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Investigating the effectiveness of self-supervised learning in dataset creation
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Self-supervised learning(SSL) is a hopeful way to obtain features of target data with minimal human su-
pervision in the future. There are well-known extensive datasets like COCO or ImageNet in the world that
we can use to train the models. However specific manual annotation tasks have been required to make
unique datasets. Therefore, we developed an application to make a dataset and present the efficiency of an
SSL-based annotation that can learn features without ground truth in advance.
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Label Category
n01440764 tench, Tinca tinca
n01443537 goldfish, Carassius auratus
n01484850 great white shark, white shark, man-eater, man-eating shark, carcharodon carcharias
n01491361 tiger shark, Gakeocerdo cuvieri
n01494475 hammerhead, hammerhead shark
n01496331 electric ray, crampfish, numbfish, torpedo
n01498041 stingray
n01514668 cock
n01514859 hen
n01518878 ostrich, Struthio camelus

-3 MNIST T®D SwAV OZHBBNSICH T I EE

-5 ImageNet TD SwAV OZHMEBENSICEIT3EE

Extraction Epoch 1% Label 5% Label 10% Label 50% Label Extraction Epoch 1% Label 5% Label 10% Label 50% Label
Not Random 20 96.67 99.79 99.51 99.95 Not Random 20 52.58 64.00 71.77 92.31
Not Random 200 100 100 100 100 Not Random 200 51.27 68.73 79.19 92.50

Random Seed 251 20 57.81 93.72 97.12 99.10 Random Seed 251 20 44.46 61.69 75.62 92.39
Random Seed 251 200 78.93 94.42 97.61 99.31 Random Seed 251 200 44.46 65.16 78.42 93.12

-4 MNIST T iBOT OZHHESICH T IHEE

-6 ImageNet T iBOT OZHHEIGICH T ZHEE

Extraction Epoch 1% Label 5% Label 10% Label 50% Label Extraction Epoch 1% Label 5% Label 10% Label 50% Label
Not Random 20 10.87 92.69 44.71 91.86 Not Random 20 38.96 65.42 79.65 87.35
Not Random 200 75.77 99.24 97.71 99.27 Not Random 200 58.16 72.23 81.69 93.58
Random Seed 251 20 9.79 20.41 92.90 97.50 Random Seed 251 20 21.08 70.73 77.35 85.08
Random Seed 251 200 41.42 96.76 98.71 99.54 Random Seed 251 200 34.69 74.85 79.15 92.96
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