MePo: Meta Post-Refinement for Rehearsal-Free General Continual Learning
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Core idea: meta training the pretrained model before deployment, then continually adapt with a stable reference geometry.
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Strength: Plug-and-play, reusable, generalizable, and no extra computational overhead.

3. Method Overview
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Fig. 1 The proposed MePo framework.
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Fig. 2 MePo representation learning (left) and feature alignment (right).
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5. Computational overheads
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Phase 1: meta post-training

Phase 2: general continual learning

+Param. +Ratio Time Accuracy

~

\ Time (mins) 14.43 14.20 14.13

Training Image Size = Epochs  Batch Size  Total Steps  Images Processed
Sup-21K (Pretraining) (Dosovitskiy et al., 2020a)  224x224 90 4096 ~310k ~1.3B Method
Sup-21K (MePo Post-Refinement) 224 x 224 50 256 ~12.8k ~2M _
MVP [19]
Meta epoch 1 2 3 S Average w/ MePo
MISA[12]
14.00 13.96 14.14 w/ MePo

639k  0.74% 5.34s
1215k 1.41% 5.34s
637k 0.74% 4.84s
1213k 1.41% 4.84s

41.50

6. Analysis: MePo obtains more separable and sparse representations.
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Fig. 4 Visualization of pre-aligned, post-aligned, and combined features with t-SNE. Here we take the
setup of MISA w/ MePo, ImageNet-R, and Sup-21/1K as an example.
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Fig. 5 Visualization of class-wise prototypes on
ImageNet-R under Sup-21K.
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