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Reinbrcement learning so far ?

¥ Goal is the same as MDREscover

policy that maximizesewvard T(s,a,s) = 7
¥ But,unlike MDPsye dontknow: ? ? R(s) = 7
state space (arld), transition model,

or reward function

- only kne what state yoe@ and ?
the available actions

¥ Need to explor state space to
discover best policy 3

¥ Model estimation:

- do a set of trials (each that runs
until a terminal state isaached) 2

- estimate the ewards and a
transition pobabilities using the 1
counts acoss trials 1

¥ Now use estimates in MDP policy | |
estimation techniques 1 2 3 4
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Evaluating value functiorofn estimates ,

¥ Problem:how long do ve wait bebre

estimating/(s) (in oder to estimating T(s,a,s) =%
policies)? ? ? R(S) =
¥ If we want to adat our policy or use

it for more efpcient exploratiorwe
need to hae an up-to-date estimate "

¥ Estimatiny/(s) is expensevif done at
each iteration.

¥ Ideas 6r improvement: 3
- Oone backupO gnipdate the V

value estimateof state s (ie one
state back) instead of alll 2

- Prioritized sveepinguse priority
gueue to update states with larg:
potential br change 1 1

1 2 3 4
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Direct estimation of the value function

¥ Note, that we could also use the trials tc

estimate the value function dictly: T(s,a,s) =%
- atthe end of each triatalculate the 2+ > 2 R(s) = 7
obsewved future reward for each state

- get estimatesdr V(s) br each state b
averaging woer trials,and nultiple visits
within a trial.

¥ Also called Monte Carlo estimatiosince
it samples randomnglusing the policy (s). 3 — —

¥ Utility of each state equals itsam reward
+ the expected utility of successor state

: 2
V(s)= R(S)+y  T(s,7(s),s)V(S)
s!
¥ But,this is also inefbcient than the othe 1
methods and learning onbccurs at the I [
end of each trial. | |
1 2 3 4
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Temporal distance learning true values ofV(s)
¥ After each trial ve will haze noisy 3| 0812 | 0.868 | 0912 | +1
estimates of the true valu&4s)
2 0.762 0.660 -1

¥ Consider transition (3,2) (3,3) and
its two noisy estimates.

¥ What value do ve expect brV(3,2)? 1] 0705 | 0.655 | 0611 | 0.388
V(3,2) = -0.04 ¥/(3,3) 1 2 3 4
=-0.04 +0.94=0.90 two current estimates of(s)
¥ The obsewed value is lwer than the
current estimatesoV(3,3) is too higk 3 0.85 0.94
¥ Why donfwe adjust it to mak it
more consistent with our ne
obsewation? 2
1

1 2 3 4
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Temporal diférence learning

¥ For any successor state s can adjus¥(s) so it better agees with the
constraint equationse closer to the expected futw rewards.

New estimate is curent  expected futue
weighted sum of value reward

V() | @ 1)9(s)+ ! (R(s)+ "9(s))

= Y(s)+ ! (R(s) + "9(s)" ¥(s) < TheTD (or temporal
difierence) equation

current difference betveen curent

value value and ne estimate after
transitioning to sO.

¥ Note: this doesrtdnvolve the transitiong (s,a,sO)Ve onl update the valueg(s).
¥ Not quite as accurate as earlier methodsi:

= much simpler andequires nmuch less computation
¥ Why OtemporalO ? In terms of a state sequence:

V(s) ! V(st) + a[Re+ AV (st+1) " V(st)]

TD algorithm

1. initializeVv(s) (arbitrariy)

2. for each trial

3. initialize s

for each step in trial
obsene reward R(s)take action a = (s);obsewe next state sO
V(s)! V(s)+! [R(s)+"V(s)" V(s)]
s! ¢

until s is terminal

© N o g &




Exampledriving home (fom Sutton and Bdo)

State ElgpsedTime| Predicted | Predicted ¥ rewards ae elgsed time
(minutes) |Time to Go| Total Time ¥ you update wur predicted

leaving ofpcgriday at 6 "0 30 30 total time at each state
reach cayrainin "5 35 40 . .

°CT caramng ¥ TD learning shifts each
exiting highwa 20 15 35 estimate tavard the next
2ndary road,behind truck 30 10 40 estimate

ing h 4 " 4 . ,
entering home seet 0 3 3 ¥ Each eror is proportional
amive home 43 0 43 to the temporal diférences
45+ in the predictions
actual
outcome

. 40
Predicted
total
travel 35
time

30+

T T T T T T
leaving reach exiting 2ndary home arrive
office  car highway road street home

Situation

CompaeTD to the direct method
¥ Compae theTD update equation (assuming polidg) )

V(s) I V(s)+ ! (R(s)+"V(s)" V(s))
(1" 1)V(s) + ! (R(s) + "V(s))
R(s)+"V(s) for! # 1

¥ to the direct method (assuming the same policy)

V(s) = R(s)+! T(s,"(s),s)V(s)

s!

¥ TheTD update can be viged as an gproximation that simpl chooses an updat
of the obsewred successor s@ther than in the diect method that veights all
possible successor acating to their pobability

¥ For large rumbers of transitionghe two will be equalsince the successor state
will occur in pioportion to their transition probability




The temporal di#rence equation
V(s)! V(s)+ ! (R(s)+ "V(s)" V(s)

¥ How do we choose# (the learning rate)?

¥ 1t® a veighted sumso 0 <# < 1.

¥ Too smallv(s) will coverge slavly, biased tavard curent estimate
¥ Too largeV(s) will change too quickbiased tavard new estimate

¥ Decaying learning rate stratggstart large when ve€ not suse, then reduce as
we become moe sue of our estimatessg#: = 1/t.

Theorem:for V(s) to corverge to
correct value #¢ must satisfy:

What about policies?

¥ Previousy, we estimated the policy using MDBmoachese.g.via value iteration

1'(s) = arg max R(s)+" ) P(s,as)V'(s)

¥ But,this inolves estimating the transition modethich is expense
¥ Can ve do it without?




Q-learning
¥ Idealearn an action-value function that estimates the expected utility of taki
action a in state s.
¥ Debne a state-action paid(s,a)
- value of taking action a at state s
- best expected sum of futerrewards after taking action a at state s

¥ This is lile the value function befe, except with an associated action a:

Q(s,a) = R(s) + ! T(s,a,s!)mang(s’,a’)

s!

¥ The max aer actions debnes the besver all possible succeeding states.
¥ Do we needT(s,a,s0) ?
¥ No. ldeatry estimating Q(s,a) kkwe estimated/(s).

Q-learning

¥ How do we avoid estimating the modeél(s,a,sO) ?
Q(s,a) = R(s)+!  T(s,a,s)maxQ(s',a)
al

s!

¥ A model-fee update of Q.Like bebre, after transitioning fom s,to sO:

Q(s,a) — Q(s,a) + ! (R(s) + " max Q(s',a') — Q(s,a))
new old ! ' $

estimate  estimate difference betveen best old
estimate of expected utility
and that just obsered

learning
rate

¥ The policy is estimated as in value iteration IDPs

1 (s) = arg mng(s,a)

¥ Guaranteed to coverge the optimal policyor appropriate #.




Q-learningexploration strategies

¥ Here we hase the same exploration / exploitation dilemma asdoef
¥ How do we choose the next action whileavearning Q(s,a) ?
¥ Strategies:

- randomie no learning estimate best policy at end

- gredyalways choose best estimated actidKs)

- $-geedychoose best estimated action withgiyability 1$

softmax (or Boltzmanth)pose best estimated action withgivability:

eQ(Siva)/T
I
p- j eQ(sj.a)/ T

Evaluation

¥ How do we measue how well the learning atiyithm is doing?
¥ Ideal is to compag to optimal value:

= V(s) = value estimate at cuant iteration

= V*(s) = optimal value assuming \Wknow true model
¥ RMS BEror is one standat evaluation (whee N = # states)

Error = % [V(s)! V*(s)]?

¥ Or simple absolute value of difence |V 2v*|
¥ Percentage of times optimal action was chosen is another




Learning cuwes

¥ Constant learning rate

Data from Rohit &Vivek,2005
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Learning cues

¥ Decging learning rate

\

1]

learming rate
o
4

Data from Rohit &Vivek,2005

Decaying Leaming Rate

o = K/(K+iteration #)
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Learning cuwes

Data from Rohit &Vivek,2005

¥ Changing evironments

decaying leaming rate
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Learning cues

Data from Rohit &Vivek,2005

¥ Adaptive learning rate with changing\weronments
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Approximating utility functionsofr large state spaces

¥ For small state spacesencould leep

tables. V(s)

¥ What do we do with large spaces?
= How mary states ér chess?

= How mary for a real-world
ervironment? T

¥ Infeasible to use tables. s, s, EEE . Statess

¥ Moreover, it wouldn@generalize een
if you did hae sufpcient data.

¥ For most large poblemsiarge not all V(s)
states ae independent. f(s)! V(s)

¥ Want to learnstructue of state space
and hav it maps to the value
function.

¥ That iswe wantgenealization Si States s

Approximating state-value rppings

¥ If we can @proximate large state spacesithen we can @ply RL to much
larger and moe complex poblems.

¥ What is the learning objecti?

¥ Common:minimize the mean squed eror between true and pedicted values:

E(1)= > ps)V()! f(s,!)P

¥ Then we can @ply optimization strategieg,g.gradient descent:

o1 = it a

oE() The function f() can be gthing:
9 o! ¥decision tees
= — S)[V(s)! f(s,!)]? ¥polynomials
0! Zs:p( ) (0] ¥neural netvorks
0 ¥cluster models
= i+ aV(s)! f(s,!)]8—|f(s,!)
' Whatever best bts the data




Case studytD-Gammon (€saup)

¥ State spaceumber of black and
white pieces at each location

¥ That®~10° states!

¥ Branching factor ~40@rohibits
direct seach.

¥ Treat as RL whblem:

- actions ae the set of legal mes

¥ But table estimation is impossible:

need to gproximate state-value
magpping.
- ldeause a neural net
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Case studytD-Gammon (€saup)

¥ Amazing esult:

= TD-Gammon can learn to pja
very well just stating from a
random polc

= Jst by moving randomy} and
obsewing what esulted in a wil
or loss

- initial games lasted thousands
movies until a random win

¥ By plging random games (and bc
sides)it teades itself!

¥ Contrast that withTesaup®
previous efbrt, Neungammon:

= train neural netwrk on a large
dataset of eemplaly moves

= NN is limited by number of
training examples

Hidden| Training
Program Units | Games Opponents Results
TD-Gam| 45 | 300,000| O | tied for best
0.0 programs
TD-Gam Robetie, -13pts /
1.0 80 300,000 Magriel, .. 51'games
TD-Gam various -T'pts /
2.0 40 800,000 Grandmaster{ 38'games
TD-Gam . -1'pt/
21 80 |1,500,00q Robetie 40games
TD-Gam +6"pts /
3.0 80 |1,500,000 Kazaps 20'games
Performance
against

\  Gammon-tool

TD-Gammon (self-pig

Neurogammon
(15,000 superised
learning examples)

# hidden units

»
L




Mary other successfulpplications of Ri

¥ checler® (Sarel,59)

¥ elevator dispatcher (Crites et al95)

¥ inventory management (Btsekas et al 95)
¥ mary pole balancing and atratic challenges
¥ robotic manipulation

¥ path planning
¥ ...and maw others.
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