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Classical Recognition

Speech recognition (early 90’s — 2011)

wl (WW#MWW — MFCC | Mix of Gaussians * Classifier —

fixed unsupervised supervised

Low level Mid level
features | features

Object recognition (2006 — 2012)

SIFT K-means , -
1 . Pooling =t Classifier —>
HoG Sparse Coding

Low level

Mid level
features
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End-to-End?

Deep learning can be summarized as learning both the representation and
the classifier out of it

- Fixed engineered features (or kernels) + trainable classifier

hand-crafted “Simple” Trainable
_— —_—
Feature Extractor Classifier
VS.
- End-to-end learning / feature learning / deep learning
Trainable Trainable
—_— —_—

Feature Extractor Classifier




End-to-End?

In deep learning we have multiple stages of non linear feature transformation

Mid-Level| |High-Level Trainable
— — -

Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]



Learning the representation is a challenging problem
for ML, CV, Al, Neuroscience, Cognitive Science, ...

Cognitive perspective
How can a perceptual system build itself
by looking at the external world?

How much prior structure is necessary?
Neuroscience

Does the cortex «run» a single, general
learning algorithm? Or multiple simpler ones?

ML/AIl Perspective
- What is the fundamental principle?
- What is the learning algorithm?
- What is the architecture?

Deep learning addresses the problem of learning
hierarchical representations with a single alqgorithm




Inspiration

The ventral (recognition) pathway in the visual cortex has multiple stages

WHERE? (Motion,
Spatial Relationships)  WHAT? (Form, Color)
[Parietal stream) [Inferotemporal stream]

Categorical judgments,
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Inspiration

impulses carried
toward cell body

branches

dendrites of axon

axon

Ducleus terminals
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Neural Networks: Architectures

output layer
input layer

hidden layer

“2-layer Neural Net”, o\\
“1-hidden-layer Neural Net”

“Fully-connected” layers

input layer
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SLOSTON,
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e 43;:%*’ 7
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- . output layer

hidden layer 1 hidden layer 2

“3-layer Neural Net”, or
“2-hidden-layer Neural Net”




A bit of history

The Mark | Perceptron machine was the first E

implementation of the perceptron algorithm. |&

&

The machine was connected to a camera that used !

20%20 cadmium sulfide photocells to produce a 400- |

pixel image. | :
recognized all

letters of the alphabet 1 fw-z+b5>0 o

10 otherwise 1

I

I

update rule: A\ (S :

Zw,v:ci+b 'OU — ,

wift+1) = wi(t) + eld; - y;{t) )5

[ - =]

Frank Rosenblatt, ~1957: Perceptron




A bit of history

+

7ty

Input
Iines‘J

ds are adjustable

Widrow and Hoff, ~1960: Adaline/Madaline

10 : COS429 : .19 : 29.11.16 : Andras Ferencz

Quantizer

+
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Slide Credit: Li, Karpathy, Johnson



A bit of history " el

be our measure of the error on input/output pattern p and let E = 3, be our
overall measure of the error. We wish to show that the delta rule implements a gra-
dient descent in £ when the units are linear, We will proceed by simply showing

that
EYa ; recognizable maths

/] "
W B i

i
which is proportional to &, wy as prescribed by the delia rule, When there are no /

hidden unis it is straightforward to compute the relevant derivative. For this purpose
we use the chain ‘rule to write the derivative as the product of two parts: the deriva-
tive of the error with respect to the outpur of the unit times the derivative of the our-
put with respect to the weight. .

i 3 i, v
Bw,-,- Boﬂ,- 6u[,,

Internal

" The first part tells how the error changes with the output of the fth unit and the
. Representation second part tells how much changing Wy changes that output. Now, the derivatives
Units are easy fo compute. First, from Equation 2

‘ﬁj&
80y

4
== (= 0) == 5. “

Not surprisingly, the contribution of unit ; to the error is simply proportional 108 ;.
Moreover, since we have linear unis,

apj = zwﬁiﬂ' (5
I

from which we conclude that

80,

i
a Wi

Input Patterns Thus, substituting back into Equation 3, we see that

95y

w0 | L

Rumelhart et al. 1986: First time back-propagation became popular



A bit of history

Electrical signal
from brain

HUbel & Wiesel, Recordingelectrode——"-»_b
1959 RS> 4

RECEPTIVE FIELDS OF SINGLE
NEURONES IN
THE CAT'S STRIATE CORTEX

1962

RECEPTIVE FIELDS, BINOCULAR
INTERACTION

AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

1968...

e -“‘\? n.:.'_,
Stimulus , i#%

MNeural response (spikes/sec)
=

o w0 N
Stimulus orientation (deg)




A bit of history

LeCun, late '90s : Convolutional Neural Networks

(3 f. maps 16@10x10
INPUT C1: feature maps a4 f. maps 16@5x5
303 6@28x28

?gu layer & ey QuTPUT

I FuII cnnAectlnn | Gauaﬁmn connections
Convolutions Subsampling Cnnunlutmna EUHSEH'IIIJNHQ Full connection

Gradient-based learning applied to document recognition
Y LeCun, L Bottou, Y Bengio, P Haffner, 1998
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RBM
Pretraining Unrolling Fine-tuning

14




First strong modern results

~ Transition Probabilities

Context-Dependent Pre-trained Deep Neural Networks
for Large Vocabulary Speech Recognition Frate. SO SRS B S ol r

George Dahl, Dong Yu, Li Deng, Alex Acero, 2010 : Mg
hm} Observation
T w%{ Probabilities

Imagenet classification with deep convolutional
neural networks
Alex Krizhevsky, llya Sutskever, Geoffrey E Hinton, 2012
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Keeps getting better...

| M A G E N ET Delving Deep into Rectifiers: Surpassing Human-

Level Performance on ImageNet Classification

m= Microsoft 95.06%, Feb 06, 2015

Accuracy 93%

Batch Normalization: Accelerating Deep Network
Training by Reducing Internal Covariant Shift

~ Google 95.18%, Feb 11, 2015
[ < Deep Learning
y "}74% Deep Image: Scaling up Image Recognition
BaitEE 95.42%, May 11, 2015

2010 2011 2012 2013 2014



And deeper...

AlexNet, 8 layers
(ILSVRC 2012)

“2ICCVLD

International Conference on Computer Vision

11x11 conv, 96, /4, pool/2_|

[5x5 conv, 256, pool/2 |

[ 3x3 conv, 384 |

[ 3x3conv, 384 |

[ 3x3 conv, 256, pool/2 |
\ 4

[ fc, 4096 |

[ fc, 4096 |

[ fc, 1000 |

VGG, 19 layers
(ILSVRC 2014)

[ 3x3 conv, 64

[ 3x3 conv, 64, pool/2

[ 3x3conv, 128

«

3x3 conv, 128, pool/2
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>

3x3 conv, 256

<
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<€

3x3 cony, 512

<
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<€

3x3 cony, 512
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<

3x3 cony, 512

<«

3x3 cony, 512

<«

3x3 cony, 512

3x3 conv, 512, pool/2

fc, 4096

fc, 4096

|
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l
|
|
|
|
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|
|
|
|
|
|
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fc, 1000

GoogleNet, 22 layers
(ILSVRC 2014)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recogaition". arXiv 2015.



And deeper...

Microsoft
Research
Revolution of Depth 282
[ 152 layers ’
A
\
\
\
\
\
\
\
‘ 22 layers ’ ‘ 19 Iayers ’
\ 6.7
3 57 8 layers 8 layers shallow
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet
ImageNet Classification top-5 error (%)
%ICCVID
S — Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.



And deeper...

Microsoft

Research
Revolution of Depth
AlexNet, 8 layers = VGG, 19 layers = ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) = (ILSVRC 2015)
2ICCV15
S —— Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.



Network is a stack of components

-
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Components of a Convolutional Net

C3: 1, maps 16@10x10
54:1, maps 16@5:5

ﬂ5 |ﬂ?ﬂf Fﬁ ayer CILITPLIT

DA\

Fullcnn eclion ‘ Gaussian connections

C1: feature maps
INFUT
332 62828

S52.1. maps
6@14x14

rrrr

Convolutions Subsampling Enwnlunnns Subsamplmg Full connection




Fully Connected layer

Previous FC Layer
Layer




Convolution Layer

32x32x3 image

32 height

392 | width

3| depth




Convolution Layer

32x32x3 image

5x5x3 filter

32 /7

Convolve the filter with the image
/ i.e. “slide over the image spatially,
B computing dot products”

32

24




Convolution Layer
4  Filters always extend the full
depth of the input volume

32x32x3 image /

5x5x3 filter

32 /7

Convolve the filter with the image
i.e. “slide over the image spatially,
/ computing dot products”

32

25




Convolution Layer
32x32x3 image
— 5x5x3 filter
=
A
=0

H ¥~ 1 number:
|/ the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)

\

32

w'z+b




Convolution Layer

32

—

=
A

=0

32x32x3 image
5x5x3 filter

>

convolve (slide) over all

spatial locations

a

ctivation map



: consider a second, green filter
Convolution Layer 7

/ 32x32x3 image activation maps
ox5x3 filter
=
A
7y 28
=0 »
= convolve (slide) over all
L/ spatial locations
32 28
° [




For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

32

We

(d a)

32

Convolution Layer

29 : COS429 :1.19:29.11.16 : Andras Ferencz

>

tagk these up to get a “new image” of|s

_/_/_/_/JJ_

activation maps

i@ (2B

28

X2B3X0!

29

Slide Credit:



Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

32

CONV,
RelLU
e.g.6
5x5x3

filters
32




Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

32

32

—
CONYV,
RelLU
e.g.6
5x5x3
filters

28

28

—
CONYV,
RelLU
e.g. 10
5x5x6
filters

(10

24

24

CONYV,
RelLU




Activation Functions

Sigmoid

ofa) = 1/(1+¢7)

tanh tanh(x)

ReLU max(0,x)

Lo
08
06

0.
.2
-5
Lo
05
5 10

=10 =5 /
-0
=10

Leaky ReLU
max(0.1x, x) |

Maxout  ax(wle + by, wlz +by)

T i1

ELU fls) = {a(e}{p(:ﬂ)—l) ifz <0




Preview

Low-Level | Mid-Level £ High-Level| | Trainable
Feature Feature Feature Classifier

F

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]




AEGI SEEEONTITN EECEORETENERE SRS

one filter =>
one activation map

example 5x5 filters
(32 total)

We call the layer convolutional
because it is related to convolution
of two signals:

_-—m ]/[2 =0

flal#gny] = 2 Ef[nl, 7] dlr-n.-n,)

elementwise multiplication and sum of
a filter and the signal (image)

34




Convolutional Network (AlexNet) —

input image
weights /
w

loss




Loss function

An example loss function (the hinge loss):

L = Zj#yi max(O, Sj — Sy, T 1)




How to optimize?

T

] — Momentum

T yreryrrr™r

1 == NAG
A\ — Adagrad
\ Adadelta

Rmsprop

(image credits |

while True:
weights grad = evaluate gradient(loss fun, data, weights) to Alec F{eacjfc)rcj)

weights += - step size * weights grad # perform parameter update

# Vanilla Gradient Descent




Follow the slope

In 1-dimension, the derivative of a function:

df(z) . flz+h)- f(z)
E i i

In multiple dimensions, the gradient is the vector of (partial derivatives).




current W: gradient dW:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

S

~ ~ ~ ~ ~ ~
-

T IETS BTG IS TS BETNG JICTNG TN

-
.
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current W: W + h (first dim): gradient dW:

[0.34, [0.34 + 0.0001, ?,
.11, .11, ?
0.78, 0.78, ?,
0.12, 0.12, ?
0.55, 0.55, ?,
2.81, 2.81, ?
3.1, 3.1, ?
1.5, 1.5, ?
0.33,...] 0.33,...] ?,...]

loss 1.25347 loss 1.25322




current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (first dim):

[0.34 + 0.0001,
-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25322

gradient dW:

(1.25322 - 1.25347)/0.0001
=25




current W: W + h (second dim): gradient dW:

[0.34, [0.34, [-2.5,
111, -1.11 + 0.0001, ?
0.78, 0.78, ?,
0.12, 0.12, ?,
0.55, 0.55, ?,
2.81, 2.81, ?,
3.1, 3.1, ?,
1.5, 1.5, ?,
0.33,...] 0.33,...] ?2,..]

loss 1.25347 | loss 1.25353




current W: W + h (second dim): gradient dW:

[0.34, [0.34, [-2.5,

1.1, -1.11 + 0.0001, 0.6,

0.78, 0.78, ?,

0.12, 0.12, 2 \

0.55, 0.55, ?,

2.81, 2.81, ?.

-3.1, -3.1, (1.25353 - 1.25347)/0.0001

-1.5, -1.5, =0.6

0.33,...] 0.33,...]

loss 1.25347 | loss 1.25353 dJ;(m) o f(w+h}1—f(w)
I h—0




current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (third dim):

[0.34,

-1.11,

0.78 + 0.0001,
0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

gradient dW:

[-2.5,
0.6,




current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (third dim):

[0.34,

-1.11,

0.78 + 0.0001,
0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

gradient dW:

[-2.5,
0.6,

0,
?,
t?

n

:

25347 - 1.25347)/0.0001
0




Eva I U atl O n th e de:’"?Val_numerical_gradient(f, X):

gFa d I e Ht Hl lm e Fi ea”‘ [ a naive implementation of numerical gradient of f at x
- T should be a function that takes a single argument
- X 1s the point (numpy array) to evaluate the gradient at

fx = f(x) # evaluate function value at original point
grad = np.zeros(x.shape)

dfle) . flo+h)- S0

fl # Iiterate over all indexes in x
it = np.nditer(x, flags=['multi index'], op flags=['readwrite'])
while not it.finished:

# evaluate function at x+h

ix = it.multi_index

old value = x[ix]

x[ix] = old value + h # increment by h

fxh = T(x) # evalute f(x + h)

x[ix] = old value # restore to previous value (very important!)

# compute the partial derivative
grad[ix] = (fxh - fx) / h # the slope

it.iternext() # step to next dimension

return grad

46



Eva I U atl O n th e de:’"?Val_numerical_gradient(f, X):

gFa d I e Ht Hl lm e Fi ea”‘ [ a naive implementation of numerical gradient of f at x
- T should be a function that takes a single argument
- X 1s the point (numpy array) to evaluate the gradient at

fx = f(x) # evaluate function value at original point
grad = np.zeros(x.shape)

dfle) . flo+h)- S0

h # Iiterate over all indexes in x
it = np.nditer(x, flags=['multi index'], op flags=['readwrite'])
while not it.finished:

# evaluate function at x+h
ix = it.multi_index
old value = x[ix]

- apprOX|mate x[ix] = old value + h # increment by h

fxh = T(x) # evalute f(x + h)

- Very SIOW to evaluate x[ix] = old value # restore to previous value (very important!)

# compute the partial derivative
grad[ix] = (fxh - tx) / h # the slope
it.iternext() # step to next dimension

return grad

47



This is silly. The loss is just a function of W:

N
L= %Eiﬂflﬁ ‘|‘Ekaz
Li =) iy, max(0,s; — sy, + 1)
s = fle; W) =Wz

want VwL




This is silly. The loss is just a function of W:

N
L= %ZiﬂLﬁ' ‘|‘Eka2
Li =) iy, max(0,s; — sy, + 1)
s=flz;W)=We

want VwL




This is silly. The loss is just a function of W:

N
L= %ZiﬂLﬁ ‘|‘Eka2
Li =) iy, max(0,s; — sy, + 1)
s=flz;W)=We

want VwL

Calculus




This is silly. The loss is just a function of W:

L=+ ELL%""EkaQ

N
Li =) iy, max(0,s; — sy, + 1)
s = fle; W) =Wz




current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

dW = ..

(some function
data and W)

\

gradient dW:

[-2.5,
0.6,

0,

0.2,
0.7,
-0.5,
1.1,
1.3,
2.1,..]




Gradient Descent

ife) _ . fle+h)- fia)

dx h =0 h

Numerical gradient: slow :(, approximate :(, easy to write :)
Analytic gradient: fast :), exact :), error-prone :(

In practice: Derive analytic gradient, check your
Implementation with numerical gradient

53



Computational Graph

L; = Z#y max(0, s

j— 8y, +1)

s (scores)
? |

R(W)




_ flz,y,2) = (z+y)
eg.x=-2,y=5,z=+4
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activations




activations

“local gradient”




activations

“local gradient”
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activations

“local gradient”
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activations

“local gradient”
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activations

“local gradient”
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A dataset

Fields class
14 27 1.9 0
38 34 3.2 0
64 2.8 1.7 |
4.1 0.1 0.2 0

etc ...




Training the neural network

Fields class
14 27 1.9 0
3.8 3.4 3.2 0
6.4 2.8 1.7 |
4.1 0.1 0.2 0

etc ...




Training data

Fields class
14 27 1.9 0
38 34 3.2 0
64 2.8 1.7 |
4.1 0.1 0.2 0

etc ...




raining data

elds
l 1.4 27 1.9

3.8 34 3.2
64 2.8 1.7
4.1 0.1 0.2
etc ...

2
Or—ooE




raining data

elds
l 1.4 27 1.9

3.8 34 3.2
64 2.8 1.7
4.1 0.1 0.2
etc ...

2
Or—ooE




raining data

elds
l 1.4 27 1.9

2
Or—ooE

38 34 32
64 2.8 1.7
4.1 0.1 0.2 1.4
etc ...
2.7 0.8
0
1.9 error 0.8




raining data

elds
l 1.4 27 1.9

3.8 34 3.2
64 2.8 1.7
4.1 0.1 0.2
etc ...

2
Or—ooE

1.4

0.8

S

error 0.8

o




~ Training data = o

Fields class
1.4 2.7 1.9 0
3834 32 0
[ 6428 17 1]
4.1 0.1 0.2 0

etc ...




— Training data =
Fields class
1.4 2.7 1.9
3.8 34 3.2
[ 6.4 2.8 1.7
4.1 0.1 0.2
etc ...

O +="0 O




— Training data

Fields class
1.4 2.7 1.9 0
3.8 34 3.2 0
(6428 1.7 |
4.1 0.1 0.2 0

etc ...




raining data

Fields class
1.4 2.7 1.9 0
3.8 34 3.2 0
(6428 1.7 |
4.1 0.1 0.2 0 6-4.\
etc ... \1
2.8 — 0.
1

1.7 error -0.




raining data

Fields class
1.4 2.7 1.9 0
3.8 34 3.2 0
(6428 1.7 |
4.1 0.1 0.2 0 6-4.\
etc ... \1
2.8 — 0.
1

1.7 error -0.







Present a training instance / adjust the




Present a training instance / adjust the




Present a training instance / adjust the




Present a training instance / adjust the
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