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Res-Tuner
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Res-Tuning framework
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Res-Tuning : unified formulation Res-Tuning-Bypass : backpropagation
from backbone only on Bypass



Discriminative tasks

Transfer Learning Few-Shot Learning
- ~ Natural - Specialized - Structured . Average over 5 datasets FGVC-Aircraft Food-101
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Traditional methods - )/ = LORA  s@es Side-Tuning =+ Res-Tuning-Bypass 10 4 0= LORA s Side-Tuning =+ Res-Tuning-Bypass sl 0= LORA  =s@s Side-Tuning =+ Res-Tuning-Bypass
Full 68.9 87.7 64.3 97.2 86.9 87.4 38.8|79.7 95.7 84.2 73.9|56.3 58.6 41.7 65.5 57.5 46.7 25.7 29.1|68.96 65.57 85.84 9.40 = ! ccnia ikl 20 ki el
Linear 63.4 85.0 63.2 97.0 86.3 36.6 51.0|78.5 87.5 68.6 74.0|34.3 30.6 33.2 55.4 12.5 20.0 9.6 19.2(57.64 52.94 0.04 3.09 ! 2 Cuanber of labelod g axames perclass ! 2 uemberof lsbeled rsinog exampies per dass ' 2 umberof labeld trining examples perless
Parameter-eﬂicient tum'ng methods Oxford Flowers Oxford Pets Stanford Cars
Adapter [24] 74.2 85.7 62.7 97.8 87.2 36.4 50.7|76.9 89.2 73.5 71.6|45.2 41.8 31.1 56.4 30.4 24.6 13.2 22.0|60.52 56.35 1.82 6.53 o0 o o
LoRA [26] 67.191.4 69.4 98.8 90.4 85.3 54.0|84.9 95.3 84.4 73.6|82.9 69.2 49.8 78.5 75.7 47.1 31.0 44.0|74.60 72.30 0.29 6.88 9 . 60
VPT-Deep [27] 78.8 90.8 65.8 98.0 88.3 78.1 49.6(81.8 96.1 83.4 68.4|68.5 60.0 46.5 72.8 73.6 47.9 32.9 37.8/71.96 69.43 0.60 8.13 g J g g50
SSF [41] 69.092.6 75.1 99.4 91.8 90.2 52.9|87.4 95.9 87.4 75.5|75.9 62.3 53.3 80.6 77.3 54.9 29.5 37.9|75.69 73.10 0.24 7.47 g 8 ¢ 70 S 40
NOAH [79] 69.6 92.7 70.2 99.1 90.4 86.1 53.7(84.4 95.4 83.9 75.8|82.8 68.9 49.9 81.7 81.8 48.3 32.8 44.2|75.48 73.25 0.42 7.27 i; . ¢ E f“o
Res-Tuning 75.2 92.7 71.9 99.3 91.9 86.7 58.5|86.7 95.6 85.0 74.6|80.2 63.6 50.6 80.2 85.4 55.7 31.9 42.0/76.32 74.10 0.55 8.95 © 2 60 e
ver NOAH  mm Res:Tuning ver NOAH e Res-Tuning 20 R NOAH  mtmm Res-Tuning
Memory-efficient tuning methods o —e— LoRA reeee Side-Tuning sve Res-Tuing:Bypass sl 1 —o— LoRA wsene SdeTuning s Res-Tuning-Bypass 10| &8 —e— LoRA i@ Sde-Tuning sse Res-Tuing-Bypass
Side-Tuning [78] [60.7 60.8 53.6 95.5 66.7 34.9 35.3|58.5 87.7 65.2 61.0|27.6 22.6 31.3 51.7 8.2 14.4 9.8 21.8|49.91 45.65 9.59 3.48 50 et il T dedeeqe T i wei
LST? [65] 58.0 87.1 66.2 99.1 89.7 63.2 52.6/81.9 92.2 78.5 69.4/68.6 56.1 38.8 73.4 72.9 30.5 16.6 31.0|67.56 64.52 0.89 5.13 | 2 unber ot abeled rainng examples per class | 2 enberofabeled raking exemplesperciase ! 2 umber of abeled traiing cxamples perciass
Res-Tuning-Bypass |64.5 88.8 73.2 99.4 90.6 63.5 57.2|85.5 95.2 82.4 75.2|70.4 61.0 40.2 66.8 79.2 52.6 26.0 49.3|72.32 69.51 0.42 4.73

Fine-Grained Visual Recognition (FGVC) Datasets
VTAB-1K Benchmark

Domain Generalization

Method | Acc. Param. (M) Mem. ) )
Source Target
Elilrlllear 22 ;g g %79 (((; %%((7;)) gg%g ImageNet IN-V2 IN-Sketch IN-A IN-R Mean
. . .08% .
- - Parameter-efficient tuning methods
Parameter-efficient tuning methods Adapter [25] 70.5 59.1 16.4 5.5 22.1 25.8
MAM—AdapterJr [19] [91.70 10.08 (11.72%) 9.57G VPT [28] 70.5 58.0 18.3 4.6 232 26.0
AdaptFormer [7] 91.86 1.26 (1.46%) 6.32G ;%X*H %Z%] ;(1’2 ng %23 161-99 ggg 533
Res-Tuning 9325 048(0.55%) 685G Res-Tuning 78.04 66.58 29.23 13.15 2901  34.50
. ) Memory-efficient tuning methods Memory-efficient tuning methods
Side-Tuning [82] 87.16 9.62 (11.18%) 3.48G Side-Tuning [82] 74.57 62.52 23.55 10.37 25.06 30.38
LST' [68] 88.72 093 (1.08%) 5.26G LST [68] 70.00 57.04 14.39 7.21 17.02 23.92
Res-Tuning-Bypass | 89.33  0.46 (0.53%) 4.72G Res-Tuning-Bypass 77.30 65.23 27.39 10.66 26.45 32.43

CIFAR-100 ImageNet and variants



Generative task

Method | FID Param. (M) Mem. (GB) Train (Hour/Epoch)
SD vl.5 15.48 - - -

+ Full 14.85 862 (100%) 72.77 1.98

+ LoRA 14.50 9.96 (1.15%) 61.03 1.42

+ Adapter 14.73 2.51 (0.29%) 54.30 1.30

+ Prefix 15.36 4.99 (0.58%) 64.91 2.20

+ Prompt 14.90 1.25 (0.14%) 63.70 2.17

+ Res-Tuning 13.96 2.54 (0.29%) 54.49 1.38

+ Res-Tuning Bypass 14.89 3.76 (0.44%) 21.35 0.82

Performance and Efficiency Comparison on COCO2017 Dataset

Text SDvl.5 Full LoRA Adapter Prefix Prompt Res-Tuning Bypass Balloon Flower SDvl.5 DreamBooth +LoRA + Adapter + Prefix + Prompt + Res-Tuning + Bypass
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Qualitative Results on COCOZ2017 Validation Set Qualitative Results on Fine-grained Dataset



Thank you !



