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Face blindness: 'l can't recognise my
loved-ones’ _
By Max Evans ProsopagnOSIa

BBC News

® 6 March 2019 f © W [ < Share

A stranger once waved at Boo James on a bus. She did not think any more of
it - until it later emerged it was her mother.

She has a relatively rare condition called face blindness, which means she cannot
recognise the faces of her family, friends, or even herself.

wX 6
But how do people with prosopagnosia perceive faces? Those with the condition
say it can be difficult to describe.

"I can see component parts of a face," Boo said. "l can see there's a nose, | can
see there are eyes and a mouth and ears.

"But it's very difficult for my brain to hold them all together as the image of a face."
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ROCKET:A'

NEXT GENERATION OF APF

Launching in 2017, Rocket Al will be the global leader in
neurologically-inspired applied machine learning.
We build our systems around our patent-pending technology

Temporally Recurrent Optimal Learning™

We Are Hiring

launch@rocketai.org



Rocket Al

ALaunch party
@ NIPS 2016
[now NeurlP$

ANeural
Information
Processing
Systems

AAC ad em | C Markus Wulfmeier

December 8 at 5:15pm - Barcelona, Spain - @

o nfe rence #rocketai s launch party at #nips2016 clearly the best. Including the police involvement.



Rocket Al

) Péle #Al au #Québec and 22 others liked

T Andrej Karpathy karpathy - Dec 9
"= & Best party of #nips2016 award goes to #rocketai (rocketai.org). Definitely a
company to watch closely.

3 4« ¥ 130

Karl Moritz Hermann @ karlmoritz - Dec 9
One day we will look back and realise that the #rocketal launch was the day

when things in our field changed forever.

¥ 2

lan Goodfellow “goodfellow_ian - Dec 11
o #rocketal definitely has the most popular Jacobian-Optimized Kernel Expansion
of NIPS 2016
3 42 ¥ 214



Rocket Al

Metrics for the Rocket Al launch party

Email RSVPs to party: 316

People who emailed in their resume: 46

Large name brand funds who contacted us about investing: 5

Media: Twitter, Facebook, HackerNews, Reddit, Quora, Medium etc

Time Planning: < 8 hours

Money Spent: $79 on the domain, $417 on alcohol and snacks + (police fine)
For reference, NIPS sponsorship starts at $10k.

Estimated value of Rocket Al: in the tens of millions.

Article by RivaMelissaTlez



ROCKET:A'

NEXT GENERATION OF APF

Launching in 2017, Rocket Al will be the global leader in
neurologically-inspired applied machine learning.
We build our systems around our patent-pending technology

Temporally Recurrent Optimal Learning™

We Are Hiring

launch@rocketai.org



Expoctations

Hype Cycle for Emerging Technologies, 2018
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PASCAL VOC =-~75%  20-<class
ImageNet =~75%  1000<class, top 5

Human brains used intuition and understanding of
how we think vision works to develop computer
AaAZ2y aeausSYaz | YR
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Image formation (étatabase-+labe)s

Filtering (gradients/transforms)

Feature pointsgaliency+description

Recognition:

Dictionary building
(compression/guantization)

Classifier (decision making)

Classification

Object Detection Segmentation

Captured+manual

Hand designed.

Hand designed.

Hand designed.

Learned.



Well, what do we have?

Best performing visions systems have commonality:

Hand designed features

A Gradients + no#linear operations
(exponentiation, clamping, binning)

A Features in combination (partsased models)
A Multi-scale representations

Machine learning from databases

Linear classifiers (SVM)
A Some nodinear kernel tricks o @

X2

X1
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PASCAL VOC =~75%  20-class
mageNet =~75%  1000class, top 5

mageNet (human) = ~95%

Problems:
- Lossy features

- Lossy quantization
-WLYLISNFSOUQ OflF daaAFTASNI
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APASCAL VOC = ~75%
AlmageNet = ~75%; human performance = ~95%

How to solve?

AFeatures: More principled modeling?
Weknows K& UKS 2NI R f221a o
0 dzA f R -medhingiubmMdlelsIK & & A O

[ SU Qa4
AQuantlzatlon More data and more compute?

LGQa 2dzad 'y AYUSNLIREFOGA?Z2
space with fewer data approximations.
Al f I aaAFTASNY X



The limits of learning?



Previous claim:

It IS more important to have
more or better labeled data than to use
a different supervised learning technigue.

G¢CKS ! YNBFaz2ylofS -Nowig SO



No free lunch theorem

Hume (c.1739):
G9OSY | FUGSNI 0KS 20aSNII
constant conjunction of objects we have no reason

to draw any inference concerning any object beyond
0 K2aS 2F 6KAOK ¢S KI @S K

-> Learning beyond our experience Is impossible.



No free lunch theorem for ML

Wolpert (1996):.
Wh2 FTNBS fdzy OKQ F2NJ &adzLJS

G Ly [Ifree/seehati®dwhere the loss function is
the misclassification rate, if one iIs interested in- off
tralnlng-set error, then there are na prlorl i
RAGUAYOUGAZYEa 0SGsSSy St

-> Averaged over all possible datasets, no learning
algorithm is better than any other.



hys: ¢Sttt fSiGQa
No, no, no!

highly specialized algorithm

. &
performance | .
general-purpose algorithm -

- — =
average e L e -

type of problem

We can build a classifier which better matches the
characteristics of the problem!



dzO XRARY QU ¢S 2

APASCAL VOC = ~75%
AlmageNet = ~75%; human performance = ~95%

We used intuition and understanding of how we
think vision works, but it still has limitations.

Why?



Linear spacesseparability

A+ kernel trick to transform space.

X1z Linearly separable data
v + linearclassifer= good.
. O O 0
x 0
‘ o 0
x| ©
X .
O
X X .
o .
X X X X
X -0

Kawaguchi



Nonlinear spacesseparability

Take XOR exclusive OR
E.G., human face has two eyes XOR sunglasses

X1 X Y A
0 0 0 1
0 1 1 & @
1 0 1
1 1 0
Y = X1 DX
O. —p X2

Kawaguchi



Nonlinear spacesseparability

Linear functions are insufficient on their own.

X: X Y
0 0 0
0 1 1
1 0 1
1 1 0
Y = Xi DX

X
‘ .
ey @
Ll__.-"
O. —p» X>

Kawaguchi



Curse of Dimensionality

1 dimension:
10 positions

Every feature that we
add requires us to
learn the useful 2dimersions
regions in a much *

larger volume.

0

d binary variables =
O(Z) combinations

3 dimensions:
> 1000 positions!

------------
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Local constancy / smoothness of feature space

All existing learning algorithms we have seen assume
smoothnessor local constancy.

-> New example will be near existing examples
-> Each region in feature space requires an example
-> Cannot generalize beyond examples

Extreme example:-KN classifier. The number of
regions cannot be more than the number of examples.

How to try and represent this higthmensional
space in a way which maximizes generalization?



More specialization?

APASCAL VOC = ~75%
AlmageNet = ~75%; human performance = ~95%

highly specialized algorithm

performance | | _
L/ general-purpose algorithm \

type of problem

Is there a way to make our system
better suited to the problem?



Image formation (étatabase-+labe)s

Filtering (gradients/transforms)

Feature pointsgaliency+description

Recognition:

Dictionary building
(compression/guantization)

Classifier (decision making)

Classification

Object Detection Segmentation

Captured+manual

Hand designed.

Hand designed.

Hand designed.

Learned.



2 2dzZf RY QUG A0 0SS 3INSI

Image formation (étatabase-+labe)s Captured+manual

N

Filtering (gradients/transforms) Learned.

Feature pointsgaliency+description Learned.

"End to enc
Learned. | learning!

Dictionary building
(compression/guantization)

Classifier (decision making) Learned.

Recognition: Classification Object Detection Segmentation




Goals

Build a classifier which is more powerful
at representing complex functions
andmore suited to the learning problem.

What does this mean?

1. Assume that theinderlying data generating function
relies on a composition of factors in a hierarchy.

Dependencies between regions in feature space
= factor composition



Example

Iz there an eyve in the top left?

Iz there an eve in the top right?

Iz there a nose in the middle?

Is there a mouth at the bottom?

Iz there halr on top?

* Iz this a face?

Nielsen, National Geograph



Example

Iz there an evebrow?

Iz there an eyve In the top left? Are there evelashesT

Is there an iris?

Nielsen, National Geograph



Nonlinear spacesseparability

Compositiorof linear functions can represent
more complex functions.

X: X Y
0 0 0
0 1 1
1 0 1
1 1 0
Y = Xi DX

X
i -
1 H.-"--_r'.
- @
Ll__. |
-» &> X

Kawaguchi



Goals

Build a classifier which is more powerful

at representing complex functions
andmore suited to the learning problem.

What does this mean?

1. Assume that theinderlying data generating function
relies on a composition of factors in a hierarchy.

2. Learn a feature representation specific to the dataset.

10k/100k + data points + factor composition
= sophisticated representation.



Reminder: Viola Jones Face Dete

Combinethousand2 ¥ Wg S| |

N I I
Two-rectangle features Three-rectangle features Etc.

Learn how to combine in cascade with boosting

CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.php?curid=801361



Viola Jones

Image formation

Captured+manual
(+database+labe)s P
Features Specified space, but
(Saliency+descriptio)n selected automatically.

Classifier

Learned combination.

(decision making)

Recognition: Obiject Detection



Neural Networks



Neural Networks

Basic building block for composition is a
perceptron(Rosenblatt ¢.1960)

Linear classifieg vector of weightsvlF YR | b Wo 2

. C 0 O
W

s L)
w %Output (binary)

0 ifw-z4+b6<0

w - r — A TR
1 ifw-z4+b>0 2.5 WiTj

output = {



Binary classifying an image

Each pixel of the image would be an input.
So, for a 28 x 28 image, we vectorize.
X=1x784

W IS a vector of weights for each pixel, 784 x 1
b Is a scalar bias per perceptron

Result xw+ b -> (1x784) x (784x1) + b = (1x1)+b



Neural Networks multiclass

Add moreperceptrons

W =m > Binary output

W > Binary output

0w > Binary output



Multi-class classifying an image

Each pixel of the image would be an input.
So, for a 28 x 28 image, wectorize
X=1x 784

W is a matrix of weights for each pixel/each perceptron
W =10 x 784 (1@8lass classification)

b Is a biager perceptror{vector of biases); (1 x 10)

Result xW+b -> (1x784) x (784 x 10D+
-> (1 x 10) + (1 x 10) = output vector



Bias convenience

[ SUQa Gdz2NYy GKAA 2LISNY GA2Y
Al NBFGS | WFF1SQ FSIFGdzZNBE 6 A
AAdd an extra weight that can vary

W \ 3 (IFI:) Fl:) Fl')
W %Output (binary)

ifw-x <0 HI-:EEijjIj,

Uutput:{o _
1 ifw-x >0



Composition

output

Attempt to represent complex functions as compositions
of smaller functions.

Outputs from one perception are fed into inputs of
another perceptron.

Nielsen



Composition

Layer 1 Layer 2

output

Sets of layers and the connections (weights) between
them define thenetwork architecture.

Nielsen



Composition

Hidden Hidden
Layer 1 Layer 2

output

Layers that are in between the input and the output are
calledhidden layersbecause we are going kearntheir
weights via an optimization process.

Nielsen



Composition

Hidden Hidden
Layer 1 —eyer2

Multiple output

mputs ‘

[ KKK

Matrix! Matrix! Matrix!

LGdQa Iff 2dzad YI GNMNE

GPUs> special hardware for fast/large matrix muItipIicatiNo_nl.
leisen



Problem 1 with all inear functions

We have formed chains of linear functions.

We know that linear functions can be reduced
Ag = f(h(x))

Our composition of functions is really
just a single function : (



Problem 2 with all inear functions

Linear classifiers: small change in input can cause
large change in binary output

= problem for composition of functions

Activation
function

1.0+

0.8 -

0.6 -

0.4 -

0.2+

0.0

step function

Nielsen



Problem 2 with all inear functions

Linear classifiers: small change in input can cause
large change in binary output.

We want:

small change in any weight (or bias)

causes a small change in the output
w4+ Aw

ﬂutput—}—ﬂ{mt:]mt

Nielsen
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transform the features.

sigmoid function
1.0

06+

1 04

0.0

Nielsen



Universality

A singlelayer ofperceptronscan learn any
univariate function:

ASo long as it is differentiable

ATo some approximation;
More perceptrons= a better approximation

Visual proof (Michael Nielson):
http://neuralnetworksanddeeplearning.com/chap4.htmil



http://neuralnetworksanddeeplearning.com/chap4.html

Perceptron model

AUse is grounded in theory
AUniversal approximation theorenGpodfellows.4.1)

ACan represent a NAND circuit, from which any
binary function can be built by compositions of
NANDSs

AWith enough parameters, it can approximate
any function.



If asinglef | & S

XUKSY @gKé R?2

Intuitively, composition is efficient because it allokesise

Empirically, deep networks do a better job than shallow
networks at learning such hierarchies of knowledge.



Multi-layer perceptron (MLP)

AX A &fully-conttecte® Yy SdzNJ> f y SO g2 N
linear activation functions.

output

AWPeedforwardQ Yy SdzNJ f Yy S 42 NJ

Nielson
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What is the relationship between SVMs
andperceptron®

SVMs attempt to learn the support vectors which
maximize the margin between classes.




What is the relationship between SVMs
andperceptron®

SVMs attempt to learn the support vectors which
maximize the margin between classes.

A perceptron does not.
Both of these perceptron classifiers are equivalent.

Wt SNOSLIGNRY 2 .
adloAfAdle@Q Aa

] W

Perceptron :
+ optimal stability )
+ kernel trick d
= foundations of SVM -




Does anyone pass along the weight without an
activation function?

No ¢ this is linear chaining.

Output vector




Does anyone pass along the weight without an
activation function?

No ¢ this is linear chaining.

Input

vector Output vector



Are there other activation functions?
Yes, many.

As long as:
- Activation function s(z) Is waetdlefined

as z>-k I YR K

- These limits are different

Then we can make a step!
It can be shown that it is universal for function
approximation.



Activation functions:
Rectifled Linear Unit

AReLU  f(z) = max(0,z).

1.0 4

0.8

0.6+

0.4

0.2 -

0.0

T 1 | T I
-4 -3 -2 -1 0 1

I
2
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Cyh24- http://prog3.com/sbdm/blog/cyh 24



Rectified Linear Unit

Question: What do ReLU layers accomplish?

Answer: Piece-wise linear tiling: mapping is locally linear.

Ranzato



Goals

Build a classifier which is more powerful at
representing complex functiorend more suited to
the learning problem.

What does this mean?

1. Assume that thenderlying data generating
functionrelies on a composition of factors.

2. Learn a feature representation that is specific to
the dataset.



Supervised Learning

[(xi, y'),i=1.. P] training dataset

i
X

!
Y

P

I-th input training example
I-th target label

number of training examples

X
m———

Goal: predict the target label of unseen inputs.

2
Ranzaton




Supervised Learning: Examples

Classification

OCR

3
Ranzaton




Supervised Deep Learning

Classification

&
F

g ﬂ_.
1

Denoising

OCR

“2345”

4
Ranzaton




Alternative Graphical Representation

d i
h2 k+1
k h2
h3 k+1
k h3

h4

12
Ranzaton
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Neural Networks: example

Input
1-st layer hidden units

h* 2-nd layer hidden units
O output

Example of a 2 hidden layer neural network (or 4 layer network,

counting also input and output).

7
Ranzaton




Why do we need many layers?

- A hierarchical structure is potentially more efficient because we
can reuse intermediate computations.

- Different representations can be distributed across classes.

[0010000100110010...]truckfeature

Exponentially more efficient than a
1-of-N representation (a la k-means)

14
Ranzaton




Interpretation

[1100010100001101] motorbike

001000010011 0010...] tuck

AN

15
Ranzaton




Interpretation

prediction of class

high-level

parts
| = distributed representations
mid-level |
s feature sharing
parts f .
» compositionality
low level
parts
Input image Pt e

e

T el 16
Lee et al. “Convolutional DBN's ...” ICML 2009 Ranzaton




Interpretation

Question: What does a hidden unit do?

Answer: It can be thought of as a classifier or feature detector.

Question: How many layers? How many hidden units?

Answer: Cross-validation or hyper-parameter search methods are
the answer. In general, the wider and the deeper the network the
more complicated the mapping.

Question: How do | set the weight matrices?

Answer: Weight matrices and biases are learned.

First, we need to define a measure of quality of the current mapping.

Then, we need to define a procedure to adjust the parameters. .
Ranzaton
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Neural Networks: example

Input
1-st layer hidden units

h® 2-nd layer hidden units
O output

Example of a 2 hidden layer neural network (or 4 layer network,

counting also input and output).

.
Hanzaton




Outline

» Convolutional Neural Networks

32
Ranzaton




Images as input to neural networks

| ]

il

3 .

AL
] ] AR
11

33

Flanzato'i




Images as input to neural networks

Example: 200x200 image
- 40K hidden units
m) ~2B parameters!!!

33
Ranzaton




Images as input to neural networks

Example: 200x200 image
- 40K hidden units
m) ~2B parameters!!!

- Spatial correlation is local
- Waste of resources + we have not enough

. . 33
training samples anyway.. Ranzat n
anzato




Motivation

ASparse interactions receptive fields
Al dadzyS UKFUO Ay +Fy AYF3IASE ¢
YSATKOZ2ZNK22RaQ 2yfée F2N |
A Composition of layers will expand loealglobal.



Example: 200x200 image
40K hidden units
Filter size: 10x10
4M parameters

Note: This parameterization is good
. when input image is registered (e.g., |
face recognition). Ranzaton




STATIONARITY? Statistics is similar at
different locations

Example: 200x200 image
40K hidden units
Filter size: 10x10

4 j . AM parameters

Note: This parameterization IS good
when input image is registered (e.g., N
face recognition). Ranzaton




Motivation

ASparse interactions receptive fields
Al dadzyS uUKFdU Ay +Fy AYF3SE
YSAIKOZNK2Z22RaQ 2yfeée FT2NJ |
A Composition of layers will expand loealglobal.

AParameter sharing

AW ¢ A SR @uSeisanie ivéights for more than one
perceptron in the neural network.

ALeads teequivariant representation
A If input changes (e.g., translates), then output changes similarly

¢
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" Share the same parameters across
( N different locations (assuming input is

ationary):

36
Ranzaton




Filtering reminder: F16X) R
Correlation (rotated convolution) “[afafs

1.,.] .1

Nmn] =3 f[k 1] I[m+k,n+I]

Credit: S. Seitz



Perceptron:

This is convolution!



