) 

 Review of Generative Adversarial nets
 As bases for non-linear IRL 

Multi-Agent Reinforcement Learning 
 Multi-agent Actor-Critic 
 etc. 

  

Multi-Agent Inverse Reinforcement  
Learning 

 MA-GAIL 
 MA-AIRL 
 AMA-GAIL Applications 



Questions? 


