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4 d JEPT achieves superior overall performance and better generalization on unseen tasks compared with either

direct visual imitation learning or conducting two subtasks with other embeddings.
d JEPT effectively leverages the mixture dataset to enhance the performance on the unlabeled and unseen tasks.
1 JEPT learns more distributionally consistent embeddings compared with baselines.
J More ablations and analyses are available in the paper due to the limited space.
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