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Computer	vision	2015:	
what	changed	since	ten	years	ago?
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An	example:	classical supervised learning setting

What	is	the	idea?

object recognition
{dog, cat, pokemon}

super resolution

input output
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An	example:	classical supervised learning setting

input output

intermediate
representation

What	is	the	idea?

feature extraction:
separability in output space,

dimensionality reduction

classifier / regressor
with parameters learned
from representation x’
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where ...
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deep learning of	data	representations

joint learning
of representations with

increased levels of
abstraction

+ classification or
regression

input output

What	is	the	idea?

hierarchical
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biologically inspired model

What	is	the	idea?

general and	suitable for	any input

supervised,	unsupervised and	reinforcement learning

huge amount of	training	samples
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loosely biologically inspired models

What	has	been	achieved?

general and	suitable for	many kinds of	inputs	after adaptation

unsupervised and	reinforcement learning – work in	progress

huge amount of	training	samples when available

supervised learning in	a	product
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1986early	1960s

Alexey	Ivakhnenko

first	works	
on	deep	neural

networks

Geoffrey	Hinton

backpropagation
algorithm	in	its
current	form

A	bit	of	history
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2006

A	bit	of	history

computer	vision	
and	speech	

communities	do	not	use	
neural	nets	anymore

hard	to	train
no	computational resources

small datasets

efficient	training
GPU	/	multi-core processors

large	datasets
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2011

A	bit	of	history

Microsoft

breakthrough
in	speech	recognition

2012
Geoffrey	Hinton

breakthrough
in	computer	vision

13



14



Method Team Year Error

Hand	crafted University	of	Tokyo 2012 0.2617

AlexNet University	of	Toronto 2012 0.1531

Multiple neural	nets Clarify 2013 0.1120

GoogLeNet Google 2014 0.0666

Object	detection

Object	recognition

Method Team Year MAP

Hand	crafted UvA-Euvision 2013 0.2258

GoogLeNet Google 2014 0.4393
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Human	performance?
Andrej	Karpathy’s experiment	(PhD	@	Stanford)	

Deep	learning Deep	learning

deep	learning	6.7%,	human	5.1%	error
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DNNResearch is acquired by Google
Hinton join Google Brain project2013

A. Ng founded Google Brain project2011

A. Ng directs Baidu’s new AI lab2014

Y. LeCun directs Facebook’s new AI lab2013

Is acquired by Google for 400M$2014

A	bit	of	history
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NIPS	2014: academia	vs industry
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NIPS	2014	attendance
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NIPS	2014	attendance
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NIPS	2014	attendance

22



Technology overview
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Perceptron

5.1. Feed-forward Network Functions 229

notation for the two kinds of model. We shall see later how to give a probabilistic
interpretation to a neural network.

As discussed in Section 3.1, the bias parameters in (5.2) can be absorbed into
the set of weight parameters by defining an additional input variable x0 whose value
is clamped at x0 = 1, so that (5.2) takes the form

aj =
D!

i=0

w(1)
ji xi. (5.8)

We can similarly absorb the second-layer biases into the second-layer weights, so
that the overall network function becomes

yk(x,w) = σ

"
M!

j=0

w(2)
kj h

"
D!

i=0

w(1)
ji xi

##
. (5.9)

As can be seen from Figure 5.1, the neural network model comprises two stages
of processing, each of which resembles the perceptron model of Section 4.1.7, and
for this reason the neural network is also known as the multilayer perceptron, or
MLP. A key difference compared to the perceptron, however, is that the neural net-
work uses continuous sigmoidal nonlinearities in the hidden units, whereas the per-
ceptron uses step-function nonlinearities. This means that the neural network func-
tion is differentiable with respect to the network parameters, and this property will
play a central role in network training.

If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
tions that the network can generate are not the most general possible linear trans-
formations from inputs to outputs because information is lost in the dimensionality
reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
for counting the number of layers in such networks. Thus the network in Figure 5.1
may be described as a 3-layer network (which counts the number of layers of units,
and treats the inputs as units) or sometimes as a single-hidden-layer network (which
counts the number of layers of hidden units). We recommend a terminology in which
Figure 5.1 is called a two-layer network, because it is the number of layers of adap-
tive weights that is important for determining the network properties.

Another generalization of the network architecture is to include skip-layer con-
nections, each of which is associated with a corresponding adaptive parameter. For

output	layerinput	layer,	i
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Logistic Regression
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notation for the two kinds of model. We shall see later how to give a probabilistic
interpretation to a neural network.
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As can be seen from Figure 5.1, the neural network model comprises two stages
of processing, each of which resembles the perceptron model of Section 4.1.7, and
for this reason the neural network is also known as the multilayer perceptron, or
MLP. A key difference compared to the perceptron, however, is that the neural net-
work uses continuous sigmoidal nonlinearities in the hidden units, whereas the per-
ceptron uses step-function nonlinearities. This means that the neural network func-
tion is differentiable with respect to the network parameters, and this property will
play a central role in network training.

If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
tions that the network can generate are not the most general possible linear trans-
formations from inputs to outputs because information is lost in the dimensionality
reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
for counting the number of layers in such networks. Thus the network in Figure 5.1
may be described as a 3-layer network (which counts the number of layers of units,
and treats the inputs as units) or sometimes as a single-hidden-layer network (which
counts the number of layers of hidden units). We recommend a terminology in which
Figure 5.1 is called a two-layer network, because it is the number of layers of adap-
tive weights that is important for determining the network properties.

Another generalization of the network architecture is to include skip-layer con-
nections, each of which is associated with a corresponding adaptive parameter. For
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Multi-Layer	Perceptron	(MLP)
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notation for the two kinds of model. We shall see later how to give a probabilistic
interpretation to a neural network.

As discussed in Section 3.1, the bias parameters in (5.2) can be absorbed into
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As can be seen from Figure 5.1, the neural network model comprises two stages
of processing, each of which resembles the perceptron model of Section 4.1.7, and
for this reason the neural network is also known as the multilayer perceptron, or
MLP. A key difference compared to the perceptron, however, is that the neural net-
work uses continuous sigmoidal nonlinearities in the hidden units, whereas the per-
ceptron uses step-function nonlinearities. This means that the neural network func-
tion is differentiable with respect to the network parameters, and this property will
play a central role in network training.

If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
tions that the network can generate are not the most general possible linear trans-
formations from inputs to outputs because information is lost in the dimensionality
reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
for counting the number of layers in such networks. Thus the network in Figure 5.1
may be described as a 3-layer network (which counts the number of layers of units,
and treats the inputs as units) or sometimes as a single-hidden-layer network (which
counts the number of layers of hidden units). We recommend a terminology in which
Figure 5.1 is called a two-layer network, because it is the number of layers of adap-
tive weights that is important for determining the network properties.

Another generalization of the network architecture is to include skip-layer con-
nections, each of which is associated with a corresponding adaptive parameter. For
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back	propagation
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units give rise to principal component analysis. In general, however, there is little
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As can be seen from Figure 5.1, the neural network model comprises two stages
of processing, each of which resembles the perceptron model of Section 4.1.7, and
for this reason the neural network is also known as the multilayer perceptron, or
MLP. A key difference compared to the perceptron, however, is that the neural net-
work uses continuous sigmoidal nonlinearities in the hidden units, whereas the per-
ceptron uses step-function nonlinearities. This means that the neural network func-
tion is differentiable with respect to the network parameters, and this property will
play a central role in network training.

If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
tions that the network can generate are not the most general possible linear trans-
formations from inputs to outputs because information is lost in the dimensionality
reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
for counting the number of layers in such networks. Thus the network in Figure 5.1
may be described as a 3-layer network (which counts the number of layers of units,
and treats the inputs as units) or sometimes as a single-hidden-layer network (which
counts the number of layers of hidden units). We recommend a terminology in which
Figure 5.1 is called a two-layer network, because it is the number of layers of adap-
tive weights that is important for determining the network properties.

Another generalization of the network architecture is to include skip-layer con-
nections, each of which is associated with a corresponding adaptive parameter. For
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notation for the two kinds of model. We shall see later how to give a probabilistic
interpretation to a neural network.

As discussed in Section 3.1, the bias parameters in (5.2) can be absorbed into
the set of weight parameters by defining an additional input variable x0 whose value
is clamped at x0 = 1, so that (5.2) takes the form
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As can be seen from Figure 5.1, the neural network model comprises two stages
of processing, each of which resembles the perceptron model of Section 4.1.7, and
for this reason the neural network is also known as the multilayer perceptron, or
MLP. A key difference compared to the perceptron, however, is that the neural net-
work uses continuous sigmoidal nonlinearities in the hidden units, whereas the per-
ceptron uses step-function nonlinearities. This means that the neural network func-
tion is differentiable with respect to the network parameters, and this property will
play a central role in network training.

If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
tions that the network can generate are not the most general possible linear trans-
formations from inputs to outputs because information is lost in the dimensionality
reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
for counting the number of layers in such networks. Thus the network in Figure 5.1
may be described as a 3-layer network (which counts the number of layers of units,
and treats the inputs as units) or sometimes as a single-hidden-layer network (which
counts the number of layers of hidden units). We recommend a terminology in which
Figure 5.1 is called a two-layer network, because it is the number of layers of adap-
tive weights that is important for determining the network properties.

Another generalization of the network architecture is to include skip-layer con-
nections, each of which is associated with a corresponding adaptive parameter. For
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tion is differentiable with respect to the network parameters, and this property will
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If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
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reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
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As can be seen from Figure 5.1, the neural network model comprises two stages
of processing, each of which resembles the perceptron model of Section 4.1.7, and
for this reason the neural network is also known as the multilayer perceptron, or
MLP. A key difference compared to the perceptron, however, is that the neural net-
work uses continuous sigmoidal nonlinearities in the hidden units, whereas the per-
ceptron uses step-function nonlinearities. This means that the neural network func-
tion is differentiable with respect to the network parameters, and this property will
play a central role in network training.

If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
tions that the network can generate are not the most general possible linear trans-
formations from inputs to outputs because information is lost in the dimensionality
reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
for counting the number of layers in such networks. Thus the network in Figure 5.1
may be described as a 3-layer network (which counts the number of layers of units,
and treats the inputs as units) or sometimes as a single-hidden-layer network (which
counts the number of layers of hidden units). We recommend a terminology in which
Figure 5.1 is called a two-layer network, because it is the number of layers of adap-
tive weights that is important for determining the network properties.

Another generalization of the network architecture is to include skip-layer con-
nections, each of which is associated with a corresponding adaptive parameter. For
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As can be seen from Figure 5.1, the neural network model comprises two stages
of processing, each of which resembles the perceptron model of Section 4.1.7, and
for this reason the neural network is also known as the multilayer perceptron, or
MLP. A key difference compared to the perceptron, however, is that the neural net-
work uses continuous sigmoidal nonlinearities in the hidden units, whereas the per-
ceptron uses step-function nonlinearities. This means that the neural network func-
tion is differentiable with respect to the network parameters, and this property will
play a central role in network training.

If the activation functions of all the hidden units in a network are taken to be
linear, then for any such network we can always find an equivalent network without
hidden units. This follows from the fact that the composition of successive linear
transformations is itself a linear transformation. However, if the number of hidden
units is smaller than either the number of input or output units, then the transforma-
tions that the network can generate are not the most general possible linear trans-
formations from inputs to outputs because information is lost in the dimensionality
reduction at the hidden units. In Section 12.4.2, we show that networks of linear
units give rise to principal component analysis. In general, however, there is little
interest in multilayer networks of linear units.

The network architecture shown in Figure 5.1 is the most commonly used one
in practice. However, it is easily generalized, for instance by considering additional
layers of processing each consisting of a weighted linear combination of the form
(5.4) followed by an element-wise transformation using a nonlinear activation func-
tion. Note that there is some confusion in the literature regarding the terminology
for counting the number of layers in such networks. Thus the network in Figure 5.1
may be described as a 3-layer network (which counts the number of layers of units,
and treats the inputs as units) or sometimes as a single-hidden-layer network (which
counts the number of layers of hidden units). We recommend a terminology in which
Figure 5.1 is called a two-layer network, because it is the number of layers of adap-
tive weights that is important for determining the network properties.

Another generalization of the network architecture is to include skip-layer con-
nections, each of which is associated with a corresponding adaptive parameter. For
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notation for the two kinds of model. We shall see later how to give a probabilistic
interpretation to a neural network.
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What	is	wrong	with	fully	connected	
deep	neural	networks?

Too	many	parameters:																																	MLP[1000-1000-
1000]	- 2	000	000	parameters																					require	too	much	

training	data

Wasteful	and	do	not	generalize:	
no	spatial	invariance for	images

29



Convolutional Neural	Network	(CNN,	Convnet)

feature	maps

filters:
shared	
weights

output
fully	connected

layers

30

pooling

pooled	feature	maps



What	do	we	learn?

31



What	do	we	learn?

[Zeiler,	Fergus,	2013]
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What	do	we	learn?

[Zeiler,	Fergus,	2013]
33



What	do	we	learn?

[Zeiler,	Fergus,	2013]
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“Deep	dreaming”

36[http://googleresearch.blogspot.fr/]



“Deep	dreaming”

First-layer	activations

37[http://googleresearch.blogspot.fr/]



38



39



Practical	issues	with	
babysitting	neural	networks

• Data	augmentation
• Data	normalization
• Architecture	optimization
• Loss	function
• Weight	initialization
• Learning	rate	and	its	decay	schedule
• Overfitting:	regularization,	early	stopping
• Momentum

40



Network	regularization:	dropout

• During training,	for	each sample,	50%	of	the	units disabled
• Punishes co-adaptation of	units
• Large	performance	gains

41



Intriguing	properties	of	ConvNets

[Szegedy et	al,	2013]
42



Training	with	adversarial	samples

[Goodfellow et	al,	2014]	
43



Intriguing	properties	of	ConvNets

[Nguen et	al,	CVPR	2015] 44
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What	about	sequential	data?

46

3D	convolutions

3D	pooling 3D	or	2D
convolutions

Video:	spatio-temporal	blocks	(fixed	length,	simple	patterns)



What	about	sequential	data?
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What	about	sequential	data?

48

3D	convolutions

3D	pooling 3D	or	2D
convolutions

Video:	spatio-temporal	blocks	(fixed	length,	simple	patterns)

Alternatively:	temporal	modeling	
of	short- and	long-term	dependencies



Recurrent Neural	Network	(RNN)

49



Recurrent Neural	Network	(RNN)

output	layer,	t-2

input	layer,	t-1input	layer,	t-2 input	layer,	t

output	layer,	t-1 output	layer,	t

h(t-2) h(t-1) h(t)
W W W

U U
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Long	Short	Term Memory	(LSTM)

51



Generative	temporal	models

52



Leo	Tolstoy’s	“War	and	Peace”

Iteration	100:

Iteration	300:

Iteration	500:

53
[http://karpathy.github.io/2015/05/21/rnn-effectiveness/]



Leo	Tolstoy’s	“War	and	Peace”

Iteration	700:

Iteration	1200:

Iteration	2000:

[http://karpathy.github.io/2015/05/21/rnn-effectiveness/]
54



Not	only	for	sequential	data…

[Ba	et	el,	2015] [Gregor et	el,	
2015]
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Applications

56



Object	recognition	and	localization

Internal dataset with 100	000	000	labelled images	and	18	000	classes
Deep learning based visual search engine announced in	2013

57



22 layers	with	parameters
27	layers	including	pooling
about	100	building	blocks

Inception	model	(GoogLeNet)

[Szegedy et	el,	CVPR	2015] 58
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photos.google.com



Computational	aesthetics	and	video	creativity

60
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DeepFace:
Closing	the	gap	to	human-level	performance

in	face	verification

[Taigman et	al,	CVPR	2014]
62



DeepFace:
Closing	the	gap	to	human-level	performance

in	face	verification

97.35%	accuracy	on	the	Labeled	Faces	in	the	Wild	dataset	
(27%	improvement	over	the	state	of	the	art)

63

[Taigman et	al,	CVPR	2014]
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how-old.net

Age	estimation



Semantic	segmentation

[Dai	et	al,	CVPR	2015]
65



[Byeon et	al,	CVPR	2015]

Automatic	navigation:	scene	labeling

66



Human-computer	interaction:
hand	segmentation	and	pose	estimation

[Neverova et	al,	ACCV	2014]
67



[Tompson et	al,	SIGGRAPH	2014]

Human-computer	interaction:
hand	segmentation	and	pose	estimation

68



Human	pose	estimation

[Tompson et	al,	CVPR	2015]
69



Deep	learning	for	robotics:
navigation,	human-robot	interaction,

detecting	grasps

[Lenz	et	al,	IJRR	2014] 70



Video	classification

[Karpathy et	al,	CVPR	2014]
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72

Action	recognition	from	video



73

Natural	image	generation

[Denton	et	al,	2015]



DeepStereo:	View	synthesis

[Flynn	et	al,	2015] 74





Deep	Speech	

[Hannun et	al,	2014]
76



Musical	intelligence

[Oord,	Dieleman,	Schrauwen,	NIPS	2013] 77



Text	understanding

78



79

Memory	networks:
question	answering

[Weston	et	al,	ICLR	2015]



Machine	translation

[Sutskever,	Vinyals,	Le,	NIPS	2014] 80



[Karpathy et	al,	CVPR	2015]

Multimodal	deep	learning:	
image	captioning

81



Image	captioning

[Karpathy et	al,	CVPR	2015]
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[Karpathy et	al,	2015]

Image	captioning
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Joint	modeling	of	text	and	images	
based	on	their	co-occurrence

84



Multi-modal	deep	learning:
gesture	recognition

[Neverova et	al,	PAMI	2015]
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[Neverova et	al,	PAMI	2015]
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Multi-modal	deep	learning:
mobile	authentication

87
[Neverova et	al,	forthcoming	publication]



Deep	learning	services

88
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Unsupervised	deep	learning?

[Le	et	al,	ICML	2012]
90



Reinforcement	deep	learning?

[Mnih et	al,	Nature	2015]
91



92



All	roads	lead	to	deep	learning?

• Deep	learning	methods	are	general	and	work	well	with	
completely	different	kinds	of	data	(text,	sparse	data).

• Depends	on	large	data	sets,	which	are	not	available	in	many	
domains.

• Hungry	for	computational	resources.
• Requires	certain	expertise	to	train.	

93



94

Future?

• Deep	learning:	big	data	+	computational	resources	+	
efficient	training	+	model	complexity

• Deep	learning	chips,	cloud	services,	specific	and	
general	software	libraries

• Deep	supervised	learning	in	action,	unsupervised	and	
reinforcement	learning	coming	soon

• Applications:	“understanding”	text	and	visual	context,	
question	answering,	more	efficient	temporal	models,	
generating	content,	new	data	types
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