


MARKOV DECISION PROCESSES
---

. Planning in uncertain domain
.

MD It is a discrete time

state transition system .
It has 4 components

Is : states .

Ex± For a robot the state could be

room
,
or the Cx

,y) position .

- play the role of outcomes in the
game

with environment viewpoint .

2) A : actions

Usually chosen from a finite set .

3) lpnfstei 1st , at ) : transition probabilities



•
describe the dynamics .

pls
' Is, a) : the probability of going to

state s' from state s if action a 5

played .

' a:( :# pulsar

"

s
. ( o.us#frldlsiaY

:
:

ok I /



• By construction next state only departs
upon

what state and action .

(4) Reward function on states
.

R :S → IR

History : tuples It = (so, Go, 9,9 , - - )
. Sometimes we specify that so is sampled
from a distribution In on

states .

wR : /M=(9AP,R,4/
-



Example from Barto Sutton
.

¥ot
• Collects empty cans .

- Decisions to be made based on
current level of

"

charge
"

S = {high ,
low } .

Agent decides ✓
search

- wait
\ Redraft

high →{search ,
wait }

low → { search , wait, recharge}

Royds : 0 most times



- positive if a car is found
- negative if battery drains .

I - P, -3 pithead

-

GEED
↳ thank td ,hseavh

• pflowllow , search) =p
1. await

h( low ,
search

,
how)= health



Figure depicts .
- state modes ①
- action nodes •

Gon Compute the value function

and 8- value .

ExAMPL seaemfo.int

SEARCH ) Cassyfo.si/Rs)
com , RD

,

carry fast -D

✓pickup f. R4



Def.
qPTy : it : M→ A is a map from
histories to actions

.

b)DetYy : is a strategy
based on the hunt state at = Tft)

it :S→ A

c) stochastic policy :

it :S → OLA )
4 distribution on actions

We write :
-

at N It f. 1st )
the action on the t.tn step is drawn

from the distribution et Ist)



Poli :

Expected reward when starting at s
and following poling IT .

• Finite horizon :
-

¥ %
.

⇒ [I tittle 's ]
The expectation taken over the random

selection of actions , and random state St

blah .

• Inf¥oi .



Valentina For a policy it, the value
function is the average , discounted sum of

future rewards

Ffs ) = Ef¥ False.at/tT,so=s).Note:-
a) Assuming rls ,a)

is bounded b/w

081 , each teen is
at most tires . . .

- bounded by
.

b) So we may normalize
it

VII. to)¥I t.at/t,so=s )



• Note we are working on an infinite
horizon .

. for a single time step clearly the
action giving max instantaneous reward
is best .

. If we fix a horizon k :

-
we need to find a policy that gives max

expected returns from time o to k

T
Could give us a policy that depends
upon time a non - stationary fooling .

- Popular to consider infinite horizon .

y. there is an optimal stationary policy-



VALUE FUNCTION for Recycling robot :

HEY :max[ fists
" It festival )

,

Lewis 41 )

* (e) = man, {PG-ktptrfnpilnkpi.lu/rwtr(e)
rill
-



Def. g-value :

the 9-value function is defined as :/

BIG, a) - f-r) EFE rtnft.at//t,so--s,ao=a]
Note that a. = a in the above

foy : Goren ses, find it maximizing
Vtfs)

=

By definition : 1ft 's deterministic
V%I= off.tt)
④Gat-Hals.at?wEp(.p.a
Called Bellman equations,
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51,94
:
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ffs "
"

÷:# ".-

H
• Let Pbea Is htt x 1st matrix with

Bags , = * ( s
' Isa )

r



Default, HAI × IS1X 1AI ) matrix

II ,% , :{
* ftp.aigakitfy
0

aft is randomized stationary policy ,
set

I:&, :-.PGkattla.li/0IqIyrje+opvIpdsYsa1Pfs
:*:*:



- In fact :

- alsiad
9! ( treetop"
, d.a) Chas . - - - |¥¥ :)iffy

"

Invertible ?

PI IKI - op")aH , -- Ha - rPEHa

• a-. E- OPE ) top"n
% Hallo Ella- rF"nHIrHP%Ha



i. Ha- op"nHa 7 Kalla - HIP"nhs

7 Halles - r Halles

> 4- a) Halloo

•
Bellman optimality equations :

a Thing . For an MDP there is a single
stationary and deterministic policy
simultaneously maximizing v*ls ) In
all se S and of ⑤ a)

,
V- ses

,
atA ;

Denote optimal policy by T*;
• V* corresponding Value function
. q* . ' B- value

V = :p 8*64



9*6,4=4 - rkkattrs.IN.

"I
*

af

• Giving Hint tenth

7

as

¥ : Taft :c argmaxQ.ba )
at A

• So
,

T*= T@*
. Given 8 , define Vqld If 969 )

. Bellman operator : T: PPA → *
↳ A

- 9 I→KrktrPVq
*⇒ Tg*=Q* -



- q* - fixed point for Bellman operator
-

THi Let 8*6, a) = rffax a)
.
Then

. 3- a stationary & deterministic policy
I sit qI q*

.ge/psxA;qnaltoq*igfTTg=g.=Pfs-e*G,at.=aooEG.a1--
IF ff-nrkattosfpc.is. . . I }

I
a) + r§f¥vt%Iw

1- sorts, at + r ftp.goitfshtGD)
= Had to ¥11,4.

9
"

Gia ' ) )
" 4*6 '

,
all



⇐ let 9=78
.

Let it. Iq .

.

-

: E- for )r+ 8µg
i. to )r= f- risks)§ .

Let it ' be a policy , 0ft
'

-the G-value

of
'

. ftp.jli.ru
= f- rp'T)

- '

( e - op of
i. gt

'

. f- spiffy - off - G- rp I
I4-8PT 'j

'

f.pt
'

- pt ) q
'T

1

II. ↳ a) LEGH - EH D)so



i. Of
'

⇐ of a.ordinate wise .

PARi
• Q - value iteration algorithm

. start with random Q .

. Apply q←Tq

TH The above algorithm converges;

Pf ④ show that Tokio contracting
③ Bound the distance btw VM & for

any Q .



Lemmy

IH8 - Toil . a. the -841.

Pf :

Is
,fvdsi-vg.fi/eIEaax/ekat-oiHaI/w.togUglsl7Vgi6

)
;

Suppose 461=96,a)

His = 96, a) - maxoif.at )
a' c- A

a- Qls , at - g 't, a) Inga 196,4-9%11
=

11*9-4011
? ;Yt¥rP4

-

rtrpv, )H.
811 Pug - PVg' Has



Er 114 - till.
=

rmgxfvglst-vg.FI/somaxmg/8ls,atgYs,aI/=r//Q.gy/FDefn
⑨ f g e AAA

V
"
→ F- H%I to

v*ttv
= g¥4) - told)



= 8Gt I -9*6%64 +8*6%1 -8%

= it t¥%HT
%Ec.is

.
.

,f%tv%D
I

- a 1)¥
+96, its I - 9€ ,TH G to I

- -
396

,
G)

←

2119-9*11 . +811¥ - VIII.

"""D:!



i. ¥ , F- 919-811.
fit

.TH If kqjlogf.IT ) the 9- value

update algorithm converges to a Value rector

I > F- e. a.

Roof start with 90=0 , gk" = Tgk

Note : g! #g*
= Tkg °

His
"

-94; 11TH . - This'll.
± R4K-5IH ⇒ In .
= exp f- G- r )h)

It



NEXT TIME : Policy UPDATE


