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Overview
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Deep Convolutional NN

« MNIST: 10 classes, 28x28 pixels
* ImageNet: 21841 classes, 256x256 pixels
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LeNet Architecture

C3:f. maps 16@10x10

INPUT gé zfgitztge maps S4:f. maps 16 @5x5
32x32 S2: f. maps C5: layer
B@14x14 120 F6:layer OUTPUT

84 10

|
‘ Full conr#ection Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

~60k parameters, 5 layers




DCNN Architectures

* AlexNet (2012)
~060M parameters, 8 layers
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DCNN Architectures

* VGG (2014)
~138M parameters, up to 19 layers
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DCNN Architectures

* Inception (2014)
~7M parameters 22 layers
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DCNN Architectures

 ResNet (2015)
up to 1000 layers !
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A summary
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DCNN - Model complexity
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Object detection challenge

Object Detection, LSVRC Competition
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s Human Performance

m—— Best Al System
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Object detection - results
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Image Segmentation
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DCNN Architecture for

Segmentation
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DCNN Architecture for
Segmentation

Image Score Map
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New problems in
Computer Vision

« Human Parsing

* Image Captioning

« 3D reconstruction fron

a single image




Overview

 The Deep Learning Zoo




The Deep Learning Zoo

A mostly complete chart of

owwme  Neural Networks ...
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Perceptron, FFNN
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Input Cell

£\ Noisy Input Cell

@ Hidden Cell

.' Frobablistic Hidden Cell

@ spiking Hidden Cell

@ outputceu

. Match Input Output Cell

. Recurrent Cell

. Memary Cell

. Different Memary Cell
Kernel

) Convolution or Pool

INP ENSEEIHT 2

Tesiewan




Auto-encoders
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Auto-encoders

Original Input Latent Representation Reconstructed Output
. —  Encoder il il Decoder —-.‘ {
X h r
* Applications
- Denoising
- Dimension Reduction
- Indexation
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Recurrent Neural Networks
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Long Short-Term Memory
(LSTM)
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Deep Residual Networks

{0 Backfed Input Cell
Input Cell
£ Noisy Input Cell

@ Hidden cell
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Overview

e Generative Models




Generative Adversarial
Networks

Generator Discriminator
) @
> - \A". (A" Real
S 2 'ﬁ.ﬂ“ XI0<X
< & ’\V’O \y'o Fake
FG FD

Game theory
Nash equilibrium
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Generative Adversarial
Networks

 Difficult to train...
 But useful in many applications

Formant analysis network Articulation network Output network

Emotional
state
Vertex positions




Generative Adversarial
Networks

« Example Video

I
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Generative Adversarial
Networks




Overview

* Concluding Remarks




About Al, Deep Learning...

Annually Published Al Papers
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About Al, Deep Learning...

Annual VC Investment in Al Startups Startups Developing Al Systems
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About Al, Deep Learning...

Job Openings, Skills Breakdown (Monster.com)
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Challenges - Supervision

[

125000

« She had your dark suit in greasy wash
water all year »

Ioss labels
function

optimization human
algorithm expert




Challenges - Supervision

How do infants do? s
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Challenges - Supervision

How do infants learn ﬁ

language? 125000

+ 1000000000

P 40000 words of text
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Challenges - Domain
Adaptation

Zebras Z_ Horses Summer T Winter

Photograph
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Challenges - Domain
Adaptation
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Challenges - Domain
Adaptation

REAL WORLD FLIGHT SIMULATOR




Challenges - Domain
Adaptation

What we have What we want




Challenges - Domain
Adaptation

Pre-training Adversarial Adaptation Testing
source Images
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Multiple Task Learning

MENTAL Average age
DEVELOPMENT | skills begin 3 months 6 months 9 months 1 year 2 years 3 years 5 years
I 1 "
@ - ) : @ -
Communication 7] By : o YT
. : DADDY. 60
and language | — . / WORK..
: uses certain begins to . .
cries when wet coos when makes simple sounds for use simple begins 1o use uses simple
or hungry comfortable sounds different things single words words together sentences
! X
QL D ot (R 1
Social N1 A (3 2
Behavior HLL‘. o Mk likes to be
- — [ ' begins to do praised after interacts with
smiles when begins to understand { simple things completing both adults
smiled at and respond to "NO!" ™ 5 T when asked simple tasks and children
& 27 B AR ) D
if 17 ‘T W I oy IS “_‘-‘-—;'&,’/m”
Self-care S Y L D [ takes off . bathes with
& a chews solid begins to drinks alone / simple toilet and simple
sucks breast to mouth food feed self from glass 2/ | clothes trained  dresses work
ya b Q. &
| AT &3, A
‘ L] -— f r | N
Bw—— o ﬁ a (./\ﬂ — =
o Intarst - £ 1 develops strong 1akes longer = builds
i smiles when brief interest in attachments 1o interest in toys sorts different playthings with
smiled at toys and sounds caretakers and activities objects several pieces
| 2
¥ Q2 ) &
Play U plays with plays with begins to enjoy f begins 1o \' ]
grasps things own body simple first social games imitates and play with plays independently
plliud in hand objects [peek-a-boa) copies people other children with children and toys i
il 2 : o % TRy ¥
Intefligence =R %’ T N M, )i ? J ~
and learning cries when / | looks for toys copies points ' follows /‘2 follows =2 .
hungry or recognizes recognizes that fall out simple 10 things simple . multiple
uncomfortable mother several people of sight actions when asked instructions instructions




What is Intelligence?

* Curiosity
 Adaptation to new situations
 Knowledge transfert

I
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