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Recap

● Target Nets and Exp Replay

● Deep Q Networks

● Double Q Learning



Unified View
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Generate samples by 
running the policy

Fit a model/estimate 
the return

Improve the policy

Adapted from Sergey Levine



Other Problems
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Source

Source

Source

http://www.youtube.com/watch?v=77yFiA0FX6Q
http://www.youtube.com/watch?v=r1iuURUuOEI
http://www.youtube.com/watch?v=XuPmqeXVKRI
https://www.youtube.com/watch?v=77yFiA0FX6Q&pp=ygUMYWlibyByb2JvY3Vw
https://www.youtube.com/watch?v=r1iuURUuOEI&pp=ygUMYWlibyByb2JvY3Vw
https://www.youtube.com/watch?v=XuPmqeXVKRI&pp=ygUMYWlibyByb2JvY3Vw


Examples

Source

Source

Source

Source

http://www.youtube.com/watch?v=GlwgeUmhWIM
https://www.youtube.com/watch?v=GlwgeUmhWIM
http://www.youtube.com/watch?v=KJ15iGGJFvQ
https://www.youtube.com/watch?v=KJ15iGGJFvQ
http://www.youtube.com/watch?v=Tg0Dyu3iQek
https://www.youtube.com/watch?v=Tg0Dyu3iQek
http://www.youtube.com/watch?v=jymFj7bNsKg
https://www.youtube.com/shorts/jymFj7bNsKg


Hopper & Walker
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Plan

● Derivative-Free methods

● Why policy optimisation

● Gradient-Based methods

● Likelihood ratio PG



Policy Optimisation in RL Landscape

8 Adapted from John Schulman

Direct search in policy space If we know the policy’s corresponding Q-function, 
we can improve the policy



Why Policy Optimisation instead of Value Function

9

● Might be simpler than V or Q
○ Robotic grasping 

● V does not prescribe what action to pick
○ Compute 1 Bellman backup
○ Needs dynamics model

● Q also does not directly prescribe the action
○ Need to compute argmax efficiently

Source: Deepmind, DQN

http://www.youtube.com/watch?v=TmPfTpjtdgg
https://www.youtube.com/watch?v=TmPfTpjtdgg


PG and stochastic policies

10 Adapted from Hado van Hasselt

● Representation may not 
ensure that Markov property 
is met. No guarantee of an 
optimal deterministic policy   

● Smooths the optimisation 
landscape   

● Ensures exploration



RL Objective



Derivative-Free Policy Optimization
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Recipe

13 From Pieter Abbeel



Regulator Problem

14 Adapted from F.5, Algorithms for Decision Making, Kochenderfer

https://algorithmsbook.com/files/chapter-17.pdf


Regulator Problem

15 Adapted from F.5, Algorithms for Decision Making, Kochenderfer

How does the state evolve?

https://algorithmsbook.com/files/chapter-17.pdf


Local Search: Hooke-Jeeves
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● Start with initial guess x0

● Explore at several points using coordinate directions

● Move to the location that gives best improvement

● If improvement not found, reduce step size

● Repeat

● Terminate if step size reduces below threshold

How many points?



Hooke-Jeeves Method

17 7.3, Algorithms for Optimization, Kochenderfer

https://algorithmsbook.com/optimization/files/optimization.pdf


Hooke Jeeves on the Regulator Problem

18 10.1, Algorithms for Decision Making, Kochenderfer

https://algorithmsbook.com/files/chapter-17.pdf


Cross Entropy Method

19 4.7.3, Decision Making under Uncertainty, Kochenderfer

https://web.stanford.edu/group/sisl/public/dmu.pdf


Cross Entropy Method

20 From Pieter Abbeel



Cross Entropy Method 1D

21 4.7.3, Decision Making under Uncertainty, Kochenderfer

https://web.stanford.edu/group/sisl/public/dmu.pdf


Cross Entropy Method 2D

22 B.2, Algorithms for Optimization, Kochenderfer

https://algorithmsbook.com/optimization/files/optimization.pdf


Cross Entropy Method

23 8.4, Algorithms for Optimization, Kochenderfer

https://algorithmsbook.com/optimization/files/optimization.pdf


CEM on the Regulator Problem

24 10.4, Algorithms for Decision Making, Kochenderfer

https://algorithmsbook.com/files/chapter-17.pdf


Tetris
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● Tsitsiklis and Van Roy (1996):
○ Approximate value iteration
○ Two features: board height, number of holes in board

30-40 lines

● Bertsekas and Ioffe (1996):
○ Lambda policy iteration
○ Elaborate set of 22 features

4000 lines

● Kakade (2001):
○ Natural policy gradient

● Farias and Van Roy (2006):
○ Linear programming

● Furmston and Barber (2012):
○ Newton method in policy space

4700, 6800

14000 lines



CEM-based Approaches for Tetris
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● Szita and Lorintz (2006):
○ Bertsekas features
○ Optimise weights using CEM

3,50,000 lines

● Dellacherie (2006):
○ Heuristic evaluation function
○ Eval func made by 6 features and 

hand designed weights

50,00,000 lines

● Dellacherie (2009):
○ 9 features including Dellacherie
○ CEM to optimise the weights

3,50,00,000 lines



Gradient-Based Policy Optimization
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Finite Differences
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Finite Differences
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Source Source

http://www.youtube.com/watch?v=XuPmqeXVKRI
https://www.youtube.com/watch?v=XuPmqeXVKRI&pp=ygUMYWlibyByb2JvY3Vw
http://www.youtube.com/watch?v=M-QUkgk3HyE
https://www.youtube.com/watch?v=M-QUkgk3HyE&pp=ygUebmcgYWJiZWVsIGF1dG9ub211cyBoZWxpY29wdGVy0gcJCQYKAYcqIYzv


Numerical Differentiation
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Central Difference
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Complex Step Method
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Derivative Evaluation Comparison
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Example: Parameterization Issue
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Finite Difference Gradient Computation
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Need to simulate policy rollouts to estimate objective value. High variance 
of rollout rewards



High Variance Issue
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UAI 2000

Bicycle task from Randlov & Alstrom, ICML 1998

Cam et. al., CS 229, Stanford 2013



Likelihood Ratio Policy Gradient
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Finding the Objective Value

Take samples and estimate the expectation

Rollouts generated by running the policy



Optimising the Objective Value

To compute the gradient, we need to know the initial state distribution and 
transition probability distribution



Gradient Expression

Convert the integral to an expected value, and estimate it using samples

What’s the chain of thought?



Gradient Estimator

Recall



Gradient Computation

Estimating expectation

No need to know the initial state distribution or transition dynamics


