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Our Goal : . : : :
, o , Q: How can a single-step critic learn stable values over long horizons? Chunk-Guided Q-Learning
Improve long-horizon value learning in offline RL
by mitigating error accumulation A: Guiding it with an action-chunked critic. L(p) = ﬁTD(Cb) + BE[(-(Qg.(s,a) — Qu(s,a))]
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