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Deep learning

Yann LeCun"?, Yoshua Bengio® & Geoffrey Hinton**

Deep learning allows computational models that are composed of multiple processing layers to learn representations of
data with multiple levels of abstraction. These methods have dramatically improved the state-of-the-art in speech rec-
ognition, visual object recognition, object detection and many other domains such as drug discovery and genomics. Deep
learning discovers intricate structure in large data sets by using the backpropagation algorithm to indicate how a machine
should change its internal parameters that are used to compute the representation in each layer from the representation in
the previous layer. Deep convolutional nets have brought about breakthroughs in processing images, video, speech and
audio, whereas recurrent nets have shone light on sequential data such as text and speech.

REVIEW

doi:10.1038/nature14541

Probabilistic machine learning
and artificial intelligence

Zoubin Ghahramani!

How can a machine learn from experience? Probabilistic modelling provides a framework for understanding what learn-
ing is, and has therefore emerged as one of the principal theoretical and practical approaches for designing machines
that learn from data acquired through experience. The probabilistic framework, which describes how to represent and
manipulate uncertainty about models and predictions, has a central role in scientific data analysis, machine learning,
robotics, cognitive science and artificial intelligence. This Review provides an introduction to this framework, and dis-
cusses some of the state-of-the-art advances in the field, namely, probabilistic programming, Bayesian optimization,
data compression and automatic model discovery.
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Hermann von Helmholtz
1821-1894
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BAYESIAN DECISION THEORY
(and how to make point estimates)

state of the world
Clostnctiony v m
L | L [T

@z | L(az,y1) | L(az,y2) | L(az.ys)
act-lon ......................
U | Lagy) | Lasys) | Iasys) |

action to choose: a*(z) = argmin » L(a,y) P(y | z)
“ Y

note: a and y need not live in the same space
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STATISTICAL ADAPTATION IN LOW LEVEL VISION

adaptation to natural image statistics?
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STATISTICAL ADAPTATION IN LOW LEVEL VISION

adaptation to natural image statistics?

P(d, ¢, 0|same)
P(d, ¢, 0|different)

D Likelihood Ratio

reference @ 4 .-z

-
-
-
-
-
-
-
-
- -
- -
-

different contours

contour

Geisler et al, 2001

d=1.23°
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COMBINING PRIORS AND LIKELIHOODS: COGNITION

You meet someone who is t years old. What will be his total life span ¢otal?
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You meet someone who is t years old. What will be his total life span ¢otal?
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the probability that
you meet someone
at the age of ¢
when s/he will have
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familiarization inventory test
‘pay attention’ ‘which one looks more familiar?’
g [a] [+
| = X o v
alld s=liry
BRAnEs

| X Orbdn & al, PNAS 2008

A
XIEs M

+|X

M

D = sceney, . ..scene,—» M = argmax P(M|D)l —> P(SceneA\M) VS. P(SceneB\M)

how do humans learn a statistical model of their environment?

-

e associative learning (fitting 2nd order max-entropy model)
e Bayesian model selection (inferring hidden causal structure)
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CONCEPT LEARNING
BY BAYESIAN PROGRAM LEARNING

attached along

relation:

attached at start

relation:

procedure GENERATETYPE

k < P(k) > Sample number of parts
fori=1..xkdo
n; < P(n;|k) > Sample number of sub-parts
forj=1..n;do
sij < P(sij]s:(j—1)) > Sample sub-part sequence
end for
R; + P(R;|S1,..-,Si—1) > Sample relation
end for
Y < {k, R, S}

return @GENERATETOKEN(%))

> Return program

A
i) primitives D r)‘j
ii) sub-parts Q_>D b
iii) parts 3 L
iv) object N
template relation:

attached along
type level
token level

V) exemplars

vi) raw data

S
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procedure GENERATE TOKEN(v))

fori =1..x do
S p(sim™|s;) > Add motor variance
L™« PL™ Ry, T, T
> Sample part’s start location
T7\™ « (L™, 5™ > Compose a part’s trajectory
end for
Al P(AM)
7(m) p([(m)’T(m)7A(m))
return 1(™)

> Sample affine transform
> Sample image
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Bayesian Program Learning models Deep Learning models

I People

35

30 r

251

20 1

151

Classification error rate

10

human:
copy this

oo

machine:
which one is the same?
e9 |9 |V eD 173

%z ) M| adY

T |3
S |o(e) D |e3
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BPL Lesion (no learning-to-learn)
BPL Lesion (no compositionality)

BME MIT, 22 March 2018

Deep Siamese Convnet

B Deep Convnet
I Hierarchical Deep
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I People B BrPL [ Deep Siamese Convnet
[ BPL Lesion (no learning-to-learn)  [Jll Deep Convnet
BPL Lesion (no compositionality) I Hierarchical Deep

A B 55
s

35+ £ 80
>
<

30 g 73
o S

5 S 70
5 25 ~ g

3 S5 65
520 §>

Z‘g g 8 60
@ 15 =6

3 & o 55
(@) o =
o)
ot

5f > 45
32

0 40

human: human / machine:
copy this copy this

oo M

machine: human:
which one is the same? human or machine?
© |9 U eo 25 iz ks
% ) M| oY

‘51“@’93:‘515’ 7T ||| [T

S |0D(e) D |e,7 mmmmﬁ—mj
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A B g5
=
35| S 80
>
<
30 g 75
— O
g S 70
5 25| - 3
5 of 65
S 20 5>
_‘g *g‘g 60
815 58 55
O S =
10+ i 50 - - -
(0]
2
5t > 45
&
0 - 40 T
human: human / machine: humafr;/machicne: Iohab
copy this copy this generate new character from alphabet
Jm|L|*Z
To |
7| T |32 | H
~ machine: human: human:
which one is the same? human or machine? human or machine?
€9 el jeo
K £ Mk drs =
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ideal observer

=

stimulus

P(feature 1, feature 2 | stimulus)

A

feature #2 ®
intensity ®

=
feature #1 intensity
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ideal observer visual cortex

=
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P(feature 1, feature 2 | stimulus)
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feature #2 ®
intensity ®

=
feature #1 intensity
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ideal observer visual cortex

cell #1 T /VWMJW\
response
>

time

stimulus

P(feature 1, feature 2 | stimulus)

A

feature #2 ®
intensity ®

=
feature #1 intensity
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ideal observer visual cortex

cell #2 T w\/\/\'\,
response
cell #1 T/VWMJW\
response

>

time
stimulus
P(feature 1, feature 2 | stimulus)
A A
feature #2 ® cell #2
intensity ® response
= =
feature #1 intensity cell #1 response
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ideal observer visual cortex

cell #2 T \,\,J\/‘/\’jw
response
cell #1 T/VWMJW\
response

stimulus

P(feature 1, feature 2 | stimulus) ~ P(response 1, response 2 | stimulus)

A A
feature #2 ® cell #2
intensity ® response
= =
feature #1 intensity cell #1 response
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ideal observer visual cortex

cell #2 T w\/\/\'\,
response
cell #1 T/VWMJW\
response

>

time

stimulus

P(feature 1, feature 2 | stimulus) = P(response 1, response 2 | stimulus)

A A
feature #2 cell #2
intensity response
= =
feature #1 intensity cell #1 response

Fiser et al, TICS 2010
see also:

Hinton & Sejnowski, PDP 1986; Hinton et al, Science 1995; Dayan 1999;
Hoyer & Hyvarinen, NIPS 2003, Lee & Mumford 2003
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ideal observer visual cortex

cell #2 TW

response

amortised inference:

network parameters
cell #1 T\J"\JV (synaptic weights, etc.)
response remain the same

>

o« ki time
stimulus

P(feature 1, feature 2 | stimulus) = P(response 1, response 2 | stimulus)

A A
feature #2 cell #2
intensity response
= =
feature #1 intensity cell #1 response

Fiser et al, TICS 2010
see also:

Hinton & Sejnowski, PDP 1986; Hinton et al, Science 1995; Dayan 1999;
Hoyer & Hyvarinen, NIPS 2003, Lee & Mumford 2003
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GSM POSTERIOR VS. NETWORK: TRAINING

posterior network posterior network
—_— 6 . z=0,0.125, , , z=0,0.125, ,
= > 8 + 8 -
£ 8 E
Y, o $ |
c 1,8 S 4 4
S o° ¢ " jamm—=i. "
| T l I ZZ
>’ > 5 _i— _
E 2 _: 8 posterior S 2 - 2
— 8 Network s 5 1 |
: ; i 1
o1 - 8 &
S | | [ |
;**" PR 90°  0° 90 -90° 0°  90°
' orientation orientation
contrast
90 1
= 0.5 é
5 O- o 3§
o -0.5 §
-90 | y
9 0 90

PO [] Echeveste et al, in prep

Maté Lengyel | A Bayesian approach to internal models BME MIT, 22 March 2018 http://www.eng.cam.ac.uk/~m.lengyel 35


http://www.eng.cam.ac.uk/~m.lengyel

GSM POSTERIOR VS. NETWORK: GENERALISATION

mean ug [mV]
N
\

> —
= 2 8 posterior
— network
O
n
w 1 1
3

0 0.5 1

contrast

Maté Lengyel | A Bayesian approach to internal models BME MIT, 22 March 2018 http://www.eng.cam.ac.uk/~m.lengyel


http://www.eng.cam.ac.uk/~m.lengyel

GSM POSTERIOR VS. NETWORK: GENERALISATION

= < 7 5
= S [ 2
S S5 - -_
c 4 - > _ 5
© c — 1
: 3 - o
! ! | | | /\—'_ 5 %
3 5 7 7S 3
S 5 S
2 4 posterior ~ [ 5 €
-§- network _CE) %:
= s 3 - - 2
) = -
o1 - 5 1 SA s
S 00— __ covariance ’ 5
I I —
0 0.5 1 -90° 0° 90°

1 3 5

contrast posterior orientation

Echeveste et al, in prep

Maté Lengyel | A Bayesian approach to internal models BME MIT, 22 March 2018 http://www.eng.cam.ac.uk/~m.lengyel


http://www.eng.cam.ac.uk/~m.lengyel

THE SAMPLING-OPTIMIZED NETWORK IS
STABLE, FAST & UNBALANCED

Maté Lengyel | A Bayesian approach to internal models BME MIT, 22 March 2018 http://www.eng.cam.ac.uk/~m.lengyel

37


http://www.eng.cam.ac.uk/~m.lengyel

THE SAMPLING-OPTIMIZED NETWORK IS
STABLE, FAST & UNBALANCED

8 -
Z @
1 51 o
4 22
- zi ¢
Lq,
— 9
= 0 » D g )
&
—4 %
-8 :
—6 —4 -2 0

Maté Lengyel | A Bayesian approach to internal models BME MIT, 22 March 2018 http://www.eng.cam.ac.uk/~m.lengyel 37


http://www.eng.cam.ac.uk/~m.lengyel

THE SAMPLING-OPTIMIZED NETWORK IS
STABLE, FAST & UNBALANCED

always stable

8 -
Z @
1 51 o
4 22
- zz ¢
Lq,
— 9
= 0 » D o )
&
—4 %
-8 :
—6 —4 -2 0

Maté Lengyel | A Bayesian approach to internal models BME MIT, 22 March 2018 http://www.eng.cam.ac.uk/~m.lengyel 37


http://www.eng.cam.ac.uk/~m.lengyel

THE SAMPLING-OPTIMIZED NETWORK IS
STABLE, FAST & UNBALANCED

always stable

8 T 1 -
Z @ v unconnected network = -
121 @ c E-I network
4 gg ke ' symmetric linear net
— 3 - 1}
Tq, Z4 L4 % \ \
[ et \
— — ‘ P 0.5 - j\\
= 0 » D g ) S \
& oS 3
- _4 ‘ S I\\
. (4] A\x
8 0 —= = ]
- T T 1
- - o ) 0 250 500
Re()\) [7_;1] Iag T [mS]

Maté Lengyel | A Bayesian approach to internal models BME MIT, 22 March 2018

http://www.eng.cam.ac.uk/~m.lengyel

37


http://www.eng.cam.ac.uk/~m.lengyel

THE SAMPLING-OPTIMIZED NETWORK IS
STABLE, FAST & UNBALANCED

always stable near-optimally fast

Hennequin et al, 2014
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USING VARIABILITY IS CRITICAL

ideal observer: GSM

» full distribution
(2nd order)
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