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DL in a nutshell

Branch of Machine Learning (ML)
A5l 4Sa ol Ol G2 UKS nnQaxz ~ 7T

Spectacular revival in 202012

A Boost of computationglower (GPU)

A Massive amount alata (internet)

A Deeperarchitecturesand improvedalgorithms

.......
L g

Learn rich representations

A From sequences of ndimear transforms
A For a specific task

A Agnostic to future use




Key applications

Recognition

A Opticalcharacterecognition (OCR)
A Automaticspeectrecognition (ASR)

A Naturallanguageprocessing (NLP) pi
A Imageunderstanding

Client app or webpage

Prediction, decision and control
A Cars, autonomous robots, games, complex systems

Signal transformation

A Enhancement
A Examplebased or interactive editing




Machine Learning

From training data, not prior rules
ALearn to solve a prediction task (usually ursdgrervisio
ALearn to extract structure (possibly with no supervision)

X =l Y

symbols symbol(s)
numbers number(s)

* program withparametersandinternaldatarepresentation(s)
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child little cute fun girl indoors baby people
boy toddler innocence toy family youth birthday

preschool enjoyment hungry one kindergarten
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Audio

b QL machine 2R

recognition* label
speeclrecog :words
enhancementaudio
source separatiaraudio

*audio scene, speech, mugcategory or instance level
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b machine 28

Deep learning (also known as deep
structured learning or hierarchical
learning) is part of a broader family of
machine learning methods based on
learning data representations, as
opposed to task-specific algorithms.
Learning can be supervised, semi-
supervised or unsupervised.['1[21[%]

Some representations are loosely based
on interpretation of information
processing and communication patterns
in a biological nervous system, such as
neural coding that attempts to define a
relationship between various stimuli and
associated neuronal responses in the
brain. 4]

* pature, topic, spam

Text

P

y

categorization* label
summarizationtext
translation text

g. answeringtext
visual searchmage
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Feedforward artificial neural net

AA sequence of transforms basedformal neurons
AProducing a sequence of representations
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Origins

AMcCulloch & Pitts (19430 inear threshold unit

Inputs  Weights
Wi

h
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Threshold T
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Origins

AMcCulloch & Pitts (19430inear threshold unit
ARosenblatl{195761). Perceptron learning algorithm

Inputs  Weights

Threshold T

[
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Origins

AMcCulloch & Pitts (19430 inear threshold unit
ARosenblatl{195761). Perceptron learning algorithm
AMinsky andPapert(1969):Analysis of (multilayer) perceptron

entities. Minsky and Papert’s book was the first example of a mathemati-
cal analysis carried far enough to show the exact limitations of a class of
Expanded Edition s COMApUting machines that could seriously be considered as models of the

two decades. It
required reading for
revival that is going

Antificial-intelligence researc
gramming of von Neumann
intelligence might emerg
and Papert’s book was the first examph
arried far enough 1o show the exact limitations of a class of
computing machines that could seriously be considered as models of the

Now the new developments in mathematical tools, the recent interest of
physicists in the theory of disordered matter, the new insights into and
gical models of how the brain works, and the evolution of fast
< that can simulate networks of automata have given Percep-
new importance.

Minsky and Papert have added a chapter (o their seminal study in which

they discuss the current state of parallel computers, review developments

erceptrons L iy e e e
tions related to connectionism. The central theoretical challenge facing
ob: . is in reaching a deeper understanding of

jects” or “agents” with individuality can emerge in a network
ess in this area would link connectionism with what the authors
called “society theories of mind.

Marvin L. Minsky is Donner Professor of Science in MIT's Electrical

Engineering and Computer Science Department. and Seymour A. Papert
is Professor of Media Technology at MIT,

978-0-262-63111-2

Marvin L. Minsky NN i

usetts Institute of Technology

Seymour A. Papert e Maseachusets 02143




Origins

AMcCulloch & Pitts (19430 inear threshold unit
ARosenblatl{195761). Perceptron learning algorithm
AMinsky andPapert(1969):Analysis of (multilayer) perceptron
AWerbos(1974):Gradient backropagation

AFukushima (19780): Unsupervised multilayeognitron
AHinton (198593): Auto-encoders

26



Origins

AMcCulloch & Pitts (19430inear threshold unit
ARosenblatl{195761). Perceptron learning algorithm
AMinsky andPapert(1969):Analysis of (multilayer) perceptron
AWerbos(1974):Gradient backropagation

AFukushima (19780):Unsupervised multilayeognitron
AHinton (198593): Auto-encoders

ALeCur(198398):Modern convolutional nets

C3:f. maps 16@10x10
C1: feature maps S4:f. maps 16@5x5

INPUT
30432 6@28x28

S2: f. maps
6@14x14

| Fullconllection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection 27



Feedforward nets

shallow deep very deep

transforms: built on ordered layers of artificial neurons

O~
o
O
Xy
Xf—1

Xy — O‘(Wng_l —I— bg)
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Nonlinear activation

Heavysidestep Sigmoid Rectified Linear UniReLV)

c(a) =Ja>0] o(a)= 1—|—ex%)(—a) o(a) = max(0,a)

A A
1 1 1
0.5 I 0.5 /

0 0 0
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Supervised learning

ATraining datatargecollection ofannotated examples

(mz d}(’z c’x)i 25 (z A (‘)}(hz & c')> I ¢

ALearn parametersL{100M) by errorbackpropagation




Using trained models

ASame task, same domareuse
ASame task, different domaiffine-tune
ASimilar data, different tas&dapt train/fine-tune

generic

ASamedata type use offthe-shelf intermediateleep representations
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Using trained models

ASame task, same domareuse
ASame task, different domaiffine-tune
ASimilar data, different tasdapt train/fine-tune

generic

ASamedata type use offthe-shelf intermediateleep representations
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Tools

Open source frameworks

ATorch (NYU/Facebook) [Cktd | torch PYT b RCH
A Caffe(Berkeley) [C++/Pythokiatial]

AKeraqF.Cholle) [TheandTensorfloy C affe @Xne
ACNTK (Microsoft) §3]

ATensorFlowGoogle)[C++/Python] B Microsoft N
APytorch(Facebook)[Pythdn CNTK r
AMXNet(AWS)[multi] Tensor

Hardware specific
ANvidia SDKGUDNN
AQualcomm SDK
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Take home message

AlLearn from exampldastead of knowledgbased rules

ALearn endo-end pipeline
AFrom input,
Athrough intermediate, distributed representations of increasing abstraction,
Ato predicted output.

AMany generic bricks
ATrained architectures and quality codes available

Adapt them to your data and problems

34



Learning and representations

High level goal
ACdzNYy Ay Lzl daraylrftaégd Ayiz aNBLINBaASydOl
ALearn to reason on codes

Two pipelines
AClassic: Engineer generic features, pool them into codes, learn predictors on code
AS5SSLIY [ SINY NBLINBASYUlFrGAZ2Y 22Ayiatée g)



A(Fully) supervised
AWeakly supervised
AUn-supervised
ASemisupervised
ASelfsupervised
APrivileged

Supervisions

all training examples fully annotated

all training examples partially annotated
training examples with no annotation
fraction of training examples fully annotated
automatic annotation of trainingxamples
annotation richer than task requires

36



Supervised training

) (O

training set: x(”) y(”)), n=1---N

( (n))m £(x(M): 9) =~ y(n)
#

()

find “best” @ given training set



Risk and loss

ATraining set T = {(x(”), y(”))}f;le

APredictor family F={f:X—=Y}

E(y,y') >0, ¥(y,y) €Y xY
E(y,y) =0,Vyec}Y

ALoss

AExpected and empirical risks

%) = E[E(100.Y)| ~ = 3 B(£(x®).y™)

n=1
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Minimizing empirical risk

AParametripredictors ¥ = {f(.;0), 0 € ©}
ALearning problem

) A . .
i E— ( )- ( )
mHmN ElE<7‘(X ,9),y )

ASingle framework: classic regression, SVM, kernels, DL

ADL: nonconvex optimization, very large dimension (millions)
Alterative gradient descent



Training, validation and test

lterative minimizatiom)fN
1
in— S B(f(xM™;0 <n>)
meln n=1 (f(X | )’y

To avoid overfitting for good generalizati
AMonitor error onvalidation set

AUseearly stopping
ABalancenodel capacitys. data amount
AUse priors (e.g., penalize large parameters)

validation

training

early stop

Evaluate performance on test set learning iterations

40



Gradient descents

1 N

3 E( £ (x™; 9),y<n>>

n=1

min
0 N

Gradient descentfollow steepest descent direction at current location

N
(k+1) — p(k) _ & (n). g(k)y (n)
o) =0 NzlveE(f(X 00y, y (1))

n—

Stochastic gradient desce(8GD): process one sample at a time

o(k+1) — (k) _ aVQE(f(X(nk); 9(k)y. y(n))

Minibatch SGDprocess one small subset of samples at a time

gl+1) — g(k) __ & S VQE(f(X(”);O(k)),y(”))
|Bk| n€By, 41



Epochs and learning rates

Epoch a complete pass over all training examples
Learning rateprogressively slow dowa,g after each epoch
Minibatch SGDprocess one small subset of samples at a time

initialize weights to small random values
fore=1.---F
update rate: ae
shuffle training set, divide in K batches
fork=1.--K
update weights:
pk+1) — 9(’“)—|B¥‘;€| Dz VQE<f(X(n); (k) y(n))




Case of feedorward net

ASequential functional definition

y—l
X X 100 X - - - y=E(.,.)

Y= frofr—10--0fi1(x)=f(x;Wy---Wp)

Y

0

ABackward parameter dependencies

y=Fun(xp_1,Wp,Wyyq1---Wr), £=1---L—1

ABackpropagation efficient gradient computation with chaiole
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Singlelayer Perceptron

y = o(Wx)
a
X =2Qa = S}
o
aE(?vY) . / aE(yaY) T
!:i W = |° (a) ® o5 X




Multi-layer Perceptron (MLP)

Wyxy 1 = ay, o(ay) = xy

X0—==>

30+~

Xg—1> ap=>Xy
Wy
-

£

g/—1« hy« gy

_»5}

«-8J,

__ 0E(¥y) _ OE(y)

REY &0 —

8X /

OFE(y,
gL = C%Y)

fore =L---1
h) = o'(ay) ® gy
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Nonlinearities

Sigmoid

o(a) = —=t

14-exp(—a)

Rectified Linear UniRgLV

o(a) = max(0, a)

_
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Classification

ASoftmax pseudeprobabilistic output

y=—P@) _ ¢01]%, |g|l, =1
sum(exp(aL))

Ad h yh&Q Q  3-ik.Eh dmyfpiat (indicator)

y € {Oa 1}07 HyHl =1

ACrossentropy loss (maximum ldikelihood)

C
E(y,y) =Hly,y] = - Z Ye INYe = — 1IN Yo

c=1

47



One layer classifier

ALogistic regression
R T
Ye X eXP(W, X)

a
C
ALoss gradient for one training example
8E(S}aY) zy_y aE(?aY) — (y—Y)XT
oa oW

ABy increasing a class activation, the loss decreases if the class is correct, and
Increases otherwise



Reqgularization

AL2 penalty Weight decay
Y
Q) = Jl10]3 = 3 W7

E 14
OE(¥,
AGradient . y) — heXgT_l‘FWWe
oW,

AL1 penalty Sparsity enforcing prior
Q(0) = ~/l0]|1

ALasscspecial case

49



Regression

ASquare loss

R 1.
E(y,y) = E\Iy —yl|3

AFrom least square regression to deep regression



Learning rate issue

Towards better adaptation of learning rate
AMomentum gr = VoEg (6F), oWt =9k) _ g, +5Ag,

k
AAdaGrad @G, = diag( > gmgf,l), ol t1) = Q(k)—aGlzl/ng
m=1

AAdam ., =Pt (1 . BUGE glk+1) — p(k) _ ,_ "k+1
1—p] VU1 T €
_ Povp+ (1= B2)gf

[Rumelhartet al 1986 /Duchiet al 2011 /Kingmaand Jimmy 2014]

51



Drop-out
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(b) After applying dropout.

(a) Standard Neural Net

[Hintonet al.2012]
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The Art of DL

Data gathering Loss definition
A Size and qualitgnnotations ADomain knowledge
A Augmentation synthetic transforms A Differentiability
ARealvs.synthetic ARegularization

Architecturedesign Training
A Exploiting known structures Alnitialization
A Convolutional netrecurrent net ASGDbatcheslearning rate misc.

ALego game and hyp@arameters AMonitoring, early stopping
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2D dataconvolutional nets

224%istrig
~of 4
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'1'55
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Structured Iinputs and/or outputs

e

Seqguencesecurrent nets

355’ e X1 Xt X4

27 128

192

Y = R
F) r 'I.I_'i"

27

-)

........

we®”

128

Max

192

Yi—1 ¥t Yi+1
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ConvNets



Scalabllity

MLP for images?

i

|

||

Input Image

16 = 16

100 hidgn unit
25600 + 100 + 2600 + 26 = 28326

A1Mpix image and 1M unit hidden layey: Tt weights

[fig byRanzat¢
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MLP for images?

Stability:expect invariance to small input distortions

[fig by Ranzat¢ 57




Local linear transforms

A0l OK dzy Al O2yySOGSR G2 | 4f 20 f
AAs in biological vision

AAcell sensitive to a small region of inputceptive fiel)
ATiled to cover the whole field of view

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

Ranzato CVPR’13
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Shared weights

AWeights shared across spatial locations
ATranslatiorinvariant (local) linear filter convolution with small kernel
AOne fiterandnod A Y ST NRA U & fedN® RajgO S2aNdRe/ S 6

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

Ranzato CVPR’13
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Convolutional layer (CL)

ABuilding bock of convolutional networlkofivNex
ACovariancé€not invariance) of map with input

e
; N

[fig byRanzat¢



Spatial pooling

ALocal aggregation of activations (max or sum)
ASmall amount ofranslation invariance
AReduction of spatial resolutiomcrease receptive fieldsf next layers

2 > —>_"n
c;l > —>_"n

[fig byRanzat¢




Multiple I1/o maps

Multiple input maps€.g color image)

AOne filter = stack of 2D filters = 3D filter (tensor)
Multiple output maps

ANumber of maps width of layer

output feature map output feature maps

Input feature maps /./ /

Input feature maps / /
Ranzato CVPR’13
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\\

GMEM O2y @d2f dzi A 2

Linear combination of multiple input maps in a single one

output feature map

ernell
© AL (filter)

R
R

B \

[fig byRanzat¢ 63



Normalizations

Alocal contrast normalizatiqbCN): normalize activations across
channels and local spatial neighborhood

ABatch normalizatio(BatchNorn): and across batches

64



A simple example

AExample with two atioc edge filters

Convol.

” g LCN Pooling

[fig by Ranzat¢ 65



Convolutional networks

iInput : = output

convolutional E E E fully connected

AlLeverage spatial stationarity
AShare parameters
AKey for spatial datanc.images at large)

66



LeCumm oy Y G[ SbSiUp

C3:f. maps 16@10x10
C1: feature maps S4:f. maps 16@5x5

INPUT
6@28x28
S21maps r C5 layer F6 layer OUTPUT

32x32
6@1 4x1 4
r

FuII coml-ectlon Gaussnan connections
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307K

35K

ReLU | ' 223M
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FAE O

[Zeiller2013]
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224y

FAL G

[Zeiller2013]



Simonyaretald H n M

224 224 =3 224 % 224 = 6d

112 x 128

i 06 = 2006
Tx512
1

2% 5 I8 w 512 [
ldx14x512 | | % 4096

e

E] convolution4+RelLLT

f ['| max poaling

| fully connected+4+Hel.l

| softmax

ny

131 x 1000
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Heet al.H N1 M RegNet)

e

weight layer
]-"(X) I} relu

weight layer

X

identity

73



Heet al.H N1 M RegNet)

e

Residual blocks
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Deeper and deeper

28.2

152 layers ’

\
\
\
‘ 22 layers ’ ‘ 19 Iayers
\ 6.7

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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Larger or more complex scenes

ATraining on ImageNet: recognize fixsided cropped objects

AExtend to:
ADifferent input image size?
AMore complex scenes with multiple images?
A Obiject localization?

224x224x3 224 X224X64

@ convolution+ReLU
max pooling
@ fully connected+ReLU

@ softmax

[fig by Cord]
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Fully convolutional nets

ASliding window: Variable size input & loosely spatialized output

224x224x3 224X224x64

112x128

28 X 28 X 512 TXTx512
14x14 x512

@ convolution+Re

@ max pooling
Eﬂ fully connected-

1x1x4096 1x1x1000
— e

7

512

wy
g
"eg
.......
"y
"y

4096

nn
s
ma®
----
"""""
-
----

[fig by Cord] 7



Fully convolutional nets

ASliding windowEC as convolutions

224x224x3 224X224x64

112x128

X 56 X 256

28 X 28 X 512 TXTx512
14x14 x 512

@ max pooling

@ softmax

@ convolution+ReLU w

@ fully connected+ReLU

1x1x4096 1x1x1000 512
— e

[fig by Cord]
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Feature map pooling

AVariablesize input & loosely spatialized output

h!xw'x3 h'xw’x 64

QQQd

hxwxC
h x w x4096

h! o w’
@XEX512

convolution+ReLLU

max pooling

convolution

k-max+k-min pooling bed’[ﬂ@“by CofaPing room
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Fully convolutional nets

AVariablesize input & loosely spatialized output

h/xw'x3 h!xw’'x 64

- convolution+ReLLU
(7 max pooling

[fig by Cord]

80



Class activation maps

ATowards localization and (lews) semantic segmentation

aeroplane bottle bicycle
[fig by Cord]
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Getting spatial resolution back

AMirroring ConvNet unpoolingand convolution
AUpsamplingand convolution
AFractionaistride convolution

224x224 224%224
1Px112  convolution network Deconvolution network 1lex1l
56x56 56X 56
28x28 28x28 / 4
14x14 e 14x14
1x1 1x1
7V
Pg%é”f’lg Pg%)é“ng Jnpocling Unpooling
ifrax, L : = ——___Unpooling WA
e Unpooli
)g%)éling -\\\npoomg L
S ~npooling
\

[Nohet al.2015]
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U-Net and skiconnections

APassing features maps across through stacking

64 64
128 64 64 2
input
im£ge > olels output
tile N A _| segmentation
2 4 & map
b4 ]
4 > L
| Of @
P~ = @©
w| wng wn
'128 128
256 128
=, =] K=
M E K Sl R
| ™ o~
’ 256 256 512 256
ATl 3 HTH® =»conv 3x3, ReLU
N ol o oL aE S
o S copy and crop
¥ s sw2 W24 512
el — [ I-EN-a § max pool 2x2

€ S ¥ o 'R 4 up-conv 2x2

[Ronneber962015] S — = conv 1x1 83
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Recurrent Neural Nets



Seqguential data

Data with natural total ordering, and variable length
AText

ASpeech

AAudio

AVideo

AAnimation

AEEG, body signals

ADNA sequences

AStreams and sequences at large
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Handling sequences?

Orderless pooling S ® P 20NR-&F

oo X1 Xt Xt—|—1
c O O O O O O O




Handling sequences?

Xt—1 Xt

O O O O O

, Pa \\ ,

Xt—|—1

O

<>

P

Yt

O O
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Handling sequences?

1DconvolutiorE S ®3IdPT | 2f RSy Qa Y2UA2

e Xp—1 Xt Xt—|—1
c O O O O O O o0

O O O O O
0 Ye—1 Yk Y41 -

90



Handling sequences?

Recurrent machinee.g., RNNs
- X1 Xt K41 .-

S a sl

O O O

Vi—1 Vit Yt-|—1
: | : | P
E E 15
1 m

supervision -
P Ye—1 Yt Yi+1
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Recurrent Neural Nets (RNNs)

AVS OdZNNBY G fAy] GKNRAZAK | RSRAOI
ACaptures short term memory

Xt

h; h; 4
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AVariations

one-to-many

many-to-one

RNNS

many-to-many

manyto-many
parallel
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Manyto-one

ASentence encoding (embedding)

Xg = at first exciting but over sentimental

R
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Manyto-one

ASentiment analysis

Xg = at first exciting but over sentimental

R R aRe

yo=0 -—-10 +30 —10
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Manyto-one

AVisual Question Answering (VQA)

the moustache real

R RAAd

"

h,| features

!

multimodal
model
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Oneto-many

Almage captioning
Human captions from the training set [Xu et al. 2015]

A cute Iittle daa sitting In a heart | Automatically captioned
drawn on a sandy '

-
t;ﬁ-v»‘(j"""‘\.‘?‘_‘"‘" i ¢
7 :

t -

walking next to a
on top of a

A large brown nexttoa
small looking out a window.
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Almage captioning

Oneto-many

98



