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Background

Task 1 Task 2 Task N

Continual Learning (CL)

• Goal: Enable models to learn continuously from a sequence of tasks.

• Key challenge: Catastrophic forgetting — new knowledge overwrites old 
ones.

• Two essential abilities:
Plasticity – adapt quickly to new tasks.
Stability – preserve past knowledge.

Existing Solutions

Category Key Idea Limitation

Rehearsal-based
Store a small memory buffer of old 

samples
Limited memory → poor scalability

Dynamic expansion
Add new sub-networks for new 

tasks
Leads to parameter growth

Regularization-based Constrain parameter updates
Over-regularization → reduced 

plasticity



Motivation

Limitation of Pretrained Backbones(CL)

• Recent CL methods use pretrained ViTs or CNNs to improve stability.

• However:

• Relying on a single pretrained backbone restricts adaptability.

• Fixed representations often fail to generalize to new domains.

• Updating too many layers → instability; freezing too many → rigidity.

Our Motivation

Can we leverage multiple pretrained models to build a robust and adaptive representation space, achieving both 
stability and plasticity without architectural expansion?

LMSRR Framework

• A novel framework for learning multi-source and robust representations in continual learning.

• Core idea:

• Fuse features from multiple ViT backbones

• Adapt representations through dynamic and adaptive optimization



Framework: LMSRR

LMSRR dynamically fuses multi-source features and adaptively regulates representation learning, 

achieving an optimal balance between stability and plasticity in continual learning.



Method I: Multi-Scale Interaction and Dynamic Fusion

(1) Stack features: (2) Multi-scale attention:

(3) Adaptive fusion:

Goal of MSIDF: Fuse multi-source ViT features without redundancy, with adaptivity.

⚫ Apply m learnable attention modules 𝒜j with window 

size kj.
⚫ Each module highlights relevant cross-backbone 

patterns via Wj.
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Advantages:

⚫ Output dimension fixed (independent of T ).

⚫ Automatically focuses on most informative backbone 

combinations per input.



Method II : Multi-Level Representation Optimization (MLRO)

Mechanism:

Goal of MLRO: Prevent representation drift during fine-tuning → preserve stability.

⚫ Keep a frozen copy of each ViT from previous task (𝑓
𝜃𝑗
′ )

⚫ For current task, extract features from last 𝐿′ layers of both:

⚫ Active network: 𝐙 𝐣,𝐤

⚫ Frozen network: ෩𝒁(𝒋,𝒌)

⚫ Minimize L2 distance between them:
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Method III: Adaptive Regularization Optimization (ARO)

Problem: MLRO applies uniform regularization → may over-constrain some layers.

Solution: Introduce learnable gate per layer to control regularization strength.

Why it works:

If a layer is critical for new task :

෥𝑤1
j,k
≈ 0 → less 

constraint.

If a layer encodes old knowledge :

෥𝑤1
j,k
≈ 1→ strong 

constraint.

Key Idea:

For each layer 𝑘 in backbone j, learn switch 𝑤1
𝑗,𝑘
, 𝑤2

𝑗,𝑘

Use Gumbel-Softmax to get differentiable weight ෥𝑤1
{j,k}

Modify loss:
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Experiments Results

Standard datasets
results



Experiments Results

Complex datasets results



Ablation Study

(a) Same backbone comparison. (b) The forgetting curve. (c) Configuration comparison.

(a) Comparison of performance of various models with varying buffer sizes on ImageNet-R, where each 

model uses the same backbone. (b) Comparison of forgetting curves of the proposed approach with other 

benchmark methods on ImageNet-R. (c) Performance variations of the proposed MSIDF method under 

different configurations.



Conclusion

We propose LMSRR, a novel continual learning framework that orchestrates multiple pre-trained 
ViTs to learn robust, adaptive representations.

Our method introduces three key innovations: 

• MSIDF: Dynamically fuses multi-source features via learnable attention and adaptive weighting.

• MLRO: Preserves stability by minimizing representation drift across tasks.

• ARO: Relieves over-regularization through layer-wise adaptive gating.

LMSRR achieves state-of-the-art performance without expanding the model or using task-specific 

parameters.


