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[Fukushima 1980]
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Gradient-based learning applied to
document recognition

[LeCun, Bottou, Bengio, Haffner 1998]
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ImageNet Classification with Deep
Convolutional Neural Networks

[Krizhevsky, Sutskever, Hinton, 2012]
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[Vinyals et al., 2015]
[Karpathy and Fei-Fei,
2015]
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[Zeiler and Fergus 2013] Zisserman, 20144E]HIVGG-1652H4.
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ImageNet 43-25#kdk (ILSVRC)
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AlexNet

AlexNet 58 B ) 45 M) Al

[227x227x3] INPUT

[65x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] ¢ 4096 neurons

[4096] 7 4096 neurons

[1000] © % 1000 neurons (class scores)
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* Dropout 0.5

* Batch size 128
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AlexNet 58 B ) 45 M) Al

[227x227x3] INPUT

[65x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOLS3: 3x3 filters at stride 2

[4096] ¢ 4096 neurons

[4096] 7 4096 neurons

[1000] © % 1000 neurons (class scores)
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VGGNet
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VGGNet

INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M _params: (3*3*3)"64 = 1,728

CONV3-64: [224x224x64] memory: 224*224*64=3.2M "pa ~3=3764)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

KA

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456

POOL2: [56x56x128] memory: 56*56*128=400K params: 0
CONV3-256: [56x56x256] memory: 56°56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56°56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28°28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28°28"512=400K params: (3*3"512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28°28"512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

T

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 <4
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (for a forward pass)
TOTAL params: 138M parameters
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ImageNet 43-25#kdk (ILSVRC)
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ResNet
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%1% T ResNet B bk
Squeeze—and-Excitation Networks (SENet)
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%1% T ResNet By ek

Identity Mappings in Deep Residual
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%7 T ResNet )t i
Wide Residual Networks

o IWNHEERFRZRZEMIFRE

- BRI ZER (Fxk B8 F)

e 50=ZH)H 7FResNet#iResNet—152 T T
ROR LT

o I MARRE TR E A R

Basic residual block Wide residual block



HoAw B R8A

Densely Connected Convolutional Networks

(DenseNet)
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