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Observe :
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÷.
a- IT Is)

I f. r, E
Etfs

,
a) there .

a- it
' Is)

: tuff, front to ftp.t/so=s ) )
40

. ys ,
fl"" I,±¥tG , Isis)

*⇒
a is , float { ftp.fiksail/so=sJ

= ④"aff ys , f↳a It ? , a) + 8TH 6.) ffs)

III. ⇒
a
'%⇐, I ¥H%aeD+

Y '

↳ Lse, )I⇐)
But ht (see , ) is bombed :

. hit# I →0 as

T→ a



i. Taking limit as T→
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(Bellman 's optimality condition )
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If this condition does not hold

for some Isa ) then IT is not

optimal .
Consider IT
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Thing 7 a optimal det fooling .

SAMPLE COMPLEXITY with a GENERATIVE
MODEL .

• what is the sample complexity of
estimating B* ?

- Will assume that the reward function
is known & deterministic .

- Assume we have access to a

generative model

- Given sa provides a sample
d- Pl . Is, a) .

- Invoke our simulator N timesVSXA
pain .



Fights.at.
*times o.nl simulator 2

transits to s' from s on a .

Let MR = empirical MDP
.

1,
Uses F instead of

P
.

. First Hoeffding's inequality :
-

• Recall Markov'sinquahtj.FR
any nonnegative random variable X
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In fact :

strictly
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find syo which makes the RHS small !
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• Not very satisfactory .

÷ Central limit them :
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This : HOEFFDINEE's tail inquahts .
Tet Xi , - .
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Coming back to the empirical model :
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Can also define IT - operator on Q as

BIEI - tilt) top'Tgft ) .
-

- Can define the above operators for V as well .

Algorithm Model - based 8value iteration .

Input : Qo ; m - samples for sxA pair ;
b. = # iterations .

I = ESTIMATE MODEL (a)

for j = 0 , - . .

.

K- I do

for each se S do

*jlsl-argmaafaoy.la ,a)
for each at A④age

an

end
Return 8k



putnaon :

Input : sward ,

8
, To ,

n ,
k .

I = ESTIMATE MODEL (a)
Qo = 4- riot fee ,
for j = 0 , I , - . - K- I

for each SES do

Ij = airstaff Qjte ,a)| 'Tf . ⇐of In% = gotta
end

when & K ;



devote SXA by Z ;

M0D8LESTIMAa):
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Assumptions: I = sxA 5 fate ; Assume

eels, a) E G , it
,

THEOR-EM.tt constants c
, co,

d & do It

HE EC91 )
,
# Se 10,1 ) ,

a total sapling
budget

T= fc 1st INe '%4¥I))
suffices for 118*-41# e with probably
1- S

, after k= fdlogf.to#/losfT) )
iterations of guts or PI

The above theorem holds for finding a
near optimal policy
The bounds are almost tight;




