































Last Time lecture3

sequentialdecision making HRI FAL 25

MDPs AndreaBajasy

This time

Bellman Eqn

ValueIteration RL



RIImportntMDPQuatit.es

Immature
R sum of discounted rewards

the utility of one rollout state actiontray
For trap tollout so 90 si 911

R so ao s la Ef stress of stristical

optimality S A best action to take all states

maximizes expected discounted cumulative reward

argmax Extrest at
T Ptt expepotaatigeerafllppssis.ietrajectories

optimalvalue function V S IR expectedsum ofdiscountedrewards
startingfrom s acting optimally

VCs 4 Extrest sts so s

max Extrest at s s

I
NPI T

In_policyvaluefunction VT S IR expectedsum ofdiscountedrewards
starting s when actingunderI

Vcs trest tests so s

expectant pissible
y

ountd sum of rewards

visit during rolling out I



Expand the expectation a bit more

vis e.E.FI rtrestitcs D so s Infition

fÉ EErisonton Extrest tests so s

resonso 8 18 st test so s

1sptjaoisiiai
8orsoitis 8t 8t'r st test so

19kg frommmaflige.FIP1soiaoisiiai
Pcs pcsils ao pss

PCs so t sol r so so 8 18ᵗ'rest test s so

assist T.ie n hsyat

s 1P s sites sites 8V s

9 Bellman Equation
Wecan also write derive the BELLMAN OPTIMALITY EQN for VT

s I
may 1PCs is a res a rv s's



on antyou're already committed to taking

Q s a reso a 1strest se so s a a

I tiene c initie

There is a nice relationship btwn and Q

s may s a

Q s a PCs is a resia v s

Intuition for Q value how good is taking action a

Optimalpolicyl I s argma.IQcs a

1SolvingMDPs
Bellman equations are useful b c theyhelp us solve MDPs

This comes from the rewestructure of Bellmanequ

VCs may resia 8 Pcs is a VCs

TIfcsiatr.ggiydthmresi



VALUE ITERATION ALGORITHM as

Vo s 0 sES gridworld se

for k 0 1 2 until converged

for each state ses

vaestemaxcres.at
FcsiisiT.Fii j

returnconversed VCs mother Éi ae A
Q
VALUEITERATIONQ.ES

a 0 SES at A store current updated estimate of Q

for k 0 1 2 until converged

for each state SES and action at A

Qk sia resia 8 SEP s sia Ef QkCs a

return converged Q S a

Reinforcement learning RL

IsMa'T TutThief teeth PCs is a and rewards

I heality tend to know P and r explicitly so how

IAI RI It allows an agent to learn optimalpoliciesby
interacting with the environment

agent tries out actions observes rewards and updates
theirpolicyto maximize rewards


