
 
Reinforcement Learning
RL us supervised learning

Sequential decision making
a long term future consequences

greedy is not optimal
return us risk tradeoff

No ar little human supervision
learn from designed reward function
Can collect more data Iteratively

Markov Decision Process
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S set ofStates all possible configurations

A set of actions A L R

Psa dynamics transitions
state transition prob destrib

at state when applying action a
the dust of next s

Psa si Pr S l s a

Psa is a distress

Psa E IR's Ies Psa si L

Example L action succeeds w prob 0.9

P L 6 0.9

PIL 7 O I
Pe L s O F S 6 7



R action succeeds w prob 0.8

Par 8 018 Par 7 012

Par S1 O f s 78

Once you reach 6 robot stays there

Pe L 6 L Pg si O t s 6
PeR 6 1

Sequential decision making process
So initial state given
algo chooses action a EA POMDP
environment step Si Psoa MDP
algo sees Si takes action 9

environment sa ps a
50 4
Ao R
s n PhR
sa

Reward function
R S IR RA 1 O
RG R s O I t s 6

So S 521 trajectory episode

Total payoff
RCS RLS t RCSa t

Discounted total payoff infinite horizon
Discount factor 241 interest rate

RC RC I



RISA r R Si t e ft R Sa T
Discounted reward is bounded

Suppose RCS E E M M

total payoff I Mtr Mtr M t

1 Er
finite horizon stop process at time T

Expected payoff
IE RCS TV RISD T ARCSe t

Reward can be RCS a function of state action

MDP S A Psa
sa r R

goal maximize expected discounted payoff
Markov property
at any time t given St all future states

Sty doesn't depend on past states actions
So Ao St 1 at 1

optimal action at time t does not depend on

past states and actions

best strategy can be expressed as a pokey
T S A policy

at M Se

TI S R if SE 6

M s L f s 7

randomized policy 7 als
7 deterministic optimal policy



Value function
VT S IR

VT s É Expected total payoff ofexecuting policy 17

starting from state s

So 90

at TI St

VT s LEERG T J RLS t t rt R Se T I 50 5

How to compute V s
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an
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Vi 6 It r y't ptt

Er
relax

arthrtrigV o leg V s

VT b

MCS IE RESIT r RISD t So S

res r IEIpgj Éigjom and
executing M

Rls Trs Ips Resit r Resat

R s t r Yup V SD

RCS r Ees Psme SD V s



VT s RCS y Je Ps res si V si
Bellman
Equation

Vals as variables

1 variables 1 equations
Solving linear systemof eqn I V s t s

given Tr Ps a Joe
Ancarsystem

V s t s

Next V4 s my V
s

TX Arg max V s

F T

Markov Property 7 To that simultaneously maximizes
VT S H SES

TIX S A

Instead of computing tie directly
let's calculate V s I V s

we will get it from M s

Bellman Equation for Vt

s my V s

My RCS r Psres CSD V si

RCS t Max r 3 Ps res s V s

RID may I 3 Ps a si May V s

RCS t y maax Eg Ps a SD V s

w old



new old
Bellmans RIS T y my Ps aCst V s
Operator

bestexpedpayoff
after taking action a

Girls IIS B operator

IR K 1

V7 B V

Value Iteration
Initialize V E 1k V O VG O F SES
Loop

v B V
Uses VCs RCS r my Psalso V S1

Kew 9
old

V v4 because B is a contraction

TX s Argranax EesPsa s V s

Policy Iteration

Initialize a policy M

Loop

let V VT obtained by solving systemofequ
T s argamax Pals VCs

V4 it is stationary point of this algorithm

Policy Iteration



P g n

Con each iteration needs solving linear system
Pro converge in finite time complexity

A u finite
S is finite

Atmost Al policies

Practice discrete state spaceValue iteration often slightly better

Continuous controls policy iteration


