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Fully Connected Layers
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The descriptive power of the net increases with the
number of layers.

In the case of a 1D signal, it is roughly proportional
to J[w. where W, represents the width of a layer.




Processing Digital Images
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L = e

A MxN image can be represented as an MN vector.
It can therefore be used an input to an MLP.
However the neighborhood relationships are then lost.

cprEL —> This is not the best approach.




Image Specificities

In a typical image, the values of neighboring pixels
tend to be more highly correlated than those of

distant ones.
An image filter should be translation equivariant.

—> These two properties can be exploited to
drastically reduce the number of weights required by
CNNs using so-called convolutional layers.
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1D Convolution in the Continuous Domain
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Example 1:
Convolution with a Gaussian
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e Each sample is replaces by a weighted average of its neighbors.
e This yields a smoothed version of the original signal.
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Example 2: Convolution with
the Derivative of a Gaussian

Sigma = 50
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e Convolving with the derivative of a gaussian is the same as
smoothing first and then differentiating.
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Discrete 1D Convolution

Input
1 4 1 0 2 2 1 3 3 1
w
Mask
1 2 0 1

F. Fleuret. EE-559 — Deep learning A



Discrete 1D Convolution
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Discrete 1D Convolution
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Discrete 1D Convolution
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Discrete 1D Convolution
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1D Convolution
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Discrete 1D Convolution
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Discrete 1D Convolution

Input
1 4 1 0 2 -2 1 3 3 1
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Discrete 1D Convolution

Input
f 1 4 1 0 2 2 1 3 3 1
w
Mask
1 2 0 1
m
W
Output
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m*f
W—-—w+1

) = Y, m(i)f(x i)
i=0
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Discrete 2D Convolution

Convolved image: m**tf

Convolution mask m, also known as a kernel.
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Convolution Example
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hi; =c(fi1*xx+ by 1)

This approximates an x derivative.
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2D Convolutional Layer

input neurons

999994 first hidden layer
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* The same weights wxy are used to compute all the activations.
* There are far fewer weights that 1n a fully connected layers.
* The neighborhood relationships are explicitly used. &
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Feature Maps

28 x 28 input neurons first hidden layver: 3 x 24 x 24 neurons

—d

Fiters ﬁ E

* In practice, one uses several filters, that 1s, sets of weights wyy.. to
compute several convolved versions of the input.
e These are known as feature maps. a
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Derivative Filters

giey)
dfdx gl dfdy g(x.y)
dfdx2 glx.y) d/dy2 g(x.y) d/dxdy gix.y)
-
-
dfdx3 gx.y) dfdy3 glx.y) d/dx2dy glx,y) dfdxdy2 gix,y)
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Pooling Layer

hidden neurons (output from feature map)

max-pooling units

Q0
(el

Reduces the number of inputs by replacing all
activations in a neighborhood by a single one.

Can be thought as asking if a particular feature
is present in that neighborhood while ignoring

the exact location.
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Adding the Pooling Layers

28 x 28 input neurons 3 X 24 x 24 neurons

_—

3 x 12 x 12 neurons

—

—
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The output size is reduced by the pooling layers.
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Pooling Example
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Adding a Fully Connected Layer

28 x 28 3 x 24 x 24

. 3 x 12 x 12
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Each neutron in the final fully connected layer is
connected to all neurons in the preceding one.

Deep architecture with many parameters to learn but
still far fewer than an equivalent multilayer perceptron.
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PyTorch Translation (1)

class ConvNet(nn.Module):

def __init__(nChannel=10,nHidden=50):
self.cvl = nn.Conv2d(1, nChannel, kernel_size=5)
self.cv2 = nn.Conv2d(nChannel, 20, kernel_size=5)
self.fc1 = nn.Linear(320, nHidden)
self.fc2 = nn.Linear(nHidden,10)

def forward(self,x):
x = Frelu(F.max_pool2d(self.cvi(x), 2))
x = Frelu(F.max_pool2d(self.cv2(x), 2))
X = x.view(-1, 320)
x = Frelu(self.fc1(x))
x = self.fc2(x)
return Flog_softmax(x,dim=1)

M

:U
I

r

— 3 x12x 12

[

1}
I
ooooﬁéoooo

nChannel nHidden




Without Max Pooling

28

I

v conv + relu
12 20

* conv + relu
4 .
4 7120
| 3i0 fc + relu |
l 50 |
*_ fc + relu
l 10 |
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Conv 5x5, stride TR R Wi
Max pool 2x3
Conv 5x5, Strice 2 K-yl )|
Conv 5x5, stride 1T RiRet el BV
Conv 3x3, stride 2
Springenberg et al., ICLR’15 A



PyTorch Translation (2)

class ConvNet(nn.Module):

def __init__(nChannel=10,nHidden=50):
self.cvl = nn.Conv2d(1, nChannel, kernel_size=5,stride=2)
self.cv2 = nn.Conv2d(nChannel,20,kernel_size=5,stride=2)
self.fcl = nn.Linear(320, nHidden)
self.fc2 = nn.Linear(nHidden,10)

def forward(self,x):
x = Frelu(self.cvl(x))
x = Frelu(self.cv2(x))
X = Xx.view(-1, 320)
x = Frelu(self.fc1(x))
x = self.fc2(x)
return F.log_softmax(x,dim=1)
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MNIST

S0 /1q]|2

* The network takes as input 28x28 images represented as 784D
vectors.

* The output is a 10D vector giving the probability of the image
representing any of the 10 digits.

* There are 50’000 training pairs of images and the
corresponding label, 10’000 validation pairs, and 5’000 testing

pairs.
8




Lenet (1989-1999)
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hl — [g(fl,l*X)a'“ag(fl,m*x)] .
hs = pooling(h;)
h3 — [g(fS,l X h2)7 SR 7g(f3,n X h2)]
h,; = pooling(hs)

' = Vec(hy)
hs = g(Wsh), + bs)

0 = Wghs + bg A




100 A . 2
—— Testing accuracy (1 hidden layers)
- Testing accuracy (2 hidden layers)
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Lenet Results
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20000 40000 60000 80000 100000

LN5: 99.05
SVM: 98.6

Knn: 96.8

Given the appropriate architecture, the CNN outperforms the
other approaches, whereas the MLP did not.
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Lenet5 (1992)
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o Worked beautifully on MNIST.

e \Very few people believed it would scale up.
EPFL A




AlexNet (2012)

5 Convolutional Layers 1000 ways
: Softmax

v
ense

llllll

3 Fully-Connected
Layers

‘ask: Image classification
raining images: Large Scale Visual Recognition Challenge 2010
raining time:|2 weeks on 2 GPUs \

Major Breakthrough: Training large networks
has now been shown to be practical!!
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AlexNet Results

ImageNet Large Scale Visual Recognition Challenge Accuracy

mite  container shi motor scooter leopard

mite container ship motor scooter ledpard

black widow lifeboat go-kart | jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car F_J snow leopard
starfish drilling platform golfcart Egyptian cat

TE) e
. , e By
\ e At the 2012 ImageNet Large Scale
Visual Recognition Challenge,

AlexNet achieved a top-5 error of

4 s . &
grl musnroom cnerry adaga

- s oo e [ oier monkey|  15.3%, more than 10.8% lower
beach :::::: J JG‘:::; :::::: ffordshire :I:;:::':z ing:: tha n the ru n ner u p "
fire engine || dead-man's-fingers currant howler monkey

e Since 2015, networks outperform

humans on this task.
=PFL Krizhevsky, NIPS’12 A




Feature Maps

E= \ il (c) @)
First convolutional layer  Second convolutional layer

Some of the convolutional masks are very similar to oriented
Gaussian or Gabor filters.

The trained neural nets compute oriented derivatives, which the
brain is also believed to do.
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Size and Depth Matter

image
conv-64
conv-64
maxpool
conv-128

conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool
conv-512
conv-512
maxpool

FC-4096
FC-4096
FC-1000
softmax

“hibiscus” “dahlia”

VGG19, 3 weeks of training. GoogleLeNet.

“It was demonstrated that the representation depth is beneficial for the classification accuracy, and
that state-of-the-art performance on the ImageNet challenge dataset can be achieved using a
conventional ConvNet architecture.”

E P :: L Simonyan & Zisserman, I[CLR’15 A



Hand Pose Estimation (2015)
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Input: Depth image. Output: 3D pose vector.

=Pr-L Oberweger et al. , ICCV’15 A



~_ Deeper is Better
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In general, the more ResNet layers, the better the results.
=Pr-L He etal., CVPR’16




m

Image Classification Taxonomy

LSTM LeNet5
(Hochreiter and Schmidhuber, 1997) (LeCun et al., 1989)

Bigger + GPU

Deep hierarchical CNN
(Ciresan et al., 2012)

Bigger + RelLU +dropout

No recurrence .
Fully convolutional

AlexNet

F (Krizhevsky et al., 2012)
Bigger + small filters MLPConv

Overfeat
(Sermanet et al., 2013)

Net in Net
v (Lin et al., 2013)
Highway Net .
(Srivastava et al., 2015) VGG Inception modules
(Simonyan and Zisserman, 2014) v
GoogLeNet

(Szegedy et al., 2015)

Batch Normalization

Nogating ResNet

(He et al., 2015)

BN- Inceptlon
Wider (loffe and Szegedy, 2015)
Dense pass-thro Aggregated chahpels

Wide ResNet DenseNet ResNeXt Inceptlon -ResNet
(Zagoruyko and Komodakis, 2016) (Huang et al., 2016) (Xie et al., 2016) (Szegedy et al., 2016)




Recurrent Auto Encoder

E = % : .‘f 7

e~N(0,])

q(Zes1l| xe41)

Xt+1

=Pr-L Remelli et al. , ArXiv’19 A



Hand Pose Estimation from Video (2019)

Input 3D Annotation 3D Prediction 2D Annotation ZD Prediction

y B

e This is considerably more difficult than estimating from range
images.
e It requires a large training database.

=Pr-L Remelli et al. , ArXiv’19 A




Connectomics

Horizontal Coronal
--------- " M1
M1 M1-p

: S1 -

E : r( T ﬂ)f/' by
" 82 { :
4 o X s :af : ;// SZ‘p S1

: 4

S2 1/

1T mm

-
-
-
-----------

e Building the wiring diagram of the brain.
e Finding long range connections.
—> One step towards understanding how it works.
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Dendrites and Axons

Fluorescent neurons in the adult mouse brain
imaged imaged in vivo through a cranial window

using a 2-photon microscope.
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Google Earth

=pe| The road centerlines are used to plot routes.




Before Machine Learning

Detect road centerlines
Find generic paths

Apply semantic filter

cPFL Fischler & Heller, 1998. A



Boxology

MASK PATHS

UNCONNECTED
: _ ROAD-SEGS
(D) D)
ROAD-NETWORKS ROAD-NETW ORKS

ROAD
ATTRIBUTES
(WIDTH, FINAL ROAD

MATERIAL....) MODEL
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After Machine Learning

Train a classifier to do this.

08

06

S04

0.2

0

To train the classifier, we must associate a feature vector to each
path and they all must be of the same dimension.

=PrL Turetken et al., PAMI’16. A



Histogram of Oriented Gradients

_ dominant
image direction HOG

-ﬂ’\ 2] [:d il |
g ‘\‘? 1R/ ,
e h " ~ | 9
- ¥ \\ "
| % e ) / "
f, T b y =
™ . J

» tile window into 8 x 8 pixel cells

» each cell represented by HOG

frequency

orientation

Feature vector dimension = 16 x 8 (for tiling) x 8 (orientations) = 1024

o




Histogram of Gradient Deviations

VI(x)

- | angle(VI(x),N(x)),if ||x — C(sx)|| > ¢
(x) _{ angle(VI(x),II(x)) , otherwise,

—> One histogram per radius interval plus four
geometric features (curvature, tortuosity, ....).
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Roads

]
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Brainbow Images
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Blood Vessels




Deep Learning Tsunami

AlexNet 2012

The end of computer
science as we know it

An opportunity to revisit and improve the pipeline:

o Reformulate individual components in terms of CNNs.
e Make them consistent with each other.
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S04
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e Machine learning enables the same algorithm to work in many
different contexts but requires hand-designed features.

e However, computing the tubularity and classifying the paths are

closely related tasks. They should not be treated separately.

—> Can we use Deep Learning to account for this?
=P-L Turetken et al., PAMI’16 A




ResNet to U-Net

Image

!
é 5

x+12(6(11(x)) >H
3
]

ResNet block U-Net
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Reminder: Downsampling by Pooling

hidden neurons (output from feature map)

max-pooling units

O

Reduces the number of inputs by replacing all
activations in a neighborhood by a single one.

Can it be reversed?

-




Upsampling by Duplication
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Upsampling by Interpolation

i1 i2 il i5=(i1+i2)/2 i2
3 ” i6=(i1+i3)/2 i9=(i1+i2+i3+i4)/4 i7=(i2+i4)/2
i3 i8=(i3+i4)/2 i4
“PFL -




Upsampling by Bilinear Interpolation

[10=(i1+i2+.+.)/4
11 12 i1 i11=(i10+i1+i2+i9)/4 |i2
i3 i4 i9=(i1+i2+i3+i4)/4
3 i4
=pEL —> Each pixel is the average of 4 neighbors. A




Upsampling by Transposed 1D Convolution

=Pr-L
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Output
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Transposed 1D Convolution

2 3 0 1
w
1 2 1
2 4 2
3 6 3
0 0 0
Output
2 7 4
W+ w-1

F. Fleuret. EE-559 — Deep learning A



Transposed 1D Convolution

2 3 0 1
w
1 2 1
2 4 2
3 6 3
0 0 0
1 -2 1
Output
2 7 4 |4 2 1
W+ w-1

=Pr-L F. Fleuret. EE-559 — Deep learning A



Transposed 1D Convolution

2 3 0 1
w
2 4 2
3 6 3
0 0 0
1 -2 1
Output
2 7 4 |4 2 1
W+ w-1

=Pr-L F. Fleuret. EE-559 — Deep learning A
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Transposed 1D Convolution

e The summations are performed
in the vertical direction instead
of the horizontal one.

o If we wrote this in terms of a

fully connected layer, this
would amount to transposing

the weight matrix.

e Can be extended to 2D layers.

2 3 0 -1

w

Kernel
1 2
w

Output

2 7 4 -4 1
W+ w-—1

F. Fleuret. EE-559 — Deep learning A



Introducing a Stride Parameter

2 3 0 1
w
1 2 1
2 4 2
Output
2 4
s(W-1)+w

F. Fleuret. EE-559 — Deep learning A



Introducing a Stride Parameter

2 3 0 1
w
1 2 -1
2 4 2
3 6 3
Output
2 4 1 6
s(W-1)+w

=Pr-L F. Fleuret. EE-559 — Deep learning A



Introducing a Stride Parameter

2 3 0 1
w
1 2 1
2 4 2
3 6 3
0 0 0
Output
2 4 1 6 (-3 0
s(W-1)+w

=Pr-L F. Fleuret. EE-559 — Deep learning A



Introducing a Stride Parameter

2 3 0 1
w
1 2 1
2 4 2
3 6 3
0 0 0
1 -2 1
Output
2 4 1 6 |3 o |1 -2 1
s(W-1)+w

=Pr-L F. Fleuret. EE-559 — Deep learning A



Introducing a Stride Parameter

2 3 0 1
w
2 4 2
3 6 3
0 0 0
1 -2 1
Output
2 4 1 6 |3 o |1 -2 1
s(W-1)+w

=Pr-L F. Fleuret. EE-559 — Deep learning A



Introducing a Stride Parameter

Output
2 4 1 6 -3 0 -1 -2 1

s(W-1)+w

=Pr-L F. Fleuret. EE-559 — Deep learning A



Estimating the Tubularity

Train Encoder-decoder U-Net architecture using binary cross-entropy

Minimize

1 < ) )

where
*y = Jfw (X)a
e X In an input image,

e y the corresponding ground truth.

=P-L Mosinska et al, CVPR’18. A
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Tubularity Map

BCE Loss

Ground truth




lterative Refinement

Use the same network to progressively refine the results
keeping the number of parameters constant
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Before Deep Learning

U-Net does this better.

Can it also do this?

=Pr-L

Turetken et al., PAMI’ 16. A



Dual Use UNet

[mage Tubularity Map
and /
Binary Mask "
'!
[0.991]
Path score

8

=Pr-L




| 1.Compute a probability map.

' 2. Sample and connect the samples.
= 3. Assign a weight to the paths.

4. Retain the best paths.

=Pr-L



Streets of Toronto

False negatives
False positives

X
=

R
%
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Dendrites and Axons

e Deep learning allows the same algorithm to work in different contexts.
e The implementation is informed by earlier approaches.
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Aounting for Topology

47 rad v P R —
~ 3 A (# g Y
3 / 1 | a8 ;,'}{'\‘: "‘
S E T vk
}

Image Ground truth UNet output

/

—> Add a term in the
loss function that
penalizes the existence of
a path between A and B.

B

Improved output A
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1998 - 2038

I
1998 2018 2038

It is difficult to make predictions, especially about the future.
Sometimes attributed to Niels Bohr.
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Alpha Go

e Uses Deep Nets to find the most
promising locations to focus on.

R « Performs Tree based search when
possible.

5 c’;‘é’{,‘es;t;éhi‘iil‘},‘i:,‘::*éﬁ;‘}%?yi‘:%ii‘é; e Relies on reinforcement learning and
ALL SYSTEMS GO other ML techniques to train.
> 7’

SAFEGUARD w;loggaglgggs => —> Beat the World Champion in 2017-

TRANSPARENCY GOT ‘SELFISH’ 04>
of millions Don’t let openness backfire Dawkins's calling m ”"”
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