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*  You may freely use these slides, if:
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— You receive a positive confirmation email back from me.
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Agenda

Part I: Introduction

Part ll: Convolutional Neural Nets
Part Ill: Fully Convolutional Nets
Part IV: Facial Understanding

Part V: Hands-on code review
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Fully Connected Layers?

Example: + 200%200 pixel image.

* 40K input fully
connected to 40K
hidden (or output) layer.

* 1.6 billion weights!

* Generally don’t have
enough training
samples to learn that
many weights.

Ranzato CVPR’14
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Convolution Filter

Ranzato CVPR’14

+ Convolution filters apply a transform to an
image.

» The above filter detects vertical edges.
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Locally Connected Layer

+ 200x%200 pixel image.

* 40K input.

* Four 10x10 filters,
each fully connected

* 40Kx10x10x4=16M
weights....getting
better!
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Locally Connected Layer

+ 200x%200 pixel image.

* 40K input.

* Four 10x10 filters,
each fully connected

* 40Kx10x10x4=16M
weights....getting
better!

+ Can we formulate so
each filter has similar
statistics across all
locations?

Ranzato CVPR’14
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Convolution Layer

+ 200x%200 pixel image.

* 40K input.

* Four 10x10 filters,
each fully connected

* 40Kx10x10%x4=16M
weights....getting
better!

* Require each filter
has same statistics
across all locations.

» Learn filters.

Ranzato CVPR’14
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Convolution Layer

+ 200x200 pixel image.

* 40K input.

* Four 10x10 filters,
each fully connected

* 40Kx10x10x4=16M
weights....getting
better!

* Require each filter
has same statistics
across all locations.

* Learn filters.

» To learn four filters w
have 4x10x10=400

parameters- great!
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Many Flavors of CNNSs...
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VGGNet, Simonyan 2014 GoogLeNet (Inception), Szegedy 2014
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ResNet, He 2015 DenseNet, Huang 2017
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Image Convolution

By padding (filterWidth-1)/2, output image
size matches input image size

3x3 filter
sliding over
input image

input

T
Horiz pad

https://github.com/vdumoulin/conv_arithmetic
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Max Pooling- Reducing the Size of

an Image
Single depth slice
11112 | 4
max pool with 2x2 filters

5|1 6|7 | 8 and stride 2 6|8
312|11]0 314
112 (3| 4

» ©s321n, Karpathy, Li

y
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Convolution Neural Network (CNN)
Building Block

Pooling

LI

Convolution
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Putting it All Together

[[ Convolution ]—[ Pooling ]]
"""’l

Input Class
image Fully Conn, |Labels
Layers
1% stage 2" stage 3" stage
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Learning Filters

32 Learned Filters, each 5x5
Ebl L1 THREIRY L PHIASTUEET BT LR

32 Filtered images, each is 28x28

Input image l
28x28

T .-.z-
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Filters

3x3 filter 3x3 filter 3x3x4 filter
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Learning Filters

32 Learned Filters, each 5x5x3
Eﬁﬂ! LU ALY P TAUSET BEC T LB

32 Filtered images, each is 28x28x1

Input image
28%28x3

T ..-. ' \\ |
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CNN Architecture

(Not so) Toy Example Output:
prediction of 1 of

10 categories
Input RGB image:

. Max Fully
64x64x3 pixels pooling x 2 Max Max M o o
pooling >< 2 pooling x 2 pooling x 2 10 classes
S N\ Vs N — N
32 " ' . -
‘t{’ j' - x : !
© © ll ES Mv
& 6 n N 2 o4
> 1 1
L & / N N
32 filters, 64 filters,
§ . . Fully
3 2 16 filters, each filter each filter is each filter is connected
i i 5x5x32. 2
Input data Filtered data is 5x5x32. 2 pixel 5_><5x16, 2 > 4x4x64%16
~ 7 pad. pixel pad. pixel pad. or
32 filters, each filter is 16 f::t‘fé_lrs, )
5x5x3. 2 pixel pad added Zaz Qer is
to top/bot/left/right so x4x64. .
filtered image is same filter, O pixel
dimension as input image. pad.
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Case

Study

[Simonyan and Zisserman]

Case study: VGGNet / OxfordNet
(runner-up winner of ILSVRC 2014)
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INPUT: [224x224x3]  memory: 224'224'3150< parems:0 (N0t counting biases)

CONVI-64: [224x224x84) memory. 224°224°C4=320M params: (3°3°3)°64 = 1728

5

CONV3-84: [224x224x84) memory: 224°224°84=3.2M garams: (3°3°64)"64 = 35,864
POOLZ [112x112x64] memory: 112°112°64=800K params: D

POOL2: [56x56x128) memory: 56°56°128=400K params: 0

POOL2: [28x28x256) memory: 28°28°256#200K perams: 0

POOL2: [14x14x512) memory: 14714°512=100K params: 0

POOL2: [Tx7x512) memory: 7°7°512=25K params: 0

CONV3-128 [112x112x128) memory: 112°112°128=1.5M params: (3'3"54
CONV3-128 [112x112x128) memory: 112°112°128=1.5M params: (3'3"128)'128 =

CONV3-256 [56x56x256) memory: 56°58°255=800K params:
CONV2-256 [56x56x256) memory: 56°58°255=200K params:
CONV2-256: [56x56x256) memory: 56°58°256=200K params:

CONV3-512 [28x28x512] memory: 26°28°512=400K params:
CONV3-812 [28x28x512] memory: 26°28°512=400K params:
CONV3-512 [28x28x512] memory: 28°28°512=400K params:

CONV3-512 [14x14x512]) memory: 14°14°512=100K params:
CONV3-512 [14x14x512) memory: 14°14°512=100K params:
CONV3-512 [14x14x512] memory: 14714°512=100K params:

(3°37128)"256 = 294912
(3°3°256)"256 = 585,824
(3°3°2656)"256 = 585,824

(3°3°256)"512 = 1,1796<8
(3°3°912)°512 = 2,359.296
(3°3°912)°512 = 2359296

(3°3°512)"512 = 2,359 296
(3°3°512)"512 = 2,359.2%
(3°3"512)"512 = 2,359 296

| Note:
Most memory in
1 early layers

s
coenv 1+ 50 | com B056 J oo 0
Com3-256 | comdlSe B oonl2l6
e 1256 oo 1256

Rl
comviedld | com BST0 N oo B512
coen3-S12 | com 3812 Becewi-SI2
comv 1512 comn1S12

| Note:

FC: [1x1x4096] momory: 4096 params: 7°7°512°4096 = 102.760.448
FC: [1x1x4096] memory: 4096 params: $096°3096 = 16.777.216
FC: Mx1x10001 memory: 1000 params: 409671000 = 4.096.000
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Most parameters
—_ in FC layers -
FCI0W0
[ —
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CNN Visualization

Zeiler, Fergus, 2014

R. Ptucha 20
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CNN Visualization

30

Zeiler, Fergus, 2014
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CNN as Vector Representation

LR

Input Image 2D Plot of fc8 Feature Vector  Image of fc8 Feature Vector

FC-4096

FC-1000

conv-512
conv-512
maxpool
FC-4096

R. Ptucha ‘20 33
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CNN as Vector Representation

.3333 kiRl

* As it turns out, these fully connected layers are excellent
descriptors of the input image!

» For example, you can pass images through a
pre-trained CNN, then take the output from a FC
layer as input to a SVM classifier. (image2vec)

* Images in this vector space generally have the property
that similar images are close in this latent representation.

R. Ptucha 20 34

conv-256
conv-256
conv-512
conv-512
conv-512
conv-512
FC-4096
FC-4096
FC-1000
softmax

34
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deeplearning.ai | couUrsera

Andrew Ng

https://www.deeplearning.ai/

Deep Learning Specialization,

Five courses:

Neural Networks and Deep Learning
Improving Deep Neural Networks
Structured Machine Learning Projects
Convolutional Neural Networks
Sequence Models

A
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Li, Johnson, Yeung
http://cs231n.stanford.edu/ |
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Thank you!!

Ray Ptucha
rwpeec@rit.edu

https://www.rit.edu/mil
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