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1. Inverse RL
• Reward specification is tricky in RL.
• Inverse RL first learns an approximate reward function from expert 

data, and then uses the proxy reward function to learn the agent.
• How to learn effective robot policies with only a few expert demos?
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2. OT-based RL
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• Applying Optimal Transport (OT) based proxy reward in RL by solving 
the following optimization problem:
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3. Observations
• OT reward is order invariant.
• The order information is discarded and the frames from the demo 

trajectory are treated as bag-of-temporally-collapsed frames.
• The policy is likely to converge to undesired solutions.
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3. Observations
• OT reward is influenced by the later steps so that two transitions 

with the same state-action pair could have different values.
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4. TemporalOT
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• Stage 1: defines a transport cost between two states.
• Stage 2: solves the OT optimization problem to approximate the 

optimal transport plan and computes the OT reward.
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4. TemporalOT
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• Context embedding-based cost matrix for improving stage 1.
• Temporal-masked OT objective for improving stage 2.
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5. Experiments
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6. Summary
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• TemporalOT improves the two stages in OT-based RL, respectively.
‣ Learning a more accurate cost function.
‣ Using a temporal mask to incorporate temporal order information.


