Convoluted Neural
Network

Stanford CS231n
http://cs231n.stanford.edu/slides/2016/winter1516_lecture7.pdf
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Motivation

Blectrical signal

A bit of history: i i o]
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Preservation of locality

A bit of history

Topographical mapping in the cortex:
nearby cells in cortex represented
nearby regions in the visual field




Hypothesis

Hierarchical organization

Hubel & Weisel featural hierarchy
topographical mapping




First math model

“sandwich” architecture (SCSCSC...)

A b|t Of h|Story simple cells: modifiable parameters

complex cells: perform pooling

Ue

Neurocognitron
[Fukushima 1980]
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ZAHRIA by LeCun

A bit of history:

Gradient-based learning
applied to document ae & N
recognition M
[LeCun, Bottou, Bengio, Haffner Tou. | Tansormer
1998]




Alexnet
A Dbit of history:

ImageNet Classification with Deep
Convolutional Neural Networks
[Krizhevsky, Sutskever, Hinton, 2012]

“AlexNet”



Classification Retrieval

[Krizhevsky 2012]



[Faster R-CNN: Ren, He, Girshick, Sun 2015] [Farabet et al., 2012]



[Taigman et al. 2014]
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Detection & Localization @152X152x3 @142«142 @®71x71 @63x63 @55455 @25:25 221X21
Spatial stream ConvNet
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Temporal stream ConvNet

convi || conv2 || conv3 || convd || conv5 || fullé full?
TxTx06 || 5x5x256 || 3x3x512 11 3x3x512 || 3x3x512 || 4096 2048

__optical flow 1 - - ! . .
[Simonyan et al. 2014] [Goodfellow 2014]




Image
Captioning

A person riding a

Two dogs in the grass.
motorcycle on a dirt road. pley 9

A group of young people
playing a game of frisbee. over the puck. blowing bubbles.

food and drinks.

A yellow school bus parked In  [Vinyals et al., 2015]
a parking lot.

A herd of elephants walking A close up of a cat laying
across a dry grass fleld. on a couch.




Whale recognition, Kaggle Challenge Mnih and Hinton, 2010




reddit.com/r/deepdream
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Model Representations Model Representations

Deep Neural Networks Rival the Representation of Primate IT Cortex for Core Visual Object Recognition
[Cadieu et al., 2014]



CO”VOI UtiOn Layer Filters always extend the full
_———— depthofthe input volume

32x32x3 image /
5x5x3 filter
32 £/
Il Convolve the filter with the image
l.e. “slide over the image spatially,

computing dot products”

32




Convolution Layer
_— 32x32x3 image

5x5x3 filter w
2
the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image

32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

> wiz +b

~ 1 number:




Convolution Layer

activation map

__— 32x32x3 image

5x5x3 filter /
=
i>® ”

convolve (slide) over all

spatial locations
32 28




Convolution Layer

consider a second, green filter

__— 32x32x3 image

=

32

5x5x3 filter

convolve (slide) over all
spatial locations

activation maps

y .

b

28



For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

32

Convolution Layer

32

3

A

activation maps

We stack these up to get a “new image” of size 28x28x6!

28



Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

32

32

CONYV,
RelLU
e.g.6
S5X5x3
filters

28

28

CONYV,
RelLU
e.g. 10
5x546)
filters

10

24

CONYV,
RelLU

24



Preview JFrom recent Yann
LeCun slides]

Low-Level| |Mid-Level| |High-Level Trainable
— —_— i
Feature Feature Feature Classifier

Trained filters
in the
1st Cov layer

>

Feature visualization of convolutional net train¢ lon ImageNet from [Zeiler & Fergus 2013]
5x5 filter O|Z1 SO deep St7| M Z0f orfginal image & 73S f
O{™ feature Off BFSS=XE AlZ3lSH7| {8l =& processing & $+ A O|Ct



CEGISEEENNCIIAFARENE S ESIRET AR EE SR
one filter => .
one activation map example 5x5 filters

(32 total)

We call the layer convolutional
because it is related to convolution
of two signals:

fleylgleyl = Y Y, fln.n-glx—n,y—n,]

n] =—co n2 =—00 T

elementwise multiplication and sum of
a filter and the signal (image)
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Padding

A closer look at spatial dimensions:

activation map

_— 32x32x3 image

B 5x5x3 filter /
=
>O *

convolve (slide) over all

spatial locations
28
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w |
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Stride

A closer look at spatial dimensions:

7
7X7 input (spatially)

assume 3x3 filter
applied with stride 2
=> 3x3 output!




Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size: ?

# of parameters?




Brain/neuron 1}29]
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RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl
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Pooling

Pooling layer

- makes the representations smaller and more manageable

- operates over each activation map independently:

224x224x64

l

T —

224

pool

—_— -

112x112x64

|

— 112
downsampling

112

MAX POOLING
Single depth slice
1112 | 4

max pool with 2x2 filters

5 6|7 |8 and stride 2
3210 '
112 |3 | 4

y >




Fully Connected Layer (FC layer)

- Contains neurons that connect to the entire input volume, as in ordinary Neural
Networks

RELU RELU RELU RELU RELU RELU
CONVlCONVl CONV CONVl CONVlCONVl
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ConvNet JavaScript

* http://cs.stanford.edu/people/karpathy/convnetjs/demo/citar
0.html



Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, par.:l 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONVZ2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOLZ2: 3x3 filters at stride 2
[13x13x256] NORMZ: Normalization layer
[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] - o 4096 neurons

[4096] -~/ 4096 neurons

[1000] ~C&: 1000 neurons (class scores)

128 Mgy

pooling £

Details/Retrospectives:
- first use of RelLU

13 dense Hense

2048

1000

- used Norm layers (not common anymore)

- heavy data augmentation
- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced by 10

manually when val accuracy plateaus

- L2 weight decay 5e-4

-7 CNN ensemble: 18.2% -> 15.4%



Case StUdy ZF Net [Zeiler and Fergus, 2013]

image size 224 110 13 13 13 . i
filter size 7 13 ‘ 3
¢ 1 384 & 1 \334 = ﬁqﬁ ]
stride 2 96 3==3 e %3 max C
3x3 max pool| | contras mntrast pool 4096 4096 class
s suide: 2 RO stride 2 units| | units| | softmax
3 |
Nl 13 @3 6
Input Image L '\IISE = - -
Layer 2 Layer 3 Layer 4 Layer 5 Layer&6 Layer?7 Output
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: 15.4% -> 14.8%



Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Only 3x3 CONV stride 1, pad 1
and 2x2 MAX POOL stride 2

best model

11.2% top 5 error in ILSVRC 2013

->

7.3% top 5 error

ConvNet C‘onﬁg,uralion

A A-LRN B C D I
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers laycrs layers layers layers layers
input (224 x 224 RGB imagg)
convi-64 convi-64 conv3-64 convi-64 convi-64 convi-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
convi-128 | convi-128 | convi-128 | convi-128 § convi-128 § convi-128
conv3-128 | conv3-128 § conv3-128 § conv3-128
maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 § conv3-256 § conv3-256
conv3-256 | conv3-256 | conv3-256 | cony conv3i-256 § conv3-256
/ conv1-256 § conv3-256 § conv3-256
| et conv3-256
maxpool
convi-312 | convi-S12 | convi-312 | convs-312 § convi-312 § convi-312 |
conv3-512 | conv3-512 | conv3-512 | conv3-512 § conv3-512 § conv3-512
convl-512 § conv3-512 § conv3-512
conv3-512
maxpool
conv3-512 | conv3-S12 | conv3-512 | conv3-S12 § conv3-512 § conv3-S12
conv3-512 | conv3i-512 | conv3-512 | conv3-512 § conv3-512 § conv3-512
convl-512 § conv3-512 § conv3-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max
Table 2: Number of parameters (in millions).
Network A A-LRN B 0 D E |
Number of parameters 133 133 | 134 | 138 | 142




Case StUdy GoogLeNet [Szegedy et al., 2014]
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1x1 convolutions

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
4 - | i
x1 convalutions 1 convolutions 3x3 max poaling
Previous layer
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Inception module

ILSVRC 2014 winner (6.7% top 5 error)
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Case Study ResNet Heetal, 2015

ILSVRC 2015 winner (3.6% top 5 error)

Research

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote vann) 152-layer nets
* ImageNet Detection: 16% better than 2nd
* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

iccv

Slide from Kaiming He's recent presentation https://www.youtube.com/watch?v=1PGLj-uKT1w




Research

Revolutlon of Depth

152 layers
A
\
\
\
\
\
\
‘ 22 layers ' | 19layers
\ 6.7

3.57 l- p— I l 8 layers I 8layers , shallow

ILSVRC'1S  ILSVRC'14 ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

Iccv:

e e

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015

(slide from Kaiming He’s recent presentation)




Case Study Bonus: DeepMind’s AlphaGo

..:zﬁ
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The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x 5 with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves k filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k = 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k= 128, 256 and 384 filters.

policy network:

[19x19x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 => [19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 => [19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)



Summary

- ConvNets stack CONV,POOL,FC layers
- Trend towards smaller filters and deeper architectures
- Trend towards getting rid of POOL/FC layers (just CONV)
- Typical architectures look like
[([CONV-RELU)*N-POOL?1*M-(FC-RELU)*K,SOFTMAX
where N is usually up to ~5, M is large, 0 <= K <= 2.
- but recent advances such as ResNet/GoogLeNet
challenge this paradigm +




