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Offline model-based RL suffers distribution shift and model
exploitation. Two typical fixes:
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I% Insight: Humans can intuit simple physics!
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RL from Human Feedback (RLHF) 03: Can RENEW target model exploitation?
Pretrained Naive RENEW

Loiyp = 2 CE (y, logistic (R¢(a°) — R(I,(al)))
‘ 1
Dynamics Learning from Human Feedback (DLHF)
- I
Lowr = ) CE (y,logistic (£6(0°) = £4(0")))
Algorithm 1 RENEW ]
Require: Pretrained world model Tg, . m
preference budget N, iterations [ ‘ | |
1: forz=1,...,1 do ,\
2:  Compute uncertainty u under Tp A T T " T T * T T *
3:  Sample segment pairs (o, 0!) from Ty < u
4:  Elicit N/I preferences Dy = {(07}, 0}, yj)};vz/ll
D:

Update 0 < arg ming Lprur(0; Dy )
6: end for A
7: return Iy

Transition Errors

A3: Yes, RENEW reduces uncertainty & forgetting.
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