
MDP : Markov Decision Process Optimal Policy and Value function Reinforcement Learning
& "Actions are in determinate"

Given a MDP · we want to know Goal : Learn a policy to maximize the rewards"Action" in "Search": stated Actiona
, State B "Determinate"

the optimal policy and optimal value functionAction in "MDP" : stated Actiona
> State B p = 0 . 2 Given : a see of actions to do in a state

Trope : for every policyIn "Krope(s) > Walls for all sI "

Indeterminate
"

8. 4State & p =

Assuming : know the states :
unlimited memory/computational resource

p = 0 . 4State I
8. "Cose function depends Hill Climbing Algorithin = eptimal policy action

7
the starting and ending states of action

"

Agent environmentWalve iceration => optimal policy value C

State . NewardMDP consists of ~

Initialize in to a random policy& a set of states Entialization* what differs from "Search"

*

i= 1 ...
Max-Her :

SFor Loop :& a starting state
T = Successorias& a see of actions modeled by a global probabilistic transition relation : Choose an action .

-
↑

A better one
"

-

I
↳↑I &bserve theCurrent State and record the reward .Reward fuction T(s , ars) : theprobability of sa > s "How to make it better ?

"

&

Reward (S , a, s') : the recording for sa,s Update parameters : [trasition distribution (TSS . a . S") )
Va(s) = &(S , 13]] ("Q-value" :Glad = [sTbscars &Reward (5 ,

a , s's + yVLS2)
"

⑤ Goal test : End(s)
expected values, expected Q-values >& A "discount factor" : Y , &sys1 . "How much we value the future " => Find an actions .

Vils) = maxeAction als , as => Visi, Vali Since Gill is maximum Exploration Exploitation
I *

=> is is as goods as in or better than I Itry something new &the best move at current State)↑
Transition probabilities T/s , a , s

J .

=>

Policy improvement : Given a = Val , improve the posing to new => long-term benefic .

- greedy actionif TCs, a , 5) to then s is a possible successor of 3S "How to balance them ?
"

2. [sT(3 ,
a , 5) = 1 Compute Girls , al for every s and a actionlis

Eplison-GreedyTner(s) = any
max * 3 · any ,

JPolicy : A "mapping" from "state" to "nation" ,

as Action (3] Epsilon -: the probability of choosing to explore
TV : S -> A , Tr(sis = a , Ther = an -- Successor(s) : Three (1-0 : the probability of choosing to exploits
How to compare Policy :

"

Th= M . < ? ) Thrdme"
Epsilon - GreedyPolicy iterations

Expected racilities Virb3]

7)Ex : angmaxastation a) with p
: 1-c "exploit"To policy evaluationWo policy improvements T , Policy evaluation U

,
policy improvements Th2:How to compute

Var ? EInitialization :

generate[33) E Action (3) randomly for all seS random &o Action(s) with p
= - "explore"1 . recursion .By

stable , falseif End132
Va/3] =

O
,

Representation For Reinforcenct learningS while not stable :

[sT(s , i , s') [Reward (3 , , 5)+ Warbs]
,
otherwise

policy evaluation .

( "How to update parameters depends on how
they are represented

"

~
Q-values : "Gl Sad = [sTbsca, <) [Reward (5 ,

a , s's + yVLS2)
"

policy improvement.
2. By Iteration Tabular

representation : trasition relations· rewards ·
values & values

, policies·if for all se3 . >> is unchanged :

InitializeV = 0 for all s Stables true , & All represented by tables
for t= 1 .

- max-iter ,

Approximationfor each State 563 .

·

Value iteration :

Vus) : EsT 13 , (3) ,37 [Reward (3 : +13 < 33 + Y Ver
**
(s's] Approximated by efficienc functions such as neural networks

.

Note : if we have trope . We can obviously compute Kopess for alls.Stop when V " doesn't change much from
-1

=> How can we compute Propels directly Sire · Without knowing Trope) Tabular
representation

Main idea from Monne-Carlo Method : AverageS

Vope (s) = 0 if endls ·

S Vope (3) = maxaxAction(s) Kopt s , as Sample : D = [Sc , m .
M , S2 , 92 , re 3 :· /

& opt (s . al : [s +(s,op , s') [reward (S , Trop, s + y Krope (52) # (S , a , 3 ED↑

Is ,
a , 3 y =

Es #(3 , a , 3"24D
With recurrence above. We can compute Erope(s) <DPC . I Reward (3 , a , si : average of 20

: (sca , r , s ED) .Inicialize Wop (3) = 0 for all >
1·

Berman equation"for t= 1 .. - Max
,

Her Reward (3 : a) =

average of Er
: (s . a . r] <D (IVas) =

maxaxAction(s) [s +Ls , Dop , s') [reward (S , Trop, s + y Wp (52)
Estimate a Model-optimal policy/value-

Here, Ar each step . We record the optimal action , then we can define the policy ↓

/posing extraction]
·

Why not we directly estimate R-value ?
"

Convergence :

Catility at >i : Bi = Wit Y With +Mit -
if either the discount factor y 2) or the MDP graph in acyclic
then Both value iterations and policy iteration converge to the optimal solution &

a (s . a) =

average of ↓he St = 3 . -= ah

Temporal Difference
MC Method :

require an entire episode [S .. a .. D .. Sa
, anoz ... ],

·

Update Q-values at each step L &- Learning]
3. Al =

(s-usCurrent estimate
-

[S . A ,
r
, S'yof Q-value learning rate


