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Abstract: Large language models can be effectively adapted to specific tasks through fine—tuning, while federated learning enables in—situ
computation using local device data, further enhancing privacy—preserving fine—tuning. Existing methods typically employ low—rank adapta-
tion techniques for efficient federated fine—tuning but rely on traditional federated learning aggregation strategies , failing to fully exploit the po-
tential of large language models and inadequately addressing the challenges posed by heterogeneous model configurations. To this end, a novel
approach called FedPDS is proposed, combining the difference of low—rank matrix products with adaptive singular value decomposition
(SVD). First, the difference of low—rank matrix products is utilized to introduce additional model parameters, expanding the representation
space and effectively overcoming the representational limitations of low—rank matrices in downstream tasks. Second, an adaptive SVD mecha-
nism is deployed on the server side to dynamically reallocate parameters in response to the computational constraints of heterogeneous clients.
Experiments demonstrate that FedPDS significantly outperforms existing low-rank adaptation methods in both homogeneous and heterogeneous
federated settings, achieving faster convergence and superior performance.
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Table 1 Performance of different methods on the GLUE benchmark

F®1 FREFHEFEGLUEE A LayiEeE (%)
Methods SST-2 CoLA QNLI QQP RTE Average
FedIT 94.05 61.53 92.01 88.19 87.05 84.57

FFA-LoRA 94.89 61.54 92.87 86.98 86.43 84.54
FedPDS 95.15 62.32 93.66 89.04 88.74 85.78
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Table 2 Performance of different degrees of data heterogeneity on

CoLA.QNLI and SST2 tasks
R2 AEREHIFERMIMELE CoLA QNLIFI SST2 E 5 LHIMEEE (%)
CoL.A SST-2 QNLI
S-1 S-2 S-3 S-1 S-2 S$-3 S-1 S-2 S-3

Methods

FedIT 61.08 60.21 58.67 93.88 92.11 90.67 92.56 90.34 89.34
FFA-LoRA 61.04 60.48 5894 94.01 93.31 9134 92.44 90.76 89.02
FedPDS  61.98 61.54 60.76 94.65 94.21 92.89 92.85 91.87 91.52

433 HEARFHIE

FedPDS #H%% T FedIT .LoRA-FFA B 4.0 STHRTE T+ 52
BT X2 7 S5 A LoR A il B A0 S 4 o AR SCHEASE R [ by 5%
B (FedIT) H K4 i A LoRA BEE BRI B 0 16, TERIAL S
FE b B AN ) 4 7S LoRA #k (64.32.16.8.4) 43 Bl 1
FHF 5% o, Fofh s B ORFER S, DI b 2 AT
PR SRR R IR 0 B e g 3 s . b ET A,
FedPDS £ 544 25 14 N 4T3 AB B4 5 Rl 44 L7 — B0 ORS B
B UE T HOT SR AR A () e

{HAS 3 =0, Zero—padding FBEAE Col.A \SST-2 11: 5%
o RO R 0, R BIREAIC 2.54% . 2.42% ,TEBH T
TR NG T A8 R A i v [ A 1 Mg s [ 80, A Tl 12 e
TR TR
434 EPHE

T B UE T B T VA AR R P i e T A P
Hea i, it — £ P B E 3.5, 10 7% 5w 5 il B
B RS T S2 8 — B0 S-2 3F 11D F0dE %) 22 05 =X IR AR
P HAB I 25 35% B A, Seae st B an e 4 s . itk Al %0,
TE CoLA \QNLI 55 SST-2 %155 |-, ir#& FedPDS J7 L 7E A
[F] % 7 v A5 it T B MERE SR AL -

1 CoLA {145 /1, FedPDS 7£ 3.5 . 101~ % 1 3 i B F Y
HETH 293 91K 61.69% .61.54% .61.87% ; 7E SST-2 . QNLI T
S R . 45 b, FedPDS AUTE & F s 452 3 /0 if



55 XX ST, BT 2 TTRCT TR 1o AR AR 14 o AR I A M ) -5

10 CoLA 10 QNLI
0. 65 0.95
0.60 [ 0.90
0.55 0.85
#0.50 0.80 F
W&
3K 0.45 - $0.75F
=2 S
50.40 #0.70
)
r0.35 0.65
0.30 0.60 F
0.25 0.55F /
0.20 ; ; : - . . . .
0.50
0 10 20 30 40 50 0 10 20 30 40 50
JEIREE IR pliEE RV
(a)  Learning curve of CoLA (b) TLearning curve of QNLI
. Ly A
(a) CoLAJHiIZ (b)  QNLLZ:3J ik
SST-2 SST-2
0.95 10 0. 10
/?74\ 0
0.90F — 0.
0.
0.
0.85
e 0
3 KO
= ®o
0.80 '
0.
0.
0.75 0.
0.
0.70 ! ! ! ! 0.10 L L L L L L L L L
0 10 0 % 10 50 0 5 10 15 20 25 30 35 40 45 50
IBEFIR LR
(¢) Learning curve of SST-2 (d) Loss curve of SST-2
() SST-27%2] 2k (d)  SST-241 2 i<k
Fig.3 Learning curves of CoLA, QNLI, and SST-2 tasks and loss curve of SST-2 task under S-2
3 S-27F CoLA.QNLIFSST-2 £ 5 HI% >] i £ 71 SST-2 {E S HY 4R Sk i 2%
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Zero-padding 60.33 92.84 91.12 81.43 Table 5 Results of ablation experiment
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ity ) Methods SST-2  ColA NLI )P RTE  Average
FI B TR PR 1 5 R R AR R (1 clhod: ot WL vorge
s »fjt% 0 ED% T FJ]" j:El jj‘ £ T‘ Eﬁ )il . ﬁ — J: E["J - fL‘ I‘/il‘ EF[] - FedIT 94.05 61.53 92.01 88.19 87.05 84.57
Y y B A Vo AL
RE > I RENCE i X FE =0 = FedIT+SVD 94.38 61.63 92.98 88.24 87.09 84.86
T FedPDS 95.15 62.32 93.66 89.04 88.74 85.78
P
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