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» IMES>] (supervised learning)

» JERBEF>] (unsupervised learning)
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» IMES>] (supervised learning)

» JERBEF>] (unsupervised learning)

» 925 (Classification)

» [B]'3 (Regression)
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repeat until convergence {
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1024x1024 2048x2048 4096x4096

CUDA C (ms) 43.11 391.05 3407.99

C++ (ms) 6137.10 64369.29 551390.93

C# (ms) 10509.00 300684.00 2527250.00

Java (ms) 9149.90 92562.28 838357.94 :
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BATCH TRAINING _ Q0 {a] B E BATCH SIZE

Input layer (S1) 4 feature maps

l convolution layer | sub-sampling layer | convolution layer | sub-sampling layer ||ully connected MLP|

Batch_Size 2000 1000 S00 256 100 S50 20 10 5

Total Epoches 200 200 200 200 200 200 200 200 200 200 200 200
Total Iterations 1999 4999 9999 19999 38999 99999 199999 499999 999999 1999999 |
___ Time of 200 Epoches 1 1068 116 138 175 3016 5027 8513 __ 13.773___ 24.055
_Achieve 0.99 AccuracyatEpoch - - 135 78 41 45 24 9 9 - 5
_Time of Achieve 0.99 Accuracy - | - 212 148 1 1874 17 1082 1729 T P :
Best Validation Score 0015 0011 001 001 001 0009 00098 00084 001 0032 | :
Best Score Achieved at Epoch 182 170 198 100 93 111 38 49 51 17
Best Test Score 0014 001 001 001 001 0008 00083 00088 0008 _ 0.0262 |
Final Test Error (200 epoches)  0.0134 001 001 001 0.01 0009 00082 _ 0.0088 _ 0.008 _ 0.0662
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» oA (IEA~ME)
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» oA (IEA~ME)
» BEEK. BERIE (RELAE)

» IS (Overfitting)
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» IHE (Overfitting)
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» ZeAEE (GoAHE)

» HEHK. BERIE (RELAZE)
» TS (Overfitting)

» BEfmt (FRSIE)

» BEXZHINRICETE
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» ZeAEE (GoAHE)

» HEHK. BERIE (RELAZE)
» TS (Overfitting)

» BEfmt (FRSIE)
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Elastic Weight Consolidation, EWC (DeepMind)

Progressive Neural Networks, PNN (DeepMind)
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{Identifying and attacking the saddle point

problem in high-dimensional non-convex
optimization) 2014
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» Momentum
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» Momentum

» Nesterov

» Adagrad
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» Momentum

» Nesterov

» Adagrad
» AdaDelta
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» Momentum

» Nesterov

» Adagrad
» AdaDelta
» ADAM (Adaptive Moment Estimation)
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