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HFStanford cs231n, Lecture 5: Image Classification with CNNs
http://cs231n.stanford.edu/2021/slides/2021/lecture_5.pdf
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Divide image into 8x8 pixel regions
Within each region quantize edge
direction into 9 bins

Dalal and Triggs, "Histograms of oriented gradients for human detection,” CVPR 2005
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Example: 320x240 image gets divided
Into 40x30 bins; in each bin there are
9 numbers so feature vector has
30*40*9 = 10,800 numbers
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patches of “visual words”
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Fei-Fei and Perona, “A bayesian hierarchical model for learning natural scene categories”, CVPR 2005
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Feature Extraction

10 numbers giving

scores for classes

e
training

Krizhevsky, Sutskever, and Hinton, “Imagenet classification

-
{ 4 N\ with deep convolutional neural networks”, NIPS 2012.
\ / ‘ Figure copyright Krizhevsky, Sutskever, and Hinton, 2012.

L Reproduced with permission.
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.%#RE—; (Convolution Layer)

32

—0

32

Gy At 5 X ¥

3 L 8 1 6 )
0 1xl 1| 140 4134
0|0, 1x; 1 [t 24
o 0, 1, 1.8
O (P18 IS EOS (RO

| Convolved

mage Feature

12



.%#RE—; (Convolution Layer)
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.%#RE—; (Convolution Layer)
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.%#,J; (Convolution Layer)

32x32x3 El%&(image)
5x5x3 jiEies(filter)
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. #= (Zero padding)

010

0

0

0

0

EE— TMRIANTXTRE

N4
= > T
% PEKING UNIVERSITY

):I|_

. JEREEA/INA3x3, padding with 1M&ZE=>
SRl A 77!
. BERIEFEEA/NAFXF, padding with

(F-1)/2,

g0

[l | il [N I

|l
~N o W
|l

MEeIRIF/R

> Zero
> Zero
> Zero

nad wit
nad wit

BRHEEIR/N,

N 1

nad wit

n 3



B s THA @ reiry

iEikes . IREUSEPEISAHE, IMBSIFIE, B,

TEE IM[' |

M A0 :I'!' °

AlexNet: 64 filters, each 3x11x11
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.%#RE—; (Convolution Layer)
_— 32x32x3 Image
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3x32x32 iImage
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Also 6-dim bias vector:
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6 activation maps,
each 1x28x28
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Stack activations to get a
6x28x28 output image!




- ENEln

2X3X32X32
Batch of images

Also 6-dim bias vector:
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Convolution Layers Normalization Activation Function
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. HtU3—4% (batch normalization) B
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B & Xithft(MaxPooling)

Single depth slice
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max pool with 2x2 filters
and stride 2
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. Dropout
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(a) Standard Neural Net (b) After applying dropout.
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Human

Russakovsky et al
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.AIexNet-FECNNHEIﬂf

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:

[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad O
[27x27x96] MAX POOLL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOLZ2: 3x3 filters at stride 2
[13x13x256] NORMZ2: 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 POOLS3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)
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Bl GoNet-REHRER

[Simonyan and Zisserman, 2014] SOTaR FC 4096

FC 1000 FC 4096
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[ Input | | Input |

VGG16 VGG19
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ResNet-F&E15E%E

[He et al., 2015]
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56-layer
56-layer

Test
error
Training
error

Iterations Iterations
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ResNet

[He et al., 2015]

ResNet-152 715

ILSVRC’15 #kfk3E

R E M 25

JImageNet
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HRE3.57% top 5 error,
ZILSVRC’15 #1 COCO’15,
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Softmax

SIETEN »
p Ak g K F

PEKING UNIVERSITY

Pool

l
FC 1000 |
]
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3x3 conv, 64

3x3 cdnv 64

3x3 conv, 64 I>
3x3 conv 64
relu

iii o e F(X) + X
!
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3x3 conv, 128 D
3x3 conv, 128

33 coiv—,fl F(X) ‘ relu : X :
3G oy, 128 ] identity

3x3 conv, 128 ]

3x3 conv, 128 /2 |

| 3x3 conv, 64 ]
3x3 conv, 64

[ 33conv. 64 | . X
3G conv, 64 Residual block
| 3x3 conv, 64 ]
[ Pool ]
[ Input ]







