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Chain Markov Reward Process ( Length = 19 )
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Chain Markov Reward Process ( Length
-

- 19 )
- I P = I p

-
- I t I

THE - O .
.

. .
. . 090 TO . - - - - O → FE

in -

state
"

A
" Distance = to

Influence state A value viaa  t I reward :

=
MC : must get to +1 goal at least once

after visiting A

TD (o ) : must visit t I goal at least once anytime
and then wait for value to propagate .



Chain Markov Reward Process ( Length
-

- I 9 )
- I P  = I p

-
- I t I

THE - O .
.

. .
. . 090 TO .  - - - - O → Ed

in -
Distance = 10state

"

A
"

Influence state A value viaa  t I reward :

- -

MC : must get to + I goal at least once

after visiting A

TD (o ) : must visit t I goal at least once anytime
and then wait for value to propagate .

statistical Properties :
-

MC : Unbiased
,

high variance
Fast propagation of reward ( all visited States )

TD ( 0 ) : Biased updates
,

low variance

Slow propagation of reward ( must recent state )

h - step TD : Medium variance

medium propagation of reward

Correct balance problem specific !
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