Lecture 9: Convolutional networks



Announcements

e PyJlorch tutorial tonight!
- 5:30 - 7:00 in EECS 1200
- Jotally optionall Recording, notes will be available.

e

o PS4 out. Similar in difficulty to PSS.

e PS1 grades and solution will be out next week
- 1 week for regrade requests

e Reading: Deep Learning book by Goodfellow et al.

EECS 504 PyTorch tutorial

Introduction

Running on GPU



Image classification
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Image X label y

Source: Isola, Torralba, Freeman



Image classification

What should these be”
- A

= || || || [ — |“FiSh”

Image X label y
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Fully-connected network

Fully-connected (fc) layer

® X |sreally big! E.g. 256 x 256

<~ 00000

) e |f a feature is useful in one
location, It should be usetul In
others, 100

5



Can we use convolution in a neural network?

6 Source: Isola, Torralba, Freeman



Locally connected network

00000000

% Often, we assume output is a
O—0O local function of input.

O—0O

% If we use the same weights
O—0O (weight sharing) to compute
y g(y) each local function, we get a

convolutional neural network.
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Convolutional neural network

Conv layer
8 W BO—O:: Each output unit is computed
O ®—O from an image patch.
@ @O
O O—0O
8 O If we use the same weights
O O—-O (weight sharing) to compute

y 9(y) each local function, we get a
convolutional neural network.
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Weignt sharing

Conv layer

Each output unit is computed

from an image patch.

-

If we use the same weights

g

(weight sharing) to compute
y g(y) each local function, we get a
convolutional neural network.
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Toeplitz matrix
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Recall: convolution Is a linear function

L ~~ Q8 O O
~—— Q T O L
S OO &, D

(1)

e Constrained linear layer
* Fewer parameters: easier to learn, less overtfitting
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e.d., pixel image

Source: Isola, Torralba, Freeman



Convolution layers can be applied to arbitrarily-sized inputs

11 Source: Isola, Torralba, Freeman



12

(D

Source: Isola, Torralba, Freeman



(I+1)
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Different interpretations of convolutional layers

. Equivariant with translation: f(translate(z)) = translate(f(z))

Pf ?I

. Patch processing (Markov assumption) , el
Ve if
ye

. Image filter

O

. Parameter sharing %

==
L3

. A way to process variable-sized tensors

14
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What if we have color?

(And multiple input channels in general)

15 Source: Isola, Torralba, Freeman



Multiple channels

Conv layer
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Multiple channels

Conv layer
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Multiple channels

Conv layer

QNXCU) %NXC”“)

Wc(l—l—l)
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18 Source: Isola, Torralba, Freeman



Multiple channels: Example

(1) < (41)

128
I:{> Filter Bank with I:{>
3x3 filters
128

3 96

128

128

How many parameters does each filter have?
(a) 9 (b) 27 (c)96 (d) 2592
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Multiple channels: Example

(1) < (41)

128
I:{> Filter Bank with I:{>
3x3 filters
128

3 96

128

128

How many parameters total does this layer have”
(a) 9 (b) 27 (c)96 (d) 2592
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Filter sizes

When mapping from

x(D & RHXWXCY _ (+1) o HXWXCHY
using an filter of spatial extent M X N

Number of parameters per filter: M X N X CV

Number of filters: CU+1D)

21 Source: Isola, Torralba, Freeman



2-dimensional

|npUt features A bank of 2 filters Output features

)

2
J
)

: 0
Y,

y
HxWxCW N HxWxcU+h)

[Figure from Andrea Vedaldi]
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Image classification

—_— ReLU ReLU RelU ———— |“Figh”

Image X label y

23
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Recall: pyramid representations
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Gaussian Pyramid Laplacian Pyramid
How can we use multi-scale modeling in CNNs?

24
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Filter

00000000
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Pooling

Pool

Imax
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2 00000000

Max pooling
2z, = max g(y,)
JEN ()T

Source: Isola, Torralba, Freeman



Filter

00000000

N
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Pooling

Pool
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2 00000000
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Max pooling
2z, = max g(y,)
JEN ()T

Mean pooling

Zk = Viﬂ Z 9(y;)

JEN(5)

Source: Isola, Torralba, Freeman



Pooling — Why?

Pooling across spatial locations achieves
stability w.r.t. small translations:

Imax

27
Source: Isola, Torralba, Freeman



Pooling — Why?

Pooling across spatial locations achieves
stability w.r.t. small translations:

large response
regardless of exact
position of edge

28
Source: Isola, Torralba, Freeman



Pooling — Why?

Pooling across spatial locations achieves
stability w.r.t. small translations:

29
Source: Isola, Torralba, Freeman



Pooling — Why?

Pooling across feature channels (filter outputs)
can achieve other kinds of invariances:

large
response for
any edge,
regardless of
Its orientation

[Derived from slide by Andrea Vedaldi]
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Computation in a neural net
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Filter

00000000

Downsampling

Pool and downsample
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Filter

00000000

Py HO x W 5o

Downsampling

Downsample

O O
O
O O
O—0O

O
O—0
O—0O O
O
y 9(y) 2
s %H(l_l_l)XW(H_l)XC(H_l)
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Strided operations

Conv layer

Strided operations combine a

W — 00 given operation (convolution or

Stride 2 pooling) and downsampling into
a single operation.

@O
-0 Strided convolution is an
alternative to pooling layers:
Y g(y) just do a strided convolution!

0000000
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Computation in a neural net
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Receptive fields

36
Source: Isola, Torralba, Freeman



Receptive fields

Pool and . Pool and
O downsample by 2 3x1 Filter downsample by 2
O
O
O
O O O
O O O
Q- O O O
@ —@- O O
o —@— —— —@)- _®
@ O
O O

RF = RF*2 RF = RF +floor(3/2)2  RF = RF*2

K kernel size K scale factor

37 Source: Isola, Torralba, Freeman
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Effective Receptive Field
Contributing input units to a convolutional filter. @jimmfleming // fomoro.com

Input Features

7 // 2 Convolution
Each filter sees 7 input units

Convolutional Features _

2 // 2 Max Pool

Each filter sees 9 input units

Max Pool Features

3 // 1 Convolution
Each filter sees 17 input units

Features .
Conv1D Filter [

Padding or Stride

Convolutional Features Receptive Field

[http://fomoro.com/tools/receptive-fields/index.html] 33
Source: Isola, Torralba, Freeman



Gradients for backprop

Convolutional layers:

Option 1: Just make the giant convolution matrix and use the
fully backprop equations for fully connected layers!
Early deep learning frameworks did this.

Option 2: Use a more optimized implementation. Result looks
similar to convolution.

Max pooling: similar to RelLU gradient.
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Local vs. global processing

Across all images, which is higher:

(1) correlation between points with
distance AA

(2) correlation between points with
distance AB

(3) can’t say
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Local vs. global processing

0.95

O
©

Normalized correlation

0.85
0 100 200 300

A x (pixels)

[Simoncellj; Statistical Modelling of Photographic Images, 2005]



CNNs — Why?

Statistical dependences between pixels decay as a power law of distance
between the pixels.

It is therefore often sufficient to model local dependences only. —> Convolution

More generally, we should allocate parameters that model dependencies In

proportion to the strength of those dependences. —> Multiscale, hierarchical
representations

[For more discussion, see “Why does Deep and Cheap Learning Work So Well?”, Lin et al. 2017]

42 Source: Isola, Torralba, Freeman



Some networks

... and what makes them work

43 Source: Isola, Torralba, Freeman



30,0

25,0

20,0

15,0

10,0

5,0

0,0

ImageNet Classification Error (Top 5)

2011 (XRCE)

44
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2012: AlexNet

ImageNet Classification Error (Top 5) 5 conv. layers

30,0

| 11x11 conv, 96, /4, pool/2 |

 /

| 5x5 conv, 256, pool/2 |

25,0

20,0

| 3x3 conv, 384 |

3x3 conv, 384

| 3x3 conv, 256, pool/2 \

| fc, 4096 |

| fc, 4096 |

| fc, 1000 |

15,0

10,0

50

0,0 T T
2011 (XRCE) 2012 (AlexNet) Error: 16.4%

[Krizhevsky et al: ImageNet Classification with Deep Convolutional Neural Networks, NIPS 2012]

45 Source: Isola, Torralba, Freeman



Alexnet — [Krizhevsky et al. NIPS 2012]

[227x227x3] INPUT

55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0

27x27x96] MAX POOL1: 3x3 filters at stride 2

11x11 conv, 96, /4, pool/2

27x27x96] NORM1: Normalization layer

\

5X5 conv, 256, pool/2 27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2

\

13x13x256] MAX POOL2: 3x3 filters at stride 2

13x13x256] NORM2: Normalization layer

3x3 conv, 384

\ 4

3x3 conv, 384 [13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1

\

[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

3x3 conv, 256, pool/2

* [13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1
fe 4096 [6x6x256] MAX POOL3: 3x3 filters at stride 2

* [4096] FC6: 4096 neurons
fc, 4096

* [4096] FC7: 4096 neurons
fc, 1000

Jyayyas

[1000] FC8: 1000 neurons (class scores) 46
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11x11 conv, 96, /4, pool/2

5x5 conv, 256, pool/2
3x3 conv, 384
3x3 conv, 384
3x3 conv, 256, pool/2
fc, 4096

fc, 4096

fc, 1000

What filters are learned?

47
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What filters are learned?

Source: Isola, Torralba, Freeman



Get to know your units

i
I
! +
x

11x11 convolution kernel
(3 color channels)

49
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Get to know your units

fx

50
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Get to know your units

Afy

fx

51
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Get to know your units

Afy

52
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Get to know your units

Afy

H

fx
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Get to know your units

Afy

fx
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Get to know your units

Afy

55
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Get to know your units
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\

[Hubel and Wiesel 59]

Electrical signal
from brain R
Recording electrode —— - 5, ’:;
Visual area
of brain

57

oriented filter

Source: Andrea Vedaldi



Biological visual system

e D. Hubeland T. Wiesel (1959, 1962, Nobel Prize 1981)

* Visual cortex consists of a hierarchy of simple, complex, and hyper-
complex cells

Hubel & Weisel featural hierarchy
topographical mapping |
hyPer-compIex/\ O high level
cells
* e < )
complex cells CD mid level
simple cells

&0 SN < i low level

o3 Source: S. Lazebnik



History: Neocognitron
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T
edge recognition
extraction layer

K. Fukushima, 1980s

hitps://en.wikipedia.orq/wiki/Neocognitron

iInput
layer

contrast
extraction

Source: S. Lazebnik


https://en.wikipedia.org/wiki/Neocognitron
https://en.wikipedia.org/wiki/Neocognitron
https://en.wikipedia.org/wiki/Neocognitron
https://en.wikipedia.org/wiki/Neocognitron

History: LeNet-5

C3:f. maps 16@10x10
INPUT C1: feature maps S4:f. maps 16@5x5

6@28x28
C5 layer F6 layer OUTPUT

32x32 S2: f. maps

6@14x14 l r
‘ FuII conrlectlon Gaussnan connections

Convolutions Subsampling Convolutlons Subsampllng Full oonnectlon

e

2 K3
=l 7
EN 1
'é-il
BE- -
Bl A -
at
5 9
B B
-1
~

Neocognitron + backpropagation

Average pooling

Sigmoid or tanh nonlinearity

Fully connected layers at the end

Trained on MNIST digit dataset with 60K training examples

-y ot
=
1 1is ll "
U b

W N
n -

I

JI | B
Il I &

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, Gradient-based learning applied to document
recognition, Proc. IEEE §&p(11): 2278-2324, 1998.

Source: S. Lazebnik



http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf
http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

ImageNet Challenge

 ~14 million labeled images, 20k classes
* Images gathered from Internet

* Human labels via Amazon MTurk

* ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC):

1.2 million training images, 1000 classes

www.Iimage-net.org/challenges/LSVRC/

61
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http://www.image-net.org/challenges/LSVRC/

30,0

25,0

20,0

15,0

10,0

5,0

0,0

ImageNet Classification Error (Top 5)

2011 (XRCE)

|

2012 (AlexNet)

T

62
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2014: VGG
16 conv. layers

ImageNet Classification Error (Top 5)

3x3 conv, 64

v

3x3 conv, 64, pool/2

30,0

3x3 conv, 128

3x3 conv, 128, pool/2

25,0

3x3 conv, 256

\

3x3 conv, 256

\

3x3 conv, 256

3x3 conv, 256, pool/2

20,0

3x3 conv, 512

15,0 3x3 co!v, 512
3x3 coﬁv, 512
3x3 conv, !12, pool/2
10,0 3x3 co!v, 512
3x3 co!v, 512
3x3 co!v, 512
5,0 v
3x3 conv, 512, pool/2
l: fc, 4*096
0,0 - . . ) fc, 4*096

v
2011 (XRCE) 2012 (AlexNet) 2013 (ZF) 2014 (VGG) fc, 1000

Error: 7.3%

[Simonyan & Zisserman: Very Deep Convolutional Networks
Source: Isola, Torralba, Freeman 63 for Large-Scale Image Recognition, ICLR 2015]




VGG-Net [Simonyan & Zisserman, 2015}

2014: VGG
16 conv. layers

Main developments

e Small convolutional kernels: only 3x3

e Increased depth (5 -> 16/19 layers)

(€13 [€3 (A2 42 (€42 (42142 42 142 G192 (€42 (42 (9L [€: 4-*

Error: 7.3%

64 Source: Isola, Torralba, Freeman



Chaining convolutions
3x3 3x3

OI=

5x5

25 coefficients, but only
18 degrees of freedom

9 coefficients, but only
6 degrees of freedom.
Source: Isola. Torralba, Ereeman Only separable filters... would this be enough?



Dilated convolutions

55 /X1
3x3 a|0|b|0]C
0/0(0|0|O0
O|ld|0|e|O0|f =
0/ 0]0(0]O0
g | O|h|O] i

25 coefficients
9 degrees of freedom

49 coefficients
18 degrees of freedom

What is lost?

[https://arxiv.org/pdi/1511.07122.pdf]

Source: Isola, Torralba, Freeman



(a) (b)

Figure 1: Systematic dilation supports exponential expansion of the receptive field without loss of
resolution or coverage. (a) F7 1s produced from Fy by a 1-dilated convolution; each element in F7
has a receptive field of 3 x 3. (b) F3 1s produced from F7 by a 2-dilated convolution; each element
in F5 has a receptive field of 7x 7. (¢) F3 1s produced from F5 by a 4-dilated convolution; each
element 1n Lo has a recentive field o ‘ e number of narameters associated with each lave

1s 1dentical} The receptive field grows exponentially while the number of parameters grows linearly.

[https://arxiv.org/pdi/1511.07122.pdf]

Source: Isola, Torralba, Freeman



ImageNet Classification Error (Top 5)

|| 1 I T t

2011 (XRCE) 2012 (AlexNet) 2013 (ZF) 2014 (VGG)

30,0

Source: Isola, Torralba, Freeman
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ImageNet Classification Error (Top 5)

2011 (XRCE) 2012 (AlexNet) 2013 (ZF) 2014 (VGG) 2014 Human 2015 (ResNet)
(GoogleNet)

30,0 -

2016: ResNet
>100 conv. layers

25,0 -

20,0 -

15,0 -

50 -

0,0 -

R e R Eet ae e yRa Rt L aae

Error: 3.6%

[He et al: Deep Residual Learning for Image Recognition, CVPR 2016]

Source: Isola, Torralba, Freeman



2016: ResNet

>100 cony layers | ReSNet [He et al, 201 6]

Main developments

* Increased depth possible
through residual blocks

X
weight layer

relu

X

weight layer

SULUBBUUELU LS UUEULUULEEBUSLLVBEEELLEYY

identity

SyLLYY

Errdr: 3.6% 20

Source: Isola, Torralba, Freeman



Residual Blocks

weight layer

X
identity

Source: Isola, Torralba, Freeman 71



Residual Blocks

. Why do they work?
!
F(x) _1—lwelght Iraeylir\ e Gradients can propagate faster
welght layer / dentity (via the identity mapping)
F(x) + x

relu

e \Within each block, only small
residuals have to be learned

Source: Isola, Torralba, Freeman 72



If output has same size as input: If output has a different size:

X
weight layer weight layer

.F(X) - F(X) relu weight layer
ight |
dentity
+
F(x) + x F(X) +Wx  Trel

Projects into the right
dimensionality:

dim(F(x)) = dim(Wx)

Source: Isola, Torralba, Freeman



Source: Isola, Torralba, Freeman

Normalization layers

N\

h h h,
Norm RelLU ’Q
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Normalization layers

Keep track of mean and variance of a unit (or a population of units) over time.
Standardize unit activations by subtracting mean and dividing by variance.

Sguashes units into a standard range, avoiding overflow.

Also achieves Invariance to mean and variance of the training signal.

Both these properties reduce the effective capacity of the model, I.e.
regularize the model.

75 Source: Isola, Torralba, Freeman



Source: Isola, Torralba, Freeman

Normalization layers

Rel. U

OO0O00OO0r

VH



Source: Isola, Torralba, Freeman

Normalization layers

Rel. U

OO0O00OO0r

VH



Source: Isola, Torralba, Freeman

Normalization layers

Rel. U

O@OOOF

VH



Batch normalization

Average and standard deviation
each filter response, estimated
Filter value in a CNN layer over whole batch.

~ hk — “:[hk]
v/ Var|hg]

Normalize w.r.t. a single hidden unit’'s pattern ot activation over training examples
(a batch of examples).

[Figure from Wu & He, arXiv 2018] [loffe & Szegedy, 2015]

79 Source: Isola, Torralba, Freeman



Normalization layers

Layer Norm Instance Norm

S
(AN 52
WMy gf

N\ g8

& . ’ N

Normalize w.r.t. the mean and variance of the activations of all the hidden units
(neurons) on this layer (c) that process this particular location (h,w) in the image.

[Figure from Wu & He, ECCV 2018]

80 Source: Isola, Torralba, Freeman



Normalization layers

[Instance Norm Group Norm

Layer Norm

All used in CNNs, especially when batch size is small.

[Figure from Wu & He, ECCV 2018]

Source: Isola, Torralba, Freeman
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