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Basics (2h)

ÅArtificial neural nets 

ÅSupervised training, back-prop

ÅRegularization

Convolutional nets (1h)

ÅSequential data and RNNs

ÅGating, long-short time memory

ÅApplications

Recurrent nets (1h) 

ÅSequential data and RNNs

ÅGating, long-short time memory

ÅApplications

Unsupervised representations (1h)

ÅUnsupervised / self-supervised

ÅAuto-encoders

ÅDeep generative models
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21st century Artificial Intelligence (AI)
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21st century Artificial Intelligence (AI)
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Deep Learning (DL)
Reinforcement Learning (RL)



DL in a nutshell

Branch of Machine Learning (ML)
Å5ŀǘŜǎ ōŀŎƪ ǘƻ ǘƘŜ плΩǎΣ ǎǳǊǾƛǾŜŘ ǘǿƻ ǿƛƴǘŜǊǎ

Spectacular revival in 2006-2012
ÅBoost of computational power(GPU)

ÅMassive amount of data(internet)

ÅDeeper architecturesand improved algorithms

Learn rich representations 
ÅFrom sequences of non-linear transforms

ÅFor a specific task 

ÅAgnostic to future use
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Key applications

Recognition
ÅOptical characterrecognition (OCR)

ÅAutomatic speechrecognition (ASR)

ÅNatural languageprocessing (NLP) 

ÅImageunderstanding

Prediction, decision and control
ÅCars, autonomous robots, games, complex systems

Signal transformation
ÅEnhancement

ÅExample-based or interactive editing 
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Machine Learning

From training data, not prior rules

ÅLearn to solve a prediction task (usually under supervision)

ÅLearn to extract structure (possibly with no supervision)
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Audio
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machine

recognition*: label
speech recog. : words 
enhancement: audio
source separation: audio

waveform

*audio scene, speech, music ςcategory or instance level



Text
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machine

categorization*: label
summarization: text
translation: text
q. answering: text
visual search: image

text

* nature, topic, spam



Feed-forward artificial neural net

ÅA sequence of transforms based on formal neurons 

ÅProducing a sequence of representations
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Origins
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Origins
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ÅMcCulloch & Pitts (1943): Linear threshold unit 

ÅRosenblath(1957-61): Perceptron learning algorithm

ÅMinsky and Papert(1969): Analysis of (multilayer) perceptron

ÅWerbos(1974): Gradient back-propagation

ÅFukushima (1975-80): Unsupervised multilayer cognitron

ÅHinton (1985-93): Auto-encoders

ÅLeCun(1989-98): Modern convolutional nets



Feed-forward nets
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depth

transforms: built on ordered layers of artificial neurons

1 10 100
shallow deep very deep



Sigmoid

Non-linear activation
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άŎŀǘέ

Supervised learning

ÅTraining data: largecollection of annotated examples

ÅLearn parameters (1-100M) by error back-propagation
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Using trained models

ÅSame task, same domain: reuse

ÅSame task, different domain: fine-tune 

ÅSimilar data, different task: adapt, train/fine-tune

ÅSame data type: use off-the-shelf intermediate deep representations
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Using trained models

ÅSame task, same domain: reuse

ÅSame task, different domain: fine-tune

ÅSimilar data, different task: adapt, train/fine-tune

ÅSame data type: use off-the-shelf intermediate deep representations
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Tools
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Open source frameworks

ÅTorch (NYU/Facebook) [C++/Lua]

ÅCaffe(Berkeley) [C++/Python/Matlab]

ÅKeras(F. Chollet) [Theano/Tensorflow]

ÅCNTK (Microsoft) [C++]

ÅTensorFlow(Google)[C++/Python]

ÅPytorch(Facebook)[Python]

ÅMXNet(AWS)[multi]

Hardware specific

ÅNvidia SDK, CuDNN

ÅQualcomm SDK



Take home message

ÅLearn from examples instead of knowledge-based rules 

ÅLearn end-to-end pipeline
ÅFrom input,

Åthrough intermediate, distributed representations of increasing abstraction,

Åto predicted output.

ÅMany generic bricks

ÅTrained architectures and quality codes available

Adapt them to your data and problems
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Learning and representations

High level goal 

Å¢ǳǊƴ ƛƴǇǳǘ άǎƛƎƴŀƭǎέ ƛƴǘƻ άǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎέ όŘŜǎŎǊƛǇǘƻǊǎκŦŜŀǘǳǊŜǎκŜƳōŜŘŘƛƴƎκŎƻŘŜǎύ

ÅLearn to reason on codes

Two pipelines 

ÅClassic: Engineer generic features, pool them into codes, learn predictors on codes

Å5ŜŜǇΥ [ŜŀǊƴ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ Ƨƻƛƴǘƭȅ ǿƛǘƘ ŀ ǘŀǎƪ ǎƻƭǾŜǊΧ ƻǊ ƛƴŘŜǇŜƴŘŜƴǘƭȅ ƻŦ ǘŀǎƪǎ
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Supervisions

Å(Fully) supervised all training examples fully annotated

ÅWeakly supervised all training examples partially annotated

ÅUn-supervised training examples with no annotation

ÅSemi-supervised fraction of training examples fully annotated

ÅSelf-supervised automatic annotation of training examples

ÅPrivileged annotation richer than task requires
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Supervised training
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Risk and loss

ÅTraining set

ÅPredictor family

ÅLoss

ÅExpected and empirical risks
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ÅParametric predictors

ÅLearning problem

ÅSingle framework: classic regression, SVM, kernels, DL

ÅDL: non-convex optimization, very large dimension (millions)
ÅIterative gradient descent

Minimizing empirical risk
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Training, validation and test

Iterative minimization of

To avoid overfitting for good generalization

ÅMonitor error on validation set

ÅUseearly stopping

ÅBalance model capacity vs. data amount

ÅUse priors (e.g., penalize large parameters)

Evaluate performance on test set
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loss

learning iterations

training

validation
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Gradient descents

Gradient descent : follow steepest descent direction at current location

Stochastic gradient descent (SGD): process one sample at a time

Minibatch SGD: process one small subset of samples at a time
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Epochs and learning rates

Epoch: a complete pass over all training examples

Learning rate: progressively slow down, e.g. after each epoch

Minibatch SGD: process one small subset of samples at a time
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ÅSequential functional definition

ÅBackward parameter dependencies

ÅBack-propagation: efficient gradient computation with chain-rule 

Case of feed-forward net
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Single-layer Perceptron
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Multi-layer Perceptron (MLP)
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Non-linearities
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Sigmoid Rectified Linear Unit (ReLU) 



Classification

ÅSoftmax: pseudo-probabilistic output

ÅάhƴŜ-hotΩΩ ƎǊƻǳƴŘ-truth output (indicator)

ÅCross-entropy loss (maximum log-likelihood)
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One layer classifier

ÅLogistic regression

ÅLoss gradient for one training example

ÅBy increasing a class activation, the loss decreases if the class is correct, and 
increases otherwise
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Regularization

ÅL2 penalty: Weight decay

ÅGradient

ÅL1 penalty: Sparsity enforcing prior

ÅLassospecial case 

49



Regression

ÅSquare loss

ÅFrom least square regression to deep regression
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Learning rate issue

Towards better adaptation of learning rate

ÅMomentum

ÅAdaGrad

ÅAdam

[Rumelhartet al. 1986 / Duchiet al. 2011 / Kingmaand Jimmy 2014]
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Drop-out
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[Hinton et al.2012]



The Art of DL

Data gathering

ÅSize and quality, annotations

ÅAugmentation: synthetic transforms

ÅReal vs. synthetic

Architecturedesign

ÅExploiting known structures

ÅConvolutional net, recurrent net

ÅLego game and hyper-parameters

Loss definition

ÅDomain knowledge

ÅDifferentiability

ÅRegularization

Training

ÅInitialization

ÅSGD: batches, learning rate, misc.

ÅMonitoring, early stopping
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Structured inputs and/or outputs

2D data: convolutional nets Sequences: recurrent nets

54

W WW



ConvNets
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MLP for images?
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Scalability

Å1Mpix image and 1M unit hidden layer:  ρπweights

[fig by Ranzato] 



MLP for images?
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Stability: expect invariance to small input distortions

[fig by Ranzato] 



Local linear transforms

Å9ŀŎƘ ǳƴƛǘ ŎƻƴƴŜŎǘŜŘ ǘƻ ŀ άƭƻŎŀƭ ǇŀǘŎƘέ 

ÅAs in biological vision 
ÅAcell sensitive to a small region of input (receptive field)

ÅTiled to cover the whole field of view
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Shared weights

ÅWeights shared across spatial locations

ÅTranslation-invariant (local) linear filter = convolution with small kernel

ÅOne filter and non-ƭƛƴŜŀǊƛǘȅ ǇǊƻŘǳŎŜǎ ƻƴŜ άfeature mapέ ƻǊ άchannelέ
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Convolutional layer (CL)

ÅBuilding bock of convolutional networks (ConvNet)

ÅCovariance(not invariance) of map with input

60[fig by Ranzato] 



Spatial pooling

ÅLocal aggregation of activations (max or sum)

ÅSmall amount of translation invariance

ÅReduction of spatial resolution: increase receptive fields of next layers

61[fig by Ranzato] 



Multiple i/o maps

Multiple input maps (e.g. color image)

ÅOne filter = stack of 2D filters = 3D filter (tensor)

Multiple output maps

ÅNumber of maps  = width of layer
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άмȄм ŎƻƴǾƻƭǳǘƛƻƴέ

Linear combination of multiple input maps in a single one

63[fig by Ranzato] 



Normalizations

ÅLocal contrast normalization(LCN): normalize activations across 
channels and local spatial neighborhood

ÅBatch normalization (BatchNorm): and across batches
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A simple example

ÅExample with two ad-hoc edge filters

65[fig by Ranzato] 



Convolutional networks

ÅLeverage spatial stationarity

ÅShare parameters

ÅKey for spatial data (inc.images at large)
66
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LeCunмффуΥ ά[ŜbŜǘрέ
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Krizhevsky et alΦ нлмнΥ έ!ƭŜȄbŜǘέ
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Krizhevsky et alΦ нлмнΥ έ!ƭŜȄbŜǘέ
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[Zeiller2013]
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!ƭŜȄbŜǘΩǎ ŦƛƭǘŜǊǎ
[Zeiller2013]



Simonyan et alΦ нлмпΥ έ±DDέ
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He et al.нлмпΥ άResNetέ
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He et al.нлмпΥ άResNetέ

Residual blocks
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Deeper and deeper
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Larger or more complex scenes

ÅTraining on ImageNet: recognize fixed-sized cropped objects

ÅExtend to:
ÅDifferent input image size?

ÅMore complex scenes with multiple images?

ÅObject localization?
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[fig by Cord] 



Fully convolutional nets

ÅSliding window: Variable size input & loosely spatialized output

77[fig by Cord] 



Fully convolutional nets

ÅSliding window: FC as convolutions 

78[fig by Cord] 



Feature map pooling

ÅVariable size input & loosely spatialized output

79[fig by Cord] 



Fully convolutional nets

ÅVariable size input & loosely spatialized output

80[fig by Cord] 



Class activation maps

ÅTowards localization and (low-res) semantic segmentation

81[fig by Cord] 



Getting spatial resolution back

ÅMirroring ConvNet: unpoolingand convolution

ÅUpsamplingand convolution

ÅFractional-stride convolution

82

[Noh et al.2015]



U-Net and skip-connections

ÅPassing features maps across through stacking

83[Ronneberger2015]



Recurrent Neural Nets
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Sequential data

Data with natural total ordering, and variable length

ÅText

ÅSpeech

ÅAudio

ÅVideo

ÅAnimation

ÅEEG, body signals

ÅDNA sequences

ÅStreams and sequences at large
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Handling sequences?

Order-less poolingΣ ŜΦƎΦ άōŀƎ-of-ǿƻǊŘǎέ 
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Handling sequences?

Sliding window (fixed-ǎƛȊŜŘ ŎƻƴǘŜȄǘύΣ ŜΦƎΦΣ άǿƻǊŘнǾŜŎέ
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Handling sequences?

1D-convolutionΣ ŜΦƎΦΣ IƻƭŘŜƴΩǎ Ƴƻǘƛƻƴ ŜƳōŜŘŘƛƴƎ
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ConvNet



Recurrent machines, e.g., RNNs

Handling sequences?
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Recurrent Neural Nets (RNNs)

ÅwŜŎǳǊǊŜƴǘ ƭƛƴƪ ǘƘǊƻǳƎƘ ŀ ŘŜŘƛŎŀǘŜŘ άƘƛŘŘŜƴ ǎǘŀǘŜέ

ÅCaptures short term memory
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RNNs

ÅVariations
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many-to-many

parallel



Many-to-one

ÅSentence encoding (embedding) 
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Many-to-one

ÅSentiment analysis
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Many-to-one

ÅVisual Question Answering (VQA)
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RNN RNNRNN RNN

multimodal 
model

convnet



One-to-many

ÅImage captioning
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[Xu et al. 2015]



One-to-many

ÅImage captioning
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