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Background and Motivations
• Large foundation models are usually fine-tuned for downstream applications.
• Model compression is also needed especially for edge devices.
• Progressive compression into low-rank matrices (PC-LoRA, CVPR-W 2024) shows
promising performance.

• Sparse network training usually better than post-training sparsification.

TuneComp: Overview
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Figure: TuneComp: Our joint fine-tuning and compression pipeline, where compression involves low-rank approximation as well as
the pruning/sparsification of the low-rank structures.

How to initialize low-rank matrices A and B?

Näıve initialization: SVD of W0 which minimizes ∥W0 −BA∥2F .
Activation-aware initialization aims to minimize:

ℓ(A,B) = ∥W0X−BAX∥2F = tr
[
(W −BA)(XX⊤)(W −BA)⊤

]
= tr

[
(W −BA)(XXT )1/2(XXT )1/2(W −BA)⊤

]
= ∥W0(XXT )1/2 −BA(XXT )1/2︸ ︷︷ ︸

rank≤r

∥2F .

The optimal rank r approximation of W0(XXT )1/2 can be obtained by SVD of W0(XXT )1/2 = USVT and
keep its top-r components UrSrV

T
r .

We can set BA(XXT )1/2 = UrSrV
T
r and obtain BA = UrSrV

T
r (XXT )−1/2

So setting B = Ur and A = SrV
T
r (XXT )−1/2 would be an optimal solution.

Distill from Teacher Branch to Low-rank Branch

Output of each linear layer: Y = αtYteacher +
√
1− α2

t Ystudent,

αt =

{
1− sin

(
πt
2T

)
, if t ≤ T,

0, if t > T,
(1)

t: current iteration number;
T : decaying iterations (80% of total iterations).

Figure: Illustration of decay factor αt

Layer-wise Regularization
To generalize better on downstream tasks, a regularization term is added to the fine-tuning task loss:

Ltotal = Ltask{y, ŷ} + γtLfeat{Ft, Fs} (2)

where Lfeat{Ft, Fs} = 1
m

∑m
i=1MSE(Fti, Fsi).

Here y, ŷ are ground truth and outputs of the network;
Fti: outputs of i-th linear layer from original pre-trained model, i.e., Yteacher;
Fsi: outputs of i-th linear layer from current two-branch student model, i.e., αtYteacher +

√
1− α2

t Ystudent.

γt decays from 1 to 0 (like αt), with goal of providing more layer-wise guidance at beginning of distillation
iterations, and gradually relax this guidance.

Prune Low-rank Structure during Distillation
We approximate W0 by prune(B)× prune(A)
Given pruning ratio ρ, in the forward process, dynamically calculate pruning threshold (Threρ) for each low-rank
matrix.
prune(A) = HardShrink(A,Threρ)

Experiments
Fine-tune and compress 12-layer ViT-Base model (pretrained on ImageNet1K) using CIFAR100 training set.

3.5x efficiency

improve 10.5%

Figure: Comparison between proposed TuneComp with other compression strategies.
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Figure: Performance of TuneComp under different pruning ratio ρ ∈ {0%, 20%, 40%, 60%, 80%, 90%, 95%}. For each pruning ratio,
the rank of low-rank matrices in student model is tested from {32, 64, 128, 256}.
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