
Low-rank Decomposition and Adaptation (LoDA)

Problem Definition. Continual Learning (CL) studies how a 

model can continuously acquire new knowledge while retaining 

previously learned capabilities. LoRA-based CL has gained 

increasing attention due to the efficiency and scalability of LoRA.

Existing Solutions: They explicitly isolate task-specific LoRA 

update subspaces via orthogonal constraints to reduce cross-

task interference.

Limitations: (1) They discard transferable directions across 

tasks, suppressing inter-task knowledge sharing; (2) Orthogonal 

constraints ensure a “safe zone” but fail to find truly specific 

directions for new tasks.

A Key Question: How to properly configure LoRA subspaces 

in CL to preserve shared directions while learning truly task-

specific knowledge, achiving better stability-plasticity trade-off?

INTRODUCTION & MOTIVATION EXPERIMENTS

Table 1: Experiment results of LoDA on representative CL benchmarks. 
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Table 2: Comparison with different task 

isolation methods on two benchmarks.

Figure 1: Projection magnitude and relative 

projection energy values across ViT layers.
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Task-Driven Subspace Decomposition for Knowledge Sharing and Isolation in LoRA-based Continual Learning

Solution: This motivates a task-data-driven decomposition of 

the update space into two down-projection subspaces:

(1) A general subspace that yields high projection energy across 

both old and new tasks, capturing transferable directions;

(2) An isolated subspace that exhibit largest new-to-old relative 

energy, identifying truly specific directions for new tasks.

(B) Closed-Form Calibration for the General Branch

Directly merge the holistic general update

leads to uncontrollable feature drift:

How to approximate a feature-level joint 

optimum along the general direction?

Minimizing joint feature optimization

error of both old and new tasks.                     Loss values along the general branch.

Analysis: Why our relative energy maximation objective for building 

isolated subspace perform better than existing null-space-based methods?

                                                                        
We observe                         of null space           , supporting our analysis.                           

Task distributions are correlated, 

the estimated old null space can 

be nearly inactivate on new tasks.

(A) Task-Driven Decomposition

(1) General subspace: we seek    orthonormal bases         that achieve a maximal 

projection energy on both old and new tasks.

(2) Isolated subspace: we select the -dimensional isolated directions        by 

explicitly maximizing the ratio between (i) the projection energy of the new task 

and (ii) the accumulated energy of all previous tasks.
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Analysis: Fixing LoRA down-projection makes adaptation to 

new tasks and interference with old tasks controllable:

Discussion: When fixing LoRA down-projection, the impact of a 

LoRA update on the loss is governed by the projection energy of 

the task features onto the down-projection's row subspace.
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