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AlexNet

[Krizhevsky, Sutskever, Hinton, 2012]

* ImageNet Classification with Deep Convolutional Neural Networks
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



CNN Architectures

e Case Studies
— AlexNet
— VGG
— GoogleNet
— ResNet

e Also....
— Wide ResNet
— ResNeXT
— DenseNet
— SqueezeNet
— MobileNet
— EfficientNet



Case Study: AlexNet

A = 1 —
Full (simplified) AlexNet architecture: /i - .. = = M g T o
[227x227x3] INPUT _ | v
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer Input: 227x227x3
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 First layer (CONV1): 11x11x3 stride 4
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer =>
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1 Output: (227-11)/4+1 = 55

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1 A A Ko\ %

[6x6x256] MAX POOL3: 3x3 filters at stride 2 Parameters: (11*11*3)*96 = 35K

[4096] - C6: 4096 neurons

[4096] | 4096 neurons

[1 000] e 1000 neurons (CIaSS SCOFGS) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.4



Case Study: AlexNet

&S Q’ 31 o= 13 dense | |dense) |
Full (simplified) AlexNet architecture: T . . = = M g T 1o
[227x227x3] INPUT I —

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0

[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer Second layer (POOL1): 3x3 filters stride 2
[27x27x256] CONV2: 256 5x5 filters at striQe 1, pad 2 Output volume: 27x27x96

[13x13x256] MAX POOL2: 3x3 filters at stride 2

[13x13x256] NORM2: Normalization layer #Parameters: 0!

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONVS5: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] - C6: 4096 neurons

[4096] ! 4096 neurons

[1 000] 0! 1 OOO neurons (CIaSS SCOreS) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.




Case Study: AlexNet

&S Q’ 31 o= 13 dense | |dense) |
Full (simplified) AlexNet architecture: T . . = = M g T 1o
[227x227x3] INPUT I podling

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0

[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer Input: 227x227x3

[13x15256] MAX POOL2: 33 fiters at srde 2~ ~fter CONVL: 55x55x96
[13x13x256] NORM2: Normalization layer After POOL1: 27x27x96

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONVS5: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] - C6: 4096 neurons

[4096] ! 4096 neurons

[1 000] 0! 1 OOO neurons (CIaSS SCOreS) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.




Case Study: AlexNet

192 192 128 Max
Strid Max 128 Max pooling

Full (simplified) AlexNet architecture:

[227x227x3] INPUT Jora \___| poolies pooling
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 DetailS/Retrospectives:

[27x27x96] MAX POOL1: 3x3 filters at stride 2 e first use of RelU

[27x27x96] NORM1: Normalization layer +  used Norm layers (not common anymore)

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2 e drobout 0.5
[13x13x256] NORM2: Normalization layer poutv.
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1 * batchsize 128
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1 * SGD Momentum 0.3

* heavy data augmentation

[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1 * Learning rate le-2, reduced by 10 manually when
[6x6x256] MAX POOL3: 3x3 filters at stride 2 val accuracy plateaus

[4096] 4096 neurons * L2 weight decay 5e-4

[4096] 4096 neurons e 7 CNNensemble: 18.2% -> 15.4%

[1 OOO] ( 1 000 neurons (ClaSS SCOreS) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with7permission.



Case Study: AlexNet

Full (simplified) AlexNet architecture: T Lo . = = M g T 1o
[227x227x3] INPUT
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad U
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
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[13x13x256] MAX POOL2: 3x3 filters at stride 2 Historical note: Trained on GTX 580 GPU with
[13x13x256] NORM2: Normalization layer only 3 GB of memory. Network spread across
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1 2 GPUs, half the neurons (feature maps) on
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1 each GPU.

[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] - C6: 4096 neurons

[4096] ! 4096 neurons

[1000] - C&: 1000 neurons (class scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Case Study: AlexNet

| = +s = 1 hs dense’| |dense
™ St & § J— 4 or

Full (simplified) AlexNet architecture: . e, M g T 1o
[227x227x3] INPUT _ | b pooling

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 \ /4/'

[27x27x96] MAX POOL1: 3x3 filters at stride 2 \

[27x27x96] NORM1: Normalization layer CONV1, CONV2, CONV4, CONVS5:
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 Connections only with feature maps
[13x13x256] MAX POOL2: 3x3 filters at stride 2 on same GPU

[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] CONV5: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] - C6: 4096 neurons

[4096] - C7: 4096 neurons

[1000] - C&: 1000 neurons (class scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Case Study: AlexNet

Full (simplified) AlexNet architecture: ; . | e Mg T s
[227x227x3] INPUT _ | oo

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 /
[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization layer CONV3, FC6, FC7, FCS8:

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 Connections with all feature maps in
[13x13x256] MAX POOL2: 3x3 filters at stride 2 preceding layer, communication
[13x13x256] NORM2: Normalization layer across GPUs

[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1

[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] - C6: 4096 neurons

[4096] - C7: 4096 neurons

[1000] 1000 neurons (CIaSS SCOFGS) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

28.2
First CNN-based winner 25.8
152 layers
- = == - \
\\ 16.4
\ 11.7

' 22 layers 19 layers
8 layers | 8 layers | shallow

. 6.7 7-3
3.57 I

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 | ILSVRC'12 | ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

Figure copyright Kaiming He, 2016. Reproduced with permission.



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

ZFNet: Improved

28.2
hyperparameters over
152 layers AlexNet
A l
\ | | 117
22 |ayers 19 Iayers

3 37 l - I 8 layers 8 layers shallow

ILSVRC'15  ILSVRC'14 ILSVRC'14 | ILSVRC'13 | ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

Figure copyright Kaiming He, 2016. Reproduced with pérmission.



[Zeiler and Fergus, 2013]

image size 224 110 26 13 13 13 - i
filter size 7 ¢ 3 ¢ 3
1 w384 1 '\3‘84 o '\2‘56 "
‘ stride 2 w96 3x3 max C
3x3 max pool| | contras pool 4096/ | 4096 class
s ' stride 2 units| | units| | softmax
p\3‘ 55() -
6 256
Input Image - -
Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer?7 Output
TODO: remake figure
AlexNet but:

CONV1: change from (11x11 stride 4) to (7x7 stride 2)
CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512

ImageNet top 5 error: 16.4% -> 11.7%

13



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

Deeper Networks

152 layers
A l
\
\\
\
! 22 layers 19 layers |
'\ 6.7 79

3.57 I - I 8 layers 8 layers shallow

ILSVRC'15 | ILSVRC'14  ILSVRC'14 | ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

Figure copyright Kaiming He, 2016. Reproduced witli IPermission.



Case Study: VGGNet

[Simonyan and Zisserman, 2014]

* Small filters e
* Deeper networks _— ——
| FC 4096 | | 5 ]

— 8 layers (AlexNet) -> 16 - 19 layers (VGG16Net) - |

| ]

FC 4096

* Only 3x3 CONV
—stride 1, pad 1 — ,

e 2x2 MAX POOL stride 2

Softmax

L J
l FC 1000 |

* 11.7% top 5 error in ILSVRC'13 (ZFNet) =] [ n 1
->7.3% top 5 error in ILSVRC’14 ' '

[ ] | ] | J

| ] | ~ ] | J

| Input | | Input | | Input |

AlexNet VGG16  VGG19



Case Study: VGGNet

[Simonyan and Zisserman, 2014]
* Why use smaller filters? (3x3 conv) —T

]
| FC 1000 |
» Stack of three 3x3 conv (stride 1) ————
layers has same effective receptive — =
field as one 7x7 conv layer ——
* But deeper, more non-linearities [ ,
| P J
* And fewer parameters: ——
| FC 1000 J
—3 % (32€2) vs. 72C? for C channels per ————
| FC 4096 ] | | | ]
layer [ ]
| ] | ]
| ]
| ] | ~ ] | J
| Input | | Input | | Input |

AlexNet VGG16  VGG19



Case Study: 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 params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

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 I
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 L J
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

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 [ input ]
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 40961000 = 4,096,000 VGG16

17

Softmax
FC 1000
FC 4096
FC 4096

Pool

B e T e B
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Case Study: 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 Note:
CONV3-64: [224x224x64] memory: 224*224*64=3.2M garams: (3*3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K params: 0 o M s o
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 Ost memory Is i
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 early CONV

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 Most params are
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 in late FC
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

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

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 (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

18



Case Study: VGGNet

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

CONV3-64: [224x224x64] memory: 224*224*64=32M params: (3*3*3)'64 = 1,728 — B
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 e R
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 [ Pool ]
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 convs-3
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 convs-2
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 | ]

conv4-3
conv4-2

conv4-1

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 conva-2
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 conva-1
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 [ 1

POOL2: [14x14x512] memory: 14*14*512=100K params: 0 oonv2-2
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 ot
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 S
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 [ inpat ]

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

VGG16

Common names



Case Study: VGGNet

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

CONV3-64: [224x224x64] memory: 224*224*64=32M params: (3*3*3)'64 = 1,728 — B
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 e R
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 [ Pool ]
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 convs-3
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 convs-2
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 | ]

conv4-3
conv4-2

conv4-1

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 conva-2
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 conv3-1
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 [ 1
POOL2: [14x14x512] memory: 14*14*512=100K params: 0 conva-2
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 [ - ] e
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 ot
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 S
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 [ Input ]

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 VGG16 /
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

Common nafes



Case Study: VGGNet

. | Softmax |
¢ DEta||S: | FC 1000 |
. e . . o a— R — —
— ILSVRC’14 2nd in classification, 1st in localization e [Fciooo ] [ras ]
. . . . . fc7 | FC 4096 ] | Po ]
— Similar training procedure as Krizhevsky 2012 w6 [ rcin ]
i i | P ]
— No Local Response Normalisation (LRN) _—
— Use VGG16 or VGG19 (VGG19 only slightly S ———
better, more memory) ——
| Softrnax | conv4-3
— Use ensembles for best results ] conv-2
: fc7 | FC 4096 | conv4-1
— FC7 features generalize well to other tasks s [ECise ) o o]
| | conv3-2
convs conv3-1
convd | Pool s B Pc ]
| J conv2-2
conv3 conv2-1
) — ] I TR—
conv2 convi-2
convi convi-1
| Input | | Input | | Input ]

AlexNet VGG16 VGG19



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

Deeper Networks

152 layers
A l
\
\\
\
! 22 layers 19 layers |
'\ 6.7 79

3.57 I - I 8 layers 8 layers shallow

ILSVRC'15 | ILSVRC'14  ILSVRC'14 | ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

Figure copyright Kaiming He, 2016. Reproduced witlﬂaermission.



Case Study: GoogleNet

[Szegedy et al., 2014] 5
e 22 layers =
* Deeper networks, with computational L
efficiency =
— Efficient “Inception” module NELES
— No FC layers ﬁ:
— Only 5 million parameters! gEesEEs o
e 12x less than AlexNet B &
* ILSVRC’14 classification winner b=
6.7% top 5 error : e
( P ) Inception module T+

23



Case Study: GoogleNet

[Szegedy et al., 2014]

S e
s .
. P et
==
N —_—
¢ L}
—— ¥
= - ~—
. — —
s e

Inception module: a good local NS

network topology 11 ==
(network within a network) < v_,_ 1
GoogleNet stack these modules Inception module ETH

on top of each other -



Case Study: GoogleNet

* Apply parallel filter operations on the input from previous layer:
— Multiple receptive field sizes for convolution (1x1, 3x3, 5x5)
— Pooling operation (3x3)

e Concatenate all filter outputs together depth-wise
* Q: What is the problem with this? [Hint: Computational complexity]

Filter
concatenation

Previous Layer

25

Naive Inception module



Case Study: GoogleNet

* Q: What is the problem with this? Example
[Hint: Computational complexity]

Filter
concatenation

1x1 conw, 3x3 conv, 5x5 conv,
1 192 96 3x3 pool
Module input: Input
28x28x256

Naive Inception module

26



Case Study: GoogleNet

* Q: What is the problem with this? Example
[Hint: Computational complexity]

Filter
concatenation

28x28 x128
* Example: - - -
x1 conv, x3 conv, x5 conv,
— Q1l: What is the output size of the 1 192 96 3x3 pool
1x1 conv, with 128 filters? ZQM
Module input: Input
28x28x256

Naive Inception module
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Case Study: GoogleNet

* Q: What is the problem with this? Example
[Hint: Computational complexity]

Filter
concatenation

28x28 x128 7 Box

* Example:

1x1 conv, 3x3 conv, 5xS conv, 3x3 pool

— Q1: What is the output size of the 1 192 96
1x1 conv, with 128 filters? ZQW
— Q2: What are the output sizes of all Module input: Input
different filter operations? 28x28x256

Naive Inception module
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Case Study: GoogleNet

: . : Example
* Q: What is the problem with this? P
[Hint: Computational complexity]
Filter
concatenation
28x28 x128 7 B
* Example:
1x1 convy, 3x3 conv, 5x5 conv,

— Q1: What is the output size of the y 192 96 3x3 pool
1x1 conv, with 128 filters? ZQW

— Q2: What are the output sizes of all Module input: -
different filter operations? 28x28x256

— Q3:What is output size after filter
concatenation? Naive Inception module
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Case Study: GoogleNet

Example
* Conv Ops:
— [1x1 conv, 128] 28x28x128x1x1x256
— [3x3 conv, 192] 28x28x192x3x3x256 I o O
— [5%5 conv, 96] 28x28x96x5x5x256 28x28 x128 % 28x28 %256
— Total: 854M ops 1X11wp0m
* Very expensive computations

MOdUIe |nput Input

— Pooling layer also preserves feature depth,28)(28x256

which means total depth after concatenation
can only grow at every layer!

Naive Inception module
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Case Study: GoogleNet

Example

28x28x(128+192+96+256) = 28x28Xx672

Filter
concatenation

28%28 x128 X 28x%x28 x25€

1x1 conv, 3x3 conv, 5x5 convy,
3x3 pool

* Solution: “bottleneck” layers that 1%

use 1x1 convolutions to reduce R s =
O uelnpu: npu
feature depth 28x28x256

Naive Inception module
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1x1 convolutions

1x1 CONV
56 with 32 filters

64 32

56
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1x1 convolutions

Alternatively, interpret it as applying
the same FC layer on each input pixel
i 3

64 32

1x1 CONV
56 with 32 filters 56

preserves spatial
dimensions, reduces depth!

56 Projects depth to lower 56
64 dimension (combination of 32
feature maps)
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Case Study: GoogleNet

: Filter
Filter concatenation

concatenation

Previous Layer v

Previous Layer

Naive Inception module
Inception module with dimension reduction
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Case Study: GoogleNet

1x1 conv “bottleneck”

layers
Filter
Filter concatenation
concatenation
——
— = ”H 1x1
3x3 max convolution
pooling * * *
convolution convolution pooling

Previous Layer

Previous Layer

Naive Inception module
Inception module with dimension reduction
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Case Study: GoogleNet

* Conv Ops: 28x28x480
— [1x1 conv, 64] 28x28x64x1x1x256 Filter
— [1x1 conv, 64] 28x28x64x1x1x256 /T‘t\
— [1x1 128] 28x28x128x1x1x256
1xl conv, 128] 28x28x128x1x1x 28x28x128 _ 28x28x192  28x28x96  28x28x64
— [3x3 conv, 192] 28x28x192x3x3x64 e ~ \ 18
— [5x5 conv, 96] 28x28x96x5x5x64 1x1 conv, JX3 cony, OX3 CONV, ix1 conw,
j ’ 128 192 96 64
— [1x1 conv, 64] 28x28x64x1x1x256 4 4 A
28x28x64  28x28x64 28x28x256
| I I
1x1 convy, 1x1 cony,
* Total: 358M ops 64 64 a3 Poos

e

. . Module inpl—It: Previous Layer
* Compared to 854M ops for naive version 28x28x256 ‘

e Bottleneck can also reduce depth after
pooling layer
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Case Study: GoogleNet

Stacked Inception
Modules

[Szegedy et al., 2014]

i

- - k) |
wli ? I ’ - {‘}‘Hﬂ
" TETHT
M |
e gl
Stem Network:  Note: after the last convolutional layer, a global

Conv-Pool- average pooling layer is used that spatially Classifier output
2% Conv-Pool  averages across each feature map, before final (removed expensive FC layers!’

FC layer. No longer multiple expensive FC layers! 38

Full GoogLeNet
architecture

f




Case Study: GoogleNet

[Szegedy et al., 2014]

Full GooglLeNet }

architecture / |
bl § i i

L B
L]
Auxiliary classification outputs to inject additional gradient at lower layers
(AvgPool-1x1Conv-FC-FC-Softmax)

B §
-
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Case Study: GoogleNet

[Szegedy et al., 2014]

A0

: ) )
£ - % % ¥ £ ¥
g - . i P ? g i 3§ ‘ e

g g g i 3 B Eol & R —H - feM i

f § § —H —H N E 5 G

- - - Egll g e § - % ] 53'
g iy Ay A0 .+r?-.|.r \...r gy O EE
N B 5g§§§sg§§§§5.g§‘-l-’§§§ g&gﬁ iz

!g S’

Ly
vy
(Slt+cxg W (90
PORN
vy

1S1tetxy W (QT+5%5
BN

(SIT+TXT [ (SIT45%5
{SIT+TNT [ (SIT45%5

SIT+ExE | (SIT+

ISIT+ExE W (SIT4+
POGOIN
ST+t Rrrixe W SIT+§

(NE+SHS (m Sit+
e
24
24
b

22 total layers with weights
(parallel layers count as 1 layer => 2 layers per Inception module.
Don’t count auxiliary output layers) "



Case Study: GoogleNet

[Szegedy et al., 2014]
* Deeper networks, with computation

— 22 layers TS,
— Efficient “Inception” module “Res ==
— No FC layers L
— Only 5 million parameters! i ol s
« 12x less than AlexNet /‘\ B9
— ILSVRC’14 classification winner ST
(6.7% top 5 error) S F
Inception module <t
41 T



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

/ “Revolution of Depth”

152 layers
A
\\
\
\
\
\
\
T R2 layers 19 Iayers I I

3.57 I i I 8layers || 8layers shallow

ILSVRC'15 LSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet oogleNet VGG AlexNet

Figure copyright Kaiming He, 2016. Reproduced4¥ith permission.



Case Study: ResNet

[He et al., 2015]

* Very deep networks using residual connections

— 152-layer model for ImageNet
— ILSVRC’15 classification winner (3.57% top 5 error)
— Swept all classification and detection competitions in

ILSVRC’15 and COCO’15!
T relu
F(x) + X
X
F(x
%) |re'“ identity
X ’43

Residual block [ T ]




Case Study: ResNet

[He et al., 2015]

* What happens when we continue stacking deeper layers on a “plain”
convolutional neural network?

g ] . ‘ { (),

O il 5
2 =
= bz
4]

S ks

. | ,
lterations i lterations

* Q: What's strange about these training and test curves?
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Case Study: ResNet

[He et al., 2015]

 What happens when we continue stacking deeper layers on a “plain”
convolutional neural network?

L —

o , -1
lterations lterations

Training error
Test error

* 56-layer model performs worse on both training and test error
— A deeper model should not have higher training error
— The deeper model performs worse, but it’s not caused by overfitting!
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Case Study: ResNet

[He et al., 2015]

* Hypothesis: the problem is an optimization problem, deeper models
are harder to optimize

* The deeper model should be able to perform at least as well as the
shallower model.

— A solution by construction is copying the learned layers from the shallower
model and setting additional layers to identity mapping.
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Case Study: ResNet

[He et al., 2015]

 Solution: Use network layers to fit a residual mapping F(x) instead of
directly trying to fit a desired underlying mapping H(x)

H(x)=F(x)+x

. ., I relu Use layers to fit residual F(x) = H(x) - x
H(IX) F(x) + X instead of H(x) directly
X
F
‘ e x) ‘re'“ identity
X X

‘Plain” layers Residual block o



Case Study: ResNet

 Full ResNet architecture:
— Stack residual blocks

— Every residual block has two
3x3 conv layers

— Periodically, double # of filters
and downsample spatially using
stride 2 (/2 in each dimension)

[He et al., 2015]

T relu
F(x) + X
y | ;<}>
F(x) T =
identity | |
-
| ¢~—<]
X

Residual block
128 filters, spatially with stride 2

64 filters, spatially with stride 1




Case Study: ResNet

[He et al., 2015]

 Full ResNet architecture:
— Stack residual blocks T relu

— Every residual block has two F(x) + x
3x3 conv layers

— Periodically, double # of filters
and downsample spatially using

stride 2 (/2 in each dimension) F(x) Irelu ide)rftity
— Additional conv layer at the
beginning
X

Residual block




Case Study: ResNet

* Full ResNet architecture: ,
No FC layers besides

— Stack residual blocks FC 1000 to output classes
— Every residual block has two
3x3 conv layers Global average pooling

— Periodically, double # of filters layerafterlast conv layer

and downsample spatially using
stride 2 (/2 in each dimension)

— Additional conv layer at the
beginning

— No FC layers at the end (only FC
1000 to output classes)




Case Study: ResNet

[He et al., 2015]

For deeper networks (ResNet-50+), Total depths of 34, N
use “bottleneck” layer to improve 50, 101, or 152 layers
efficiency (similar to GooglLeNet) for ImageNet




Case Study: ResNet

For deeper networks (ResNet-50+),
use “bottleneck” layer to improve
efficiency (similar to GooglLeNet)

[He et al., 2015]
28x28x256
output
1x1 conv, 256 filters projects
back to 256 feature maps
(28x28x256) T
3x3 conv operates over
only 64 feature maps I
1x1 conv, 64 filters
to project to
28x28x256

28x28x64 .
iInput
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Case Study: ResNet

[He et al., 2015]
* Training ResNet in practice:

— Batch Normalization after every
CONV layer

— Xavier/2 initialization from He et al.
— SGD + Momentum (0.9)

— Learning rate: 0.1, divided by 10
when validation error plateaus

— Mini-batch size 256
— Weight decay of 1e-5
— No dropout used
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ResNet: CIFAR-10 experiments

CIFAR-10 plain nets

iter. (led)

6

32-layer
20-layer

solid: test
dashed: train

CIFAR-10 ResNets

ResNet-.‘Za"
ResNet-32
=== ResNet-44
== ResNet-56
=== ResNet-11(
b 20-layer
3 32-layer
DN 44-layer
A AYAY ST
Y .a_\j.\.-;,% § 56_|ayer
110-layer
A \"’-‘.m Yo
1 2 3 4 5 6

iter. (1e4)

* Deeper ResNets have lower training error, and also lower test error
— Not explicitly address generalization, but deeper+thinner shows good generalization

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
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ResNet: ImageNet experiments

ImageNet plain nets ImageNet ResNets

34-layer
.'\'-/-.N-.‘\,w/.-\,..ry- o

e
plain-18 solid: test ResNet-18 “\:\'-'\s’\-’w',\'.,\. Ay \
- . o
dashed: train 18'|ayer = ResNet-34 34-|ayer
" A " 70 . . " .

0 10 20 30 40 50 -0 10 20 30 40 50
iter. (le4) iter. (1ed)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
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Case Study: ResNet

[He et al., 2015]

* Experimental Results

— Able to train very deep networks
without degrading (152 layers on
ImageNet, 1202 on Cifar)

— Deeper networks now achieve 1st places in all five main tracks

MSRA @ ILSVRC & COCO 2015 Competitions

IOWIng tralnlng error as eXpeCted * ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets
— Swept 1st place in all ILSVRC and » ImageNet Detection: 16% better than 2nd
COCO 2015 competitions * ImageNet Localization: 27% better than 2nd

* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

ILSVRC 2015 classification winner (3.6% top 5 error)

better than “human performance”! (Russakovsky 2014)
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

/ “Revolution of Depth”

152 layers
A
\\
\
\
\
\
\
T R2 layers 19 Iayers I I

3.57 I i I 8layers || 8layers shallow

ILSVRC'15 LSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet oogleNet VGG AlexNet

Figure copyright Kaiming He, 2016. Reproducedwith permission.



Comparing complexity

Inception-v4: Resnet + Inception!

/

Inception-v4
80 ] 80 d : _’."?”'?:.L
Inception-v3 % ResNet-152
ResNet-50° VGG-16 VGG-19
751 N 751 ResNet-101 i,
. ResNet-34
= =
S 70 - = 70 - R
= 70 = 70 ﬂ esNet-18
® ® GoogLeNet
E - ENet
s 651 = S 65 1
— —
& 3 © BN-NIN
60 1 e 60 1 5M 35M - 65M - 95M - 125M - 155M
BN-AlexNet
55 1 = 55 1 AlexNet
- 2 & A6 A9 Ak <O b ’L tRL o 5 10 15 20 25 30 35 40
\\RN\ A® N7 B OV A0 4HF NI N
P~\e* P;e*“%\§$ V\ ﬁe‘ o \‘(-,6 \ge \e \\\e&"\& ‘\00 ‘\00 Operations [G-Ops]
© Q&7 X0\

An Analysis of Deep Neural Network Models for Practical Applications, 2017.

58
Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.



Comparing complexity

GooglLeNet: most VGG: Highest memory,

efficient most operations
Inception-v4
80 1 80 - : ‘;,,-"?-;,{
Inception-v3 ResNet-152
ResNet 0° VGG-16 VGG-19
75 1 75 1 ResNet-101 &
. ResNet-34
9 9
S 704 S 704 R
= 70 = 70 ﬂ esNet-18
® ® GoogLeNet
E - ENet
s 651 S 65 1
'g‘ 3 © BN-NIN
¥ 60 F 60 5M 35M - 65M - 95M - 125M - 155M
BN-AlexNet
55 4 = 35 9 AlexNet
A il e D A0 A0 Ak O V.l B & o ;\1'0 15 20 25 30 35 40
et aet O gt et Y kD x L A0Y 458 NP N
p.\e*\\;\e‘*“%\\\“ \*\ V\ \A 66\166 \Ae \\\e\.\\\ e‘:\& ‘\0(\ "\0(\ Operations [G-Ops]
%$ 60 ?\6 Q\e Q\e (’e \ (\(,‘?'Q

An Analysis of Deep Neural Network Models for Practical Applications, 2017.
AlexNet: Smaller ops, still

memory heavy, lower accuracy
Figures copyright Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017. Reproduced with permission.



Comparing complexity

ResNet: Moderate efficiency
depending on model, highest accuracy

Inception-v4
80 0 80 d ”?’
Inception-v3 88 ResNet-152
ReSNet-50° VGG-16 VGG-19
751 N 751 ResNet-101 i,
. ResNet-34
= =
S 70 - = 70 - R
= 70 = 70 ﬂ esNet-18
® ® GoogLeNet
E | - ENet
S 65 1 s S 65 -
'g. 'é © BN-NIN
60 1 et 60 1 5M 35M - 65M - 95M - 125M - 155M
BN-AlexNet
55 1 = 55 1 AlexNet
- K. N A% A0 A9 2k <O .Y ’L tRL o 5 10 15 20 25 30 35 40
e o\ > kD x L A0Y 458 NP N
p\ oF p~\ e*“%\§$ \*\ “ 66\‘66 \Ae \\\e\.\\\e‘f\& ‘\00 ‘\0(\ Operations [G-Ops]
v €7 €%, 0099\0&9

An Analysis of Deep Neural Network Models for Practical Applications, 2017.
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Improving ResNets...

. . . . [He et al. 2016]
Identity Mappings in Deep Residual Networks

* Improved ResNet block design from creators of ResNet

* Creates a more direct path for propagating information
throughout network (moves activation to residual
mapping pathway)

* Gives better performance
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Improving ResNets...

* Identity Mappings in Deep Residual Networks

(1) K [1+1]

2 \ T J J ) T T 20 T
ResNet—1001, original (error: 7.61%)
‘\ ResNet—1001, proposed (error: 4.92%) ‘
\
R R ) e T T T PR T PR TRREES 15
02 Wt dn
(LA PN
2 "w“"“""”w'.-“,'.‘a-')m a2
o : 1
2 R < .S, .. SIO— 103
£ . png
g solid: test S
om | dashed: train
A o e Lo s g g Brs L P R = PN e GO A POy 1 fommesen — S
"
, f.=RelU
id .‘f‘ﬂ\_.\ :
f =identi Ve, | |
0007 ————— b
Iterations 4
x10
xI 7
ReLU could block back prop for very deep networks Pre-activation ResNet X

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.62



Backprop on ResNet

[1+1]

[1+2]

[1+2]

R X xR &

L] —

OE

OE

d0x!L]
0E

Any

X

X

X

0+ F(x)
[1+1] _I_F(x[l+1])

0+ F(x) + F(xt+1])

Xl 4 Thot (1)

9E ox!L] OE

0

axl — 3xILl 9x1 — gxlL] (1 + o m L

0
dxl!

is directly back-prop to any —E], plus residual.

Any — is additive; unlikely to vanish.

dxll

F(x[i]))

|

F(x) + X
[ayer
F(x)
[ayer
X

Residual block

X
identity



Improving ResNets...

Wide Residual Networks

[Zagoruyko et al. 2016]

* Argues that residuals are the important factor, not depth
e Uses wider residual blocks (F x k filters instead of F filters in each layer)
* 50-layer wide ResNet outperforms 152-layer original ResNet

* Increasing width
(parallelizable)

instead of depth more computationally efficient

Basic residual block Wide residual block



Improving ResNets...

[Xie et al. 2016]
Aggregated Residual Transformations for Deep Neural Networks (ResNeXt)

e Also from creators of ResNet

* Increases width of residual block through multiple parallel pathways
* Parallel pathways similar in spirit to Inception module

256-d out

multiple parallel pathways

256-d out (“cardinality”)

256-d in \CB/
65

256-d in



ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

Network ensembling
30 282

152 layers|||152 layers|||152 layers

16.4

11.7 19 layers| |22 layers

7.3 6.7 ]
y 5.1
8 layers 3.6 3
o H = =
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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Improving ResNets...

“Good Practices for Deep Feature Fusion”

[Shao et al. 2016]

* Multi-scale ensembling of Inception, Inception-Resnet, Resnet, Wide
Resnet models

e [LSVRC’16 classification winner

Inception- Inceptlon Resnet-

Err. (%) 4.20 2.92 (-0.6)
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Beyond ResNets...

Densely Connected Convolutional
Networks

* Dense blocks where each layer is
connected to every other layer in
feedforward fashion

* Alleviates vanishing gradient,
strengthens feature propagation,
encourages feature reuse

Input

Dense Block

[Huang et al. 2017]

Softmax

FC

Pool

Dense Block 3

Dense Block 2

Dense Block 1

Input
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Improving ResNets...

Squeeze-and-Excitation Networks (SENet)

[Hu et al. 2017]

* Add a “feature recalibration” module that )
learns to adaptively reweight feature maps —— e

e Global information (global avg. pooling

layer) + 2 FC layers used to determine
feature map weights

e ILSVRC’17 classification winner (using
ResNeXt-152 as a base architecture)

F..(- W)
F,, ()~ (III0 —< T
/ W L1xC \
F.\'('[l[(' L)

w' W
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

Adaptive feature map reweighting
30 282

152 layers| |152 layers|||152 layers

16.4

11.7 |19 layers| |22 layers

7-3
5.1
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al

Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282

152 layers| |152 layers| |152 layers

16.4

11.7 |19 layers| |22 layers

7.3 6.7 s
H B =

A
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan &  Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GooglLeNet) (ResNet) (SENet)

Completion of the challenge:
Annual ImageNet competition no longer
held after 2017 -> now moved to Kaggle.
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Efficient networks...

[landola et al. 2017]
Squeeze Net:

* Fire modules consisting of a “squeeze” layer with 1x1 filters feeding an
“expand” layer with 1x1 and 3x3 filters

* AlexNet level accuracy on ImageNet with 50x fewer parameters
e Can compress to 510x smaller than AlexNet (0.5Mb model size)

1x1 and 3x3 convolution filters

,’,’))) YYD YN YYD
Y Y y y YN YN YYD YN
YYD YYD YYD Yy

RelU *

Figure copyright landola, Han, Moskewicz, Ashraf, Dally, Keutzer, 2017. Reproduced with permission.
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Efficient networks

[Howard et al. 2017]

* MobileNets: Efficient Convolutional
Applications

* Depthwise separable convs. replace
standard convs by factorizing them into a
depthwise conv and a 1x1 conv

 Much more efficient, with little loss in -

accuracy
* Follow-up MobileNetV2 work in 2018

(Sandler et al.)
e ShuffleNet: Zhang et al, CVPR 2018

Neural

Networks for Mobile

BatchNorm

C?HW

Pool

Standard network

Total compute:9C2HW 9CHW

BatchNorm

Pool

BatchNorm

Pool

MobileNets

Pointwise
convolutions

Depthwise

convolutions

Total compute:9CHW + C?HW
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Conventional vs. depth-wise convolution

Conventional Depth-wise

i
e

AAAAA7 k{{{/ {
V i
MM

* Minput channels, N output channels:

i

OREEOOO0

N

* M input channels, N output channels in 2 stages:
e Stage 1:
* M independent KxK 2D filters, one per input channel
* Each filter applies to only one input channel
* No. of output channels = no. of input channels
* Stage 2:
* N Mx1x1 1D filters
* Each applies to one 2D location across all M input
channels
* Total NM + MK? parameters o

N, |
SN\

* N independent MxKxK 3D filters,
which span all M input channels

* Each filter produces one output channel

* Total NMK? parameters




Depth-wise convolutions

* Alternate view of conventional convolution:
— Each channel of each filter scans its corresponding map to produce a convolved map
— N input channels will require a filter with N channels

— The N convolved maps are added together to produce the final output map (or channel) for
that filter

Conventional

7
convolve collapse /

D




Conventional convolutoins

* This is done separately for each of the M filters producing M output
maps (channels)

convolve collapse

=
4

‘ convolve collapse

=
\ 4
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Depth-wise convolution

* In depth-wise convolution the convolution step is performed only
once

* The simple summation is replaced by a weighted sum across channels
— Different weights (for summation) produce different output channels

/
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But sometimes smart heuristic is better than NAS ...

* EfficientNet: Smart Compound Scaling

* Increase network capacity by scaling
width, depth, and resolution, while
balancing accuracy and efficiency.

e Search for optimal set of compound
scaling factors given a compute
budget (target memory & flops).

* Scale up using smart heuristic rules

depth: d — a¢ #channels

width: w = ¢ P
resolution: 7 = ¥

st.a- B2 42~ 2

az>1l,21,v2>21 (8 baselne

Imagenet Top-1 Accuracy (%)
e ® ®

[Tan and Le. 2019]
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Efficient networks

AlexNet
k)

o
GooglLeNet

°
MobileNet_v1

Mot

" Shuf
ShuffleNet_v1_1x 2
0.1 ShuffleNet_v2_1x

®
EfficientNet-b0

2013 2014 2015 2016 2017 2018 2019 2020
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Summary: CNN Architectures

* Case Studies
— AlexNet
- VGG
— GoogleNet
— ResNet

e Also....

— Improvement of ResNet
* Wide ResNet
* ResNeXT
* Squeeze-and-Excitation Network
* DenseNet

— SqueezeNet, MobileNet, EfficientNet

80



Summary: CNN Architectures

* VGG, GooglLeNet, ResNet all in wide use, available in model zoos
* ResNet current best CNN default
* Trend towards extremely deep CNNs

e Significant research centers around design of layer / skip connections
and improving gradient flow

e Efforts to investigate necessity of depth vs. width and residual
connections

e Efficient architectures
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Transfer Learning

* “You need a lot of a data if you want to train/use CNNs”

* However, by transfer learning you can use the learned features for a
task (using a large amount of data) in another related task (for which
you don’t have enough data)
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Recap: Transter Learning with CNNSs




Transter Learning with CNNs

Donahue et al, “DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition”, ICML 2014.
Razavian et al, “CNN Features Off-the-Shelf: An Astounding Baseline for Recognition”, CVPR Workshops 2014.

1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset

| FC-1000 | [ Fcc | \ | Fcc |

" FC-4096 | [ FC-4096 | \ Reinitialize L_FC40% | 4+—— Trgin these

| FC-4096 | | FC-4096 | ) : | FC-4096 |

this and train

~ MaxPool MaxPool MaxPool \
Conv-512 Conv-512 Conv-512 With bigger
Conv-512 Conv-512 Sl dataset, train
MaxPool MaxPool MaxPool more Ia’yers
Conv-512 Conv-512 Conv-512
Conv-512 Conv-512 Conv-512
MaxPool MaxPool > Freeze these MaxPool
Conv-256 Conv-256 Conv-256 Freeze these
Conv-256 Conv-256 Conv-256
MaxPool MaxPool MaxPool
Conv-128 Conv-128 Conv-128 Lower learning rate

__Conv-128 Conv-128 Conv-128 when finetuning;
MaxPool MaxPool MaxPool 1/10 of original LR
Conv-64 Conv-64 Conv-64 iS gOOd Starting
Conv-64 Conv-64 } EOICRS ) pOl nt
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Transter learning with CNNSs

[_Fe-t000_| very similar very different

| FC-4096 |

" FC4096 | dataset dataset
~ MaxPool

__Conv-512_|

~Conv-512 |

3 very little data
MaxPool More specific

__Conv-512
Conv-512

___MaxPool
Conv-256

~ Conv-256 | More generIC

MaxPool

Conv-128
_ Conv-128 | quite a lot of

MaxPool d ata

‘ Conv-64
Conv-64

| Image |
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Transter learning with CNNSs

FC-1000

]

FC-4096

J
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MaxPool
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~ MaxPool

Conv-512
Conv-512

|__MaxPool _

Conv-256
Conv-256

MaxPool
Conv-128
Conv-1 28

MaxPool
Conv-64

Conv-64
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More specific

More generic

/

very similar very different
dataset dataset
very little data | Use Linear You're in
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data few layers larger number
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What is being transferred?
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Effects on final performance and optimization speed

average training accuracy

Semi-transparent and solid bar correspond _
over 100 finetune epochs

to pre-trained and random weights

The numbers on the top of the left pane
show the relative accuracy drop
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Performance barrier between different solutions

* There is no performance
barriers between finetuned

models o 50~
g 40 - =& randinitT-randinitT
* Finetuned models reside in ™
the same basin. 8 20-
K J
0_

* Randlnits end up in a e s

. . 0.00 0.20 0.40 0.e0 0.80 1.00

dlfferent baSIn, even for the linear interpolation coefficient
same random seed. quickdraw

Since there is no overfitting from
overtraining on quickdraw, we only
show results for final checkpoints

test AUC

—o— finetune*-finetune* finetune*-finetuneT
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‘randinit*’ and ‘randinitT’ means
the best and final checkpointin a
RI-T training trajectory. Similarly,
‘finetune™® and ‘finetuneT’ for P-T
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Takeaway for your projects and beyond:

* Have some dataset of interest but it has < “1M images?
1. Find a very large dataset that has similar data, train a big ConvNet there
2. Transfer learn to your dataset

* Deep learning frameworks provide a “Model Zoo” of pretrained
models so you don’t need to train your own
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