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The A.l. Winter
and the Return of Connectionism



Neural Networks
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Neural Networks

1979: Kunihiko Fukushima’s “Neocognitron”: the
birth of convolutional neural networks

\ i

.

image

J. Physiol. (1962), 160, pp. 106-15¢
= pooling feature objects With 2 plates and 20 text-figures
" feature pooling Printed in Great Britain

RECEPTIVE FIELDS, BINOCULAR INTERACTION
AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

Based on the cat’s visual system:

By D. H. HUBEL axp T. N. WIESEL

From the Neurophysiolojy Laboratory, Department of Pharmacology
Harvard Medical School, Boston, Massachusetts, U.S.A.

(Received 31 July 1961)



Neural Networks

1979: Kunihiko Fukushima’s “Neocognitron”

convolution

Ky
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learning

Neural Networks

1981: Andrew Barto's & Richard Sutton's reinforcement
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states are represented with V'™, a state at some time interval, ¢ to be s,

the estimate at a given time of our states to be /(s).
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Neural Networks
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Neural Networks

1982-84: John Hopfield’s recurrent neural
network

Discrete HﬂEﬂEld Network Continuous Hﬂpﬂe]d Network
Update Equations:
paale Bquations V(t+1) € V(i) - discrete model
Al dv/dt = f(\ - continuous model
V(t+l)= J{Z w, V(1)) fv)

i Equations:

Where o() 15 the s1gn function, sign().
d

Energy function: i =—u, + Zn g

V= gfiir,-)= tanh( Au, )

E= —Uz{i iwﬁrfr.rf})

i=l j=1

Lyapunov or “Energy” Function:

IJ|I—-

i=l j=1

iiu g +ij; g (7dv - if,.x—;
i=1 i=l

12



Neural Networks

1983: Terry Sejnowski's and Geoffrey Hinton's
Boltzmann machine p(x) = 22

> E(x): Energy function
> Z: partition function where Y, P(x) = 1

1986: Paul Smolensky's Restricted Boltzmann
machine

Hopfield networks
Multidirectional data flow S
Total integration between input ana

output data
All neurons are linked between hQY O Boltzrmann distribution:
themselves W WMI\ P(v=vh=h) =_exp(—E(v, h))
Trained with or without supervision ’{}‘f‘;w,#é\‘ \
s \ 20) = Yexp (- E(v.1:0)
O h.v 13
) No interaction between

hidden variables




Neural Networks

1985: Judea Pearl's "Bayesian Networks"
(‘belief networks”)

P(CSRWF)=P(C)P(S|C)P(RIC)P(WIRS)P(FIR)

P(CF)=2s2r2wP(CSRWF)
P(FIC)=P(C,F)/P(C)

E.g.:

Stanford’s Quick Medical Reference-
Decision Theoretic project or QMR-DT (1991)

NASA Vista project (1992)

Vista Goes Online: Decision-Analytic Systems for

An Empirical Analysis of Real-Time Decision-Making in Mission Control
Likelihood-Weighting Matthew Barry
Propulsion Systems Section
. . : NASA/Johnson Space Center DF63
Simulation on a Large, Multiply Houston, TX 77058
Con nected Medical Bellef Netwo rk Eric Horvitz (PI), Corinne Ruokangas, Sampath Srinivas
. 5 Information and Decision Sciences
M Shwe et al. Comput Biomed Res 24 (5), 453-475. 10 1991 Rockwell International Science Center 14
We are developing a probabilistic reformulation of the Quick 444 High Street

Palo Alto, CA 94301
Medical Reference (QMR) system.



Neural Networks

Backpropagation
1982: David Parker (Stanford): learning-logic
1985: Yann LeCun (France)

COGNITIVA 85

Paris, 4-7 Juin 1985

A LEARNING SCHEME FOR ASSYMETRIC THRESHOLD NETWORK.

UNE PROCEDURE D’APPRENTISSAGE POUR RESEAU A SEUIL ASSYMETRIQUE.

YANN LE CUN

Ecole Supérieure d’Ingénieurs

en Electrotechnique et Electronique



Neural Networks
Backpropagation
1986: David Rumelhart (San Diego) |F %
« Rummelhart network W

 Neurons arranged in layers, each neuron
linked to neurons of the neighboring layers,
but no links within the same layer

* Requires training with supervision

equations of backpropagation

=V.C o' (zP)

(SI:([ F+1)T§F+l)l\ (:r( F}

ac gt RUMMELHART HOPFIELD

AC _  1—1¢xl
c'?'u.'__f.,', =0y 6!
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Neural Networks

Gradient Descent Methods

Real Time Recurrent Learning (1987, Tony Robinson
& Frank Fallside)

Back Propagation Through Time (1988, Paul
Werbos)

Fast Forward Propagation (1991, CalTech)
Green Function (1992, University of Maryland)
Block Update (1989, Ronald Williams)

Real-time recurrent learning (RTRL)

s 45

17



Neural Networks

Gradient Descent Methods

Gradient Descent Methods

Method Description Advantages Disadvantages O(-)
Computing error gradient after obtaining online updating of weights
RTRL gradients of the network states w.r.t suitable Plz"ur online a daglic;n - large computational O(N4
weights at time t in terms of those at ) N P complexity (N7)
time £ — 1 property applications
Unfolding time iterations into layers with
identical weights converts the recurrent : : .
. . _ - computationally efficient - not practical for 2
BPTT network into an equivalent feedforward L : . . . O(N*)
network. suitable for training with - suitable for offline training | online training
back-propagation method.
. . - on-line techni .
Recursive computing of boundary :?h.lill-_lle lT‘lLe mr':j?anl - more computational
FFP conditions of back-propagated gradients Soving gracient complexity than O(N3)
. = = recursion forward in time,
at time £ = 1. L BPTT method
rather than backwards.
Computing the solution using the sought . . .
error gradient based on the recursive - Improving RTRL : - mmore ¢ nptational ;
GF equations for the outout eradien l; and a computational complexity complexity than O(N3)
d:']“ pro d-ul:l put & ) - online method BPTT method
Updating the weights every O(N) data - more computational
BU points using some aspects of the RTRL - online method complexity than O(N3)

and BTT methods.

BFTT method

Hojjat Salehinejad et al

18



Neural Networks

Gradient Descent Methods

Alya-Parlos (2000, Amir Atiya & Alexander Parlos)

unifies all of them

(L) = =DMt (1)

(@) = ~DI TR+ W)

WK = =D K =1t (K + Wl (K = 1),

o=l
V) =el + 3 a(ka (k).

=

W
AW =7 LZ i)z (fe = 1}] VLK),
=1

{&0a)

([ &b )

(60c)

(64)

(63)
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Neural Networks

1986: Terry Sejnowski's NETtalk (based on
backpropagation)

'K/
26 output units 00000000

80 hidden units / T \\

OOOOOOOOOOOOOOOOOOOOOOOO

/N NN

0000 0000 0000 OOOO OOOO OOOO OOOO
i l i
203 input units (7 groups of 29]

20



Neural Networks

1986: Hinton and Sejnowski organize the first
"Connectionist Summer School" at CMU




Neural Networks

1987: Bernardo Huberman

AR paa

.“v{:;@;ﬁ- SR . .

ur«:%“(’“ | Artificial Intelligence

d"?. a 4 '.'1

o V3 . Volume 33, Issue 2, October 1987, Pages 155-171
ELSEVIER o

Phase transitions in artificial intelligence systems

Bernardo A. Huberman, Tad Hogg

22



Neural Networks

Unsupervised Learning

1986: David Zipser’s "autoencoder”, an
unsupervised neural network that is trained
by backpropagation to output the input, or
a very close approximation of it:
autoencoders are actually powerful models
for capturing characteristics of data.

X B > Xy
X> —Po — X
Li—» — X3

Input Hidden Output
Layer Layer Layer 23



Neural Networks

Unsupervised Learning

1986: Jeanny Herault’'s and Christian
Jutten’s independent component
analysis

1987: Dana Ballard uses unsupervised
learning to build representations layer
by layer (deep learning ante-litteram)

1988: Ralph Linsker’s infomax method
(information theory + neural networks)

1988: Mark Plumbey (information theory
+ neural networks)




Neural Networks

Reinforcement Learning
1989: Chris Watkins' Q-learning

[Initialize Q]
y
-{Choose action from Q]

[Perform action]

[Measure Reward]

v
4{Update QJ

FAIZAN SHAIKH

25



Neural Networks

Reinforcement Learning
1992: Long-ji Lin's “experience replay”

1992: Ron Williams’ REINFORCE, a "policy
gradient method"

REINFORCE algorithm:

E 1. sample {7’} from my(a;|s;) (run the policy)

2. VyJ(0) = Z (Ethlogng af'Sf Zt (St af
3.0 0+ aVyJ(0

Fa j
| fit a model to
estimate return
generate samples [l 270 | sl
(i.e. run the policy)

improve the policy

Source: Sergey Levine



Neural Networks

1989: George Cybenko proves that neural networks
can approximate continuous functions

f(x) 1
."-‘.. ’ ,';:;' -‘“\ . “

s f(z)

[+

Math. Control Signals Systems (1989) 2: 303-314 Mathem atics of Control

Signals, and Systems

© 1989 Springer-Veriag New York inc.

Approximation by Superpositions of a Sigmoidal Function*

G. Cybenkot

27



Classifiers

1985: Ross Quinlan’s ID3
1993: Ross Quinlan’s C4.5

28



Classifiers

Isabelle Guyon Vladimir Vapnik

« The support-vector machine

— 1963: Vladimir Vapnik and Alexey
Chervonenkis

— 1975: Tomaso Poggio's polynomial kernel

— 1987: Marc Mezard and Werner Krauth's
minover

— 1991.: Isabelle Guyon pattern classification
with SVMs

— 1991: Corinna Cortes's soft-margin classifier
— 1998: Thorsten Joachims text classifier

29



% of Texts

0.75%

0.5%

Classifiers

« The support-vector machine

Non-Linear SVM

¢

Input Space Feature Space

SVM [all articles; 902K articles, 9B words]

Number of papers on SVMs 1998-2014

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Month of Citation

201

2013

2014



Classifiers

1990: Robert Schapire's boosting
1993: Ross Quinlan’s C4.5
1995: Tin-Kam Ho's random forests

Given: (zy,1),..., (Tpns Um) Where z; € X, 1, €Y = {—1,+1}
Initialize D, (i) = 1/m.
Fort=1,...,T:

¢ Train weak learner using distribution ;.
e Get weak hypothesis by : X — {—1,+1} with error

e = Priop, [he(z:) # 0.

e Choose oy = Lln (ﬂ)
€t

2

¢ Update:
L Dyld) e~ il hy(z;) = w;
Dti 1{3} - Zt x { e lfh-t{l';]' # s
_ Dyli) exp(—oqyihis(zi))

Zt
where Z; is a normalization factor (chosen so that IJ;,, will be a distribution).

Output the final hypothesis:
T
H(z) = sign (Z Ct‘thtl[I]I) :

AdaBoost

| _ Pl(c,vi(zx))
P(clv; (z)) = ST =T
(clvj () Z?.—_l Pleg,v;(x))

, L \
g:(a) = =3 Plelv;(a)
j=l

31



Classifiers

1995: No Free Lunch theorems (David Wolpert)

No learning algorithm can excel at learning
everything

The Lack of A Priori Distinctions Between Learning
Algorithms

David H. Wolpert
The Santa Fe Institute, 1399 Hyde Park Rd.,
Santa Fe, NM, 87501, USA March 1996

Neural Computation 8, 1341-1390 (1996) © 1996 Massachusetts Institute of Technology

No Free Lunch Theorems for Optimization
No Free Lunch Theorems for Search
David H. Wolpert

David H. Wolpert (dhw@santafe.edu) IBM Almaden Research Center
William G. Macready (vgm@santafe.adu) L
The Santa Fe Istitute William G. Macready
1399 Hyde Park Rd. Santa Fe Institute

Santa Fe, NM, 87501, USA

February 6, 1995 December 31, 1996



Classifiers

No Free Lunch in continuous domains?
Auger/Teytaud: Yes
Vose: No

Continuous lunches are free!

Submitted on 19 Sep 2007

Anne Auger Olivier Teytaud
TAO Team - INRIA Futurs  TAO Team - INRIA Futurs
LRI - Paris-Sud University LRI - Paris-Sud University

Reinterpreting No Free Lunch 2009

Jon E. Rowe J.E.Rowe@cs.bham.ac.uk
School of Computer Science, The University of Birmingham, Edgbaston, Birmingham,
B15 2TT, United Kingdom

M. D. Vose vose@eecs.utk.edu
Department of Electrical Engineering and Computer Science, University of Tennessee,
Knoxville, TN, 37996-3450, USA

Alden H. Wright aldenwright@fastmail.us
Department of Computer Science, The University of Montana-Missoula Missoula, MT
59812, USA

Abstract

The result is a general set-theoretic version of NFL
which speaks to symmetries when arbitrary domains and co-domains are involved.



An Artificial Scientist?

« Can an Artificial Intelligence win a Nobel Prlze’P
« or file a patent for an invention? e

UNITED STATES PATENT OFFICE.

TIHOMAS A. EDISON, OF LLEWELLYN PARK, NEW JERSEY.

PHONOGRAPH.
SPECIFICATION forming part of Lotters Patent No, 485,9;?2, datad Dacxmbar 29, 1891,
: Epplicesion Bled ¥ovember 18, 1860, Pecial We, 930,789, o medel)



An Artificial Scientist?

Discovery Informatics: Can Al Do Science?

« Lawrence Hunter (2003 AAAI
. . obert S. Engelmore 2003
AAAI talk) the pUblIC&thn ;iklmctr?'illlct?ctlurc Award

Of d paper In a peer-reVIewed Q" Unnversuty of Colorado Denver
I CU INTHE CITY

scientific journal Is a better
teSt for human-level Lawrence Hunter,
i nte I I i ge N Ce th an th e Tu ri N g "| proposed that the creation and publication of a peer-reviewed

scientific journal article be used as a test for computational

T e St intelligence "

COMMUNICATIONS

UUUUU

«
R
L

By William W. Agresti S JOHNS HOPKINS
August 2003 (Vol. 46, No. 8) ‘l.l CAREY BUS

Discovery informatics



An Artificial Scientist?

- - _ Artificial Intelligence to Win
* leoakl Kitano (OCtOber 2016) the Nobel Prize and Beyond:

"Artificial Intelligence to Win the geeeescerzenn: =
Nobel Prize and Beyond"

 Grand challenge for Al: to
develop a system capable of
scientific research in the ..
biomedical sciences that can e
discover something worthy of the
Nobel Prize




An Artificial Scientist?

Entire Hypothetical Body __— —
of Scientific Knowledge .

Some hypotheses require
experimental verification

s Generated : : / b
s |
| Are newly verified hypotheses / g ' Experiments.
! consistent with current [ 2 / may include
Hypaothesis ’ knowledge, or do /' ~§ ' errors and noise
generation from they gelnera_te7 [ o / '
khowihd inconsistencies? 5=
fdoe _ [ B
= I8/

Scientific
Knowledge in | ,
YN Integrating
/I Dark Data

Papers and N

Portions of knowledge- . Databases | g Papers and databases
believed to be correct may e _’,,..«:;/ contains errors,
in fact be false : = inconsistencies, and
' even fabrications

Hiroaki Kitano




Help!

e 2016: more than 1.2 million papers were published in life
science journals alone, on top of the 25 million already in print

« Anew article is being published every 30 seconds

« On average a scientist reads about 264 papers per year

« More than 70,000 papers have been published on the tumor
suppressor ps3

The Greatest Web Site of All Time

. but Piero Scaruffi has become an Internet destination with his ecle. BIE!

B
M ¥

e 10

(Wil

Piero Scaru IS one of the V|ct|ms of information overload



What Is Scientific Discovery?

1962: Saul Amarel’s "An Approach to Automatic Theory
Formation™

1962: Thomas Kuhn’s “The Structure of Scientific
Revolutions”

1965: Karl Popper’s "The Logic of Scientific Discove"

1966: Herbert Stmon’s "Scientific Discovery and the
Psychology of Problem Solving"

KARL R.POPPER [ ' ‘ aeon,
" “Z,

The Structure of Scientific §«, %\LA
THE LOGIC OF Revolutions t :
SCIENTIFIC th\mu:'s. K wo%c'i &ENNSV\N“e\‘T

DISCOVERY

A striking now pucturc of the airms
of scienee and of the 20th-century
rovolution in saentific thought

Cn




What is Scientific Discovery?

The cognitive process that leads to novel, creative ideas:
the discovery of natural laws from experimental data
... 1.e. the formation of theories that explain those data

... and then the design of experiments to confirm those
theories.




What Is Scientific Discovery?

Kuhn: The history of science is a history of "paradigm
shifts", of sudden realizations that old theories were
wrong and a whole new way of thinking is required, a

conceptual restructuring.
Pre-science

Paradigm Normal
hange Science ‘

HUMAMN INTELLIGENCE
IS CAPAELE OF
PARADIGM SHIFTS MQdEI

Model Drift
Revolution

\ Model
Crisis

PARADIGM
SHIFTS



Knowlede Base

(facts, heuristics)

nowledge-based approach uses I
Inference Engine

mathematical logic to simulate the (reasoning mochanist)
human mind I

User Interface

* Neural-net ap Imulates the

structure of the brain Weights

Activation
Summation Function

MNode
Output
a

Z[w‘ﬂ;f‘ * X;)




Programs for Theory Formation

1970: Ed Feigenbaum and Bruce Buchanan’s Meta-
Dendral

1976: Douglas Lenat's AM o,

1977: Pat Langley’s Bacon : ?

1978:
1986:
1986:
1988:
1990:
1990:

Peter Friedland and Mark Stefik’s Molgen
Jan Zytkow’s Fahrenheit
Ryszard Michalski's Abacus
Deepak Kulkarni’s Kekada
Raul Valdes-Perez’s Mechem
Michael Sims’ IL




Programs for Theory Formation

1986: Don Swanson’s literature-based knowledge discovery

1,000 papers on fish oil
2,000 papers on Raynaud’s syndrome
Conclusion: fish oil may prevent Raynaud’s syndrome

1998: Swanson’s Arrowsmith




Programs for Theory Formation

1997: Faye Mitchell’s Daviccand . e
1998: Simon Colton’s HR a




Programs for Theory Formation

2004: Ross King’s "robot scientist Adam

The Automation of Science

Ross King

222 ImEm 04.02.08 12
’ Science 03 Apr 2009

KOwT MAKES SCIENTIFIC

1872 PRIFYSGOL

BERYSTWYTH (1

- — ——— UNIVERSITY




Programs for Theory Formation

2007: Michael Schmidt’s Eureqa

cd Jermo.gpd - Eurega Y I
File  Fait  Toatral  Options  Tools  View  Help
j_| Entes Data &1 i Smoeth Data |f(x} Pick Madeling Task "I Stait Searh |E| Salutian Statistics LI I T
List of cuner: solwions e Selectad soulion plotied with the dats
e - IranUss  »
8Sre | Emor l Solshor | VebstonNan
2 0 /(0 =124 cq0.19 - 036 (276 ¢+ exp(C19 - 0.362))-0.00 .| -y
0 F1E0 = 150 oqi-0.36 !',Isir.?"!i o1+ 11 cmef-0.3¢2))-0.0L H
| 135 COME /(0 =ep(U24 - 030 2 e 9.02 (- 5,40 ) | vA-
Ll (0336 F(x)= e 025 1)=n{0 62 +2.60¢) f
§ 0BB F(0) = epl-0 25 £)sin8.05 £) 0T
2 047 A =006 m042 + 877 2) -
' : \ 5= 1
N R SR »
4 -}'ltl ] —m:l:l" 1318 fjf al
3 - fri=000¢
X - L L L
! - Fle) =00z ] 00 20 EX] E[T3) 50
e
Quic statistios cf soution: S Azcusscyleemplasity Yont of bes: seluions
pEes i B T e L - —— Yt Sunlo e Paks *
Soocted Soivion @
(03 - 024 2 il 0 64 5. & 4%
ez 0.3 -074 )sin[8.642-545 ) ol
Mame Train Data  Validation Data o8
Ssmpl2 Size 16 255 B 8 . .
R-zquarad cas nsa =4
Currelalon Coell 95 0.95 =R
o - > b
Mear Squared Ercr C0 0.0 g
Mear Aasalna Frar ©07 nnv o]
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-
L
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Programs for Theory Formation

2009: Andrey Rzhetsky‘s “machine science”

@PLOS | g%l\cglc’;TYA“ONAL November 6, 2009

Looking at Cerebellar Malformations through
Interactomes of Mice and Humans

lvan lossifov, Raul Rodriguez-Esteban, llya Mayzus, Kathleen J. Millen, Andrey Rzhetsky

Science 23 Jul 2010:
Vol. 329, Issue 5990, pp. 399-400

Machine Science

James Evans and Andrey Rzhetsky
University of Chicago




Programs for Theory Formation

2009: Joshua Tenenbaum, Thomas Griffiths, Charles Kemp ¢
Probabilistic model of theory formation

A probabilistic model of theory formation e L L

4] Charles Kemp®*, Joshua B. Tenenbaum®, Sourabh Niyogi ¢, Thomas L. Griffiths®

A Department of Psychology, Carmegie Mellon University, United States

® Department of Erain and Cognitive Sclences, Massachusetts Institute of Technology, United States

© Department of Elecirical Engineering and Computer Science, Massochusetits [nstitute of Technology, United States
“ Department af Psychology, University of California, Berkeley, United States

intersct with
CHEMICALS * [EII:I—AETI"JE SUBSTANC ES]

\ T affects, .~ - ;{_, |
afiecrs. \ M'\-\. CALUSEE, — affects
CAUSEE CAIEEE e COMPRCEIES  camplieates  COMPlcales
I LY __..-"'- ""'_\_\_ & Mg
P r M -;f '\-\. .-'"'(f ' '\' = o,
comgplicates, | - affects, (Wocess 4 / | POCEES
=reall of, manifeatation of ‘, resull of

proesss of, -
manifestation of @ \x sutot /- [BIDLDGIE:AL Fuuc:'rmrus]
LN r

-~
T et of result af o
‘ T~ “|ABNORMALITIES |~ -

alfacis, T ey manifesiation of
Drcess of T " e stk of, ‘

l L associated with

e e s,
.,

aftacts, manifestation af, .,

- process of associated with "~
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Programs for Theory Formation

Joshua Tenenbaum

RESEARCH ARTICLES

COGNITIVE SCIENCE

Human-level concept learning
through probabilistic
program induction

Brenden M. Lake,'* Ruslan Salakhutdinov,” Joshua B. Tenenbaum®

December 10, 2015



Programs for Theory Formation

2014: IBM and Baylor College: KnIT

2015: Michael Levin's program Baylor College of Medicine

Computer A.l. Solves 120-Year-0Old
Biological Mystery

A computer has developed a new scientific theory using

only its artificial intelligence, without any help from

humans. Continue reading —

Michael Levin,



Programs for Theory Formation

Sparrho
The search for relevance Find the science that
Sparrho matters to you
M eta Discover the latest and most relevant research from

more than 60,000,000 articles in over 45,000

journals

MACHINE LEARNING APPLIED TO
SCIENTIFIC DISCOVERY - META &

THE CHAN ZUCKERBERG
INITIATIVE

4 SHANGHAI 1
SEPTEMBER 12, 2017, 15:30-16:30

- CHAN
T C ZUCKERBERG
INITIATIVE
Chan Zuckerberg Initiative acquires and will

free up science search engine Meta



Neural Networks

1989: Alex Waibel’s time-delay networks

IEEE TRANSACTIONS ON ACOUSTICS, SPEECH, AND SIGNAL PROCESSING, VOL. 37. NO 3, MARCH [98Y

B D G

integration

3 unuts

B units

HI]
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Fig. 1. A Time-Delay Neural Network (TDNN) unil u:-:l
. EEEEEEEE

(e - e HEEREEN® = ohF

Al
RE 1]

16 melscale filterbank coefficients
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10 msec frame rate

Alexander Waibel Fig. 2. The architecture of the TDNN.




Neural Networks

1989: Yann LeCun 's convolutional neural network LeNet-1
(backpropagation applied to convolutional networks)

INPUT feature maps feature maps feature maps feature maps OUTPUT
28x28 4M24x2d &i12x12 12{@8x8 12dD4xd 10@1x1

landwritten Digit Recognition with a
Back-Propagation Network

. . : Y. Le Cun, B. Beser, J. S. Denker, D. Henderson,
Flg'l_lI'E l ArChltECturE Df LENEt l R. E. Howard, W. Hubbard, and L. D. Jackel

AT&T Bell Laboratories, Holmdel, N. J. 07733

Given functions x(t) and w(t), their convolution is a function s(t)

s(t) = [ x(a)w(t — a)da
Written as ADVANCES IN
s=(xw) or s(t) = (x*w)(0) NEURAL
INFORMATION
PROCESSING
SYSTEMS 1980




Neural Networks

Figure 2: error

rate on the test set (%).

LeNat 1
LeNeat 4
LeMet 4 / Local
LeMet 4 / K-NN
LeMat 5
Boosted LeMat 4

1998: Yann LeCun 's LeNet-5

PROC, OF THE IEEE, NOVEMEER 1888

C3: f. maps 16@10x10
54: . maps 16@5x5

C5: layer
120

C1: feature maps

INPUT 6@28x28

32x32

52: 1. maps

F6: layer OUTPUT
BEldxid Mla’f“ 10

mnrllacljnn | Gaussian connections
Full connection

| Fun
Subsampling

Subsampling

Convolutions Convolutions
Fig. 2. Architecture of LeNet-G, a Convolutional Neural Network, here for digits recognition.

Convolutional Network

-(O—=)at (xi,y3)
Linear *{] § }at (xi.y1)
Classifier
Posing: P g

Architecture of a typical convolutional network for object recognition
From a paper by Yann LeCun

(LeCun, 1995)

Next layer

Convolutional Layer

Pooling stage

Detector stage:
Nonlinearity

e.g., rectified linear

A

Convolution stage:
Affine transform

A

Input to layer




Neural Networks

Activation functions: binary, sigmoid,
tanh, RelLu, etc

Identity ' flz)==x

. 0 for <0
Blnary Ztcp /(=)= { 1 for >0
Logistic (a.k.a 3 V= 1

Soft step) J\®) = 1l +e°*

Taril f(z) = tanh(x) :

a / Ir)=tannrxr) = ;

- 142

ArcTan ¢ flz)= ta"—l(l')

Rectified 0 for <0
Linear Unit f(z) =

x for x>0

(ReLU)



Neural Networks

Stateful networks: RNN

* 1991: Hava Siegelmann’s and Eduardo
Sontag's theorem (RNN=Turing Machine)

FIG. I The universal network
On the Computational Power of Neural Nets
Hava T. SiEGELMANN' EDUARDO D. SONTAGH
4, 1992: revised May 24, 1993



Neural Networks

Stateful networks: RNN

* 1996: Mike Schuster and Kuldip Paliwal’s
bidirectional recurrent neural networks

FORWARD
STATES
g — st
BACKWARD)
STATES

M
10

e+ 80)- ( 2

¥
i

M,l_

y(t) = i(] (f + At) -

ol'— l'
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Neural Networks

Long Short-Term Memory
Stateful networks: LSTM

« 1997: Sepp Hochreiter's and Jeurgen
Schmidhuber's Long Short Term Memory
(LSTM) model

1
y e
=w-—net
@ ‘6‘-2':—_._ oot
cntput
s

ouput gate

Figure 2: Long Short-term Memory Cell
Alex Graves We also have



Neural Networks

A First Look at Music Composition

StaterI networks LSTM using LSTM Recurrent Neural Networks

2002

° 2 O O 2 M us | C cCOMm p OS Itl on Douglas Eck Jiirgen Schmidhuber

doug@idsia.ch juergen@idsia.ch
« 2006: Alex Graves’ CTC for speech
recognition

Connectionist Temporal Classification: Labelling Unsegmented

Sequence Data with Recurrent Neural Networks
2006

; ALEX@IDSIA.CH

SANTIAGOQIDSIA.CH
TINOQ@IDSIA.CH
JUERGEN@IDSIA.CH

Alex Graves
Santiago Ferndndez'
Faustino Gomez!

Jiirgen Schmidhuber!? |

4

: Waveform
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=0 ‘
)
[=]
e
Q-l
£ % ete

0 i




Neural Networks

* CNNvs RNN

CNN: a feed forward neural network with 4 kinds of layers: convolution layers
(that extract features), ReLU layer, pooling (that reduces the dimensionality)
and a fully-connected layer (that classifies)

RNN saves the output of a layer and feeds it back to the input, i.e. RNN
considers the current input and also the previously received inputs

CNN takes a fixed -size inputs (typically a two-dimensional matrix) and
generates fixed-size outputs (for example, a number)

RNN can handle arbitrary input/output lengths

CNNs are especially good at classification problems (e.g. object recognition)
RNNs are especially good at processing sequential data (e.g. speech
recognition)

Example of a hybrid: generating the caption (description) of an image (the
CNN classifies the image and the RNN generates the words)



Neural Networks

« Unsupervised learning

— 1996: Bruno Olshausen’s sparse coding
for autoencoders

— 1992: Suzanna Becker’s imax

— 1995: Geoffrey Hinton’s "wake-sleep"
algorithm

— 1995: Anthony Bell’s improved infomax

— 1996: Shunichi Amari’s infomax with
natural gradient




Neural Networks

» Unsupervised learning

— 1996: Bruno Olshausen’s sparse coding
for autoencoders

Unsupervised Methods: Autoencoders

H(X) Unsupervised Methods: Sparse Autoencoders
- " "

¥ -ork " tn**e:‘ " -'f-o X hr(kf:;n layer " ‘
- | . . ' I(x) utput layer

O(H(x))

encoder decoder

Loss= || X — X||? + Penalty(H(X))

reconstnxction compiexty metrg

parameters

L(z) = |z - O(H(z))|* + X - |H(z)|

Sparse Coding Foldiak, Olshausen  =sneurons have to represent their
environment, as efficiently as possible



Neural Networks

« Semi-supervised learning
— David Yarowsky’s self-training (1995)

— Avrim Blum’s and Tom Mitchell’s Co-
training (1998)

— Zhi-Hua Zhou’s Tri-training (2005)




Neural Networks

Reservoir Computing: deep learning made practical

« Herbert Jaeger's echo state networks (2001)

« Wolfgang Maass and Henry Markram’s liquid state
machines (2002)

'i." .

‘j Maass et al., 2002

titz.
A 01
B T8 1
M © 111
05 ’J
uAul‘!ihl;m]v’“qzl
input signal output (or A e
i teacher)
dynamical | _ oot ;

W1 | reservoir THE LIQU'D STATE MACH | NE

ot

Figure 1: The basic schema of an ESN, illustrated with a tuneable frequency generator -
task. Solid arrows indicate fixed, random connections; dotted arrows trainable
connections. Herbert Jaeqer (2007)

gn P (1 - (-l')gn—l =+ Olfin (Win [bm ﬁn] == Wgn—l)
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Image Recognition

2003: Gabriela Csurka's "Visual Categorization
With Bags Of Keypoints" (submitted in 2003,
published in 2004)




Image Recognition

2005: Dileep George & Jeff Hawkins’
hierarchical probabilistic model of the visual
cortex

A Hierarchical Bayesian Model of Invariant Pattern
Recognition in the Visual Cortex

2005
: Dileep George Jeff Hawkins &
i B Department of Electrical Engineering Redwood Neuroscience Instiute
g2 { Stanford University and Menlo Park, CA 94305 ' 3
S Redwood Neuroscience Institute E-mail: jhawkins@rni.org =
Menlo Park. CA 94305
3 i 3 i )
I yl y2
! [12][22]
(1) (2) i (1) / e (2) i (1) (2
el I B i oS i v |L_
D} (D) 93| | |40} 1) )il | 1 s
) i SO || oo | oo

Stage 1 : Stage 2 ' Stage 3



No need for Neural Nets

1991: The Beler-Neely method to generate fake images
(used in Michael Jackson'’s video “Black and White”)

Computer Graphics, 26. 2, July 1992

Feature-Based Image Metamorphosis
Thaddens Beter

Silicon Graphics Computer Systems
2011 Shorelime Blvd. Mountain View CA 94043
Shawn Neely

Pacitic Data Images
1111 Karlstad Drive. Sunnyvale CA 94089

Fi

i - ﬁurc 17 . )
A sequence from Michael Jackson's Black or White

68



No need for Neural Nets

1994: Ernst Dickmanns' self-driving car drives more than

1997: IBM's "Deep Blue" chess machine beats the world's
chess champion, Garry Kasparov

1997
IBM Deep Blue vs Garry Kasparov

69




No need for Neural Nets

1998: Two Stanford students, Sergey Brin and Larry Page,
publish the paper "The Anatomy of a Large-scale
Hypertextual Web Search Engine" and launch the
search engine Google

The anatomy of a large-scale hypertextual Web search engine !

Sergey Brin?, Lawrence Page *

In this paper. we present Google, a prototype of a large-scale search engine which makes heavy use of the structure
present in hypertext. Google is designed to crawl and index the Web efficiently and produce much more satisfying search
results than existing systems. The prototype with a full text and hyperlink database of at least 24 million pages is available
at http://google.stanford.edu/

Go\)gle.

Search the web using Google!

suts ~ [ Google Search | [ feelinglucky |

70

Fig. 1. High level Google architecture.



No need for Neural Nets

 Statistical machine learning
— 1990: Robert Schapire's boosting
— 1991: Vladimir Vapnik’s SVM
— 1993: Ross Quinlan’s C4.5
— 1995: Tin-Kam Ho's random forests

SVM [all articles; 902K articles, 9B words]

Input Space Feature Space

Number of papers on SVMs 1998-2014




No need for Neural Nets

Statistical machine learning (2016 survey)

A!Lnuggets"‘

Top 10 Algorithms & Methods
used by Data Scientists

0% 20% 40% 60% 80%

Regression | 7%
Clustering I 75
Decision Trees/Rules I 555
Visualization NN 29%
K-nearestneighbors NN 55
PCA e —] 435
Statistics NG 43
RandomForests I 383
Time series/Sequence.. IEEENEEEE—_— 37%
TextMining NN 6%

Fig. 1: Top 10 algorithms & methods used by Data Scientists
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No need for Neural Nets

1999: David Lowe’s SIFT for computer vision

Scale Invariant Feature Transform

David Lowe (University of British Columbia)
1999

Filter Edge and Low

Construct Scale Space
Contrast Responses

Take Difference of Assign Keypoints
Gaussians Orientations

Build Keypoint

Locate DoG Extrema ;
Descriptors

Sub Pixel Locate
Potential Feature
Points

Go Play with Your
Features!!

73



No need for Neural Nets

ACCEPTED CONFERENCE ON COMPUTER VISION AND PATTERN RECOGNITION 2001

Rapid Object Detection using a Boosted Cascade of Simple
Features

« Computer Vision
— Viola-Jones (2001)
— HOG (2005)
— DPM (2008)

Michael Jones
Compaq CRL

A Discriminatively Trained, Multiscale, Deformable Part Model
Computer Vision and Pattern Recognition, 2008

Pedro Felzenszwalb David McAllester

& CHICAGO

Histograms of Oriented Gradients for Human Detection

Navneet Dalal and Bill Triggs 2005
INRIA Rhone-Alps, 655 avenue de I’Europe, Montbonnot 38334, France




No need for Neural Nets

2005: Sebastian Thrun's driverless car Stanley wins DARPA S
Grand Challenge Gt ¥ .
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No need for Neural Nets

2011: Apple Siri (2011)

2014 Vladimir Veselov's and Eugene Demchenko's
program Eugene Goostman, which simulates a 13-year-
old Ukrainian boy

Princgrtg&@'
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Unsung Heroes: The datasets

1990:
1991
1993:
1994
1996:
1999:
2006:
2007:
2007:
20009:
2013:
2014
2016:
2016:

Switchboard-1 Telephone Speech Corpus (TI)
Continuous Speech Recognition (CSR) Corpus
FERET (Army Research Lab)

ORL face dataset (Olivetti)

Broadcast News corpus

MNIST handwritten-digit dataset (NYU)
PASCAL VOC

Tiny Images Dataset (MIT)

Labeled Faces in the Wild (University of Massachusetts)
ImageNet

dataset of Atari games (University of Alberta)
COCO (Microsoft)

SQUAD (Stanford)

MARCO (Microsoft)



Unsung Heroes: The datasets

Human Affective Datasets

Human Affective Datasets.

SEMAINE (2008)
EAGER (2013)
Cam3D (2011)
MAHNOB-HCT (2011)
RECOLA (2013)




Next...

 See http://www.scaruffi.com/singular for the
Index of this Powerpoint presentation and
links to the other parts

Intelligence
is not Artificial

Why the Singularity is not coming

v time soon and other Meditations
on the Post-Human Condition
and the Future of Intelligence

piero scaruffi

www.scaruffi.com
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