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Reinbrcement Learning 1

Reinbrcement learning

¥ It would be nuch easier ifoebots and agents could just teach themsslv
¥ only feasible method of learning in complex domains

¥ fundamental@quirement br action exploration

¥ the exploration / exploitation dilemma

¥ how do we learn without a teacher mwiding detailedefedback?

¥ broad class of optimal corit methods based on estimating value functionsnfr
experiencesimulation,or seach

¥ task of reinforcement learning is to use obsed rewards to learn an optimal
policy br the environment




Game plging
¥ What are you doing when guée
learning a game?
¥ Supevised learning:

- teacher (ie desed output) giving
detailed éedback of the best me = b c de £ g on

in each situation 5 8

- infeasibledr complex game®.g. Z Wy g:
which chess mee is best fom a 5 Wy AE

given boad position? 4 i a

. o s YA AN A

¥ Reinbrcement learning: ) a o
1 = 1

= no teacheronly feedback is
whether you won or lost

a b o d e £ o h

= computer could siralate may
games to explag space

Recall Markv Decision Pocesses

Poor &
Famous

¥ An MDP is debnedyb

states:  {s1,..., sn}
initial state:  Sp
ions: a,...
actions { 1s »am } 1/2 . Rich &
rewards: R(S) = {rq,..., rn} Famous

+10
transitions:  T(s,a,8') = P(St+1 = S'la; = a, s = s)

discount:

¥ Value iteration: i | i(PU) | Vi(PF) | V(RU) | Vi(RF)
, 1| o 0 10 10
Vipi(s) = R(s)+ I max  T(s,a,s)Vi(s) 2| o 45 | 145 | 19
s 3| 203 | 653 | 2508 | 18565
Vi(s) = lim Vi(s) 4| 3852 | 1220 | 2963 | 19.26
¥ Optimal policy: 5| 722 | 1507 | 32.00 | 20.40
6| 1003 | 17.65 | 3358 | 22.43

7 (s) = arg m;:lx R(s) + ’yZT(s,a, YV (s)




The 4x3 grid vorld from R&N Cha. 17
R(s) =-0.04

actions 0.8
3
0.1 - - 0.1
2 "1 -
T(Sa a, Sl) = P(St+1 |at7 St)
1| start

1 2 3 4

¥ Here, the agent has a complete model of theydbserable vorld

¥ The reward function R(s) and the transition modi(s,a,sO)ealso knevn.
¥ In this examplghere is no discounting

¥ How does the agent maximizeward? Value (or policy) iteration.
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The optimal policy
R(s) = -0.04

actions 0.8

3= | = | >
il

I BIE

T(s,a,s") = P(su1 |ag, s¢)
1| 4 |« | « | «

0.1

1 2 3 4

¥ With weak negatie reward, best policy is to goid -1 when possible and seek +
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Another optimal policy
R(s) = < 1.6285

3l = | = | = | [+1]
2| 4 - | [
i|l—=> | > |- 1

1 2 3 4

actions 0.8

]
[

T(s,a,s’) = P(su1 |ag, s¢)

0.1 0.1

¥ With strong negatie reward, best policy is to alays seek end states

Reinbrcement learninglearning from experience

R(s) =7
3| 2 ? ? ?
2| 2 ? ? ?
1] 2 ? ? ?
1 2 3 4

actions 7

?

T(s,a,s’) =%

¥ Now: don€know ervironment transition modelor reward function

¥ Need to exploe the world. At each state the agent:

1. selects one of theailable actions
2. receies reward

3. obsewes resulting state

4. repeat until a terminal state

In reinforcement learning, the
objectiwe is to Pnd an optimal
policy fom these obserations.




Model estimation

R(s) = ? T(s,a,s0) = ?

3
2 St
1 S S7)
1 2
R(s) = reward for states
. \ # transitiors s — s' for action a
P(s,a,s)

# timesa sdected at state s

¥ Obsene statisticsdr actions fom
each state

¥ Egfor 10 0upO actionfn state
(1,1) we obsewre next state is

- s =(1,2) 8times & R=-0.04
- $=(2,1) 2times & R=-0.04
¥ <ZT(s,Up,s1) = 8/10 = 0.8

T(s,Up,s2) =2/10=0.2
R(s) = R(3) = 0.04
¥ Could use Bgesian estimates her

¥ Continued exploration of the grid
world will give increasingt accurate
estimates oT (s,a,s0O) and R(s).

Model estimation

¥ With estimates ofT(s,a,s0) and R{@?, can just teat it like an MDP
¥ Compute the expected value of each state as:

Vig1(s)

V' ()

R(s) + ! mgxz B(s,a,s)Vi(s)

i 09

¥ And the optimal policy (with value iteration) is:

1h(s) = arg max R(s) +

¥ This is calledertainty Equivalent learning.
¥ Issues and gaats:

T(s,a,s)V'(s)

G000

= Could be a ery inefbcient wato explore the world. —/
= When do we stop and estimate the policy?
= Solvingdr VV*(s) every time could be expensiv




More efbcient updating
¥ How expensie is it to re-evaluate the value equati®ffs)?

Visl (s) = R(s) +1 max T(s,a,s!)Vi(s!)

s

- O(N3) if solving system of linear equations

- O(NZ) for value iteration with k iterations to coverge
¥ But,we donthave to re-sohe the entile set of equations.
¥ At each time step

- obsewe the state transitiondr action a:sj(a) ! s;

- update countsdr P(si,a,s;)

= do not re-evaluate ér Vi+1 for all of s,only s

Oone backupO CH
learning

Vi (s) = R(s)+ ! max) P(s;,a,8)Vi(s)

- this gies anOonlineO updateri, so nowv we can use it at arime

= involves rmuch less computation at each iteration

Further rebnementgrioritized sveeping

¥ What if value¥/(s) hae already conerged br some states?

- We donfwant to keep updating thoseach still costs N operations.

= Which states should & update?
¥ Prioritized sveeping (Mooe &Atkeson):

- update the ones that va the most potentialdr change

- keep a priority queue of which statesuesbiggest potentiabf changiny/(s)

- Basic algrithm:

1. set queue to slTo keep track change i Vrrey(s) = V(s)

2. update the value equation:
Vier (s)) = R(s;) + ! max ) P(s;,a,8)Vi(s)

3. record the changeA = [VP™®V(s)1 V(s)]
4. for each state-action (sa,) that leads to s:

¥ add s, to priority queue with priority:! P(Sp, ap, S)




Exampleprioritized sveeping

¥ For a big change M(s)V(s) is likely to change topso update it.

Vi(s) = 1C UpdateV(s) Vi 1(s) = 2C

Vi (s) = R(s)+ ! maxy (s, as)Vi(s)

¥ Here,V(s) hadly changeso updating states iswopriority.
a1

a2

UpdateV(s)

Vi(s) = 1C Viii(s) = 101

How do we choose the actions?

¥ How do we ensue that we explote the ervironment efpbcienyt?
¥ Should ve use the curent estimate of the best policy?

1'(s) = arg max R(s) +" " T(s,a,s)V'(s)

s!

¥ What would hapen br this?

¥ What about changing eitonments?




Exploration stratey

¥ What®the best strateg for exploration?
- Greedyalways usd *(s)
- Random
- Some of both?

T ® R
OO 20;

The N-arm bandit poblem

¥ Consider a ow of N slot machines.
¥ Each hasaward R(s) and pgoff probabilityP(s)
¥ How do you maximize gur payoff when yu dontknow R(s) or P(s) ?

¥ If you did know the expected eward = R(s)P(s) then it would be trivial:
just pull the leer with highest expectedeward

¥ But what if pu don€?
¥ And what if the pgoffs change wer time?

¥ This situation models matreal-lie decision poblems.




The exploitation - exploration dilemma

¥ Should wu exploit the inbrmation you&e learned
or explore newv options in the hope of grater pgoff.

¥ Possible strategies:

= #-greedy (exploit,but once in a while do something random)
¥ choose machine with cuent best expectedeward with probability 1#
¥ choose another machine (action) randgmith probability# / (N-1)

= Boltzmann exploration (choose pobabilisticaj relative to expected ewards)
¥ choose machine k with pbability ~ exp(-P¢/T)
¥ decreaserl (temperatue) over time

- highT:nearl equipobable éxploration)

- low T:increasingl biased tavard best action €xploitation)

Artibcial Intelligenc&®einbrcement Learning 1 17 Michael S_ewicki! Carnegie Mellon

Somereadl intelligence high T, exploi: for

short term set
backsperserere >

engagement

¥ The exploration/exploitation dilemma
is a fundamental aspect of a wide rat

phasic

biological decision making LI DR oo
- food foraging low T, explore: for long &
- mate selection term set backsgive 3

- choosing nest sites up.try new

ObghtO @RightO decisions

¥ Importantly, the ervironmental
statistics ag in constant Rux.

1
tonic

€Xploratiop
sk .
]Orl-term ”Ulity h igh \o“%‘

Figure 2. Aston-Jones & Cohen (2005) propose that

H ieri exploration and exploitation may be mediated by separate
¥ There are SpeCIaI neural @uits and short- and long-term measuresof utility (cost and reward).
neumtransmitters that mediate Exploration and exploitation, in this model, are mediated by
the Pring mode of norepinephrine neurons in the locus
- the memoly of shot- and long- coeruleus (LC). from Cohen et aPhi.Trans. R Soc. B 2007
term reward and @ (b)
R 100,

- the trade-off betveen exploration

and exploitation. / 1. § '
: s W e ‘WM
- we seem to use a Boltzmanndik \ & 40, ‘“V‘} \'}ﬁ
(softmax) exploration rule (Da, et gﬂ R, E 20! W
al,Nature 2006 - using a 4-arm 0‘
bandit taskno less) %g& ™o 703
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Temporal diférence learning

¥ Do we hae to estimate all the transitions?

¥ Consider the summation in the Bellman equatidime expected value of each
state s equals itsvan reward plus the (discounted)ewvard of its successor state

Vis (s) = }?{(s) +1 max T(s,a,s!)W(s!)

¥ For state swe receie reward R(s) and tad& action a = (s) to transition fom s
to sO.

¥ For any successor state 3@, can adjus¥(s) so it better agees with the
constraint equationse closer to the expected futw rewards.

New estimate is current expected futue
weighted sum of value reward
V(s) ! (1" 1)V(s)+! (R(s)+"V(s))

= V(s)+! (R(5) +"V(s)" V(s)) «| TheTD (or temporal
difference) equation

current disciepancy betwen curent
value value and ne estimate after
transitioning to sO.

The temporal di#rence equation

V(s) | V(s)+! (R(s)+"V(sh" V(s))

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

¥ 1t® a veighted sumso 0 <$ < 1.

¥ Too smallv(s) will corverge slavly, biased tovard current estimate o¥/
¥ Too largeV(s) will change quickbiased tevard new estimate

¥ Decaying learning rate stratggstart large when ve€ not suse, then reduce as
we become moe suie of our estimates.

$

»
Ll

iterations




Summay

¥ types of einbrcement learnindow it® distinct fom supewised learning
¥ relationship to MDP$VIDP but world, reward, and transitions a unknavn
¥ types of updating our estimates

- certainty equivalent (CE) learning

- one backup CE learning

- prioritized sveeping
¥ TD learning

¥ Next time:more details and general types @imbrcement learning




