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Overview Today’s Lecture

o “Standard” Neural Networks

» from linear classifiers to multi-layer neural networks (e.g. perceptrons)

e Convolutional Neural Networks (CNNs)
» motivation

» convolution layer + activation function + pooling + fully connected layer
» visualizing layers

» depth matters
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“Standard” Neural Networks



Classification Problem

 E.g.: Image classification:

(assume given set of discrete labels)
{dog, cat, truck, plane, ...}

> cat

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Parametric Approach: Linear Classifier

f(x,W) = Wx

10 numbers giving
2 g f(x’;N) " class scores

Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Linear Classifier: Three Viewpoints

Algebraic Viewpoint Visual Viewpoint Geometric Viewpoint
f(x,W) = Wx One template Hyperplanes
per class

cutting up space

Stretch pixels into column

plane car bird cat deer
" 3 u.z ahs n“ Z-D | 1.1 .'aa Cat e . ' . . !
e 231 I
> 1.5 |13 |21 | 00 | [ 4| 32 =
1.2

= | 4378 | Dog score

i / dog frog horse ship truck
T 0 |025| 02 |03 = 61.95 | Ship score
Input image 2 i i
W b e |
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Hard Cases for a Linear Classifier

Class 1: Class 1: Class 1:

First and third quadrants 1<=L2norm<=2 Three modes
Class 2: Class 2_: Class 2_:
Second and fourth quadrants Everything else Everything else

€
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Linear Classification

Neural Network

Linear
classifiers

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

(#7
‘fi‘ ini p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele



“Standard” Neural Networks

(Before) Linear score function: f = Wz

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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“Standard” Neural Networks

(Before) Linear score function: f = Wz
(Now) 2-layer Neural Network  f = Wa max (0, Wix)

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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“Standard” Neural Networks

(Before) Linear score function: f = Wz
(Now) 2-layer Neural Network  f = Wa max (0, Wix)

3672 100 10

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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“Standard” Neural Networks

(Before) Linear score function: f = Wz
(Now) 2-layer Neural Network ~ f = Wy max(0, Wix)

3072

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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“Standard” Neural Networks

(Before) Linear score function: f = Wz

(Now) 2-layer Neural Network  f = Wa max (0, Wiz)
or 3-layer Neural Network

f = W3 max(0, Wz max(0, Wiz))

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Some Inspiration from the (Human) Brain

Impulses carried toward cell body

\ dendrite

axon

presynaptic
terminal

cell body— =

Impulses carried away

from cell body

| Wy

This imgge by Felipe Perucho
s licensed under CC-HY 20 axon from a neuron

sigmoid activation function
1

l+e™

Zwim@ +b
5

*@ synapse
woTo

cell body f (E Wiz + b)
output axon

activation
function

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Some Inspiration from the (Human) Brain

e Be careful with your brain analogies...

e Biological neurons:
» many different types
» dendrites can perform complex non-linear computations

» synapses are n ot a single weight but a complex non-linear dynamical system
» e.g. [Dendritic Computation, London & Hauser]

)&}

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Activation Functions

Activation functions

Sigmoid ] Leaky ReLU
14e—® |

Maxout
max(wi z + by, w3l x + ba)

RelLU ELU J
z 2 =
maX(O, CL') e y {a(e‘“ —-1) z<0 -a To

-2

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Neural networks: Architectures

put layer

output layer
input layer input layer
hidden layer hidden layer 1 hidden layer 2

“3-layer Neural Net”, or
“2-layer Neural Net”, or “2-hidden-layer Neural Net”

“1-hidden-layer Neural Net” “Fully-connected” layers

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Example feed-forward computation of a neural network

input layer

hidden layer 1 hidden layer 2

f = lambda x: 1.0/(1.0 + np.exp(-x)) # act
X = np.random.randn(3, 1) # put
hl = f(np.dot(Wl, x) + bl)

h2 = f(np.dot(W2, hl) + b2) #

out = np.dot(W3, h2) + b3 #

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Summary

e We arrange neurons in fully-connected layers

 The abstraction of a layer has the nice property that it allows us to use efficient
vectorized code (e.g. matrix multipliers — se previous slide)

e Neural networks are not really neural :)

e Next: Convolutional Neural networks

: slide credit: Fei-Fei, Justin Johnson, Serena Yeung
lﬁ\;{

v

” ini p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele 19



‘7 ' l I I I max planck institut Saarland Informatics
j informatik Campus

Convolutional Neural Networks (CNNs)



So far: Neural Networks

Linear score function: F =Wz
2-layer Neural Network f = Wamax(0, W;z)

X | W1 h | W2 S

3072 10

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

7R
s nn p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele 21



Now: Convolutional Neural Networks

Fully Connected

Image Maps

Input

/

Convolutions
Subsampling

lllustration of LeCun et al. 1998 from CS231n 2017 Lecture 1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A bit of history...

The Mark | Perceptron machine was the first
Implementation of the perceptron algorithm.

The machine was connected to a camera that used
20x20 cadmium sulfide photocells to produce a 400-pixel
Image.

f(2) 1 fw-z24+06>0
T)=

recognized | 0 otherwise
letters of the alphabet %

update rule:

wi(t +1) = wi(t) + ald; — y;(t)) ;.

Frank Rosenblatt, ~1957: Perceptron

This image by Rocky Acosta is licensed under CC-BY 3.0

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

G”lllpll
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A bit of history...
8Ep - 8Ep 80pj

recognizable math

input output
pattern pattern p
error
Ep

Rumelhart et al., 1986: First time back-propagation became popular

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A blt Of hIStOry- N - A (N Decoder

weo
[Hinton and Salakhutdinov 2006] Wi
i 500 ' i ITE l
g | Ws | W2
. . ; < | _ i : T
Reinvigorated research in & =" | il
Deep Learning W " mm B o]
g i i
£ oo ]| | |
Iz ]
E_ -.‘1 E iEncoder
--_---;r:e-t.;eﬁr;i-n_g -------- RBM-initialized autoencoder Fine-tuning with backprop

lllustration of Hinton and Salakhutdinov 2006 by Lane
Mclntosh, copyright CS231n 2017

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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First strong results HIIM @

pre-trainin

Acoustic Modeling using Deep Belief Networks L

Abdel-rahman Mohamed, George Dahl, Geoffrey Hinton, 2010
Context-Dependent Pre-trained Deep Neural Networks

for Large Vocabulary Speech Recognition

George Dahl, Dong Yu, Li Deng, Alex Acero, 2012

Deep Neural
Network

r t t 1
L . . : Spectrogram
Imagenet classification with deep convolutional
neura’ networks Illustration of Dahl et a:-_;szg::qz b;ol_;’ne Mcintosh, copyright
Alex Krizhevsky, llya Sutskever, Geoffrey E Hinton, 2012

- A

Figures copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A bit of history:

Hubel & Wiesel,
1959

RECEPTIVE FIELDS OF SINGLE
NEURONES IN
THE CAT'S STRIATE CORTEX

1962

RECEPTIVE FIELDS, BINOCULAR
INTERACTION

AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

1968...

I
‘_. s e
l ¢ Electrical
signal from
— brain
St|mu|us
=
Stimulus ~ Response

Cat image by CNX OpenStax is licensed
under CC BY 4.0; changes made

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Hierarchical organization Simple cells:

Response to light
orientation

Retinal ganglion cell LGN and V1 Complex cells:

receptive fields simple cells Response to light

“a orientation and movement

Hypercomplex cells:
response to movement
with an end point

s

lllustration of hierarchical organization in early visual

pathways by Lane Mcintosh, copyright C5231n 2017 NO response Re Spon se
(end point)

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A bit of history:

Gradient-based learning applied to
document recognition

[LeCun, Bottou, Bengio, Haffner 1998]

Image Maps
Input
/x
Convolutions Fully Connected
Subsampllng

LeNet-5

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A bit of history:

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

pooling

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

“AlexNet”

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

3
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Fast-forward to today: ConvNets are everywhere

Classification Retrieval

mushroom
agaric
mushroom
Jelly fungus
gill fungus

Figures copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Fast-forward to today: ConvNets are everywhere

Figures copyright Shaoging Ren, Kaiming He, Ross Girschick, Jian Sun, 2015. Reproduced with ; .
permission. ) ) Reproduced with permission. [Farabet et a,,, 20 12]
[Faster R-CNN: Ren, He, Girshick, Sun 2015]

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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‘ This image by GBPublic_PR is
\g T licensed under CC-BY 2.0

NVIDIA Tesla line

(these are the GPUs on rye01.stanford.edu)

Note that for embedded systems a typical setup
would involve NVIDIA Tegras, with integrated
GPU and ARM-based CPU cores.

Photo by Lane MciIntosh. Copyright CS231n 2017.
self-driving cars

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Parametric Approach: Linear Classifier

f(x,W) = Wx

10 numbers giving
2 g f(x’;N) " class scores

Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Recall CIFAR10

airplane ' )ﬂ== ’i
automobile'ﬂ!ﬁﬁmﬁg
bird SR EETH K
cat .‘ﬂ@ﬁﬂﬂgﬂ 50,000 training images
e -?aﬁul.EE each image is 32x32x3
dog whREFHER AN 10,000 test ima

A S : ges.
frog p-...
horse !“.E .-
ship B e e 0 i
muck @ REENC s

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Parametric Approach: Linear Classifier

3072x1
f(x,W)|=|WK +(b | 10x1

10x1 10x3072 o
> f(x,W) ». 10 numbers giving

1‘ class scores
Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Fully Connected Layer
32x32x3 image -> stretch to 3072 x 1

input activation
Wax
L 10 x 3072 i ﬁj
3072 A 10
weights
1 number:

the result of taking a dot product
between a row of W and the input
(a 3072-dimensional dot product)

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Convolution Layer

32x32x3 image -> preserve spatial structure

32 height

3 depth

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Convolution Layer

32x32x3 image

5xox3 filter
32 (4
I Convolve the filter with the image
I.e. “slide over the image spatially,

computing dot products”

32

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Convolution Layer Filters always extend the full

T depth of the input volume

32x32x3 image /
5xox3 filter
32 (4
I| Convolve the filter with the image
I.e. “slide over the image spatially,

computing dot products”

32

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

3 I p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele 40



Convolution Layer

__— 32x32x3 image

5x5x3 filter w
L
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:

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
41
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Convolution Layer

activation map

__— 32x32x3 image

5x5x3 filter
-
@>@ B

convolve (slide) over all
spatial locations

32 28

3 1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Convolution Layer consider a second, green filter

_— 32x32x3 image activation maps
5x5x3 filter

V
= |

convolve (slide) over all
spatial locations

32 / 28

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

activation maps

32

28

Convolution Layer

32 28

LN NN NN

3 6

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

2 slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

32 28

CONV,
RelLU
eg.b6
SXD%S
filters

32 28

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

\
H

Hl
Al
\.\"'

5

2
%
!
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Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

32
CONV,
RelLU
e.g.6
XD
32 filters
3
GO P

28

28

CONV,
RelLU
e.g. 10
5x5x6
filters

10

EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele
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CONV,
RelLU

24

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

46



preview:

RELU RELU
CONV |CONV

RELU RELU
CONV | CONV

RELU RELU
CONV [ CONV

h

L E L ER TR AW

AEEABEEERS

\& AVEL)

O

car
fruck
aitplane
ship

horse

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

activation map

__— 32x32x3 image
5x5x3 filter

V
——0

convolve (slide) over all
spatial locations

32 28

3 1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
‘\:ﬂ’ ini p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele 49
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A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
‘\:ﬂ’ ini p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele 52
A% [



A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter

=> 5x5 output

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter
applied with stride 2

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A% [



A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter
applied with stride 2

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

14
/X7 input (spatially)

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

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter
applied with stride 37

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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A closer look at spatial dimensions:

14
/X7 input (spatially)

assume 3x3 filter
applied with stride 37

14 doesn’t fit!
cannot apply 3x3 filter on
/X7 input with stride 3.

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Output size:
(N - F) / stride + 1

eg.N=7,F=3:

stride1=>(7-3)/1+1=
stride 2=>(7-3)/2+1=
stride 3=>(7-3)/3+1=2.33:\

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

g
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In practice: Common to zero pad the border

0|0

0

0

0

0

e.g. input 7x7
3x3 filter, applied with stride 1

pad with 1 pixel border => what is the output?

(recall:)

(N - F) / stride + 1

e
Gormpun
L

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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In practice: Common to zero pad the border

0|0

0

0

0

0

e.g. input 7x7

3x3 filter, applied with stride 1

pad with 1 pixel border => what is the output?

7x7 output!

¢;”:; ini i
'l'.'-'\s‘:.-;""r ]
gy p

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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In practice: Common to zero pad the border

0|0

0

0

0

0

e.g. input 7x7

3x3 filter, applied with stride 1

pad with 1 pixel border => what is the output?

7x7 output!
In general, common to see CONV layers with

stride 1, filters of size FxF, and zero-padding with

(F-1)/2. (will preserve size spatially)

e.g. F = 3 => zero pad with 1
F =5 => zero pad with 2

F =7 => zero pad with 3

72

T gy
Ny p

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Remember back to...
E.g. 32x32 input convolved repeatedly with 5x5 filters shrinks volumes spatially!
(32 -> 28 -> 24 ...). Shrinking too fast is not good, doesn’t work well.

32 28 24
CONYV, CONYV, CONYV,
RelLU RelLU RelLU
e.g.6 e.g. 10
SX5x3 5x5x6
32 filters 28 filters 24
3 6 10

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Examples time: / /

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

Output volume size: ?

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

7
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Examples time: / /

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

A\
<

Output volume size:
(32+2*2-5)/1+1 = 32 spatially, so
32x32x10

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

g
l%(* ini p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele




Examples time: / /

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

Number of parameters in this layer?

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

7
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Examples time: / /

Input volume: 32x32x
10 5x5 filters with stride 1, pad 2 _/ _/

Number of parameters In this layer?
each filter has 5*5*5 + 1 = 76 params  (+1 for bias)
=>76*10 =760

= slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Summary. To summarize, the Conv Layer:

 Accepts a volume of size W; x H; x D
» Requires four hyperparameters:
o Number of filters K,
o their spatial extent F,
o the stride S,
o the amount of zero padding P.
» Produces a volume of size Wy x Hy x D, where:
o Wo=(W; —F+2P)/S+1
o Hy =(H; — F+2P)/S + 1 (i.e. width and height are computed equally by symmetry)
° D2 = 35
» With parameter sharing, it introduces F' - F' - D, weights per filter, for a total of (F'- F' - Dy ) - K weights
and K biases.
« In the output volume, the d-th depth slice (of size W5 x H>) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of .S, and then offset by d-th bias.

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Common settings:

Summary. To summarize, the Conv Layer:
K = (powers of 2, e.g. 32, 64, 128, 512)

Accepts a volume of size Wi x Hy x D, - F=3.8=1.P=1

Requires four hyperparameters:

o Number of filters K, I S = 1,P=2 _

o Shelr spatial meleat I - F=5,S =2, P="7? (whatever fits)
o the stride S, - F=1,S=1,P=0

o the amount of zero padding P.

Produces a volume of size Wy x Hy x D, where:

o Wo=(W; —F+2P)/S+1

o Hy = (H; — F 4+ 2P)/S + 1 (i.e. width and height are computed equally by symmetry)

° D2 = 35
With parameter sharing, it introduces F' - F' - D, weights per filter, for a total of (F' - F' - Dy ) - K weights
and K biases.
In the output volume, the d-th depth slice (of size W5 x H>) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of .S, and then offset by d-th bias.

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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(btw, 1x1 convolution layers make perfect sense)

1x1 CONV

o6 with 32 filters £6

(each filter has size
1x1x64, and performs a
64-dimensional dot

56 product)

64 32

56

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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The brain/neuron view of CONV Layer

__— 32x32x3 image

5x5x3 filter
el
\ 1 number:

32 the result of taking a dot product between
3 the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot product)

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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The brain/neuron view of CONV Layer

__— 32x32x3 image o . -

5x5x3 filter T
V cell body
1 number:
32 the result of taking a dot product between

3 the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot product)

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

/(o)

output axon

activation
function

It's just a neuron with local
connectivity...
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The brain/neuron view of CONV Layer

2 /]
28 An activation map is a 28x28 sheet of neuron
outputs:

1. Each is connected to a small region in the input
2. All of them share parameters

32 48 “5x5 filter” -> “5x5 receptive field for each neuron”

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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The brain/neuron view of CONV Layer

32

p 28 E.g. with 5 filters,_

I| O O O O () CONYV layer consists of
neurons arranged in a 3D grid
(28x28x5)

There will be 5 different
32 28 neurons all looking at the same
3 5 region in the input volume

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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two more layers to go: POOL/FC

RELU RELU
CONV |CONV

RELU RELU
CONV | CONV

RELU RELU
CONV [ CONV

h

L E L ER TR AW

\& AVEL)

AEEABEEERS

O

car
fruck
aitplane
ship

horse

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Pooling layer
- makes the representations smaller and more manageable
- operates over each activation map independently:

224x224x64
112x112x64

pool

E——

> S 112
224 downsampling .

112
224

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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MAX POOLING

Single depth slice
111121 4

516 |78
312|110 3|4
4

max pool with 2x2 filters
and stride 2 6 3

>

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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(Max) Pooling Layer

Accepts a volume of size W; x H; x D,
Requires three hyperparameters:
o their spatial extent F',
o the stride S,
Produces a volume of size Wy x Hy x Dy where:
o Wo=(W), —F)/S+1
o Hy :(H1 —F)/S+1
o Dy = D
Introduces zero parameters since it computes a fixed function of the input
Note that it is not common to use zero-padding for Pooling layers

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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(Max) Pooling Layer

Common settings:

» Accepts a volume of size W; x H; x D, F
» Requires three hyperparameters: =
o their spatial extent F',
o the stride S,
e Produces a volume of size Wy x Hs x Dy where:
o Wo=(W), —F)/S+1
o Hy :(H1 —F)/S+l
° D2 - D1
 Introduces zero parameters since it computes a fixed function of the input
» Note that it is not common to use zero-padding for Pooling layers

Il
W N

2
2

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Fully Connected Layer (FC layer)

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

RELU RELU ELU RELU RELU RELU
CONV JCONVJ CONV lCONVJ CONV lCONVl

-

LSV VAVERORTRTEN «—

-
-
o
=

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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S
Convolutional Neural Networks

CNNs stack CONV, POOL, FC layers
b

Trend towards smaller filters and deeper architectures
» Trend towards getting rid of POOL / FC layers (just CONV)

Typical Architecture:
>

{ (CONF+RELU) * N + POOL } * M + {FC+RELU} * K + SOFTMAX

» softmax function:

_ _ exp (—z;)
> ¢ > exp (—2)

)&}

5

W&

=
Eonmpn

4T

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Schiele
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Sl =, 110 0 I max planck institut Saarland Informatics
informatik Campus

Convolutional Neural Networks
VS.
Fully Connected Neural Networks



FULLY CONNECTED NEURAL NET

Example: 1000x1000 image
- IM hidden units
m) 10712 parameters!!

- Spatial correlation is local
- Better to put resources elsewherel

slide credit: Ranzato
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LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

Grampn

slide credit: Ranzato

84



LOCALLY CONNECTED NEURAL NET

STATIONARITY? Statistics is
similar at different locations

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

slide credit: Ranzato




7 2
ey lllpll
Ure 1

CONVOLUTIONAL NET

Share the same parameters across
different locations:
Convolutions with learned kernels

\\

. slide credit: Ranzato
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E.g.: 1000x1000 image
100 Filters
Filter size: 10x10
10K parameters

slide credit: Ranzato
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NEURAL NETS FOR VISION

A standard neural net applied to images:
- scales quadratically with the size of the input
- does not leverage stationarity

Solution:
- connect each hidden unit to a small patch of the input
- share the weight across hidden units

This is called: convolutional network.

LeCun et al. "6radient-based learning applied to document recognition” IEEE 1998

slide credit: Ranzato
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| -

CONVOLUTIONAL NET

By "pooling” (e.g., max or average) filter
responses at different locations we gain
robustness to the exact spatial location
of features.

67
Ranzato i;"
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Convolutional Neural Networks

Visualizing of Hierarchical Structure of Layers
(here: Alexnet)



Layer 1: Top-9 Patches
(from validation images that give maximal activation for a given feature map)

-
-

M 1
in |
mnn

EHar A%
e

'

ml Ein w——wr

EEE 494 "= BN
BE =l =uE |

B,
X
¥
A
& 4
]

e~8 B

“
4 =am

slide credit: Fergus
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slide credit: Fergus

Layer 2: Top-9 Patches
(from validation images that glve maximal activation for a glven feature map)
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slide credit: Fergus

Layer 3: Top-9 Patches

(from validation images that glve maximal activation for a glven feature map)
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Layer 4: Top-9 Patches

slide credit: Fergus

(from validation images that give maximal activation for a given feature map)
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Layer 5: Top-9 Patches

slide credit: Fergus

(from validation images that give maximal activation for a given feature map)

0 B

ey
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Convolutional Neural Networks

Depth Matters !



slide credit: Fergus

-
Architecture of Krizhevsky et al. (Alexnet)

* 8 layers total

Softmax Output
) 17
Layer 7: Full
) = >
Layer 6: Full
) 2
w 1, T " Em o Layer 5: Conv + Pool
Layer 4: Conv
2
e Trained on Imagenet | Layer;’gconv
dataset [Deng et al. CVPR’09] / Layer 2: Conv + Pool \
0 2 R
* 18.1% tOp-5 error Layer 1: Conv + Pool
) 2
= Input Image
Eormpn

and Geoffre

“AIexNet”

EDSAI | Machine Learning Intro | 11.11.2019 | Bernt S¢.
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Architecture of Krizhevsky et al. (Alexnet)

Softmax Output

* Remove top fully connected layer

» Layer7

e Drop 16 million parameters

* Only 1.1% drop in performance!

g

1

7
S 1n pll
Ll

Layer 6: Full

2

Layer 5: Conv + Pool

<7
Layer 4: Conv

s

Layer 3: Conv

Zh=

A

Layer 2: Conv + Pool

s

Layer 1: Conv + Pool

==
Input Image

EDSAI | Machine Learning Intro | 11.11.2019 | Bernt S¢.

slide credit: Fergus
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slide credit: Fergus

Architecture of Krizhevsky et al. (Alexnet)

Softmax Output

* Remove both fully connected layers
» Layer6 &7

° DI’Op ~50 million parameters Layer 5: Conv + Pool 1

A

e 5.7% drop in performance | Laye;;CO”V ’

Layer 3: Conv
=
Layer 2: Conv + Pool
Zs
Layer 1: Conv + Pool
s

= Input Image
\:hf ini p (| EDSAI | Machine Learning Intro | 11.11.2019 | Bernt S¢. 99
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slide credit: Fergus

Architecture of Krizhevsky et al. (Alexnet)
Softmax Output
* Now try removing upper feature =

extractor layers: Layer 7: Full
AN
» Layers3 &4 Layer 6: Full
= =
Layer 5: Conv + Pool

e Drop ~1 million parameters

e 3.0% drop in performance

~

Layer 2: Conv + Pool
Zs

Layer 1: Conv + Pool
) 2

e Input Image
\tf ini p il EDSAI | Machine Learning Intro | 11.11.2019 | Bernt Sc. 100
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Architecture of Krizhevsky et al. (Alexnet)

* Now try removing upper feature
extractor layers & fully connected:

» Layers 3,4,6,7

* Now only 4 layers

— Depth of network is key

g

1

7
S 1n pll
Ll

( Layer 5: Conv + Pool 1

Softmax Output

Layer 2: Conv + Pool

s

Layer 1: Conv + Pool

==
Input Image

EDSAI | Machine Learning Intro | 11.11.2019 | Bernt S¢.

slide credit: Fergus
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Computer Vision: ImageNet Image Classification

e 1000 classes — around 1000 images for each class

mi1':e container shi motor scooter

mite container ship motor scooter pard
o black widow lifeboat go-kart jaguar
| cockroach amphibian moped cheetah
[ | tick fireboat bumper car snow leopard
|

starfish drilling platform golfcart Egyptian cat

L —— feis - L
L * it

(e T - - ¥

) . A | a1 . v
e A S SR 4
2 - : ’ e N . -

e — " -

Wi 5 y - " ]

musnroom cherry adagascar cat

convertible agaric dalmatian sq | monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man's-fingers currant howler monkey
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Architectures get deeper

20.0 26
17.5 53
15.0 50
Q
S 125 5 16
o o
o 10.0 8 13
S 75 o .,
ko7 S 1.
>
5.0 0.7
2.5 0.3
0.0 0.0
+ o (% + o
A o \d’&q Q,’\ b’b@ SIS 2 o Vda(} A o \,G@Q e
OO N ‘QQQ 6(\6 %(\e Oog Q@‘ < 9(\ 6(\2’ %Qe
I o ¥ 7 @ I ¥ e @
2012 2015

~ 2.6x improvement in 3 years

4

b}
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Architectures get deeper

AlexNet (2012)  VGG-M (2013) VGG-VD-16 (2014)  GoogLeNet (2014)

%
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Architectures get deeper

GooglLeNet (2014) ResNet 50 (2015)
VGG-VD-16 (2014) ResNet 152 (2015)
VGG-M (2013)
AlexNet (2012) l
' ¥ ¥
16 convolutional layers > Krizhevsky, |. Sutskever, and G. E. Hinton.

ImageNet classification with deep convolutional
neural networks. In Proc. NIPS, 2012.

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S.
Reed, D. Anguelov, D. Erhan, V. Vanhoucke,
and A. Rabinovich. Going deeper with
convolutions. In Proc. CVPR, 2015.

A 4

50 convolutional layers

K. Simonyan and A. Zisserman. Very deep
convolutional networks for large-scale image
recognition. In Proc. ICLR, 2015.

K. He, X. Zhang, S. Ren, and J. Sun. Deep

: > residual learning for image recognition. In Proc.
152 convolutional layers CVPR. 2016,
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