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

» 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?

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



Proposed Methodology: AdaMSS

Does Model weights follows the multi-subspace distribution?

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

minrank(Z) s.t. Wy = W,Z
z

1 10
Los

1000

1500
6 06
04
800 02

5
! 00
o 200 400 600 800 1000

The optimal solution ZJ is low rank!
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Figure 3: lllustration of multiple subspaces structure in pretrained network weights: an approximate block-diagonal structure
of Z(f from the first layer of the pretrained (a) ViT-Large (query), (b) Roberta-Large (query), and (c) LLaMA 2-7B (query).
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The optimal solution ZO* 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
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Example: Figure 4: lllustration of the proposed Multi-Subspace-Based Adaptation Framework

rank(Wg)) =Ry, rank(ZHV) =r,
» Expressiveness < Efficiency: Reduces the number of trainable parameters from (d + n)r to

Zle (mr + 1 Ry) < rmaxg_q ... g(my + Ry) while maintaining the expressiveness.

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

Theorem1. Let g( - ) be a £(g)-Lipschitz loss function from ( f,(X),y) to [0,1], where f, € F =
¥ w AdaMSS
I, < B} and (x,y) € XX Y, X C R?and Yare

{fw@) = pxW) | W= Wy +ABC,(AD)TA® = I | BOC
feature space and output space, respectively. Forany 6 > 0, the following holds with probability at least 1 — 6 for a
randomly chosen i.i.d. samples S = {(X;,¥,)}/L;:

1 & K TATH 910g%
Elg(fi(X), Y] < — ; g(f(X),y,) + /L (g g(d))kz_}RBk‘ /7 4 P

n,, n, denotes the width of the weight matrix C ® - L(p) is Lipschitz constant for function ¢,

K
wheren = 3
X = [x], ...,x:nr]] € R¥>™ for the samples {x,}",, and max;_i ..., 1%l < R.

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



Experimental Results

# Trainable SST-2 MRPC CoLA NLI STS-B
Model Method Parameters Acc. Acc. MCC ?\cc. PCC
FF 125M 4.8 90.2 63.6 928 91.2
LoRA 0.3M 9514102 89.7+07 634112 933103 91.510.2
AdalLoRA 0.3M 94.5;!:0.2 88.7:{:0.5 62-0:l:0.6 wio,z 90.5:(:0_2
DyLoRA 0.3M 943105 89.5+05 6l.lios 922405 91.1406
RoBERTa-Base PiSSA (r = 8) 0.3M 939101 893108 621129 913401 90.540.2
LoRA-PRO 0.3M 942403 90.1105 6431072 92.040.2 90.9+0.22
LoRA (r =1) 0.055M 937105 892103 623136 90.610.4 80.8120.6
PiSSA (r =1) 0.055M 933402 893106 62.6+14 90.6+0.4 90.0+0.3
LoRETTA 0.057M 94.6+05 883407 618113 927402 90.540.1
WeGeFT 0.049M 941405 89.5+05 63.5+1.3 912404 90.5+0.1
AdaMSShase (16 = 1) 0.042M 946102 892110 643109 924101 90.610.1
AdaMSS (r, = 1) 0.032M 94.6402 88.8+1.4 645111 924401 90.440.1
FF 356M 96.4 90.9 68 04,7 924
LoRA 0.8M 96.2:{:0_5 90.2;{:1.0 68.2;{:1,9 94.8;{:043 92.3:(:0‘5
PiSSA (r = 8) 08M | 953502 860is6 Ol1tss 02117 918504
RoBERTa-Large LoRA-PRO 0.8M 959402 909i04 667120 93.010.5 92.040.1
LoRA (’I" = 1) 0.147M 95.7j:0.4 88.3i0.7 62.2j:2.4 93.9:{:0‘2 78.2i29_7
PiSSA (r =1) 0.147M 952402 849434 56.6162 934103 91.3+0.2
LoRETTA 0.132M 962402 90.5+04 695106 94.110.0 92.0+0.2
WeGeFT 0.065M 950103 757177 64.0.0 o 937 .4 914,94
A =1 M 4610 920400 ?f:l
AdaMSS (r, = 1) 0.045M 96.1100 903105 672112 945101 919100 879

Table 1: Natural Language Understanding on GLUE.
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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.
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Experimental Results

Table 3: Natural Language Generation. Figure 5: Ablation study for subspace number K.
86
Model | Method Trainable Parameters GSM8K MATH
Full FT 6738M 4905 1.2 R SR
LoRA* 320M 4230 550
PiSSA* (r = 8) 19M 4411 584 85
LoRA-PRO* (7 = 8) 19M 46.61 6.4 )
LLaMA 2-7B | PiSSA (r = 8) 4M 3639 535 AdaMSS outperforms S aas
LoRETTA (r = 5) 0.3M 3786 46 :
AdaMSS bame (7 = 3) M 5110 7.57 most baseline by "
AdaMSS* (ry, = 3) M 5080  7.22 around 5% in
AdaMSSy,... (1 = 3) 0.8M 44.41 6.05 accurac Wh||e usin 835 —o—AdaMss,___with different K
Full FT 7242M 6702 186 p Ys ¢ I AdaMSSpase
LoRA* 168M k 19. ewer parameters. 83
PISSA* (r — ) 20M 7100 2040 P o 2 « o & 1w (a)StanfordCars
LoRA-PRO* (7 = 8) 20M 6959  19.17 K
Mistral-7B | PiSSA (r =38) 3M 64.26 16.87 . 66
LoRETTA (r = 5) 0.3M 62.6 15.6 AdaMSS achieves
AdaMSS* e (1, = 3) M 7071 2044 the best
AdaMSS* (ry = 3) M 7074 1947 )
AdaMSSyaee (75 = 3) 0.5M 6543 1774 performance, using
Full FT 8538M 7134 2274 less than 1% of the
LoRA* 200M 7490 3128
PiSSA* (r = 8) 25M 7548  29.59 parameters
LoRA-PRO* 25M 75.90 29.25 required for Full FF
Gemma-7B | PiSSA (r = 8) 3M 7152 2753 .
| LoRETTA (r = 5) 0.2M 7023 26.28 —o—Adalss,,, with different K
AdaMSS*pase (T = 3) 6M 7533 2973 | e AdaMss, s
AdaMSS* (ry = 3) am 7641 2864 58 (b) FGVC
AdaMSShase (7 = 3) 0.7M 7086  27.38 0 2 4 6 8 10
K
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Future Work

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

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