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Experiments
Does the learned z-space (encoded by the learned 𝐼𝜃(⋅)) align with the 
given preference?
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Experiments
Can the learned optimal contextual policy 𝜋(⋅ | ⋅, 𝑧∗) outperform the policy 
𝜋(⋅ | ⋅, 𝑧) that is conditioned on any other context 𝑧 ∈ {𝐼𝜃(𝜏)|𝜏 ∈ 𝐷}?



Experiments
Can OPPO achieve the competitive performance compared with other offline baselines?
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