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The main idea behind PG methods is

the likelihood ratio trick aka scorefunction
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Let X be a stir with man function

PCO
parameter

i e PC X x is parameterized by O

J o E f x e g OER

Goal qinJ min among a den of
parameterized r v s

Wat to find but O using a gradiat method

Ott Ot Pt 7510 C Gradient descant

Need D 510
Use likelihood ratio trick which is shown below

510 E f x p 0 x Lotus

7510 Po fix plo x

nqeyqfgtq.IE EfCx PPl0 x condition unialyletEII






































































































































a C
Lenora

D 510 fix Dp lo x

17510 E Diggy peon I p'icts

D 510 E f f PPI E frog p

To get an estimate of 7510 IcasmptefroI
PICO x

peon
likelihood ratio pro

Ppg

ii state space X actinspaced

It clan of admissible stationary
deterministic policies

IT IT A it is time invent

Impatient tea tan action FEEtho
for Ph method we consider stationary randomized
policies i.e

it I DX
Set of all distributions
over the actions

Rr simplicity aware all actionavailablein all stats






































































































































i S

e g policy

iiii si
man

parameterize

o
Tf 1 Told a HafA

amm.EE eidistribution over A off ER

Simple example for h 410 a Ot
leans

Boltzmannaka man

b OER 06 era so max

is a continuosly differentiablefunctionofOA 1 Eist exists

Note Every To is identified by its parameter Of Rd

Goal min Jpg x Find an approximately

OE
optimal policy in he
clasof parametrizedpolicies

we want to find the butparanterinadof

tolOE 3ce.g Rd tixttate

Want to find a O arguin JpOf
is o ecessari a convex unction arenetro



A formula for policy gradient in an SSP
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