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General continual learning (GCL): real-world scenarios continual learning with 

online data streams and blurry task boundaries, making it increasingly difficult for 

AI models to rapidly capture and effectively balance successive information[1,2].

Pretrained models (PTMs) in CL: parameter-efficient tuning (PET) for representation 

learning, and recover old task distributions in the representation space for output 

alignment[3].

Biologic inspiration: (1) meta-plasticity[4]: biological brain retain substantial “pre-

trained knowledge”, positioning them in a critical state of neuro dynamics for rapid 

adaptation; (2) reconstructive memory[5]: the neural representations of incoming 

memories are continually encoded into and reconstructed from a shared 

representation space that enables real-time generalization.

Fig. 2 MePo representation learning (left) and feature alignment (right). 

Fig. 1 The proposed MePo framework.

Fig. 5 Visualization of class-wise prototypes on 

ImageNet-R under Sup-21K.

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.

(1) Meta Rep. learns a GCL-ready initialization.

(2) Meta Cov. stabilizes feature geometry online.

Strength: Plug-and-play, reusable, generalizable, and no extra computational overhead.

1. Introduction

2. Contribution

3. Method Overview

Core idea: meta training the pretrained model before deployment, then continually adapt with a stable reference geometry.

4. Main Results

6. Analysis: MePo obtains more separable and sparse representations. 

5. Computational overheads

Phase 1: meta post-training Phase 2: general continual learning 
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