Pushing the Limits of Simple Pipelines for Few-Shot Learning:

External Data and Fine-Tuning Make a Difference
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Does few-shot classification need fancy meta-learning?
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What is our recipe for a transfer learning pipeline?

External data

- Domain A
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eta-training . iIne-tuning
(e.g. ProtoNet)

re-trained ViT

with validated Ir

Pre-trained backbone Meta-trained backbone Task-specifically fine-tuned backbone



Questions behind the recipe

* Q1: How does pre-training regime affect few-shot learning?
e Q2: Is ViT better suited for few-shot learning?

e Q3: How to best exploit fine-tuning for meta-testing?



Q1: How does pre-training regime affect FSL?

Training Configuration Benchmark Results
ID Arch Pre Train Metalr | MD miniIN CIFAR
0 ViT-small DINO (INIK) - 67.4 97.0 79.8
1 ViT-small DeiT (IN1K) - 67.5 98.8 84.6 S
2 ResNet50 DINO (IN1K) - 63.8 915 76.1 Pre-training alone may be
3  ResNet50 Sup. (INIK) - 624 964 82.3 ProtoNet (PN) baseline
4  ViT-small DINO (IN1IK) PN 784  98.0 92.5 > (PN)
5  ViT-small DEIT (IN1K) PN 793 994 93.6
6  ViT-small - PN 528 49.1 59.8 _ -
7  ResNet50 DINO (IN1IK) PN 724 920  84.0 Without pre-training larger
g iesgegg Sup. (IN1K) g g 2‘2)-3 3;-‘2‘ 2’;-2 networks can be worse:

CSINC - . . .

10 ResNetl8 - PN 633 737 702 e.g., ResNet50 < ResNet18
11 ViT-base DINO (IN1k) PN 792  98.4 92.2
12 ViT-base CLIP (YFCC) PN 80.0 98.1 93.2 Pre-trainin ffer ron
13 ViT-base Sup (IN21K) PN 814 992 96.7 e-tra g ofters a stro g
14 ViT-base BEIT (IN21K) PN 828 990 975 feature to boost PN baseline
15 ResNet50 CLIP (YFCC) PN 75.0 922 82.6




Q2: Is ViT better suited for FSL?

Training Configuration Benchmark Results
ID Arch Pre Train Metalr | MD mmnmIN CIFAR
0 ViT-small DINO (IN1K) - 674 970 79.8
1 ViT-small DeiT (IN1K) - 67.5 98.8 84.6
2 ResNet50 DINO (IN1K) - 63.8 91.5 76.1
3  ResNet50 Sup. (INIK) - 624 964 82.3
4 ViT-small DINO (IN1K) PN 784  98.0 92.5
5 ViT-small DEIT (IN1K) PN 79.3 994 93.6
6 ViT-small - PN 52.8 49.1 59.8
7 ResNet50 DINO (IN1K) PN 724 920 84.0
8 ResNet50  Sup. (IN1K) PN 70.2 974 87.6
9 ResNet50 - PN 629 72.2 68.4
10 ResNetl8 - PN 63.3 73.7 70.2
11 ViT-base DINO (IN1k) PN 79.2 984 92.2
12 ViT-base CLIP (YFCC) PN 80.0 98.1 93.2
13 ViT-base  Sup (IN21K) PN 814 99.2 96.7
14 ViT-base  BEIT (IN21K) PN 82.8 99.0 97.5
15 ResNet50 CLIP (YFCC) PN 75.0 922 82.6

ViT-small > ResNet50

Yes, DINO ViT yields a
stronger FSL baseline

Better foundation models

make the baseline stronger



Q3: How to best exploit fine-tuning for meta-testing?

M Arch PreTr MetaTr MetaTe Avg Out-D
1 ViT-small DINO PN ({N) PN 68.380 67.679
2 ViT-small DINO PN (IN) PN+FT(r=0.01) 76.051 76.536
3 VilT-small DINO PN (IN) PN+FT(1r=0.001) 74.469 74.509
4  ViT-small DINO PN (IN) PN+FT(Tuned) 77.532 77.848
5 ViT-small DINO PN (MD) PN 78.428 55.705
6 ViT-small DINO PN (MD) PN+FT(Ir=0.01) 76.094 73.26

7 ViT-small DINO PN (MD) PN+FT(Ir=0.001) 74.642 69.965
8 ViT-small DINO PN (MD) PN+FT(Tuned) 83.133 75.72

Out-D for IN

Flower
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M1: DINO + BN (IN)
M2: DINO + BN (IN) + FT
M5: DINO + BN (MD)

Fine-tuning during meta-testing
improves substantially for Out-D

Validating the best learning rate
for each domain is important

Fine-tuning of Out-D
~ meta-training of In-D




Comparison with SOTA: Meta-Dataset

8 in-domain datasets In-domain Out-of-domain

INet Omglot Acraft CUB DTD QDraw Fungi Flower | Sign COCO | Avg
ProtoNet [/] 67.01 44.5 79.56 71.14 67.01 65.18 64.88 40.26 | 86.85 4648 | 63.287
CNAPs [©] 50.8 91.7 83.7 73.6 595 747 50.2  88.9 565 394 66.9
SUR [*4] 56.1 93.1 84.6 70,6 71 81.3 64.2  82.8 534 50.1 70.72
Trans. CNAPS [ ] 57.9 94.3 84.7 788 662 779 489 923 59.7 425 70.32
URT [+ ] 55.7 94 .4 85.8 76.3 71.8 825 63.5 88.2 51.1 522 72.15
FLUTE [>7] 51.8 93.2 87.2 79.2 68.8 795 58.1 91.6 584 50 71.78
URL [4] 57.51 94.51 88.59 80.54 76.17 81.94 68.75 92.11 63.34 5403 | 75.749
ITA[ V] 57.35 94.96 89.33 8142 76.74 82.01 674  92.18 | 83.55 55.75 | 78.069
DINO > PN > FT (RN50) 67.51 85.91 80.3 81.67 87.08 7284 60.03 9469 | 87.17 5892 | 77.612
DINO > PN > FT (ViT-small) | 74.59 91.79 88.33 91.02 86.61 79.23 742 9412 | 88.85 6259 | 83.133
DINO > PN > FT (ViT-base) | 77.02 91.76 89.73 9294 8694 80.2 78.28 95.79 | 89.86 64.97 | 84.749
In-domain = ImageNet In-domain Out-of-domain

INet Omglot Acraft CUB DTD QDraw Fungi Flower Sign COCO | Avg

ProtoNet [1] 50.5 59.98 53.1 68.79 66.56 48.96 39.71 85.27 47.12 41 56.099
ALFA+fo-Proto-MAML [ ] 52.8 61.87 63.43 69.75 70.78 59.17 4149 8596 60.78 48.11 61.414
BOHB [] 51.92 67.57 5412 70.69 68.34 50.33 41.38 8734 51.8 48.03 | 59.152
CTX [7] 62.76 82.21 79.49 80.63 75.57 72.68 5158 9534 8265 1599 74.281
DINO > PN > FT (RN50) 67.08 75.33 7539 72.08 86.42 66.79 50.53 9414  86.54 58.2 73.25
DINO > PN > FT (ViT-small) | 74.69 80.68 76.78 85.04 86.63 7T1.25 5478 9457  88.33 62.57 | 77.532
DINO > PN > FT (ViT-base) | 76.69 81.42 80.33 84.38 86.87 7543 5593 95.14  89.68 65.01 | 79.088




Comparison with SOTA: Cross-domain FSL

ChestX ISIC EuroSAT CropDisease
SwSs  5w20s 5w50s | SwSs  5S5w20s 5wS50s | SwSs  5w20s 5wS50s | SwSs  S5w20s S5w50s
ProtoNet [~ ] 24.05 28.21 2932 | 39.57 495 5199 | 73.29 8227 8048 | 79.72 88.15 90.81
RelationNet [ /'] 2296 26.63 2845 | 3941 41.77 4932 | 61.31 7443 7491 68.99 80.45 85.08
MetaOptNet [ ] 22.53 2553 2935 | 36.28 4942 548 6444 79.19 83.62 | 68.41 82.89 91.76
Finetune [ "] 2597 31.32 3549 | 48.11 5931 6648 | 79.08 8764 90.89 | 89.25 9551 97.68
CHEF [ ] 24.72  29.71 31.25 | 41.26 543 60.86 | 74.15 83.31 86.55 | 86.87 94.78 96.77
STARTUP [+ '] 26.94 33.19 36.91 4722 58.63 64.16 | 82.29 8926 9199 | 93.02 9751 98.45
DINO > PN > FT (RN50) 27.13 31.57 34.17 | 43.78 54.06 57.86 | 89.18 93.08 96.06 | 95.06 97.25 97.77
DINO > PN > FT (ViT-small) | 27.27 35.33 41.39 | 50.12 65.78 73.5 8598 9132 954 0296 98.12 99.24




Thank you for your attention!

Please come to visit our poster
on June 22nd at 2:30 PM
Session 2.2: transfer / low-shot / long-tail learning
ID 110b




