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forms long-term
memories. Next:
testing a prosthetic
|m¥>lant for people
suffering from long-
term memory loss.

>

The designers of the
Pebble watch realized
that a mobile phone is
more useful if you
don't have to take it
out of your pocket.

>

change the
economics of
renewable energy.
Nanotechnology just
might make it
possible.

surprising insights into
how people move

about and behave -
and even help us
understand the

spread of diseases. _,
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by which the brain cell would completely phones can provide

A new high-power
circuit breaker could
finally make highly
efficient DC power
grids practical. )
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Scientists See Promise in Deep-Learning Programs
John Markoff

November 23, 2012
Rich Rashid in Tianjin, October, 25, 2012
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Microsoft’s Skype “Star Trek”
Language Translator Takes on
Tower of Babel

May 27,2014, 5:48 PM PDT

Remember the universal translator on Star Trek? The gad

to aliens?

Ina Fried

Skype to get real-time’ translator

Analysts say the translation feature could have wide ranqing applications



Enabling Cross-Lingual Conversations in Real Time

Microsoft Research

May 27, 2014 5:58 PM PT

The success of the team's progress to date
was on display May 27, in a talk by
Microsoft CEO Satya Nadella in Rancho
Palos Verdes, Calif., during the Code
Conference. During Nadella’s conversation
with Kara Swisher and Walt Mossberg of
the Re/code tech website relating to a new
The path to the Skype & asked

Translator gained tage. Pall, the
momentum with an ident of
encounter in the . )

autumn of 2010. Seide first tln?e

and colleague Kit app, with Pall
Thambiratnam had rman-
developed a system 1 Diana

they called The

Translating! Telephone

for live speech-to-text

and sneerh-tn-cnoarh

Li Deng (left) and Geoff Hinton.

View milestones
on the path to

Skype Translator
#speech2speech

A core development
that enables Skype
translation came from
Redmond researcher Li
Deng. He invited Geoff
Hinton, a professor at
the University of
Toronto, to visit
Redmond in 2009 to
work on new neural-
network learning
methods, based on a
couple of seminal
papers from Hinton and
his collaborators in 2006
that had brought new



Impact of deep learning in speech
technology
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MIT racebook Launches Advanced
111y (o1 [eTs)"A Al Etfort to Find Meaning in

Review Your Posts

A technique called deep learning could help Facebook understand

Se ptember 20, its users and their data better.
20 1 3 By Tom Simonite on September 20, 2013

...... Facebook’ s foray into deep learning sees it

following its competitors Google and Microsoft, which A BRlEF GU'DE
have used the approach to impressive effect in the past

year. Google has hired and acquired leading talent in TU FACEBGUK
the field (see “ INSIGHTS e
10 Breakthrough Technologies 2013: Deep Learning”), mmmmmmmmsmmmeme | St
and last year created software that taught itself to s b o

Bendreds of thoasands o eves malions of
progle A0 other matrics aew 2 Iractian of

seweie-[oss than 1%.

recognize cats and other objects by reviewing stills INPRESSIONS
from YouTube videos. The underlying deep learning et
technology was later used to slash the error rate of o
Google’ s voice recognition services (see “

Google’ s Virtual Brain Goes to Work™)....Researchers
at Microsoft have used deep learning to build a system

that translates speech from English to Mandarin ——
Chinese in real time (see “ ittt
Microsoft Brings Star Trek’ s Voice Translator to Life”). B

Chinese Web giant Baidu also recently established a

Silicon Valley research lab to work on deep learning. bl
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Deep Learning’s Role in the Age of Robots

BY JULIAN GREEN, JETPAC 05.02.14 2:56 PM

Image: jeffedoe/Flickr

Can robots see as well as humans? That's a question the biggest companies around are trying to answer. 8
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COMPUTING NEWS W 4 COMMENTS

Chinese Search Giant Baidu
Hires Man Behind the “Google
Brain”

Leading Al researcher Andrew Ng, previously associated with
Google, willlead a new effort by China’'s Baidu to create software

that understands the world.

By Tom Simonite on May 16, 2014

Baidu has long been referred to as “China’s Google” because it dominates Web
search in the country. Today the comparison grew more apt: Baidu has opened
a new artificial-intelligence research lab in Silicon Valley that will be overseen by 9
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DARPA is working on its own
deep-learning project for natural-
language processing

Derrick Harris

f. 2Comments W f 0 +7 &4
Aa

The Defense Advanced I'm allergic

. to apples.
Research Projects Agency, or
DARPA, is building a set of
technologies to help it better
understand human language so it
can analyze speech and text sources
and alert analysts of potentially

useful information. e

Phoio: DARPA

Don’t eat
the cake.

JOHN

When it comes to large organizations working on artificial intelligence systems for
understanding language, there’s Google, Microsoft, Yahoo and ... the Defense
Advanced Research Projects Agency. The agency, better known as DARPA, is
working on a project it calls Deep Exploration and Filtering of Text, or DEFT, in order
to analyze textual data at a scale beyond what humans could do by themselves.
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Apple Cleantech Cloud Data Europe Media Mobile Podcas

A startup called Skymind
launches, pushing open source
deep learning

Derrick Harris
fQ No Comments ¥ f @ 6 +1 na
Aa

Skymind is providing
commercial support and services for
an open source project called
deeplearning4j. It’s a collection of of
approaches to deep learning that
mimic those developed by leading
researchers, but tuned for enterprise
adoption.

photo:_deviantART / rajasegar
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DEEP LEARNING

» Computers leaming and
growing on theirown

» Able to understand
“ complex, massive
amounts of data

DATA ECENBMY ,
BROUGHT TO /@
M DEEP LEARNING R 76)
4 CNBC

Is Deep Learning, the 'holy grail' of big data? - CNBC - Video
Y S video.cnbc.com/gallery/?video=3000192292 ~ Deep learning

-5 . Aug 22, 2013
é 'y | Derrick Harris, GigaOM, explains how "Deep Learning"
o e computers are able to process and understand ...




So, |. what exactly is deep learning !

And, 2. why is it generally better than other methods
on image, speech and certain other types of data?’



So, |. what exactly is deep learning !

And, 2. why is it generally better than other methods
on image, speech and certain other types of data?’

The short answers
I. ‘Deep Learning’ means using a neural network
with several layers of nodes between input and output

2. the series of layers between input & output do
feature identification and processing in a series of stages,

just as our brains seem to.



hmmm... OK, but;

3. multilayer neural networks have been around
for

25 years. What’s actually new?



hmmm... OK, but;:

3. multilayer neural networks have been around
for

25 years. What’s actually new?
we have always had good algorithms for learning the

weights in networks with | hidden layer

S

but these algorithms are not good at learning the weights
for

networks with more hidden layers

algorithms for training many-later networks

what’s new is:




longer answers

|. reminder/quick-explanation of how neural
network weights are learned;

2. the idea of unsupervised feature learning
(why ‘intermediate features’ are important
for difficult classification tasks, and how NNs
seem to naturally learn them)

3. The ‘breakthrough’ — the simple trick for
training Deep neural networks
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A dataset
Fields
1427 1.9
38 34 3.2
64 2.8 1.7
4.1 0.1 0.2
etc ...

class
0

0
1
0




Training the neural network

Fields class
14 27 1.9 0
3.8 34 3.2 0
64 2.8 1.7 |
4.1 0.1 0.2 0

etc ...




Training data

Fields class
14 27 1.9 0
3.8 34 3.2 0
64 2.8 1.7 |
4.1 0.1 0.2 0
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Training data
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Training data

Fields class
1.4 277 1.9 0

3.8 34 3.2 0

64 2.8 1.7 |

4.1 0.1 0.2 0

etc ...

A

error 0.8

0.8

0



Training data

Fields class
14 2.7 1.9 0
3.8 34 32 0
6.4 2.8 1.7 |
4.1 0.1 0.2 0

etc ...




Training data

Fields class
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6.4 2.8 1.7 |
4.1 0.1 0.2 0

etc ...




Training data

Fields class
14 2.7 1.9 0

3.8 34 32 0

6.4 2.8 1.7 |
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etc ...
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Training data

Fields class
14 27 1.9 0

3.8 34 3.2 0

64 2.8 1.7 |

4.1 0.1 0.2 0

etc ...

error -0.1



Training data

Fields class
14 27 1.9 0

3.8 34 3.2 0

64 2.8 1.7 |

4.1 0.1 0.2 0

etc ...

error -0.1

Algorithms for weight adjustment are designed to make
changes that will reduce the error



The decision boundary perspective...

Initial random weights




The decision boundary perspective...

Present a training instance / adjust the weights




The decision boundary perspective...

Present a training instance / adjust the weights




The decision boundary perspective...

Present a training instance / adjust the weights




The decision boundary perspective...

Present a training instance / adjust the weights




The decision boundary perspective...

Eventually ....




The point | am trying to make
weight-learning algorithms for NNs are dumb

they work by making thousands and thousands of tiny
adjustments, each making the network do better at the most
recent pattern, but perhaps a little worse on many others

but, by dumb luck, eventually this tends to be good enough to
learn effective classifiers for many real applications

o o,
eTo e
o o



Some other ‘by the way’ points

If f(x) is linear, the NN can only draw straight decision
boundaries (even if there are many layers of units)




Some other ‘by the way’ points

NNs use nonlinear f(x) so they

can draw complex boundaries,

but keep the data unchanged




Some other ‘by the way’ points

NNs use nonlinear f(x) so they

can draw complex boundaries,

but keep the data unchanged

SVMs only draw straight lines,
but they transform the data first
in a way that makes that OK



Feature
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what is this

1%9
7% 9
PAS 4 unit doing?
) 8‘!
] %G
/% 4

Input layer Hidden layer (

postal envelopes.




Hidden layer units become
self-organised feature detectors
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What does this unit detect?

1 5 10 15

20

H______HE

25 ...

63

strong weight

low/zero weight




What does this unit detect?

1 5

63

10 15 20 25 ...

I | = H N .

strong weight

low/zero weight

it will send strong signal for a horizontal
line in the top row, 1ignoring everywhere else




What does this unit detect?
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__
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What does this unit detect?

5 10 15 20 25 ...

__

‘ Strong weight

low/zero weight

__ H N .

Strong signal for a dark area in the top left
corner

63
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digits from U.S.

Figure 1.2: Erxamples of handwritten

xpect a good NN

What features might you e

to learn, when trained with data like this?
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digits from U.S.

Figure 1.2: Examples of handwritten



digits from U.S.

e 1.2: Examples of handwritten

Figur
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But what about position invariance ?7?7?

our example unit detectors were tied to
specific parts of the 1mage



successive layers can learn higher-level features ...

1 5 10 15 20 25

detect lines in
Specific positions ' I I etc soooeo

Higher level detetors
( horizontal line,
“RHS vertical lune”
“upper loop”, etc...

etc ...




successive layers can learn higher-level features ...

1 5 10 15 20 25

detect lines in
Specific positions

Higher level detetors
( horizontal line,
“RHS vertical lune”
“upper loop”, etc...

etc ...

What does this unit detect?



So: multiple layers make sense



Your brain works that way

parvocellular

magnocellular

So: multiple layers make sense

optic tract

optic radiations

Superior brachium  Lateral geniculate body
[ Medial geniculate body

Inferior brachium |

Optic tract

Optic commissure

Superior colliculi
Inferior colliouli %
Frenulum veli s b B Oculomotor nerve
Trocklear nerve

Lateral lemniscus
Superior peduncle
Middle pedunclo—
Riomboid fossa.
Acoustie nerve
Facial nerve

2 ! Abducent nerve

p Hypoglossal nerve

Glossopharyngeal and vagus nerves

Accessory nerve



So: multiple layers make sense

Many-layer neural network architectures should be capable of learning the
true underlying features and ‘feature logic’, and therefore generalise very
well ...

i




But, until very recently, our weight-learning
algorithms simply did not work on multi-layer
architectures




Along came deep learning ...



The new way to train multi-layer NNs...

i




The new way to train multi-layer NNs...

$33ids

Train this layer first




The new way to train multi-layer NNs...
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then this layer



The new way to train multi-layer NNs...
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then this layer



The new way to train multi-layer NNs...

R

Train this layer first

then this layer

then this laver

then this layer



The new way to train multi-layer NNs...

S

Train this layer first

then this layer

then this laver

then this laver
finally this layer



The new way to train multi-layer NNs...

$3iids

EACH of the (non-output) layers is trained to
be an @uto-encoder

Basically, it is forced to learn good
features that describe what comes from
the previous layer




intermediate layers are each trained to be
auto encoders (or similar)

S




Final layer trained to predict class based
on outputs from previous layers

S




And that’s that

That’s the basic idea

There are many many types of deep
learning,

different kinds of autoencoder, variations
on architectures and training algorithms,
etc...

INPUT HIDDEN OUTPUT
LAYER LAYER LAYER
I

Very fast growing area ... P
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ler i ined, witl bsolutel
standard weight-adjustment algorithm to reproduce
the input

output -

Tdecode
hidden -

encode

Input

By making this happen with (many) fewer units than the
inputs, this forces the ‘hidden layer’ units to become good
feature detectors




