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➢Deep networks forget past tasks when trained 
sequentially. Orthogonal-projection methods 
prevent interference but often block forward 
transfer on correlated tasks. CODE-CL balances 
stability and plasticity.

                             

              

                       

                      

Method Overview

Pseudo-orthogonal updates avoid interference 
(I − C −1) while a learned combination of shared 
directions U* (via M) promotes transfer.
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Key Ideas

➢ E         h      ’     u      u         w  h 
a conceptor 𝐶 = 𝑈𝑆𝑈⊤.

➢ Constrain gradients to the pseudo-orthogonal
subspace: ∇𝑊 ← ∇𝑊(𝐼 − 𝐶𝑡−1)

➢ When tasks overlap, free top-𝐾 common 
directions 𝑈∗ and learn a linear combination
𝑀 for improved forward transfer (FWT).

Advantages Over Existing Techniques

➢ Selectivity: releases only shared, beneficial 
directions (fine-grained vs. whole-task 
subspaces).

➢ Safety: projections avoid editing past-critical 
directions.

➢ Efficiency: store conceptors + 𝐾 free dims 
per task (𝐾 ≪ 𝑁).

Takeaways

➢ Better accuracy (ACC) with minimal 
forgetting, improved forward transfer (FWT) 
on correlated tasks.

➢ Fine-grained reuse of subspace directions 
beats coarse task-level gating.

➢ Light memory overhead vs. methods storing 
full per-task gradients.

Motivation Experiments

CODE-CL achieves the best trade-off between accuracy 
and forward transfer, especially on correlated tasks (Split 
CIFAR-100, miniImageNet).


