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. away - Li, Dongxu, et al. "Align and prompt: Video-and-language pre-training with entity prompts." In CVPR 2022.
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- It considers spatial-temporal motions of different relations; ERE - - Transfer knowledge via prompt, instead of distillation
- It considers different semantic contexts of subject & object; [T1 - stage-1: train the prompt representations in the comp. & motion —based manner - Performance reported as Recall@100 (%) of PredCls
-  Compared to category or instance -conditioned context(): it .. >—DD3D - stage-2: train V2L module, i.e., ¢, (") (on base classes) based on the learned - Predicates are grouped by the prefix their words, e.g. “run past”, “run next to”
achieves better cross-category generalization o orompt representations. - ltindicates that the performance improvements of RePro are largely attributed to motion cues
* Zhou, Kaiyang, et al. "Conditional prompt learning for vision-language models." In CVPR 2022.
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