R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction1

Chapter 2: Evaluative FeedbackpEvaluating actions vs. instructing by giving correct actionspPure evaluative feedback depends totally on the action taken.Pure instructive feedback depends not at all on the action taken.pSupervised learning is instructive; optimization is evaluativepAssociative vs. Nonassociative:nAssociative: inputs mapped to outputs; learn the best outputfor each inputnNonassociative: �learn� (find) one best outputpn-armed bandit (at least how we treat it) is:nNonassociativenEvaluative feedback

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction2

The n-Armed Bandit ProblempChoose repeatedly from one of n actions; each choice iscalled a playpAfter each play , you get a reward , where

E r a Q a

t t t

| = * ( )atr t

These are unknown action valuesDistribution of depends only on

rtat

pObjective is to maximize the reward in the long term, e.g.,over 1000 playsTo solve the n-armed bandit problem, you must explore a variety of actions and the exploit the best of them

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction3

The Exploration/Exploitation DilemmapSuppose you form estimatespThe greedy action at t ispYou can�t exploit all the time; you can�t explore all the timepYou can never stop exploring; but you should always reduceexploring

Qa Qa

t ( ) ( )*»

action value estimates

a Qa aaaat a tt tt t* * ( )=�„�

arg max exploitationexploration

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction4

Action-Value MethodspMethods that adapt action-value estimates and nothingelse, e.g.: suppose by the t-th play, action had beenchosen times, producing rewards thenp

Qa r r rk t k a a ( ) =+1 2 Lka

rrrka1 2,,,,K

�sample average�

limk t a Q a Q afi¥ = ( ) ( )*a

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction5e-Greedy Action SelectionpGreedy action selection:pe-Greedy:

a a Qa

t t a t

= =*( )arg maxat* with probability

random action with probability

1 -e e

{

at =

. . . the simplest way to try to balance exploration and exploitation

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction6

10-Armed Testbedpn = 10 possible actionspEach is chosen randomly from a normal distribution:peach is also normal:p1000 playsprepeat the whole thing 2000 times and average the results

h( ( ), )*Qa

t 1h( , )01

rtQ a* ( )

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction7e-Greedy Methods on the 10-Armed Testbed

Choose action on play with probability

where is the a t

e

e

Q a

Q b

b n

t

t

()

()^,

t

t

t

= �_1

a a_{t t}= =1 2 orr r_{t t}= = orsuccess failure^{at if}_{the other action if}^{success}_{failure}d_t =

Let Pr be the only adapted parameter p

t t

a a a

( ) ==

L (Linear, reward-inaction)

On : ( )) 0< <1

(the other action probs. are adjusted to still sum to 1)

On : no change

R–I

success

failure

p p a p a

t t t t t t

a a a+= + - 1 1 ( ) ( ) (

L (Linear, reward-penalty)

On : ( )) 0 < <1

On : ( )) 0 <1

R-P

success

failure

p p a p a

p p a p a

t t t t t t

t t t t t t

a a a

a a a + +

= + -

= + - <

1

1

1

0

( ) ( ) (

( ) ( ) ( Q rr r k^k k =

+ +

1 2

L Q Q k r Q k k k k + + = +

+

- [ ]

1 1

1 1a Q_kQa^* ( )^{Q Q r Q}_{Q r}^{k k k k}k_ik k i_i^{+ +}_= -^{= + -[ ]< £}_{= - + -�}^{1 1}_{01}^{0 1}_{1 1}^{aa a}_{a a a}^{for ,}^{constant}_{( ) ( )}

Qa_0 ( )Qa a_0 5( ) = for all

rtrrt t-p at ( )apt Pr( ) ( ) ( )a a a e et p ap bbn t t=={ } = =� 1p a pa r r r r r rt t t t t t t t t+ += + -[ ] = + -[]1 1() () and a

a Qa t

a t + + = 1 1

* ( )argmax

p p b p

t t t t t t

a a a

+ + + +

= + - [ ] 111 1^{1( ) ( ) ( )}

* * *Q

t + 1