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Planning helps only when the learned model is useful

0_
£
3 —-5000 4
et
C
o
® —10000
=}
e
>
(0]
>
T 15000 -
<
O]
—20000 - — n=0 — n=5 —— n=50
— n=1 —— n=20
0 250 500 750 1000 1250 1500 1750 2000

Real environment steps

& 1 ClitWalkingv0 EARIALRIFUEE n (91EE BB HOP T ZG WES A% H 20 4> seeds 1
FULIGRE] . BRI L, A2 episode 45, LA [FIHEIK ) episode (AN 2 B3 H e Bk
i

More planning trades computation for data; it does not create information
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Stochasticity exposes the model-quality boundary
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