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examples of application of 
Deep Learning to 

Augmented Reality problems
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MiDaS: Towards Robust Monocular Depth Estimation: Mixing Datasets for Zero-shot Cross-dataset Transfer. René Ranftl, 
Katrin Lasinger, David Hafner, Konrad Schindler, and Vladlen Koltun. PAMI 2020.
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Applications
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Applications
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3D pose estimation from a single image [Machine Learning]



3D Scene Understanding
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3D Scene Understanding: an 
application to AR
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Image Retrieval
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Image-based localization
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Image Matching
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SIFT. Average: 60.2 matches

LIFT (Ours). Average: 98.6 matches

+64%
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This Week

• Introduction to “general” deep learning;

• Supervised and self-supervised monocular depth prediction;

• Monocular 3D pose estimation of objects and hands and scene 

understanding from images;

• 3D model prediction (and transformers);

• Point cloud analysis;

• Keypoint detection and matching.

• 1 exercice on 3d pose estimation.



vision is hard!

why is it so and how 
Deep Learning can help?
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Why Is Vision So Hard?
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Too much information:

A color image of resolution 1000 x 1000 is made of
1000 x 1000 x 3 x 8 = 2.4 107 bits.

123 034 089 045 145 178 009 078 044 084 245 190 066 008 055 094 046 098

045 145 178 009 078 066 008 055 123 034 089 059 044 084 245 066 008 055

034 089 045 145 123 034 089 094 046 098 123 034 089 178 009 078 034 009

084 245 190 044 084 055 094 084 245 190 078 044 084 044 084 245 190 123

123 034 089 078 044 084 055 094 046 123 034 089 009 078 044 084 143 162

033 178 055 094 046 098 145 178 009 078 044 084 123 034 089 045 145 178

084 245 190 044 084 055 094 046 098 009 078 044 084 078 123 034 089 056

066 008 055 009 078 009 078 044 034 089 045 145 178 078 044 066 008 055

012 034 089 045 145 178 098 078 123 034 089 034 089 045 145 178 067 034

098 084 245 190 178 009 078 044 084 044 084 245 190 044 084 084 245 190

055 094 046 098 034 089 045 145 178 084 009 078 044 084 245 190 201 206

190 156 123 034 089 009 078 034 089 045 145 123 034 089 009 078 044 084

018 055 094 046 098 078 044 084 034 089 045 044 084 245 190 009 078 075

234 084 245 190 078 044 084 245 190 055 094 046 098 078 044 123 034 089

157 044 084 245 190 046 098 123 034 089 078 044 084 044 084 245 190 012

066 008 055 084 245 190 034 089 045 145 178 009 078 044 044 084 245 190

084 245 190 044 034 089 045 145 178 009 044 084 245 190 044 084 089 043

044 084 245 190 178 009 078 055 044 084 245 190 034 089 044 084 245 190

a small image



Why Is Vision So Hard?
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Not enough information



Why Is Vision so Hard?
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Why Is Vision so Hard?
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Why Is Vision so Hard?
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Why Is Vision So Hard?
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Not enough information

3D information is lost

x

? ?
?

Given an image, there is an infinite family of 3D scenes that could create this image;
How do we should which one is correct?

• Context (e.g. car washing video);
• Prior information (e.g. lines tend to be orthogonal or parallel);

• etc.



3D Perception in Humans

20from binocular parallax from convergence

from prior knowledge from context from motion

from atmospheric effects
from focus and defocus from shading and cast shadows

monocular cues

binocular 
cues



Complex Light Effects

“Caustics”
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contour “illusions”
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Human Vision
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The visual cortex represents about 20-50% 

of our brain.

Human vision is unconscious (most of the 

time).

Intuitions about how human vision works 

are often wrong...



A Short History of Computer Vision
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~1958: Perceptron

~2000: beginning of 
Machine Learning being 

used in Computer Vision

~2010: new beginning 
of Deep Learning in 

Computer Vision

~1992: first Deep 
Learning systems in 

Computer Vision

1980s-: 
• low-level Computer 

Vision (edge, 
segment, keypoint

detection, etc.);
• [3D] object tracking;
• ...



“general” Deep Learning

25



Perceptron (1958, Frank Rosenblatt)



Perceptron

Input data are represented as vectors

Supervised binary classification:

We are looking for a function f(x) of the form:

x =

h

.

.

.

i

<latexit sha1_base64="tTpZp4czRuEe96eWWC83ihJD1eQ="></latexit>

f : x ∈ R
n

→ {+1,−1}
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<latexit sha1_base64="tTpZp4czRuEe96eWWC83ihJD1eQ="></latexit>

{cat, non-cat}



x =











x1

x2

.

.

.

xn











<latexit sha1_base64="ePSp2pFFZxqS/dpSbYS9TP9/BGU="></latexit>

o
<latexit sha1_base64="MMxGhx27xturASqJSVPIa4UUWR0="></latexit>

w1
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<latexit sha1_base64="PZnqzRnacpn3Dox1g74FJlG/6ac="></latexit>

wn
<latexit sha1_base64="1xVaTbrroQIrqS+2q46C48fSCi0="></latexit>
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<latexit sha1_base64="L2tWZG0j6Nkt9W6n5EMANW4FCIk="></latexit>



'data space'

-

+

w
> x
+
b
=
0

Positive samples

Negative samples



linearly separable nonlinearly separable



• The Perceptron: A 1-layer “network”;

• A 2-layer network (= 1-hidden layer network);
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h1 = g
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W1,ixi + b1
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: non-linear functiong( )
<latexit sha1_base64="6CdUQJJoTFyNHkaMF5xJdgQp7Ss="></latexit>

g(a)

a

Rectified Linear Unit 
(ReLU)

a

g(a)

g(a) = max(0, a)
<latexit sha1_base64="noa56e+l0laLIdKD97LX9nmjZwc="></latexit>
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f(x) =

⇢

+1 if w>

2
h+ b2 ≥ 0 ,

−1 otherwise .
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h(x) = g(Wx+ b)
<latexit sha1_base64="Xdn2pu/yKEGvnReU1joGuG5GveE="></latexit>
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⇢
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>
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<latexit sha1_base64="KcJpjAm4m9xWETlbPJE6wCfzj8U="></latexit>

Two-Layer Network

: non-linear functiong( )
<latexit sha1_base64="6CdUQJJoTFyNHkaMF5xJdgQp7Ss="></latexit>



⇢

h(x) = g(Wx+ b)
o(x) = w

>

2
h(x) + b2

<latexit sha1_base64="KcJpjAm4m9xWETlbPJE6wCfzj8U="></latexit>

: non-linear functiong( )
<latexit sha1_base64="6CdUQJJoTFyNHkaMF5xJdgQp7Ss="></latexit>

The coefficients of matrix W, vectors b and w2, scalar b2 are the 

parameters of the network



Universal Approximation Theorem

Any continuous function can be approximated under mild 
conditions as closely as wanted by a two-layer network:

(

h(x) = g(Wx+ b)

o(x) = w
>

2
h(x) + b2

<latexit sha1_base64="8FK40IW/klODntydqAbieQRXy0E="></latexit>



Universal Approximation Theorem

Proves that any continuous function can be approximated 
by a two-layer network:

(

h(x) = g(Wx+ b)

o(x) = w
>

2
h(x) + b2

<latexit sha1_base64="8FK40IW/klODntydqAbieQRXy0E="></latexit>

Can require a very large h.

Deeper networks can mitigate this problem.



a first Deep Network



Dealing with Images
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h1,1 = g(f1,1 ∗ x+ b1,1)
<latexit sha1_base64="JdLDy9WXIsBmnUuNpUHOOTyKYSI="></latexit>

Product of convolution:

h1 = [g(f1,1 ∗ x), . . . , g(f1,m ∗ x)]

<latexit sha1_base64="JqIUmMDjUVDwHhs7LPD0VzXmSYw="></latexit>
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-1 0 +1

-1 0 +1

-1 0 +1

Convolution: Example

44



f1,1 =
<latexit sha1_base64="23Ir2Rujbqwb64LLtT6OnsTlcRE="></latexit>

-1 0 +1

-1 0 +1

-1 0 +1

Numerical Example

h = (−1)× 255 + 0× 255 + (+1)× 255+
(−1)× 255 + 0× 255 + (+1)× 0+
(−1)× 255 + 0× 0 + (+1)× 0

= −255 + 0 + 255
−255 + 0 + 0
−255 + 0 + 0

= −510
<latexit sha1_base64="GUAoj2gorjJ2Obg2H4I2fk0Iu4g="></latexit>

45



0

1

2

3

4

5

6

7

8

9

x
<latexit sha1_base64="w+xl+NJXVGBxzy43M9c0femFBik="></latexit>

h1
<latexit sha1_base64="Zaq5K8DoodDwIleNMappfqVQpcg="></latexit>

h2
<latexit sha1_base64="1sAziKsZxmvx9WPdRAGf9GRtC6E="></latexit> h3

<latexit sha1_base64="v0LLlhoxN0LPho/2YS3G835aDAs="></latexit>

h4
<latexit sha1_base64="RqI3XoKEfBLBQ6ktHRKhhrisvtM="></latexit> h

0

4
<latexit sha1_base64="r1LM4cHQ9stcmxwNNUKtm4jEugw="></latexit>

h5
<latexit sha1_base64="sSl3OcPOkjAOHjPTY2LKSdY3A3A="></latexit>

o
<latexit sha1_base64="+tjl926zVqr+m8WTrAGXXMNLjoU="></latexit>

x
<latexit sha1_base64="w+xl+NJXVGBxzy43M9c0femFBik="></latexit>

h1,1 = g(f1,1 ∗ x+ b1,1)
<latexit sha1_base64="JdLDy9WXIsBmnUuNpUHOOTyKYSI="></latexit>

Product of convolution:

h1 = [g(f1,1 ∗ x), . . . , g(f1,m ∗ x)]
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“tensor”

“tensor”



Tensors

1 x 16 x 16

. . .

. . .

. . .

1 x 16 x 16

#channels x Height x Width



Tensors

. . .

. . .

. . .

6 x 16 x 16

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

1 x 16 x 16



Tensors

6 x 16 x 161 x 16 x 16

1 x 6 x 3 x 3

#input channels  x  #output channels  x  size  x  size



Tensors

color image

6 x 16 x 163 x 16 x 16

3 x 6 x 3 x 3

#input channels  x  #output channels  x  size  x  size
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Tensors

16 x 16 x 166 x 16 x 16

6 x 16 x 3 x 3

#input channels  x  #output channels  x  size  x  size



0

1

2

3

4

5

6

7

8

9

x
<latexit sha1_base64="w+xl+NJXVGBxzy43M9c0femFBik="></latexit>

h1
<latexit sha1_base64="Zaq5K8DoodDwIleNMappfqVQpcg="></latexit>

h2
<latexit sha1_base64="1sAziKsZxmvx9WPdRAGf9GRtC6E="></latexit> h3

<latexit sha1_base64="v0LLlhoxN0LPho/2YS3G835aDAs="></latexit>

h4
<latexit sha1_base64="RqI3XoKEfBLBQ6ktHRKhhrisvtM="></latexit> h

0

4
<latexit sha1_base64="r1LM4cHQ9stcmxwNNUKtm4jEugw="></latexit>

h5
<latexit sha1_base64="sSl3OcPOkjAOHjPTY2LKSdY3A3A="></latexit>

o
<latexit sha1_base64="+tjl926zVqr+m8WTrAGXXMNLjoU="></latexit>



Subsampling / Pooling

For example, max-pooling:

hi[u, v] = max{ hi−1[2u, 2v],
hi−1[2u, 2v + 1],
hi−1[2u+ 1, 2v],
hi−1[2u+ 1, 2v + 1] }
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h1 = [g(f1,1 ∗ x), . . . , g(f1,m ∗ x)]
h2 = pooling(h1)
h3 = [g(f3,1 ∗ h2), . . . , g(f3,n ∗ h2)]
h4 = pooling(h3)
h
0

4
= Vec(h4)

h5 = g(W5h
0

4
+ b5)

o = W6h5 + b6
<latexit sha1_base64="IF0p+Wrcll/KE/MGrwhVKb8aTII="></latexit>

convolutional layers

pooling layers

fully-connected layers



Optimization



Finding the Parameters

How can we find W, b, W2, and b2?

à By minimizing a loss function. The loss function can be adapted to 

the problem.

Optimisation: (Variants of) gradient descent.

(

h(x) = g(Wx+ b)

o(x) = W2h(x) + b2
<latexit sha1_base64="2HgXWSJyiEH7n/wi+hzd73Hz6iw="></latexit>

(cW,
bb, dW2,

cb2) = argmin
(W,b,W2,b2)

L(W,b,W2,b2)
<latexit sha1_base64="HipIlYOGtI58rFpt0iMiAcbUMh8="></latexit>











Example of Loss Function

For example:

Training sample
Predicted output for
the training sample

L(T ) =Training set

(      , 2)

L(W,b,W2,b2) = −

X

(x,d)∈T

log

✓

exp(o(x)d)
P

i exp(o(x)i)

◆

<latexit sha1_base64="vzEmiiHcWe89dJ+KCULWSNVFh8I="></latexit>
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L(Θ)
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−

∂L

∂Θ
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Stochastic gradient descent
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Momentum-based SGD
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Adam
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Finding the Hyperparameters (Number of Layers, Number of Filters, 
Sizes of the Filters)?

• In practice, often from previous experience...;
• Automatically, using ‘AutoML’.



Learned Filters for the First Layer for Natural Images

{f1,j}j
<latexit sha1_base64="gYwpqRs4n4JlSmJVIy2ycJsToa0="></latexit>



For example (Residual module):

Limits vanishing and exploding gradients.

Skip Connections

h2 = g(W2h+ b2)
h3 = W3h2 + b3

h4 = g(h+ h3)
<latexit sha1_base64="ZHrD2npboFayUhKjscxGHBrZkNU="></latexit>

h
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h3
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ResNet [He et al, CVPR 2016]



ResNet [He et al, CVPR 2016]



deep learning is not error-proof! (yet?)



some failures
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recognizing objects
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recognizing objects
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recognizing objects
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Beyond supervised learning



Image Embedding



Image Embedding

Deep Network 1

part 1 part 2

‘features’ or ‘embedding’



Code (PyTorch)
class Net(Module):   

def __init__(self):

super(Net, self).__init__()

self.cnn_layers = Sequential(

Conv2d(1, 4, kernel_size=3, stride=1, padding=1),

BatchNorm2d(4),

ReLU(inplace=True),

MaxPool2d(kernel_size=2, stride=2),

Conv2d(4, 4, kernel_size=3, stride=1, padding=1),

BatchNorm2d(4),

ReLU(inplace=True),

MaxPool2d(kernel_size=2, stride=2),

)

self.linear_layers = Sequential(

Linear(4 * 7 * 7, 10)

)

def forward(self, x):

x = self.cnn_layers(x)

x = x.view(x.size(0), -1)

x = self.linear_layers(x)

return x

# ...

# ...

def train(epoch):

model.train()

tr_loss = 0

# getting the training set

x_train = Variable(train_x),               

y_train = Variable(train_y)

x_val = Variable(val_x)

y_val = Variable(val_y)

optimizer.zero_grad()

output_train = model(x_train)

output_val = model(x_val)

loss_train = criterion(output_train, y_train)

loss_val = criterion(output_val, y_val)

train_losses.append(loss_train)

val_losses.append(loss_val)

loss_train.backward()

optimizer.step()

tr_loss = loss_train.item()

for epoch in range(n_epochs):

train(epoch)


