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Context

Big Data
● Superabundance of data: images, videos, audio, text, use traces, etc

BBC: 2.4M videos Facebook: 350B images 100M monitoring cameras
1B each day

● Obvious need to access, search, or classify these data: Recognition
● Huge number of applications: mobile visual search, robotics, autonomous

driving, augmented reality, medical imaging etc
● Leading track in major ML/CV conferences during the last decade
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Introduction to Deep Learning

Recognition and classification
● Classification: data → set of pre-defined classes
● Recognition much more general than classification, e.g.

Object Localization in images
Sequence prediction for text, speech, audio, etc

● Many tasks can be cast as classification problems

⇒ Importance of classification
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Focus on Visual Recognition: Perceiving Visual World

● Visual Recognition: archetype of low-level signal understanding
● Supposed to be a master class problem in the early 80’s
● Certainly the most impacted topic by deep learning

● Scene categorization

● Object localization

● Context & Attribute
recognition

● Rough 3D layout,
depth ordering

● Rich description of
scene, e.g. sentences
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Recognition of low-level signals
Challenge: filling the semantic gap

What we perceive vs
What a computer sees

● Illumination variations
● View-point variations
● Deformable objects
● intra-class variance
● etc

⇒ How to design "good" intermediate representation ?
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Deep Learning (DL) & Recognition of low-level signals

● DL: breakthrough for the recognition of low-level signal data
● Before DL: handcrafted intermediate representations for each task

⊖ Needs expertise (PhD level) in each field
⊖ Weak level of semantics in the representation
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Deep Learning (DL) & Recognition of low-level signals

● DL: breakthrough for the recognition of low-level signal data
● Since DL: automatically learning intermediate representations

⊕ Outstanding experimental performances >> handcrafted features
⊕ Able to learn high level intermediate representations
⊕ Common learning methodology ⇒ field independent, no expertise
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Deep Learning (DL) & Representation Learning

● DL: breakthrough for representation learning
Automatically learning intermediate levels of representation

● Ex: Natural language Processing (NLP)
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The formal neuron [MP43]

xi : inputs
wi ,b: weights

f : activation function
y : output of the neuron

y = f (w⊺x + b)

x1

x2

xm

...

Σ

b

ŷ1
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Figure: The formal neuron – Credits: R. Herault
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Neural Networks

● Stacking several formal neurons ⇒ Perceptron
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Perceptron and Multi-Class Classification

● Soft-max Activation:

ŷk = f (sk) =
esk

K

∑
k ′=1

esk′

● Probabilistic interpretation for multi-class classification:
Each output neuron ⇔ class
ŷk ∼ P(k/x,w)

⇒ Logistic Regression (LR) Model !
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Beyond Linear Prediction

X-OR Problem
● Logistic Regression (LR): NN with 1 input layer & 1 output
layer

● LR: limited to linear decision boundaries
● X-OR: NOT 1 and 2 OR NOT 2 AND 1

X-OR: Non linear decision function
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The Multi-Layer Perceptron (MLP)

Figure: Perceptron with 1
hidden layer – Credits: R. Herault

Figure: Stacking more layers,
toward “deep learning” – Credits:

M. Nielsen

● Basis of the “deep learning” field
● Principle: Stacking layers of neural
networks to allow more complex
and rich functions

● With a hidden layer, can
approximate any function given
enough hidden units [Cyb89]

● Can be seen as different levels of
abstraction from low-level features
to the high-level ones
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The Multi-Layer Perceptron (MLP)

● Neural network with one single hidden layer ⇒ universal
approximator [Cyb89]

Ex for classification: any decision boundaries can be expressed
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Training Multi-Layer Perceptron (MLP)

● Input x, output y
● A parametrized model x⇒ y: fw(xi) = ŷi
● Supervised context: training set A = {(xi , y∗i )}i∈{1,2,...,N}

A loss function `(ŷi , y∗i ) for each annotated pair (xi , y∗i )
● Assumptions: parameters w ∈ Rd continuous, L differentiable
● Gradient ∇w = ∂L

∂w : steepest direction to decrease loss L
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MLP Training

● Gradient descent algorithm:
Initialyze parameters w

Update: w(t+1) = w(t) − η ∂L
∂w

Until convergence, e.g. ∣∣∇w∣∣2 ≈ 0

nicolas.thome@cnam.fr NFE212 - Deep Learning 18/ 76

mailto:nicolas.thome@cnam.fr


Context Neural Nets ConvNets History ConvNets Era

MLP Training: loss function

● Input xi , ground truth output supervision y∗i
● One hot-encoding for y∗i :

y∗c,i =
⎧⎪⎪⎨⎪⎪⎩

1 if c is the groud truth class for xi
0 otherwise
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MLP Training

● Loss function: multi-class Cross-Entropy (CE) `CE
● `CE : Kullback-Leiber divergence between y∗i and ŷi

`CE (̂yi, y∗i ) = KL(y∗i , ŷi) = −
K

∑
c=1

y∗c,i log(ŷc,i) = −log(ŷc∗,i)

● KL asymmetric: KL(̂yi, y∗i ) ≠ KL(y∗i , ŷi)
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MLP Training: Backpropagation

● LCE(W,b) = 1
N

N

∑
i=1
`CE(ŷi , y∗i ) = −

1
N

N

∑
i=1

log(ŷc∗,i)

● `CE smooth convex upper bound of `0/1
⇒ gradient descent optimization

● Gradient descent: W(t+1) =W(t) − η ∂LCE
∂W

(b(t+1) = b(t) − η ∂LCE
∂b )

● MAIN CHALLENGE: computing ∂LCE
∂W = 1

N

N

∑
i=1

∂`CE
∂W ?

⇒ Key Property: chain rule
∂x
∂z
=
∂x
∂y

∂y
∂z

⇒ Backpropagation of gradient error!
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Chain Rule

∂`
∂x =

∂`
∂ŷ

∂ŷ
∂x

● Logistic regression:
∂`CE
∂W =

∂`CE
∂ŷi

∂ŷi
∂si

∂si
∂W
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Backpropagation

● Extension to deeper networks: same principle

W
(t+1)
i =W

(t)
i − λ ∂L

∂Wi
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Training issues

Optimization
● Training with gradient descent: too slow even for moderate
dimensionality dataset size

● Using Stochatic Gradient Descent (SGD)
● Issues with DEEP fully connected MLP: exploding and
vanishing gradient
⇒ difficult to train such models

Controlling Overfitting
● Early stopping in validation set
● Weight decay: ∼ `2 regularization
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Fully Connected Networks: Limitations

● Fully connected networks: no assumption on data structure
Structure can be learned but need lots of annoatated data
Prior knowlege on data structure ⇒ useful

● Example: MLP training for shape recognition from color images

Input image encoding:
● Color (RBG) ?
● Grayscale
L = R+B+G

3 ?
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Fully Connected Networks: Limitations

● Scalability issue with Fully Connected Networks (MLP)

⇒ # Parameter explosion even for a single hidden layer !
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Fully Connected Networks: Limitations

● Invariance and robustness to deformation (stability)
● What we expect:

Small deformation in input space ⇒ similar representations
Large transfo in input space ⇒ very dissimilar representations

● Example (image): impact of a 2 pixel shift
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Fully Connected Networks: Limitations

Conclusion of MLP on raw data
● Brute force connection of images as input of MLP NOT a good idea

No Invariance/Robustness of the representation because topology of
the input data completely ignored
⇒ e.g. indifferent to permutations of input pixel
Nb of weights grows largely with the size of the input image

⇒ How keep spatial topology?
⇒ How to limit the number of
parameters?
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Taking advantage of structure: Convolution

How to limit the number of parameters?
1 Sparse connectivity: hidden unit only connected to a local patch

Weights connected to the patch: filter or kernel
Inspired by biological systems: cell only sensitive to a small sub-region
of the input space (receptive field). Many cells tiled to cover the
entire visual field
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Taking advantage of structure: Convolution

How to limit the number of parameters?
2 Shared Weights

Hidden nodes at different locations share the same weights
Substantially reduces the number of parameters to learn

Keep spatial information in a 2D feature map (hidden layer map)

⇒ Computing responses at hidden nodes equivalent to convolving input
image with a linear filter (learned)
⇒ A learned filter as a feature detector
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Convolution: Scalar Images

● 2D convolution with a Finite Impulse Response (FIR) h of size d (odd):

f ′(i , j) = (f ⋆ h)(i , j) =
d−1
2

∑
n=− d−1

2

d−1
2

∑
m=− d−1

2

f (i − n,m − j)h(n,m)

● Simply centering filer h in pixel (x , y) ⇒ weighted sum

● Output for 1 filer (resp. K filters): 1 2D map (resp. K 2D maps)

nicolas.thome@cnam.fr NFE212 - Deep Learning 32/ 76

mailto:nicolas.thome@cnam.fr


Context Neural Nets ConvNets History ConvNets Era

Convolution: Vectorial Images (depth M)

● Each filter has size dxdxM

● Example with M = 3, e.g. color images:

nicolas.thome@cnam.fr NFE212 - Deep Learning 33/ 76

mailto:nicolas.thome@cnam.fr


Context Neural Nets ConvNets History ConvNets Era

Convolutionnal Layers

● Convolution layer ⇐ local feature from previous layers
● Feature maps are equivariant to translation
● Followed by non-linearity (activation function)

⇒ How to gain (local) shift invariance ?
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Pooling Layers

● Spatial agregation for each layer
● If stride s > 1, sptial resolution decreases (subsampling) ⇒
gaining invariace to local translations
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Pooling Layers
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Pooling Layers: Examples
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Convolutional Neural Networks (ConvNets)

● An elementary block: Convolution + Non linearity + pooling
● Stack several blocks: Convolutional Neural Networks (ConvNets)

Figure: Important building blocks in CNN

nicolas.thome@cnam.fr NFE212 - Deep Learning 38/ 76

mailto:nicolas.thome@cnam.fr


Context Neural Nets ConvNets History ConvNets Era

Convolutional Neural Networks (ConvNets)

● Generally, Feature maps stacked together at one point ⇒ fully
connected layers

Figure: Important building blocks in CNN
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ConvNets: Conclusion
● Crucial step for tacking advantage of structure ⇒ local processing
● Useful for many data types and applications:

Low-level signal, e.g. image, audio (speech, music)
More semantic data, e.g. modern text embedding (word2vec) or RNN

● Block [Convolution + Non linearity + pooling ] intuitive for modeling
hierarchical information extraction
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Deep Learning: Trends and methods in the last four decades

80’s: 1st Convolutionnal Neural Networks
● LeNet 5 Model [LBD+89], trained using back-prop

● Input: 32x32 pixel image. Largest character is 20x20
● 2 successive blocks [Convolution + Sigmoid + Pooling (+sigmoid)]
Cx: Convolutional layer, Sx: Subsampling layer

● C5: convolution layer ∼ fully connected
● 2 Fully connected layers Fx
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80’s: LeNet 5 Model

● Evaluation on MNIST
● Total # parameters ∼ 60000

60,000 original datasets: test error: 0.95%
540,000 artificial distortions + 60,000
original: Test error: 0.8%

● Successful deployment for postal code reading in the US
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Deep Learning: Trends and methods in the last four decades

90’s: start of winter for deep learning
● Deep neural nets =’ black magic’, black boxes

Lack of interpretability
Optimization issues for highly non-convex objective function

● Golden age of kernel methods
Generalization theory with Support Vector Machines
Extension to non-linear modes: kernel trick

Kernel encode prior knowledge (structure) on data

Convex optimization problem
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Deep Learning: Trends and methods in the last four decades

2000’s: Bag of Words Model (BoW)
● Started from the Information Retrieval (IR) community
● Text classification : document as a histogram of word occurrences

● Bow representation as input for powerful classifiers, e.g. SVM
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Deep Learning: Trends and methods in the last four decades

2000’s: Bag of Words Model
● Adapting the BoW model for visual recognition ?
⇒ Bag of Visual Word (BoV)

● Main challenge: definition of visual words unclear!

● Solution: compute a dictionary on local image regions (clustering)
Local regions represented by handcrafted descriptors, e.g. SIFT
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2000’s: Bag of Visual Words Model

● 2000’s: BoW + SVM state-of-the-art
● Many works on kernel on BoW, coding & pooling → 2012
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Deep Learning: Trends and methods in the last four decades

Deep Learning renewal since 2006

● 2006: new unsupervised learning for Deep Belief Nets (DBN) [HOT06]
● Theoretical results for improving model quality with depth
● Unsupervised training used as init for supervised learning with
back-prop
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Deep Learning and ConvNet for Speech Recognition

● First DL breakthrough on large datasets:
speech recognition

● Context-Dependent Pre-trained Deep
Neural Networks for Large Vocabulary
Speech Recognition, Dahl et al. (2010)
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Deep Learning and ConvNet for Image Classification

● ImageNet ILSVRC Challenge (Stanford):
1,200,000 training images, 1,000 classes, mono-label
Based on WordNet hierarchy (ontology)
Evaluation: top-5 error

● Up to 2012, leading approaches: BoW + SVM
● ILSVRC’12: the deep revolution ⇒ outstanding success of
ConvNets [KSH12]
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2012: the deep revolution

Deep ConvNet success at ILSVRC’12
Two main practical reasons:

1 Huge number of labeled images (106 images)
Possible to train very large models without over-fitting
Larger models enables to learn rich (semantic) features hierarchies

2 GPU implementation for training
Relatively cheap and fast GPU
Training time reduced to 1-2 weeks (up to 50x speed up)
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Deep Learning in 2012: Representation Learning
Deep: more semantic features
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AlexNet [KSH12] in ILSVRC’12

● 60,000,000 parameters
● 650,000 neurons - 630,000,000 connections
● 5 convolutional layers, 3 Fully Connected (FC)

Convolution layer: Convolution + non linearity
(ReLU) + pooling
Full= FC + non linearity - Final FC: 4096-dim

● Trained on 2 GPUs for a week
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AlexNet [KSH12] in ILSVRC’12

First Convolutionnal Layer
● Input: Images: 227x227x3
● Filter (receptive field) size F: 11, S (stride) = 4
● 96 filters ⇒ output size 55*55*96 = 290,400 neurons
● Each Filter has 11*11*3 = 363 weights + 1 bias = 364
params

N.B.: Convolution in whole feature map depth (cf LeNet 5
discussion)

● # parms: 96 * 364 = 34, 944

nicolas.thome@cnam.fr NFE212 - Deep Learning 54/ 76

mailto:nicolas.thome@cnam.fr


Context Neural Nets ConvNets History ConvNets Era

AlexNet [KSH12] in ILSVRC’12

Credit: R. Fergus
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AlexNet [KSH12] in ILSVRC’12

Credit: R. Fergus
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AlexNet [KSH12] in ILSVRC’12

Credit: R. Fergus
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AlexNet [KSH12] in ILSVRC’12

Credit: R. Fergus
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AlexNet [KSH12] in ILSVRC’12

● Same global architecture as older nets, e.g. LeNet
Trained with back-prop and stochastic gradient descent

● But bigger (deeper and wider): 60 106 parameters vs 60 103

Needs more data (106 vs 104)
GPU implementation for fast training

● Also some architectural and optim improvements (see next course):
Non-linearity: ReLU vs sigmoid
Overlapping pooling (Local Response Normalisation, LRN)
Regularization: data augmentation, dropout
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Deep Learning since 2012

More & more data (Facebook 109 images / day), larger & larger networks
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Deep Learning since 2012

Transferring Representations learned from ImageNet
● Deep ConvNets require large-scale annotated datasets

Huge # parameters ⇒ difficult to train from scratch on "small
datasets"

● BUT: Extract layer ⇒ fixed-size vector: "Deep Features" (DF)

● Now state-of-the-art for any visual recognition task
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Deep Features (DF) and Domain Adaptation

● DF ⇐ Deep ConvNet trained on a large-scale dataset (ImageNet,
Places, etc)

● DF: off-the-shelf features for any visual recognition task
● DF: Generic features, very robust to :

Dataset change ⇒ apply DF for classification with different images,
different classes
Domain change ⇒ apply DF for other visual tasks, e.g. localization,
segmentation, pose estimation, retrieval etc

● Since 2012: all performance re-benchmarked with DF
● Need to adapt the final layer to match the target domain goal
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Deep Features (DF) and Domain Adaptation

DF: off-the-shelf descriptors

nicolas.thome@cnam.fr NFE212 - Deep Learning 64/ 76

mailto:nicolas.thome@cnam.fr


Context Neural Nets ConvNets History ConvNets Era

Deep Features (DF) and Domain Adaptation

Credit: Razavian et. al. [ARS+16]

● Dataset change: fine-tuning ConvNet parameters on the target domain

Different learning for fined-tuned & from scratch parameters

● Domain (task) change: adapt archi to the target task (e.g. pooling)
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Deep Features (DF) and Domain Adaptation

DF: fine-tuning
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Deep Features (DF) and Domain Adaptation

Credit: Razavian et. al. [ARS+16]
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Deep Features (DF) and Domain Adaptation

DF for Image classification on other datasets

● Small size datasets: ∼ 103 − 104 ex, e.g. VOC’07 (20 classes, 5000 ex)

Model type Test mAP
From Scratch 39.79
BoW [ATC+13] 61.6

Transfer 83.22
Fine Tuning 85.70

Table: Mean Average Precision.

● Fine Tuning > Transfer >> Handcrafted (BoW)
● From scratch does not work (not enough training data)
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Deep Features (DF) and Domain Adaptation

DF for Image classification on other datasets

● Medium size datasets, e.g. Food (LIP6) : 101 classes, 105 ex

● From scratch DOES work (well !)
● Fine Tuning >> From scratch >> Transfer >> Handcrafted (BoW)
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Deep Features (DF) and Domain Adaptation

DF for Image classification on other datasets
● Another ex: M2CAI’16 challenge - large domain shift (medical images)

Medium-size: 22 videos, ∼ 60 ⋅ 104 images, 8 classes

Model Acc Top1(%)
Transfer 59.27

From Scratch 69.13
Fine Tuning 79.06

● Fine Tuning >> From scratch >> Transfer
● Transfer already good baseline despite big visual content shift
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Deep Features (DF) and Domain Adaptation

Task Adaptation: Localization
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Deep Features (DF) and Domain Adaptation

Task Adaptation: Localization

Eval on VOC’07:

R-CNN 58.5
DPM HoG 34.3

● R-CNN ⇒ region proposals ⇒ Deep Features ⇒ classify
● Significantly outperformed previous models (DPM on HoG features)
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Deep Features (DF) and Domain Adaptation

Task Adaptation: Semantic Segmentation
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Deep Features (DF) and Domain Adaptation

Task Adaptation: Semantic Segmentation

Chen et.al. ICLR’15
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Deep Features (DF) and Domain Adaptation
Conclusion
● Deep Feature in transfer mode

Very good baseline
Ofter > descriptors based on expert knowledge
The solution for small databases

● From medium-size: from scratch possible and very competitive
● Fine-tuning always improves performances (small → large datasets)
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