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Duke University

RL Highlights

• Everybody likes to learn from experience
• Use ML techniques to generalize from 

relatively small amounts of experience

• Some notable successes:
– Backgammon
– Flying a helicopter upside down

• Sutton’s seminal RL paper is 40th most cited 
paper in computer science (Citeseer 9/04)

From Andrew Ng’s home page

Comparison w/Other Kinds of Learning

• Learning often viewed as:
– Classification (supervised), or
– Model learning (unsupervised)

• RL is between these (delayed signal)

• What the last thing that happens before 
an accident?

Overview

• Review of value determination

• Motivation for RL

• Algorithms for RL
– Overview
– TD
– Q-learning
– Approximation

Recall Our Game Show

Start
$100

1 correct
$1,000

2 correct
$10,000

2 correct
$100,000

$0 $0 $0 $0

$100 $1,100 $11,100

Optimal Policy w/o Cheating

$0 $0 $0 $0

$100 $1,100 $11,100

1/10
X

V=$11.1K

1/2

X

V=$5,550

3/4

V=$4,163

X

V=$3,747

9/10

$111,100
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Cheat until you win policy

1/101/23/4

$-1000

V=$11.1KV=$5.6KV=$4.1KV=$3.7K w/o
cheat

9/10

$111,100

w/
cheat

V=$84.4KV=$83.0KV=$82.6KV=$82.4K

Solving for Values

RVPV += πγ
For moderate numbers of states we can solve this system exacty:

RPIV 1)( −−= πγ

Guaranteed invertible because
has spectral radius <1

πγP

Iteratively Solving for Values

RVPV += πγ

For larger numbers of states we can solve this system indirectly:

RVPV +=+ ii
πγ1

Guaranteed convergent because
has spectral radius <1 for γ<1

Convergence not guaranteed for γ=1

πγP

Iterative Policy Evaluation

1/101/23/4

$-1000

9/10

$111,100

9563.354095.002864.752602.40

12552.165582.883471.852738.52

9908.504392.503082.50-718.50

10120.004555.00-650.00-335.00

10210.00-500.00-250.00-100.00

0.000.000.000.00 Iterations

Iterations Contd.

84432.8282951.3182580.9382469.80i=1000

77318.7675399.3974872.9374658.96i=200

60999.2058074.3157190.8656740.99i=100

23621.4318396.4716688.0715697.49i=20

12552.165582.883471.852738.52i=5

i=10000

i=4

i=3

i=2

i=1

i=0

9563.354095.002864.752602.40

84433.3382951.8582581.4882470.37

9908.504392.503082.50-718.50

10120.004555.00-650.00-335.00

10210.00-500.00-250.00-100.00

0.000.000.000.00

Note:  Slow convergence b/c γ=1 

Overview

• Review of value determination

• Motivation for RL

• Algorithms for RL
– Overview
– TD
– Q-learning
– Approximation
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RL for Our Game Show

• Problem:  We don’t prob of answering correctly

• Solution:
– Buy the home version of the game

– Practice on the home game to refine our strategy
– Deploy strategy when we play the real game
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Overview

• Review of value determination

• Motivation for RL

• Algorithms for RL
– Overview
– TD
– Q-learning
– Approximation
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s
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)'()( sVrsV itemp γ+=

)()()1()(1 sVsVsV tempii αα +−=+

Idea:  Value Function Soup

Suppose:  1.0=α

V(s)

Upon observing s’:
•Discard 10% of soup
•Refill with Vtemp(s)
•Stir
•Repeat

One vat for
each state

)()()1()(1 sVsVsV tempii αα +−=+

Example:  Home Version of Game

$0 $0 $0 $0

$100 $1,100 $11,100

$111,100

Suppose we guess:  V(s3)=15K
We play and get the question wrong

Vtemp=0
V(s3) = (1-α)15K + α0

s3
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Convergence Intuitions

• Need heavy machinery from stochastic 
process theory to prove convergence

• Main ideas:
– Iterative value determination converges
– Updates approximate value determination

– Samples approximate expectation 
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Other Approaches

• TD, Q-learning approximate value iteration
• Typically use parameterized V

• Can also approximate policy iteration
– Parameterized space of policies
– Estimate values from samples
– Update policy parameters to improve performance

How’d They Do That???

• Backgammon (Tesauro)
– Neural network value function approximation

– TD sufficient (known model)
– Carefully selected inputs to neural network
– About 1 million games played against self

• Helicopter (Ng et al.)
– Approximate policy iteration

– Constrained policy space
– Trained on a simulator
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Swept under the rug…

• Difficulty of finding good features

• Partial observability

• Exploration vs. Exploitation

Conclusions

• Reinforcement learning solves an MDP

• Converges for exact value function representation

• Can be combined with approximation methods

• Good results require good features


