B o : S AR 21 0] 4



H*P+ H*H H*H O*H

H +H +H +0
H H H O
Px1 Nneurons nheurons Neurons neurons

vector

P: 285x350 , H: 1000, O: 3
102 million 4~ Z%§ (400MB)
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H*P+ H*H H*H O*H

H +H +H +0
H H H O
Px1 Nneurons nheurons Neurons neurons

vector

P: 285x350, H: 2P, O: 3
100 billion 4~ 2% (400GB)
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Figure Credit: Karpathy and Fei-Fei
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Figure Credit: Karpathy and Fei-Fei; see http://cs231n.stanford.edu/
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AlexNet

Input

227x227

Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1

256 384 384 256 4096 4096 1000

BN GEHENMEE S — 1N EEARSEE (H) %8 (W) « FyRE (R

B, C) HIMERF. PSRBT Y, XY kA2, & SHe
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CNN

L AR ARAE
/_—I:TZIK o
Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

227x227 55x55 27x272  13x13 13x13 13x13 1x1 1x1 1x1
56 384 384 256 4096 4096 1000
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AlexNet

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000




AlexNet

Input Conv
1
227x227  55x55 221x227 55x55 55x55
3 96 3 96 96

11x11 filter, stride of 4
(227-11)/4+1 =55




AlexNet

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

227x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
256 384 384 256 4096 4096 1000

iilli--
B—E#E— ReLU
56‘ 1) )= 2 F—~ maxpool

E~ ZH8E “normalization” FrEAY

I




AlexNet — Detalls

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000

C:3

C: Size of conv
P: Size of pool




AlexNet

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000

| ' i) ==
13x13 Input, 1x1 output. /&4 32




Alexnet — 75 %2 /bZ=E17?

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000




Alexnet —F % /D257

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000

96 11x11 filters on 3-channel input
11x11x3x96+96 34,944




Alexnet = 2 /D=7

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

227x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1

256 384 384 256 4096 4096 1000

Note: max pool to 6X6

4096 6x6 filters on 256-channel input
6x6x256x4096+4096 = 38 million




Alexnet = 2 /D=7

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1

3 96 256 384 384 256 4096 4096 1000

4096 1x1 filters on 4096-channel input
1x1x4096x4096+4096 = 17 million
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 Imagenet Largescale Visual Recognition Challenge
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Figure Credit: O. Russakovsky
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LA 3] A4

Figure Credit: Karpathy and Fei-Fei
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Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000

CNN 2 Ht 7 13x13x256 % H 2 |2 25 Y] 2%
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Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7
227x227  55x55  27x27  13x13  13x13  13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000
CNN #2iX | 1=
1x1x4096 [PJRFE o228 XK) 5%
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Input Conv Conv Conv Conv Conv
1 2 3 4 5

227x227  55x55  27x27  13x13  13x13  13x13
3 96 256 384 384 256

CNN 2 Ht 7 13x13x256 % H
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Figure Credit: Girschick et al. CVPR 2014,
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B. Zhou et al. Learning Deep Features for Discriminative Localization. CVPR 2016.
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3x3 JEVH

[ 57 B 7XT pixels
ZH & 49
RelLUs: 1

L] JBSZ B 7XT pixels
ZH & 3x3x3=27
RelLUs: 3
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VGG16

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

224x224 224x224 112x112 56x56  28x28  14x14 1x1 1x1 1x1
128 256 512 512 4096 4096 1000

' " . NENE
Fr B 33508 3x3 K/

AT & A% RelLU
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Batch Normalization

AT RIFIL— M= AR T IR IS 5 5 >

Y ’ Data Y
A ‘ Data

Mean(x) = Mean(Y) =0 Mean(x) = Mean(Y) =0
Var(x) !=Var(y) =0 Var(x) = Var(y) =1
Cov(x,y) =0 Cov(x,y) =0



Batch Normalization

% Idea: (Batch Norm) ¥ #it &= H—1k,
v @0 gy g g\ B 4 o AR,
B2 2 23 1 R 4T 1
A, BT R

‘ VI =

Mean(x) = Mean(Y) =0
Var(x) = Var(y) =1

S. loffe and C. Szegedy. Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift.
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K. He et al. Deep Residual Learning for Image Recognition. CVPR 2016
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B. Zhou et al. Learning Deep Features for Discriminative Localization. CVPR 2016.
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CNN#¢1t+—— Batch Normalization

AT RIFIL— M= AR T IR IS 5 5 >

Y ’ Data Y
A ‘ Data

Mean(x) = Mean(Y) =0 Mean(x) = Mean(Y) =0
Var(x) !=Var(y) =0 Var(x) = Var(y) =1
Cov(x,y) =0 Cov(x,y) =0
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K. He et al. Deep Residual Learning for Image Recognition. CVPR 2016
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AlexNet

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

2217x227 55x55 27x27 13x13 13x13 13x13 1x1 1x1 1x1
3 96 256 384 384 256 4096 4096 1000




VGG16

Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7

224x224 224x224 112x112 56x56  28x28  14x14 1x1 1x1 1x1
128 256 512 512 4096 4096 1000

' " . NENE
Fr B 33508 3x3 K/

AT & A% RelLU




Inception Nets (2014+)

5x5 convolutions

Filter
concatenation

3x3 convolutions

ERBRAS

rg/pdf/1409.4842.pdf

https://arxiv.o



ResNet (2015)

X |
v
weight layer
F(x) l relu x
weight layer identity

https://arxiv.org/pdf/1512.03385.pdf
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“AlexNet”
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“GoogLeNet”

e =T g Pl

[Krizhevsky et al. NIPS 2012]  [Szegedy et al. CVPR 2015]

“VGG Net”

(_tmage |

conv-64

[Simonyan & Zisserman,
ICLR 2015]

g et al. CVPR 2046]
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Group Convolution &2
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Group Convolution &2
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MobileNet (20 17) . iU J7 % Depthwise separable convolutions
BB
Standard Convolution Block Depthwise Separable Convolution
Total cost: 9C2HW Total cost: (9C + C2)HW
RelLU
f
Re:_U Batch Norm
f
BatchTNorm C2H Conv(1x1, C->C) “Pointwise Convolution”
Conv(3x3, C->C)|  9C2HW W ol
f
Batch Norm
Speedup = 9C?/(9C+C?) Conv(3x3, C-C | |
- 9C/ (9 + C) 9CHW aroups=C) Depthwise Convolution

=> 9 (as C->inf)

Howard et al, “MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications”, arXiv
2017 Chollet, “Xception: Deep Learning with Depthwise Separable Convolutions”, CVPR 2017



MobileNet (2017)

o 5 Inception\V3 2T (1) v &
o REMIEEL, +hZz—MZH

Table 8. MobileNet Comparison to Popular Models

Model ImageNet Million Million
Accuracy Mult-Adds Parameters
1.0 MobileNet-224 70.6% 569 4.2
GoogleNet 69.8% 1550 6.8
VGG 16 71.5% 15300 138

Table 9. Smaller MobileNet Comparison to Popular Models

Model ImageNet Million Million
Accuracy Mult-Adds Parameters
0.50 MobileNet-160 60.2% 76 1.32
Squeezenet 57.5% 1700 1.25
AlexNet 57.2% 720 60

Table 10. MobileNet for Stanford Dogs

Model Top-1 Million Million
. - — — Accuracy Mult-Adds Parameters
Layer/Modlﬁcatlon Million Million Inception V3 [ ] 84% 5000 23.2
i 1.0 MobileNet-224 83.3% 569 3.3
- Mult-Adds _ Parameters 0.75 MobileNet-224 81.9% 325 1.9
Convolution 462 2.36 1.0 MobileNet-192  81.9% 418 3.3
Depthwise Separable Conv 52_3 0.27 0.75 MobileNet-192 80.5% 239 1.9

https://arxiv.org/pdf/1704.04861.pdf
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Image credit: Coco dataset



HERR

Top 1 Error Top 5 Error

Best Pre-Deep (~2012) - 26.2%
Alexnet, 2012 43.5% 20.9%
VGG-16, 2014 28.4% 9.6%
ResNet-50, 2015 24.7% 7.8%
ResNet-152, 2015 21.7% 5.9%
ResNet-50 done better, 2018 20.7% 5.4%
Swin Transf., 2021 15.5% -

ConvNeXt, 2022 14.5% -

CoAtNet-7* 2021 (2B params!) 9.1% -

Human* - 5.1%

Many results from https://paperswithcode.com/sota/image-classification-on-imagenet . I am missing loads of great papers, and the numbers
depend on tons of practical details. *Human — this number is from Andrej Karpathy and isn’t really human performance with training but a
ballpark. Resnet-50 one better = “Bag of Tricks for Image Classification with Convolutional Neural Networks”, He et al.
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 AlexNet: weights ~ Normal(0,0.01), bias = 1
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Quick Quiz

Horizontal Color Image
Flip Jitter Cropping
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YZECNN — Fine-tuning 784
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Bau and Zhou et al. Network Dissection: Quantifying Interpretability of Deep Visual Representations. CVPR 2017.



— Rtk

» <10K images: FI Tl ZrRFAE
o FKITHBE ZR L finetune
« >100K images: M kIl Zx

* JEDEI\%: ﬁ/ﬁ_‘/é ?



B

1: RIRH] g

Input

2217x227
3

15 RKExS



Bl RRH AGEE 5 REFE

Input SIFT

227?;227 22?2(;27 al . B] PL3E T B R
BT R AR T 724
ME R H FEH AT

AN ML
— FONRE L
Dense AESIORETE
SIFT S REEASSE
(a few ASECURZE

layers)




Al grRRA RSRE 5 IRE R

Bag of Words
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