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introduction

One-shot Learning
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Proposed Method

Siamese Neural Network— 2258
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Proposed Method

Siamese Neural Network—
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Proposed Method

Siamese Neural Network— 25 B
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Experimental Results

dataset : 2B XNFEIESE »
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Experimental Results

Table 1. Accuracy on Omniglot verification task (siamese convo-

lutional neural net)

Method Test
30K training
no distortions 90.61

affine distortions x8
90k training

no distortions
affine distortions x8
150Kk training

no distortions

91.90 270Kk training

01.54
03.15 810k training

01.63

affine distortions x8 93,42 1350k training
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Table 2. Comparing best one-shot accuracy from each type of

network against baselines.

Method Test

Humans 95.5

Hierarchical Bayesian Program Learning 95.2
Affine model 81.8

Hierarchical Deep 65.2

Deep Boltzmann Machine 62.0

Simple Stroke 35.2

1-Nearest Neighbor 21.7

Siamese Neural Net

Convolutional Siamese Net
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Experimental Results

evaluate dataset : FEHMERE (FHEESXFHIEEETIIZR)

Table 3. Results from MNIST 10-versus-1 one-shot classification
task.

Method Test

1-Nearest Neighbor 26.5
Convolutional Siamese Net 70.3
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Conclusion
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Row 1: original images.

Row 2: global affine transforms.

Row 3: affine transforms on strokes.
Row 4: global affine transforms layered
on top of stroke transforms.
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