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RewardHypothesis

RL is terrible everything else is much

worse Andrey Karpathy
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Value of a state when policy it is fixed



Value of a state action pair when Tisfixed

Bellman Equations
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Df If unrest Up est for all stats ses

than a is a better policy than I

The If the dynamics is given by a finite

MDP than there is a policy that assign
maximal value to all states

This guy
is usually denoted by the

There is a
unique maximum value for all ses

But there may
be
nary optimal policies



Estimation and Control

Estimation Question Given a policy T can

you estimate the value of each state SES

Bellman Egn U s tila s pts r rtty.es

Iterate until you can't



Control Question Given a policy T and value

estimates up 1st for all ses how can you find

a better policy ti



Wishful Thinking Suppose 3 found to such that

9 s n si up s

for all ses Does this mean I is better that

Tha Policy Improvement Yes Units'sup's se

I'll go greedy then



If your greedy iteration stops then



Do we have to do the full estimation ofvalues

Do we have to do full policy iteration

If there is more than one optimal policy
does the iteration converge



Value Iteration

One step estimation One step
control



Generalized Poling Iteration



Monte Carlo So
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Iroll out the policy until termination
I
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Temporal Difference

1ˢᵗTD O
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There is a more general framework

that interpolates between MC to TD 107

called TD t



Polingbasedmethods

Actor Critic
Methods

Intuition Can we optimize the policy
directly without learning the value function



O parameter of policy n ret

Assume a probability measure on state space

Average return of policy to is

J e I cumulative reward ofs To

Goal

arg max 5 0

o



PolicyGradientthors
A trajectory 2 So 90 Ro si a R I Pt

Tfs a probability of taking action a

at state s w r t the
p s a s r when action a is taken the

probability of going to s and reward r

T

P r Tletail p Si Ai Sir if
0



Policy Gradient Theorem

log Plr Σ logrotail Σ logplsia.is ri

PolsgP 2 Σ Do log Molai
To no model of environment needed

Derivation of result

Do 107 Do P z R z

Po 510 RGI.PH Dolog Plz

So we can estimate Do J d directly



Sample m paths 21,721 7m

Do 510 I Rca Plz DelogPhil

0 0 α Do 510

Pieter Abbel



REINFORCE
Initilaze I randomly
Sample and compute average gradiat
for 1 1,2 T

O a O Jt
to learning rate

o o

This is great actually The only problem
is that it is too noisy



Baseline Trick

510 Σ Pcr Rcr b

anything cceptafurctiorofoDJ 2Ph7 R G Po log Pa

sample collect rewards put b as avarge
Options

Estimate Kols and use it

for b



ActorCriticstyle

E critic
of the action

suggested bycfor Policy
Valuefuration

policy not

brain estimator



D P G this works even with deterministic
policies

TD 3 it works but too noisy here is

how to stabilize it

GR PO I'll go back to the days of

REINFORCE


