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Why offline RL is hard?

P13




Model-based offline RL is good
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Model can be exploited
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AHigh returns

Optimistic eval.

Reality

True eval.

Conserative eval.

Low returns



AHigh returns

Optimistic eval.

Lower-expectile

Conserative eval.

Low returns



Model-generated trajectory (Imagination)
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Q-values: Q(s;, a;) Imagined returns: Q (Sy.cop, Ar-rapn)




Model-generated trajectory (Imagination)
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Model-generated trajectory (Imagination)
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Lower-Expectile Q-Learning (LEQ)
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Lower-Expectile Q-Learning (LEQ)

- Optimistic - 0.1 VoQ(St:t+m Aeit+n)

Policy
Gradient

- Conservative # 0.9 - VO (St-tarr Ap-tan)

Policy
Gradient




Lower-Expectile Q-Learning (LEQ)

0.1 -Bellman loss

Optimistic -

0.1 -Policy gradient Q4 (st a;) = Lower-expectile

VoL (0) = Vg(Lower-expectile)

0.9 -Bellman loss
Conservative -
0.9 -Policy gradient
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AntMaze
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Mujoco Gym (NeoRL, D4RL)

HalfCheetah Walker



600,

450

300

150

NeoRL

MOPO
MOBILE

[ Model-free

1000

800

600

400

200

OA

1 Model-based

D4RL

MOBILE
CBOP

Bl LEQ(Ours)



DMControl (V-D4RL)
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Summary

* LEQ Is an offline model-based RL algorithm.

* LEQ optimizes the lower-expectile of the returns.
« Assign larger weights to conservative trajectories

* LEQ works well in various domains.
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