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3. B3iEffZT — Continual Learning —

® U )\—Y )L [Hetherington et al. 1989]
- HWBZIILTIHLWEB > DI EFETD
o iR Learning without Forgetting [Liand Hoiem 2016]
- FEBHETINZFERLUTCAEIRITIDOSNIVZBEIRL, $TUVWEB(CERIT S
® IFRIME Elastic Weight Consolidation [Kirkpatrick et al. 2016]
- BHDOEBEENMEICIGUT, TidRTDEHFEFEIT D
® J’)L—=>%) PackNet [Mallya et al. CVPR2018]
— BEFRITIDEZBEHZRND U, REI\SA—SFDHEHIADIDEZTLESE
® EHiEIR Piggyback [Mallya et al. ECCV2018]
— BIE/\wOR—2FRy RNDO—TOWSH9 X TBEIBDEHZ1EIRT D
o FRAXAVEBEIBDEHMEN Rectification-based Knowledge Retention [Singh et al. CVPR2021]
— J\WIOR—="DEHIBEEL, FRIZEITFHUW S A—FZEINT D



3. B3iEMfZT — Continual Learning —

® Rectification-based Knowledge Retention (RKR)
[1] Singh et al. Rectification-based Knowledge Retention for Continual Learning. CVPR 2021
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3. BE#iAIFT — Continual Learning —

® Piggyback

[3] Arun et al. Piggyback: Adding multiple tasks to a single, fixed network by learning to mask. ECCV 2018
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3. EEAZE — Vision Transformer —

® ViT

[2] Dosovitskiy et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. ICLR 2021.
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® Swin Transformer
[3] Liu et al. Swin Transformer: Hierarchical Vision Transformer using Shifted Windows. CVPR 2021.
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3. BE#AFT — Vision Transformer (C&1F23 Continual Learning —

® DyTox

[19] Arthur et al. Dytox: Transformers for continual learning with dynamic token expansion. CVPR 2022.
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® Learning to Prompt for Continual Learning (L2P)
[20] Zifeng et al. Learning to prompt for continual learning. arXiv:2112.08654, 2021.
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