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Motivation
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• Existing methods assume a single low-dimensional subspace for weight updates.

• Trade-off: Larger subspace increase model fixability but also increase the raise computational cost.

• Can we preserve expressiveness without increasing the parameter count?

Figure 2: (a) Single subspace-based Methods; (b) Multi-subspace-based Methods.

(a) (b)

• Multi-subspace models offer greater flexibility and an enhanced ability to capture diverse information.



Proposed Methodology: AdaMSS
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Does Model weights follows the multi-subspace distribution?

• Low rank  Representation (LLR) is used to study the multi-subspace distribution in weights:


                                                                                      min
Z

rank(Z) s . t . Ŵ0 = Ŵ0Z

The optimal solution  is low rank! Z⋆
0

Figure 3: Illustration of multiple subspaces structure  in  pretrained network weights:  an approximate block-diagonal structure  
of   from  the first layer of the pretrained (a)  (query),  (b)  (query), and (c)  (query). Z⋆
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The optimal solution  also exhibits an approximate block-diagonal structure, indicating that the columns of 
weights are grouped into different subspaces.
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Proposed Methodology: AdaMSS

• Expressiveness ↔ Efficiency: Reduces the number of trainable parameters from  to 
 while  maintaining the expressiveness.

(d + n)r
∑K

k=1 (nkrk + rkRk) ≤ r maxk=1,2,⋯,K(nk + Rk)

Example:    


Ŵ (1)
0 ≈ Ŵ (1)

0 (Z⋆
0 )(1) = A(1)B(1)

w B(1)
z C(1) = A(1)B(1)C(1)

Figure 4: Illustration of the proposed Multi-Subspace-Based Adaptation Framework

Only  are trainable.H(k) = [B(k); (C(k))⊤] ∈ ℝ(Rk+nk )×rk

• AdaMSS: the proposed Multi-Subspace-Based Adaptation Framework with Adaptive budget allocation during 
training by calculating the importance score.

r a n k (Ŵ (1)
0 ) = R1, r a n k ((Z⋆

0 )(1)) = r1



Theoretical Guarantees

 Theorem1.  Let  be a -Lipschitz loss function from  to , where    = 
 and ,  and  are 

feature  space and  output space, respectively.     For any ,    the following holds with probability at least  for a 
randomly chosen i.i.d. samples : 

 

where ,   denotes the width of the weight matrix ,    is Lipschitz  constant for  function , 
 for the  samples , and .

g( ⋅ ) ℒ(g) ( fw(x), y) [0,1] fw ∈ ℱAdaMSS
{ fW(x) = ϕ(xW ) ∣ W = W0 + ABC, (A(k))⊤ A(k) = I,∥B(k)C(k)∥2 ≤ Bk} (x, y) ∈ 𝕏 × 𝕐 𝕏 ⊆ ℝd 𝕐

δ > 0 1 − δ
𝕊 = {(xi, yi)}m

i=1

𝔼[g( fw(x), y)] ≤
1
m

m

∑
i=1

g( fw(xi), yi) + ℒ(g)π ℒ(ϕ)
K

∑
k=1

R̂Bk
rknk

m
+

9 log 2
δ

2m
,

n = ∑K
k=1 nk nk C(k) ℒ(ϕ) ϕ

X = [x⊤
1 , …, x⊤

m] ∈ ℝd×m {xi}m
I=1 maxi=1,2,⋯,m ∥xi∥ ≤ R̂

AdaMSS achieves better generalization performance than single-subspace methods under the  
same conditions.



Experimental Results

AdaMSS achieves 
accuracy comparable 

to other PEFT 
methods while using 
the fewest trainable 

parameters. 

AdaMSS outperforms 
most baselines by around 

5% in accuracy while 
using fewer parameters.

Table 1: Natural Language Understanding on GLUE.



Experimental Results

AdaMSS outperforms 
most baseline by 

around 5% in 
accuracy, while using 

fewer parameters. 

AdaMSS achieves 
the best 

performance, using 
less than 1% of the 

parameters 
required for Full FF

Table 3: Natural Language Generation. Figure 5: Ablation study for subspace number K.

(a) StanfordCars 

(b) FGVC



Future Work

• Theoretical insights of multi-subspace structures in the network weights.

• Beyond Fine-Tuning:  Extend the multi-subspace perspective to network compression and model pruning.
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