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Motivation

Improve the inference efficiency.

Avoid catastrophic forgetting without the huge storage of the learned tasks’ features.
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The Proposed SD-LoRA

1) Improve the inference efficiency

(Training)

(Testing)

Frozen Trainable

𝐖′

ℎ′ = 𝐖0𝑥 + ∆𝐖𝑥 = 𝐖0 + 𝐀𝐁 𝑥

Avoid additional inference overhead 

by incorporating the LoRAs into pre-trained weights
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The Proposed SD-LoRA

2)Avoid catastrophic forgetting without the huge storage of the learned tasks’ features

Decouple the magnitude and direction of the learned 𝐀𝐁

Δ𝐖 = |𝐀𝐁| 𝐹 ⋅ 𝐀𝐁 = ||𝐀𝐁||𝐹 ⋅
𝐀𝐁

||𝐀𝐁||𝐹

3



The Proposed SD-LoRA

2)Avoid catastrophic forgetting without the huge storage of the learned tasks’ features

(Training)

(Testing) ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

1) Improve the inference efficiency

(a) Vanilla LoRA (b) SD-LoRA

4



The Proposed SD-LoRA

2)Avoid catastrophic forgetting without the huge storage of the learned tasks’ features

(Training)

(Testing) ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

1) Improve the inference efficiency

Task specific knowledge (direction)

(a) Vanilla LoRA (b) SD-LoRA

4



The Proposed SD-LoRA

2)Avoid catastrophic forgetting without the huge storage of the learned tasks’ features

(Training)

(Testing) ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

1) Improve the inference efficiency

Task specific knowledge (direction)

Why SD-LoRA avoid catastrophic forgetting?

(a) Vanilla LoRA (b) SD-LoRA
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The directions of previous tasks are important

ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

5



The directions of previous tasks are important

ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

𝐀𝑡𝐁𝑡

𝐀𝒌𝐁𝒌 𝑘=1
𝑡−1

5



The directions of previous tasks are important

ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

Direction 

reuse

𝐀𝑡𝐁𝑡

𝐀𝒌𝐁𝒌 𝑘=1
𝑡−1

5



The directions of previous tasks are important

ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

Direction 

reuse

Subtle 

divergence

𝐀𝑡𝐁𝑡

𝐀𝒌𝐁𝒌 𝑘=1
𝑡−1

5



The directions of previous tasks are important

Newly learned direction 𝐀𝑡𝐁𝑡
highly related to previously 

learned ones

ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

Direction 

reuse

Subtle 

divergence

𝐀𝑡𝐁𝑡

𝐀𝒌𝐁𝒌 𝑘=1
𝑡−1

5
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Subtle 

divergence

𝐀𝑡𝐁𝑡

𝐀𝒌𝐁𝒌 𝑘=1
𝑡−1

Descend Trending of the learned 𝜶
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SD-LoRA effectively uncovers a low-loss path
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SD-LoRA effectively uncovers a low-loss path

• 𝛼 encourages updates along the key directions learned from earlier tasks, rapidly approaching the shared low-

loss region for multiple tasks.
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Theoretical Analysis

Theoretically explain why the previously learned LoRA directions are so critical.
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Theoretical Analysis

Theoretically explain the previously learned LoRA directions are so critical.

As the continual training progress, the learned matrix 𝐀𝐁 gradually approximate the principal components of 𝚫𝐖∗
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Efficient Variants of SD-LoRA

by the subspace spanned by previously learned directions

Reduce the rank of the newly introduced LoRA

Don’t need to introduce the extra LoRA part 

SD-LoRA-RR 

SD-LoRA-KD (Knowledge Distillation) 

ℎ′ = 𝐖0 + 𝛼1𝐀1𝐁1 + 𝛼2𝐀2𝐁2 +⋯+ 𝛼𝑡𝐀𝑡𝐁𝑡 𝑥

Represent new directions by the subspace spanned by previously learned directions
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Experimental Results

The performance on different task lengths. The performance on different continual learning benchmarks.

The detailed performance on the streaming tasks and the results on different backbones
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Thanks!
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