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Parameter-efficient Fine-tuning (PEFT)

 Challenging

Given the increasing size of the pre-trained models, fine-tuning all
the parameters in the model is memory-intensive and data-inefficient,
when fine-tuining multiple downstream tasks.

. PEFT

Aims to fine-tune a minimal number of parameters to fit downstream
tasks while keeps most of the parameters frozen.



Existing Methods and Limitations

* Current typical methods — NN
Adapter, LoRA, VPT. 0. B3 BE]
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(a) Existing representative PEFT methods

« Limitation
« Introducing additional learnable parameters into the backbone.
« Disrupting the original architecture.

« Increasing computational costs during training and/or
inference stages.

« Lacking generalizability across various model architectures.



Our method -- Overview

Overview:

« Selecte parameters from the
original model

 Finetune the selected parameters
and keep the remaining
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: b) Gradient-based Parameter Selection (Ours
parameters fixed. ) ()
Matliod Mean Params. Model No extra No extra Task
i Acc. (%) Agnostic Train param. Infer params. Adaptive

Full [43] 70.36 100 v v v X
. . Linear [43] 58.48 0.08 v v v X
° Compa rison: Bias [92] 67.54 0.20 v v v/ X
Adapter [36] 60.04 0.35 X X X X
VPT [43] 7353 10.76 X X X X
LoRA [38] 75.16 0.90 X X v X
SSF[58] 76.77 032 X X v X
GPS (ours) 78.64 0.36 v v e v




How to select parameters: Two aspects

« Importance for downstream tasks

Gredient value: parameters with the largest gradient value
indicate the fastest changes in the loss function along the gradient
direction.

* Involving all neurons

Every neuron in the network should be involved, as it can
potentially adjust all neurons’ states to better fit a task during
finetuing stage.



How to select parameters: Combination

Combination:

For certain task, we first calculate the gradient for all model
parameters. Then, for each neuron in the network, we select the top-K
connections (parameters) with the highest gradient value (modulus)
among all input connections to that neuron.
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(a) One input connection (b) Two input connections



Gradient-based Parameter (GPS) Selection for PEFT

/ Gradient-based Selection Masked Fine-tuning
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Overview
« Parameter selection
« Masked fine-tuning



Experiments--Image Classification (revc

CUB NA- Oxford Stan. Stan. Mean Params.

OISR 2011 Brids Flowers Dogs Cars Acc. (%)
Full [43] 873 827 988  89.4 845 8854 100.00
Linear [43] 853 759 979 862 513 7932 021
Bias [92] 884 842 988 912 794 8840  0.33
Adapter [36] | 87.1 843 985  89.8 68.6 8566 048
LoRA [38] 85.6 798 989 876 72.0 8478  0.90

VPT-Shallow [43] | 86.7  78.8 98.4 90.7 68.7 84.62 0.29
VPT-Deep [43] 88.5 84.2 99.0 90.2 83.6 89.11 0.99
SSF [58] 89.5 85.7 99.6 89.6 89.2 90.72 0.45
SPT-Adapter [30] | 89.1 83.3 99.2 91.1 86.2 89.78 0.47
SPT-LoRA [30] 88.6 834 99.5 914 873 90.04 0.60

GPS (Ours) ‘ 89.9  86.7 99.7 92.2 904 91.78 0.77

Table 2. Performance comparisons on FGVC with ViT-B/16 mod-
els pre-trained on ImageNet-21K.



Experiments--Image Classification (vas)

Natural Specialized Structured VTAB
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Full [43] \ 689 87.7 643 972 869 874 388 \ 79.7 9577 842 739|563 58.6 41.7 655 575 467 257 29.1 | 65.57 100.00
Linear [43] 634 850 643 970 863 366 510|785 875 686 740|343 306 332 554 125 200 96 192 53.00 0.05
Bias [92] 728 870 592 975 853 599 514|787 916 729 698 | 61.5 556 324 559 666 400 157 25.1)]62.05 0.16
Adapter [36] 74.1 86.1 632 977 870 346 508|763 88.0 73.1 705|457 374 312 532 303 254 138 2211|5582 031
LoRA [38] 68.1 914 698 99.0 905 864 53.1 851 958 847 742|830 669 504 814 802 46.6 322 41.1| 7263 090
VPT-Shallow [43] 777 869 626 975 873 745 512|782 920 756 729|505 586 405 67.1 687 36.1 202 341 | 6485 0.13
VPT-Deep [43] 78.8 908 658 98.0 883 781 49.6 | 81.8 96.1 834 684 | 685 60.0 465 728 73.6 479 329 3786943 0.70
SSF [58] 690 926 751 994 918 902 529|874 959 874 755|759 623 533 806 773 549 295 379 | 73.10 028
SPT-ADAPTER [30] | 729 932 725 993 914 888 558|862 96.1 855 755|830 68.0 519 812 519 31.7 412 614 | 73.03 044
SPT-LoRA [30] 735 933 725 993 915 879 555|857 962 859 759 (844 676 525 820 810 51.1 302 4137407 0.63
GPS (Ours) \ 81.1 942 758 994 0917 916 524 \ 879 96.2 865 765 \ 799 62.6 550 824 840 554 297 46.1 | 7518 025

Table 3. Performance comparisons on VTAB-1k with ViT-B/16 models pre-trained on ImageNet-21K.



Experiments--Semantic Segmentation (olyp)

RGB
Image

Ground
Truth

Method mDice (1) mloU (1) | Params. (M) Ful
Full [43] 71.1 Bk 93.8 '
Linear [43] 71.6 46.6 4.06 Adapter b
Bias [92] 86.5 69.1 4.16
Adapter [6] 34.8 66.7 4.12
SSF [58] 87.3 71.7 4.26
GPS (Ours) 88.1 725 4.22
GPS
(Ours)



Experiments--Different Architectures

W CUB-200 NABrids Oxford  Stanford Stanford | Mean Mean Mean
Method -2011 Flowers Dogs Cars Acc. Params. (M) Params. (%)
ViT-B/16 + Full 87.3 82.7 08.8 89.4 84.5 88.54 85.98 100.00
ViT-B/16 + Linear 85.3 75.9 97.9 86.2 31.3 79.32 0.18 0.21
ViT-B/16 + SSF 89.5 85.7 99.6 89.6 89.2 90.72 0.39 0.45
ViT-B/16 + GPS (Ours) 89.9 86.7 99.7 92.2 90.4 91.78 0.66 0.77
Swin-B + Full 90.7 89.8 99.5 88.9 93.2 92.42 86.98 100.00
Swin-B + Linear 90.6 86.8 99.2 88.3 74.6 87.90 0.24 0.28
Swin-B + SSF 90.5 88.4 99.7 88.7 90.4 91.54 0.49 0.56
Swin-B + GPS (Ours) 90.8 88.9 99.7 92.7 90.7 92.56 0.83 0.95
ConvNeXt-B + Full 91.2 90.4 99.6 89.9 94.1 93.04 87.81 100.00
ConvNeXt-B + Linear 90.6 86.9 99.3 89.7 135 88.00 0.24 0.28
ConvNeXt-B + SSF 90.8 89.0 99.7 90.4 92.5 92.48 0.50 0.56
ConvNeXt-B + GPS (Ours) 91.0 89.6 99.7 93.7 92.6 93.32 0.79 0.90

Table 9. Performance comparisons on FGVC benchmark with different model architectures.



Thank you for your attention!!!



