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Table 2: Comparison of methods on real-world tasks at 15k environment steps (= 1 hour of real-world

Rea |-r0 bOt Deployment training). Results are averaged over 20 evaluation trials. Success Rate and Intervention Rate are
e e e - reported in percentage (%). The best results are highlighted in colorbox.
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* Potential-Based Planning: Transform sparse rewards into dense guidance for planning.
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* Optimistic Landscape Learning: Amplify rare success sighals to encourage exploration.
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» Stable and Efficient Training: stable and efficient convergence. <101 DEMO3-sparse <10t MoDem _
5 S ol SLOPE:
T e e e e e e e e e e e e e e e e e e e e e e e e e e e — — — ——— —————— N /e ) S o O 0.08 B
(s,a) =7(s,a) + YEs-p[@(s)] — P(5)]i iLoce(0) = Ep[w(8) - CE(¥(y), Qo(s,a)]} ¢ : i .
P(s) =nmaxQp (s,a)] W@ =Tl (1= - Asgy] | mommOE |l = | - v
---------------------------------------------------- e 0 2i5 5;0 7;5 160 3 o 2;5 5io 7;5 160 0 2i5 5;0 7i5 160

Timestep Timestep Timestep



	幻灯片 1

