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

Chapter 6: Temporal Difference LearningpIntroduce Temporal Difference (TD) learningpFocus first on policy evaluation, or prediction, methodspThen extend to control methodsObjectives of this chapter:

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

TD Prediction

Simple every-visit Monte Carlomethod:

V s V s R V s

t t t t

( ) ( ) ( )‹+- [ ] a

Policy Evaluation (the prediction problem): for a given policy p, compute the state-value function

Vp

Recall:

The simplest TD method,

TD(0):

V s V s r V s V s

t t t t t()()()()

‹ + + -[ ]

+ +ag1 1

target: the actual return after time t target: an estimate of the return

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

Simple Monte Carlo

TTTTTTTTTT

V s V s R V s R s t t t t t t ( ) ( ) ( )‹+-

[ ]awhere is the actual return following state .st

TTTTTTTTTT

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

Simplest TD Method

TTTTTTTTTT

st + 1

rt + 1stV s V s r V s V st t t t t( ) ( ) ( ) ( )‹++-[ ]++a g1 1

TTTTTTTTTT

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction5

cf. Dynamic Programming

V s E r V s

t t t

( ) ( )‹+

{ }+p g1

TTTT

strt + 1st + 1

TTTTTTTTT

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

TD Bootstraps and SamplespBootstrapping: update involves an estimatenMC does not bootstrapnDP bootstrapsnTD bootstrapspSampling: update does not involve anexpected valuenMC samplesnDP does not samplenTD samples

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction7

Example: Driving HomeStateElapsed Time(minutes)PredictedTime to GoPredictedTotal Timeleaving office03030reach car,raining53540exit highway201535behind truck301040home street40343arrive home43043

R. S. Sutton and A. G. Barto: Reinforcement Learning: An Introduction8

Driving Home

V( )_( A ?_{B)?}

V( )A ?

Estimate for the current behavior policy Q

p

p .

After every transition from a nonterminal state , do this :

If is terminal, then

s

Q s a Q s a r Q s a Q s a

s Q s a

t

t t t t t t t t t

t t t

, , , ,

( , ) .

( ) ‹()+ + ( ) - ( )_{[ ]} =

+ + +

+ + +

a g

1 1 1

1 1 1 0

One - step Q - learning :

Q s a Q s a r Q s a Q s a

t t t t t a

t t t

, , max , ,

( ) ‹( ) + + ( ) - ( )^{[ ]+ +}a g^{1 1}

TD - error is used to evaluate actions :

d g

t t t t

r V s V s

= + -

+ +1 1^{( ) ( )}

If actions are determined by preferences, , as follows :

,

then you can update the preferences like this :

p s a

s a a a s s e

e

p s a p s a

t t t p s a

p s b

b

t t t t t

( , )

( , ) Pr

( , ) ( , )

( , )

( , ) p

b d ==={ } = ‹ +

�

Average expected reward per time step under policy:

1 n

p r

p p

=

{ } fi¥=_� n t t

n

E r

1

Value of a state relative to

Value of a state-action pair relative to:

r r r r

p p p

p p p p

p

:

~

~

, ,

V s E r s s

Q s a E r s s a a

t k t k t k t t k ()= - ={ }

( )= - == { }

+ = ¥

+ = ¥ �

�

1

1