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. Value iteration.

. Policy iteration.

. Linear programming formulation.

. Q: state-action utility function.




\Recall: Markov Decision Processe'

Definition: A Markov Decision Process (MDP) consists of

1. A state spaced’,

2. An action space,

3. A set of Markov chainsM = (X', P,), one for eaclu € A,
4. Areward distribution? : X x A — A(R).

A policy is a sequence of functions : X — A(.A), one for eacl
timet. (A stationary policy is constant with)




Recall: Value iteration I

Definition: Define the operatdf’ : R — R by

(TJ)(x) = meach 70 + aJ(z1)| 2o = 2,00 = a] .

Theorem: For anya < 1, there is a vectog* € R such that
1. ForallJ € RY, J* = limy_,o0 T%J.
2. J* 1s the unique solutiontd =T'J.

3. J* = max, J™, where the max Is over stationary (or nc
stationary) policiesr.

4. J* = J*  where

() = argmaj(E (70 + aJ™ (x1)| 20 = 2,00 = a.
ac




Greedy poIicyI

Notice thatr* is thegreedy choice with respect to the value functiof.

Definition:  For a value function estimaté € R¥, the corref
sponding greedy policy is = G.J, where we define the greedy
operatorGG : RY — A%:

A

(GJ)(z) := argmach ro—l—ozj(x1)|x0:$,a0:a :
ac

It's easy to show:

Lemma: For a value function estimaté € RY , if 7 = G.J,

J = J | <
7 = oo < 5




Value iteration and (generalized) policy iteration'

Value Iiteration:

J]€_|_1 = TJk, Tek4+1 - — GJk+1.

Policy iteration:
Tl = GJ™*.

Generalized policy iteration:

o ! e
Jk_|_1 = TWka’ Te+1 -— G«]k;_|_1.




(Generalized) policy iteration'

Theorem:

Policy iteration generates a sequence of policies with distinct], |
creasing values, terminating after a finite number of iterst
with an optimal policy, that is, for somie

Jro < Jn << JTRE =R

Generalized policy iteration generates a sequence of poligi
with J. — J*.




‘ Linear program I

Bellman equations:
J=1TJ.

Linear programming formulation:
Fix a probability distributiorp with supportX'.

: T
in J
mJ D

S.t. J >TJ.




‘ Linear program I

Proof. Uses monotonicityy > J' impliesTJ > TJ'. SoJ > TJ
impliesJ > T*J — J*. Minimizing u'J setsJ = J*.




‘ Dual linear program I

Z Z wu(zx,a)E [rolxg = x, a9 = aj

reEX aceA

st. Vi'elX, Z pu(x' a) = p(x)
acA

"

+ « Z Z p(x,a)Plry = 2'|xg = x, a0 = al.

reX ac A

View )\ as discounted expected number of state-action visitdirggdrom
the distributionp. So criterion is expected discounted reward.

Primal-dual are related via optimal policy: (x) = arg max,c 4 A(x, a).




‘ Q vaIuesI

Analogous taJ*:

Q*(r,a) =F [ +amax Q' (a'.a) a0 = 2,00 = ] ,

T (x) = arggleajcQ (x,a).

Q iteration:

Qrii(z,a) :=E ['ro + ozrrllaﬁék(:v’,a’) To = T,a0 = a] :

a’ &

Ti+1(2) := arg max ka—H (z,a).
acA




