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Continuing Control Function Approximation

LR TRt G
O VB SR S !
RPS 3t - DT 4 [
WAL AR G E Y A
v ';;;:. e ,Ia. > é g
S Vo 77, ~ >
B o RO Vv
A g s P S AR
! SRR BN S N
A s ¥ 2,
s .

) -~ RO 2L TP
o 3 gy Love ok € e
o T TR 2k, Y At R
ST . ) g
ey I L W T LT
[RPELE - # By U n s o W .
& " . - fp .
g A B % L A e
3 , el RN S o A oy
- . ~ . b - KK s
? : ol G = i Y
. N (M 0‘.-,.- A T e e i B4
ey it L il o AR &g, "L
’ .. -y e . b : oy £ IR Pt B 1 N " " "9
: ’ \ " 3~ vy R Wty o o RN
¢ y Y. BN v ¢, e LR S T S : B
R ; 72 o i
P A s
PRI o2 b e Iy
; o9 -g" o . % % A
P iad Wt " . . S S S " S A e N
e i o~ Ll Vs 82 - € . put . L
v ¥ o 5 137, % 430 3 A O A : s 8%
. TS %, po s, WY e L T LAWY (W
v ‘ 4 L P A T o B ¢ -
- . =G e T a3y R 0 ey S 5ok ey q
b R4 o -3 " NS Lo A 4 ! i A
. VT e AR e B i a A ‘
: b el g ) R "4
e SCiDT El LA ' PR 3 ¢ T v R 7 R ' AR L
o Y ; ‘;'\A( o y oo 4 . by MG, » :
7t SRS s e c BT LT g4
. X % : ’ &‘ Rl A JARABNE T A Y
i ol ¥ PRV A e 1 o o 3 s 2o
o) : e PR aat oty PR 3 xR
< .. * . : 200 o T e 2278 Yy de s KIS
. N kg T('v" g By, B R g Ll Jhig s bl
: ‘ﬁ/(k;‘ : LRI L TR S y e B e VR
i L T ) v N
. 0" %0 s i « -
, B0 Lot "
ot . - )
B L - \'._,5.‘ o o’ :
¢ : :
r : K 3
A s g . .
v . -
H
\ ¥
\-
f
o
y —
2 \\~n
g
‘ e

No episodes! 10172 states!
Life goes on forever Need to approximate

Continuing control + function approximation — no discounting in the objective

Not an Optimization Problem Need an Objective Function

_ Comparing policies: How to evaluate policy performance: ‘% — Optimal
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(each better in some states, (but changes problem formulation) '

.~ worse in others)

Naively using discounted algorithms should not be the first choice for continuing tasks
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Small y: Critical y* Large y:
go left ~ 0.84 go right
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