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Class logistics
2

Exercise 2 out today (available online)
due - 6.5.2015

interview - 8.5.2015
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Lecture 9 Goals

3

★Model free RL, 
★Monte Carlo,
★Q learning
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Sample based RL

19

Monte Carlo Method
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Monte-Carlo Methods
20

Monte-Carlo Method (Sutton definition): 
average (values) over random samples of 

actual returns

Episodic learning

E(x) =
X

i

P (xi)xi ⇡
X

s

1

N

xs

Approximate E by ‘sampling’

xs ⇠ P (x)

Expectation is a weighted average!

Rt = rt + rt+1 + rt+2 + . . .+ rN
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Approximate V by sampling
21

• Do N rollouts
• Average return observed after first visit of each 

state

‘sampling approach to calculate expectation’

e
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MC Policy Evaluation
22

Expectation is an average!

E(x) =
X

i

P (xi)xi ⇡
X

s

1

N

xs

Rt = rt + rt+1 + rt+2 + . . .+ rN

terminal state
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terminal state
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Tree view on DP/MC
23

terminal state
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• DP - evaluate all states and/
or all choices: full backups

• MC - only evaluate states 
seen in an episode

opportunity and problem: can 
‘focus’ on relevant states, might 

not explore...
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( ‘Monte Carlo’
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Soap bubbles

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 - 26

[Hersh and Griego, Scientific American, 1969]
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Harmonic functions
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Random Walks
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Soap bubble MC
29

If interested only in part of the surface, only 
need to ‘play’ MC ‘game’ for this region

x

y

h(x, y)

z

height of point where random walk in 
x,y plane started in P’ crosses boundary

h(P ) = E(h(Pb,i))

h(P )

E (h(Pb)) ⇡
NX

i

1

N
h(Pb,i)

h(Pb)

P 0

... can be expressed as 
expectation!

h(Pb)

P 0
b

h(P ) find height on of arbitrary point on 
surface?

expectation approximated by sampling

Soap bubbles can be described 
by harmonic functions
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Remember Policy evaluation 
(part of DP solution)

requires transition probabilities

Need only ‘experienced’ 
rewards

Yields state value function, still need 
model to find policy
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MC Estimation of 
Action Values?

32

Have seen MC estimation for state value 
Function V

Recall: To get controls from V need model 
(complete transition probabilities)

Can we find state-value function Q with 
MC Methods? 

Problem: Might not visit all (relevant) 
state-action pairs
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Approximate Q by 
sampling

33

• Do N rollouts
• Average return observed after first visit 

of each state-action pair 

‘sampling approach to calculate expectation’

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 -

Model free Q evaluation
34

(N+1)th sample:

1-step update / recursive
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Q  Update Rule
35

Update step/Learning rate

Update (‘learning’) rule:

In practice can keep learning rate constant
... or decrease with a ‘schedule’
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Model free GPI 
using Q?

36

Have action-value function 
(Q), but need policy
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MC GPI
37

/ Q

evaluation

improvement

Q AQ/

/Agreedy(Q)

⇡0
E�! Q⇡0 I�! ⇡1

E�! Q⇡1 I�! ⇡2
E�! . . .

I�! ⇡⇤ E�! Q⇤

need full MC PE step at 
each iteration

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 - 38

Can we do this 
evaluation model free?

model required

(Rem
inder)
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Model free policy 
improvement

39

In a state x, try all controls

Update policy as
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Naive Monte Carlo Policy Improvement
40

Rt = rt + rt+1 + rt+2 + . . .+ rN

Monte Carlo PI assuming exploring starts!

greedy

Expectation is an average!

episodic
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Issues of MC Control

41

• #1 - Infinite number of rollouts in PE step

• #2 - Exploring starts: start from all state-action 
pairs

Two unrealistic assumptions in ‘vanilla’ MC GPI
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Issues of MC Control
42

Don’t do infinitely many roll-outs
Update value function and policy after one 

episode

• #1 - Infinite number of rollouts in PE step

Two unrealistic assumptions in ‘vanilla’ MC GPI
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Maintaining exploration
43

Non-realistic assumption #2: exploring starts!
How to maintain exploration? 

Consider:  What’s best policy given an 
estimated Value function? 
⇒ Greedy, deterministic

How will the ‘sampled’ roll-outs look like?
⇒ always the ‘same’ (or at least very similar)
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Exploration vs. 
Exploitation

44

Important: Exploring policy 
should not be optimal!

Why?

even  better: Exploration policy 
should not be deterministic, non-
zero probability for all x-u pairs

Exploring starts: Start at all 
possible state-action pairs
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On-Policy Monte Carlo 
Control with ε-soft Policy

45

★On-policy ★Soft
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On/off policy

46

• On-policy:  Use the same policy for 
exploration and execution

• Off-policy: Use a different policy for 
exploration and for execution

2 ways to ensure exploration:

⇒ ‘special requirements for policy’

⇒ need to ensure ‘coherence’ between 

executing and exploring policy
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ε-greedy Policy
47

• With high probability choose action that 
maximizes est. action value (greedy)

• with small (but not 0) prob. choose a non-
greedy action
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Soft policy:   

p(non-greedy) = 
otherwise greedy

⇔

⇔
policy is ϵ-soft

Replacement for exploring start: Soft Exploration Policy

" > 0

⇡(x, u) > 0, 8x 2 X

8u 2 U

⇡(x, u) � "

|U| for all states and actions

ε-greedy Policy
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Proof of policy improvement 
with ε-greedy policy

49

‘non-negative weights’, sum to 1

avg. is less or equal max:

‘weights’
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‘non-negative weights’, sum to 1

Proof:
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⇒

⇒

⇒

RHS

QED (1)
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2nd part of proof
52
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episodic learning

terminal state
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Q-learning

54

Combine ideas from Monte Carlo and 
Dynamic Programming

MC: Learn direct from samples 
DP: Update estimate based on neighboring estimates 
(don’t wait for full episode)
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Dynamic 
programming

Temporal-
difference
learning

Monte Carlo

Exhaustive
search

bootstrapping, h

full
backups

sample
backups

shallow
backups

deep
backups

Q learning
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Q-learning
56

Optimal Bellman Equation

sample Q to estimate expectation

formulated recursively (as before):

estimates Q independent of policy: off-policy!
(as long as Q explores sufficiently)
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Q-learning
57
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http://www.cse.unsw.edu.au/~cs9417ml/RL2/index.html

Random exploration
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(Random) exploration?
Q-table???
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Value function approximation
60

Instead of learning full Q(x,u), approximate it.

Linear approximator
Neural Network

...

Learn using reward samples
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1) Basic idea: Q-learning ...
2) ... using Value function approximation 

(using deep network)
3) using emulator to generate samples
4) ... a couple of other tricks... 

(preprocessing, experience replay, ...) 
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Goal - RL Problem

65[Mnih, 2015]

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 -

Basic RL 
66[Mnih, 2015]
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Value approximation
67[Mnih, 2015]
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Loss function
68
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More details on policy
(basic Q-learning)

69[Mnih, 2015]
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Problem size
70

210x160x128
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Partially observed system

71[Mnih, 2015]
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Preprocessing
72[Mnih, 2015]
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Value function approximation
73

Instead of learning full Q(x,u), approximate it.

Linear approximator
Neural Network

...

Learn using reward samples
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Input:
84x84x4=

28224

Actions:
4 ... 18

note special architecture

‘Deep network’

[Mnih, 2015]

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 - 75

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 - 76[Mnih, 2015]

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 - 77[Mnih, 2015]

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 - 78[Mnih, 2015]

Tuesday 21 April 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L9 -

DQN - discussion

79

★ state dimensionality DQN vs robotics problems
★ randomness/predictability/repeatability?
★ signal of reward / task specification
★ difficulty of task 
★ use of emulator vs. sampling in the physical world
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Credits
82

some material from:

 Pieter Abbeel’s Fall 2012: CS 287 Advanced Robotics 
@ UC Berkeley

Sutton & Barto’s book: http://webdocs.cs.ualberta.ca/
~sutton/book/the-book.html 

Mnih, et al “Human-level control through deep 
reinforcement learning”, Nature, Vol 518, p 529, 2015

http://dx.doi.org/10.1038/nature14236
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