
~2 × faster than LoRA-SAM

Only minimal memory overhead.

LoRA-SAM suffers from restricted and early-collapsing 

perturbations.

Near-LoRA cost. Standard LoRA inference.

Better generalization than LoRA-SAM.

Bi-LoRA addresses this with a dual-LoRA design that 

decouples task adaptation and sharpness optimization
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How Bi-LoRA Fixes LoRA-SAM

Fixing the Computation Bottleneck

Fixing the Perturbation Bottleneck

LoRA-SAM is Limited

Problem

Given LoRA fine-tuning 𝑊 = 𝑊0 + 𝐵𝐴, 

our question is how to improve its generalization.

Issue 1. Doubling Computation

Issue 2. Restricted Perturbation Space

Can we achieve sharpness-aware 

optimization in a boarder space 

without sacrificing LoRA efficiency?

min
𝐵,𝐴

𝐦𝐚𝐱
| 𝜖𝐵,𝜖𝐴 |≤𝜌

ℒ 𝑊0 + 𝐵 + 𝜖𝐵 𝐴 + 𝜖𝐴

𝝐𝑾 = 𝐵𝜖𝐴 + 𝜖𝐵𝐴 + 𝜖𝐵𝜖𝐴
≈ 𝑐 𝐵𝐵⊤ ∇𝑊ℒ + ∇𝑊ℒ 𝐴⊤𝐴

𝟐 × Training Cost!

Another gradient step

to solve inner maximization 

LoRA-SAM perturbs only the LoRA subspace, i.e., 𝝐𝑾 is 

restricted in 𝑅𝑜𝑤 𝐴 and 𝐶𝑜𝑙 𝐵 .

LoRA is merged into full weights at inference.

Since this subspace converges quickly, sharpness optimization 

collapses early.

Experiments

Takeaway

Early rise in cosine similarity indicates rapid subspace collapse.

Primary branch 𝐴1, 𝐵1
for task adaptation

One-pass update: simultaneous descent on 𝐴1, 𝐵1 and ascent on 𝐴2, 𝐵2

Standard inference: discard the auxiliary branch at inference

The auxiliary branch converges much more slowly.

A decoupled auxiliary branch carries the perturbation, instead of tying it to 

the primary optimization subspace

Broader perturbation exploration beyond the primary subspace.

LoRA-level Efficiency

Auxiliary branch 𝐴2, 𝐵2 for 

sharpness optimization

Parallel update

Perturb then update

min
𝐵1,𝐴1

max
|𝐵2𝐴2|𝐹≤𝜌

ℒ 𝑊0 + 𝐵1𝐴1 + 𝐵2𝐴2

min
𝐵,𝐴

𝐦𝐚𝐱
| 𝜖𝐵,𝜖𝐴 |≤𝜌

ℒ 𝑊0 + 𝐵 + 𝜖𝐵 𝐴 + 𝜖𝐴

Extensive experiments: across Llama 2/3.1, Qwen 2.5-

14B, and SDXL, covering math, code, chat, instruction 

following, NLU, and text-to-image generation.

Consistent generalization improvements: +2.11 on 

GSM8K, +2.45 on HumanEval, +1.71 on DROP (Llama)

Ablations: gains primarily come from adversarial ascent 

and decoupled perturbation.

Near-LoRA Cost

Code
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