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e Active learning is a powerful data selection technique to reduce labeling costs
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e Active learning is a powerful data selection technique to reduce labeling costs,
but can be computationally expensive.
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e Active learning is a powerful data selection technique to reduce labeling costs,
but can be computationally expensive.

e Small, less accurate models can serve as inexpensive proxies
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e Small, less accurate models can serve as inexpensive proxies
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Data Selection

e Active learning is a powerful data selection technique to reduce labeling costs,
but can be computationally expensive.

e Small, less accurate models can serve as inexpensive proxies and accelerate
DAWN data selection in active learning by up to 41.9x!
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Active Learning Data Selection Speed-up
Budget: 10% 20% 30% 40% 50%

Dataset Selection Model Epochs

CIFAR10 ResNet164 (Baseline) 181 1.0x 1.0x 1.0x 1.0x 1.0x
Traditional Approach 250 —— Random
r ________________________________________ 225 Full Dataset
| - T ° - > > R164-R164 (Baseline)
| rain Train Train
| | Subset Target Subset — Target Target
Ll (o) (To) (s1) LI | (Tic1) (T
|

Data Selection

10 15 20 25 30 35 40 45 50
Budget b of Labeled Data (%)

e T[raditional active learning with ResNet164 is accurate but slow.
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e T[raditional active learning with ResNet20 is less accurate than ResNet164 but much
faster.
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e (Can we get the speed of ResNet20 and the final accuracy of ResNet1647?
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Active Learning Data Selection Speed-up
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Dataset Selection Model Epochs
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e (Can we get the speed of ResNet20 and the final accuracy of ResNet164? Yes!
Using the data selected by ResNet20 to train ResNet164, yields up to a 7.0x
speed-up without any loss in the final accuracy of ResNet164.
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Active Learning Data Selection Speed-up
Budget: 10% 20% 30% 40% 50%
Dataset Selection Model Epochs
CIFAR10 ResNet164 (Baseline) 181 1.0x 1.0x 1.0x 1.0x 1.0x
ResNet20 181 3.8x 5.8x 6.7x 7.0x 7.2x
ResNet20 50 10.7x 18.9x 22.2x 23.9x 25.0x

e Training ResNet20 for fewer epochs before selecting points is within 1% of the
accuracy of the baseline approach but up to 25x faster.
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Active Learning Data Selection Speed-up
Budget: 10% 20% 30% 40% 50%
Dataset Selection Model Epochs
CIFAR10 ResNet164 (Baseline) 181 1.0x 1.0x 1.0x 1.0x 1.0x
ResNet20 181 3.8x 5.8x 6.7x 7.0x 7.2x
ResNet20 50 10.7x 18.9x 22.2x 23.9x 25.0x
ImageNet ResNet50 (Baseline) 90 1.0x 1.0x 1.0x 1.0x 1.0x
ResNet18 90 1.2x 1.3x 1.4x 1.5x 1.6x
ResNet18 45 2.1x 2.5x 2.7x 2.9x 3.1x

e Selection via proxy yields similar results for much larger and more complex
datasets like ImageNet
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ResNeXt50-32x4d (25.0M)
ResNeXt101-32x8d (88.8M) | 0-82
ResNet18 (11.7M) | 066  0.56 075
ResNet34 (21.8M) | 076 067 083
ResNet50 (25.6M) | 082 074 079 0384
050
ResNet101 (44.5M) | 083 079 073 081 085
ResNet152 (60.2M) | 08¢ 080 071 080 084 087
DenseNet121 (8.0M) | 075 067 081 084 084 080 079 025
DenseNet169 (14.1M) | 079 074 075 081 083 082 08 084
DenseNet201 (20.0M) | 080 075 072 079 082 082 08 08l 084
DenseNet161 (28.7M) | 081 077 072 079 083 083 083 081 085 084 o
MobileNet V2 (3.5M) | 070 060 086 084 081 076 074 083 078 075 075
GoogleNet (13.0M) | 060 050 079 075 072 066 064 076 069 067 066 078 o5
VGG-11 w/ BatchNorm (132.9M) | 065 054 085 081 078 072 070 081 074 071 070 085 076
VGG-13 w/ BatchNorm (133.1M) | 067 057 o085 082 079 074 072 081 075 072 072 085 076 091
VGG-16 w/ BatchNorm (138.4M) (072 Boie3 024 083 082 078 077 083 078 076 076 085 075 089 090 -
VGG-19 w/ BatchNorm (143.7M) | 074 065 083 084 084 079 079 084 080 077 078 084 074 087 088 090
SqueezeNet 1.0 (1.2M) | 040 029 071 060 055 047 045 060 050 047 046 069 064 075 073 067 065 075
SqueezeNet 1.1 (1.2M) | 041 030 073 062 057 049 047 062 052 049 048 071 066 075 073 068 066 087
AlexNet (61.1M) | 047 036 073 065 060 053 052 064 056 053 052 072 065 076 074 069 068 079 080
-1.00
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e Selection via proxy yields similar results for much larger and more complex datasets

DAWN
like ImageNet, where there is a high ranking correlation across many models.
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Active Learning Data Selection Speed-up
Budget: 10% 20% 30% 40% 50%
Dataset Selection Model Epochs
CIFAR10 ResNet164 (Baseline) 181 1.0x 1.0x 1.0x 1.0x 1.0x
ResNet20 181 3.8x 5.8x 6.7x 7.0x 7.2x
ResNet20 50 10.7x 18.9x 22.2x 23.9x 25.0x
ImageNet ResNet50 (Baseline) 90 1.0x 1.0x 1.0x 1.0x 1.0x
ResNet18 90 1.2x 1.3x 1.4x 1.5x 1.6x
ResNet18 45 2.1x 2.5x 2.7x 2.9x 3.1x
Amazon Review | VDCNN29 (Baseline) 15 1.0x 1.0x 1.0x 1.0x 1.0x
Polarity
fastText 10 10.6x 20.6x 32.2x 41.9x 51.3x

e By using an extremely fast proxy architecture, we achieve up to a 41.9x speed-up.
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ResNet18 90 1.2x 1.3x 1.4x 1.5x 1.6x
ResNet18 45 2.1x 2.5x 2.7x 2.9x 3.1x
Amazon Review | VDCNN29 (Baseline) 15 1.0x 1.0x 1.0x 1.0x 1.0x
Polarity
fastText 10 10.6x 20.6x 32.2x 41.9x 51.3x

Conclusion: Selection via Proxy (SVP) improves the computational efficiency of active
learning by substituting a cheap proxy model for a more accurate, but expensive model.

STANFORD

DAWN

=


https://bit.ly/svp-pml4dc

