CREATING ARTIFICIAL INTELLIGENCE




INTRODUCTION

WE ARE ALREADY AWARE THAT COMPUTERS TODAY ARE SMART, HELPFUL
AND ABLE TD EOME UP WITH ANSWERS To A LDT DF DUR RUESTIONS

THIS BOOK FOCUSES DN THE PU22LE OF TRYIN4G TO DEFINE INTELLIAENCE.

THE INTELLIAENCE OF MACHINES AND THE BRAIN (REATIN4A THEM.

THE HUMAN BRAIN 1S EXTREMELY CAPABLE, KIND AND IMAAINATIVE 8UT NOT
WITHOUT LIMITATION. MACHINES HMAVE NO VALUES OR EMPATHY, 8UT (AN BE

PROARAMMED TO D0 (ALMOST) ANYTHINA.

IN DUR QUEST TO CREATE THINKING MACHINES TO ASSIST, EQUAL OR SURPASS

s, WHAT ARE THE INAREDIENTS WE WEED?

LET VS EXPLORE HOW THESE MACHINES CAME T0 BE AND AND WHAT WE

EXPECT OF THEM. HOW D0 THEY LEARN TD BE INTELLIAENT? HOwW DO WE
VSE THEM ? SHOULD WE FEAR THEM ! (AN WE TRUST THEM ?

PERMAPS THEY ARE oONLY EVER AS ADDD AS THEIR MAKERS -

PERHAPS NOT?



SCOPE

LEARNINA MACHINES LEARNING ALAORITHMS
IMPRESSIVE ENCOUNTERS HOW THEY ARE DIFFERENT

WHAT A MODEL /S

HUMAN INTELLIAENCE
SOME EXAMPLES

DEFIN ITIDN/ THEDRIES

MACUINE INTELLIAENCE WHY Al 1S HARD
THE PROBLEM | MORAVEC, (DMMODN SENSE AND
DEEINING Al & ITS QDALS A BODY

RECENT  HISTORY THE HARDER. QUESTIONS
1950-s -+ DARTMOUTH CONEERENCE CoST, ETHICS, BLAME, BIAS

ENCODED KNOWLEDAE + PERCEPTRONS AND  HUMAN-NESS

WHY A|l WORkS SO WELL NOW BUILDING TRUST

WOMEN IN Al
HOW  MACHINES (EARN

MO R
VARIOVUS WAMS OF LDDKINA AT E TO EXPLDRE

REFERENCES
HOW LEARNING HAPPENS



LEARNING MACHINES

WE HAVE COME A LONA WAY SINCE ALAN TURINA'S
1950 PAPER. ON COMPUTER INTELLIGENCE.

THERE ARE NOW MACHMINES THAT (AN (EARN

COMPUTERS CAN LEARN B8Y BEING SHOWN SEVERAL EXAMPLES.
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DR THEM LeARN THROVAH REWARDS FOR ACLHIEVING A4OALS

.1..\

THE LEARNING MACHINE FIAURES OUT THE RULES THAT

BUVILD uvP To THE 40AL OR FORM THE PATTERN



COMPUTERS CAN ‘SeE’

HAVING BEEN TRAINED ON SEVERAL MILLION [MAGES (See Stangord lmagcncg
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THEY C€AN IDENTIFY DBJECTS WITH A A0DOD LEVEL OF ALCURACY
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THEY CAN QISCOVER PATTERNS [N DATA, THUS ENABLING THEM TO

MUM

TUMOUR REGION

REASONABLY PREDICT FROM A SCAN, .o+ RECOANISE FACES AND
JE- THERE IS DISEASE... TRACK MOVEMENTS

THIS ABILITY 18 CALLED COMPUTER VISION



COMPUTERS CAN ‘HEAR
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S et
WITH ENOVAH TRAINING DATA, 35)1. - nigeria

PROGRAMS (AN WRITE UP AUDID AS TEXT gar/ywa lc - India

gucan - SN fmncc
THIS ABILITY s CALLED SPEECH  RECOGNITION 3un.jiro ~ 3§ amerio
OR SPEECH TO TEXT. gallo - france

auz — Turkic
* SUCH AS GOOALE AUDIOSET, OPENSLR.ORA (Ted falks) 3“9- 5 v
34((urc:c - Ltn{y

IT CAN EVEN BE USED 70
SAVE ENDANGRERED LANAVARES

Seneca Indian (angnage [R1T
DEVICES RESPOND To VOICE COMMANDS

AND RECOGNISE INDIVIDUAL VOICES

THIS IS CALLED © VOICE RECOANITION 0R 0 VOICE 1DENTIFICATION @)

Mere is how fto

make Your own
ALSO MAKES T EASIER FOR PEDPLE home made Slime

TEXT 70 speecH (SPEECH SYNTHESIS)

DF ALL ABILITIES TO INTERACT

WITH MACHINES ‘ ey




WE ARE FAMIL]AR

WITH SPAM FILTERS

PROARAMS THAT
TRANSLATE LANGQVAAES

How can | ht[/)?

My order hasn't arrived
four veference namber ?

8/-415-36310

CHAT BOTS THAT HELP OUT
WITH VARIOUS TASKS

[@O‘ ZI) il O ]Smrckchgincjl

david atbenborounsh

Davrd Atten boro uyA
Wikipedra (,mk

and Some Leat

2 RECOANISE A FAMOUS PERSDN/PCACE

B
Video! v deo :. Vi deo 3 k

AND HMELP WITH SPELLING ARAMMAR CHECKS, TEXT PREDICTION ETC.

i\ INTERNET SEARCH ENAINES THAT
)

THIS IS CALLED WNATURAL LANAUVAGE PROLESSINA OR NLP



COMPUTERS CAN DO’

IN ADDITION TO CLEANING FLOORS AND DRIVING CHRS/PLANES/DlvNES/

THEY CAN SVAAEST THE NEXT PRODUCT TO BUY
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IT TURNS OQUT THAT MACHINES ARE ALSD
CAPABLE OF AENERATING ART.

AND Mvug/cC.

' y Aoodlc "Obvious Al Art i
Portrait of Edmond Belamy



IMPRESSIVE

ARGUABLY, THESE ATTRIBUTES MAKE A COMPUTER
SEEM CLEVERER THAN THE AVERAGE MACHINE.

A RQUICK LOOK INTO THEIR PAST REVEALS THAT COMPUTERS HAVE EXCELLED
IN SkiLlLS THAT ONLY THE BRIGHTEST HUMAN MINDS POSSESSED

CHESS -1996
I8M DEEP BLUE BEAT
QARY KASPARDY

JEOPARDY RQUIZ SHOW 20I]
IBM  WATSON BEAT
KEN JENNINGS ¥ BRAD RUTTER

a0 2016
DEEPMIND ALPHA A0 BeAT
LEE SEDOL

TME WORD INTELLIGENT 1S USED AS AN ADJECTIVE FOR SUCH MACHINES
ARE THEY INTELLIAENT? WHAT 1S |INTELLIGENCE 2



WHAT IS
INTELLIAGENCE ?

MEASVRINA IT DOWN TD A NUMBER HAD VNFORTUNATE CONSERQUENCES FOR

HUMANITY WITH THE ODEVELOPMENT OF EUVGENICS[EVIL ASSOCIATIONS.

THIS SECTIDN DODES NOT TRAVEL DOWN THE DARK PATH. WE wWILL TREAT IT
AS A FASCINATING RUESTION LEADING TO GAINFUL INTRDSPECTION.



BUT FIRST, A TEST

THIS 1S A COMMON  FORMAT FOR AN  INTELLIGENCE TEST"

FIND THE MISS/INK PATTERN CHOOSE FROM THESE

RN % Nd RZ

N AN AN N

N% N% N RZ

2N N AN I 2N
/ N

K Kl bR

from. test-cq. org

N

FOR. VARIOUS ~ REASONS : MISTORICAL, ETHICAL & CULTURAL, THESE TESTS HAVE
BEEN CONTROVERSIAL . /MIDLTANTLV, THEY D0 NOT EFFECTIVELM REVEAL
ANY TRUE INTELLIGENCE.

FACTS

‘ LOalIC

000 0 $

LANGUAGE ?&T ? Q
EMOTIONS

RY
e FORESIGHT Wi Ship
INTELLIGENCE FREE WILL LEARNING

CULTURE

CONSCIOVSNESS

SURE(M, HUMANS ARE A BIT MORE COMPLEx AND CANNOT BE  REDUCED Tp
ONE MEASUREMENT. WHAT THEN IS A SlaN OF INTELLIGENCE IN HUMANS ?



IS IT LANGVAGE 2

CHOMSKY, ARGUABLY THE TOP DPHILDSOPHER AND LINGUIST
THE WORLD HAS PRODUCED, SAYS THAT THE PURPSE OF
LANGVARE ISN'T  COMMUNICATION, BUT THAT

LANAVAGE EVOLVED AS A MOOE OF
CREATINA AND INTERPRETINA THOVGHT

NOAM CHOMSLY

THIS  ABILITY SEPARATES

HUMANS FROM DTHER CREATVRES

LANGUVAGE  PLAMS  TwD  PARTS

INTERNA L

ACTIVATES DESCRIBE
THRINGS

PERCEPTUVAL

SYST |

- TELL

STORIES

VSES IT

T IMAGINE LEARN

NEW THINGS NEW THINAS

( )
S0, LANARVAGE I¢ AT THE C(ENTRE OF INTELLIAENCE

- PATRICK  WINSTDN, MIT



HUMAN INTELLIGENCE

WE CAN A4GREE THAT HUMANS cAN B8E DESCRIBED AS INTELLIAENT.

THE ABILITY TD DICTIODNARY
ACRUIRE AND APPLY

KNOWLEDAE AND SkiILLS

DEFINITION

Y\
A MENTAL GQUALITY THAT AlLLOWS U¢ To 89
Psycnocomsrs

: . LEARN
SOLVE PROBLEMS . ‘
ADAPT TO NEW SITUATIONS
.5?: \3 O

SUAQEST

THERE (8 STILL SO MUCH DE THE BRAIN WE DONT UNDERSTAND

WHAT ABOUT DOUR WHMAT (ONNECTS
AQUT BRAIN ? INTELLIAENCE AND

LONSCIOUSNESS ?
HOW DOES

MATTER (BRAIN)
CREATE
NON MATTER (THOUAHT) ?

INTELLIGENCE

OUTSIDE EARTH:
1S 1T SIMILAR ?

—
D
AR

e )
IR

INTELLIAENCE ELUDES PRECISE DEFINITION AND MEASUREMENT



THEORIES OF INTELLIQENCE

THERE ARE MANY THEDRIES OF INTELLIGENCE AS WELL-
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AND THE DEBATE (ONTINVES |

ARE THEY INTELLIGENCES OR SKILLS ?

ARE THESE 400D ENOV4GH CRITERIA To ‘MGASURE' INTELLIAENCE ?

IS BEING A00D AT ONE ANY INDICATION OF BEIN4 400D AT ANOTHER ?

IS THERE ONE QENERAL INTELLIGENCE OR MULTIPLE INTELLIGENCES ?

|S HUMAN INTELLIAENCE AKENERAL OR SPECIALISED FOR HUMAN EXPERIENCE?



MACHINE INTELLIGENCE

HISTORY RECORDS MANY INSTANCES OF MECHANICAL CREATIONS: BOTH REAL
AND FICTIONVAL. THERE ARE EVEN LITERARY WORKS DESCRIBING THINKING

BEINGS. IT IS AQAINST THIS BACLDROP THAT WE MEET AENE, DESCARTES.



MIND 80D0Y DUVALISM

RENE DESCARTES DEFINED THE MIND- BODY PROBLEM

ANIMALS ARE WONDERFU(L MACHINES.

HUMANS TOO. PosSIBLM. EXCEPT WE HAVE MINDS,

, 1}
KENE LESCARTES RATIONAL V5 MECHANICAL &
/i

] 7th anl:urg

THE MECHANICAL (OoULD BE IMITATED . NOT THE RATIONAL.

ANIMALS MIGHT ALS0 HAVE

CONSCIOUSNESS, MEMORY AND FEELING. . .

\

8UT HUMANS HAVE (ANGUA/RE
AND THE ABILITY TO THINE.

TWO CENTURIES LATER (1830s) ADA LOVELACE WROTE OF THE ANALYTICAL ENGINE

" . . .HAS NO PRETENSIONS WHATEVER TO
ODRIGINATE ANMTHINGK . IT CAN D0 WHATEVER

B4
WE kNOW HOW TO ORDER IT TO PERFORM

ADA  LOVE LACE oﬁ
(

BUT, WHAT IF THERE wAS A MACHINE THAT ¢ould IMITATE THE MIND?



A SELF COPY

ARTIFICIAL INTELLIAENCE BRE4QAN WITH
AN ANCIENT WISH TO FOR4GE THE A4ADDS

BRASS oz BRAIN

PAMELA MCCORDVCK

THE QDESIRE TO CREATE ARTIFICIAL INTELLIAENCE
1$ AS OoLD AS HUMAN CIVILISATION

PAME(LA MCCORDUCK Ql\VES EXAMPLES IN THE
FIRST EVER BDOK ON THE HISTORY DF Al

CLOCLWORK REPLICAS (OF HUMANS EXIST
MORE AS SToRIES THAN REALITY

MOST SUCH CHARACTERS, WHETHER ROBOTIC ATTENDANTS OR TINMAN,
WERE FRIENDLY OR  ACCOMPLISHED SOME TASKs.

THE STORIES CHANGED

)

THEME. EVENTUALLY. ‘\ l

.



400D OR EVIL?

OF THE STORIES OF SUCH HUMAN ATTEMPTS, THE MOST
CHILLIN4G ACCOUNT pF ALL, 1S PROBABLY THE |[8/8
STORY OF FRANKENSTEIN'S MONSTER BY MARY SHELLEY

THE PROTAAONIST  VICTOR FRANKENSTEIN'S CREATION
TURNS QUT T0 RBRE A MONSTER AND STARTS To

FRANKENSTEIN's
THREATEN AND DESTROY HIS LIFE. MONSTER

BUT IT NEED NOT BE THIS TERRIFYING .

WE CAN DpAW SOME REASSURANCE FROM  ISAAC ASIMDV'S  1pa oF THE

THREE LAwWs OF ROBOTICS THAT PRIORITISE HUMAN WELL-BE/NG

THREE (AWS DOF RDBOTICS

@ A 10bof must mob injure @ human o7
through inaction allow & human to come

t0  harm

@ A robot wmust obey ovders except if i€
wnflrcl'c with @)

ISAAC  ASIMOV (3) A robot must profect ifs pwn existence
unless it conflicks with @ and (@

FROM THE NOUVEL |, ROBDT 1950

THESE STORIES FORCE US To CONSIDER RQUESTIONS THAT WE OUAHT

T0 AT (EAST ASK,IN THE PROCESS OF CREATING ARTIFICIAL INTELUIAENCES.



Al IS... WHAT Al DDES

AIVEN WHAT WE UNDERSTAND OF HUMAN INTELLIGENCE, UNSURPRISINGLY
ARTIFICIAL INTELLIGENCE HAS NO AGREED DEFINITIONS

THE THINKING MACHINE |DEA
(S VERY CAPTIVATING AND |IT

REMAINS A DEFINING THEME
OF ARTIFICIAL INTELLIGENCE

THE &aOAL of Al IS TO B8UILD SMUSTEMS

@

TUAT TUINK AND ACT

]

LIKE HUMANS

RATIONALLY
ASIDE FROM THE PUZ2LES OF WHAT IT .
| Singular
MEANS To BE HUMAN DR RATIONAL, guiarty .
Tnhl[z'gcnce Explosion
THERE ARE ASPIRATIONS FOR ACHIEVING Artigicial henera [ Intelligence

SUPERHUMAN INTELLIAENCE AGI AIX] aye fome termg

' : ‘ration
@wswa REACTIONS OF FEAR/SKEPTICISM) used for this ashiratio



AN ASIDE

ON THE BASIS THAT INTELLIAENCE REQUIRES THE ARENT
TO ADAPT  SUCCESSFULLY To A WIDE RANRE DF ENVIRONMENTS

THERE IS EVEN AN EQUATION TO MEASURE A MACHINE S INTELLIGENCE

A FIRST FORMALISATION

aamf:
= KWy
Y(m):=p 27KWy!
eE
g Value
Measure 0f | achreved
(n bell ;'Jcn(e P Compleau by
il func(:ron
EnVironmenfs

arxiv-org fabs [o112. 3329

Universal Inte I[:“y ence

A Definition of
Machine Intelligence

N

Shane [83 4
&

Marcus Hwtfer

SHANE LEaq
MARCUS HUTTER



THE EXPERTS:ON Al

HERE 1S WHAT SOME WELL- KNOWN PeOPLE MAVE TO SAY ABoUT

Al IS A FIELD THAT IS JDEEPLM HUMAN
(with mothing artificial abonb (t)
~FE| FEI L]

Al IS, IN LARAE MEASURE, PHILOSOPHY
- DANIEL DENNETT

Al 1S ALMOST A HOMANITIES DISCIPLINE. AN ATTEMPT
TO UNDERSTAND HyMAN INTELLIGENCE AND COGNITION

~ SEBASTIAN THRUN

Al MEASURES AN AAGENTS ABILITY TO PERFORM

WELL IN A WIDE RANGE 0OF ENVIRONMENTS

- MARCUS Hvrr&k[sﬁme LEAG

THE EFFICIENCY WITH WHICH MoV TuenN
EXPERIENCE INTD GQENEGRALISABLE PROARAMS

" FRANCOIS  CHOLLET

EACH NEW STEP IN Al MERELY REVEALS

WHUAT REAL INTELLIGENCE )& NOT

- DOVG(AS HOFSTADTER



AOALS OF Al

VERY BRDADLY, Al MIGHT BE SAID TO HAVE Two (RELATED) GOALS

! 2
MIMIC AND SURPASS L MAKE  ToOLS
HUMAN  INTELLIGENCE USEFUL TO HUMANS
THE DEVELOPMENT OF Al  COULD AS WE SAW EARLIER,
SPELL THE END OF THE HUMAN RACE ToOLS: CREATED BY
-STEPHEN HAWKING LEARNING MACHINES
CAN
0.. "

‘ MOUNTS OF DATA
UNDERSTAND THE NATURE OF THOUAHT, B AMOUNTS

CONSCIOUSNESS AND INTELLIGENCE.

9299

AS IT NEEDS MORE \EARS OF RESEARCH,

DIFFICULT FOR HUMANS

WE WILL C(ONSIDER IT OUTSIDE 7HE S£COPE
OF THIS PIeCE DF WORK PROARAMS  PREVIOUS(Y (OULD NOT

THE SECOND A4AOAL LEADS TO WHAT (AN BE DESCRIBED AS NARRDW INTELLIGENCE

BUT FIRST, A LOOK AT HOW WE &OT HERE.



A

RECENT HISTORY

AENERATIONS OF THINKERS FROM ARISTDTLE, ADTTFRIED LEIBNITZ , AEORAE BODLE,

BERTRAND RUSSELL, ALL HAVE ATTEMPTED T0 FORMALISE HUMAN THOVAHT AND
DECISION MAKINA. THE 1950s NOTCHED UP THE EXCITEMENT.



Al

ALAN TURING

MEANWHILE, MCLULLOCH AND PITTS

CAME UP WITH THE

BRAIN BEHAVES LIKE A TURINA MACHINE

JOHN VON NEUMANN

IDEA  TUAT THE

FROM THE %60s

ALAN TURING WONDERED
IF A MACHINE CoulD EVER
CONVINCE HUMANS TUAT

IT COULD THINK.

WARREN

MCCVLLOCH WALTES

PITTS

VON - NEUMANN AARREED WITH THE RBRAIN-(COMPUTER
SIMILARITIES - BUT PERHAPS NOT WITH 'THINKING MACHINES

HE HAD HIS ODWN IDER OF (ELLULAR AUTDMATA,
WHICH WERE SELF-REPLICATING MATHEMATICAL SLTRUCTURES



Al FROM THE %0s

CHECKERS

| eall thes
Machine leaming

ARTHUR SAMUEL CREATED
A CHECKERS PLAYING PROGRAM .

IT CHECKED MANY PposS/IBLE
MOVES AHEAD, ASSIANED WEIAHTS

) TO0 EACH OUTCDME.

ARTHUR SAMUVEL IT IMPROVED TS AAME FROM PAST EVENTS

LOGIC THEDRIST
we eall this

complex Infovma tion. processing

NEWELL AND SIMDN, WITH JC SHAW,

FAR AHEAD OF THEIR TIME, WROTE A
PROGRAM CALLED (OAIC THEDRIST.

IT PROVED THEDREMS FROM  PRINCIPIA
MATHEMATICA DF RUSSELL & WHITEHEAD.




FROM THE %60s

NORBERT WIENER LSED THE WORD CYBERNETICS

TDO DESCRIBE THE STUDY DOE ANY SOCIAL SUSTEM
(HUMAN, ANIMAL 0R MACHINE) BASED ON  LOMMUNICATION
AND FEEDBACK

HIS WORK , BOTH TECHNICAL % PHILOSOPHICAL, wAS ALSD
VERY INFLUENTIAL.

NORBERT WIENER It veally (s

CLAVDE SHANNDN WROTE A CHESS PLAYING PRDARAM.

HE ALSD BUILT A PHMSICAL MA2E AND A MOUSE

CLAVDE SHMANNON

THAT (oULDd ‘LEARN' ITS WAV OUT DF THE MA2E

MARAARET MASTERMAN CREATED THE LANGVAAE

RESERRCH OUNIT AND THE WORKk SHE DID WAS
MACHINE TRANSLATION — YEARS AHEAD OF TIME -

AND WITHOUT PROPER (CREDIT

MARGARET MASTERMAN



THE DARTMOUTH CONFERENCE

We propose that a two month  study be carried out in Ehe
dartmoulbh (ollege , New Hampshire over the summer of 1956 . --.

.-+ learning or any ofher feature of intclﬁgcnce .. 80 pncr:d‘y
described that a machine can be made to Simulate (E... - .

-MCCAI-TH‘I, Minsky, kOCHESTEL/ SHannoN

HERE ARE THE FOUR CONSIDERED THE FOUNDERS OF THE FIELD

{ will call his
area. o Sludy
Qrbtift'a'u(
[ntdtf(,encc

JOHN MCCARTHY MARVIN MINSKY

s

(e %)

ALLEN NEWELL

T0 THEM, THE (0AIC- BASED REASONING OF THE BRAIN WAS THE KEV



ENCODED KNOWLEDALE

HERE ARE SOME PROARAMS DEVELOPED DN A LD4ICAL BASIS

SyMmpolLlic Al

AENGRAL DPROBLEM SOLVER  (1959)
THE FIRST APPROXIMATION OF HUMAN BtHAVIOUR

SOLUED PROBLEMS THAT (COULD BE WELL DEFINED
(NOT VERY 4ENERAL)
CREATED BY NEWELL ,SIMON ¥ SHAW

ADVICE TAKER  (LATE M60s)

A (ONCEPTUAL MODEL DF A PROARAM THAT
NOT ONLY SoLues A LOT OF PROBLEMS,

BUT ALSD TAKES ADVICE WHILE  SOLVING THEM.

CONCEPT OF JOHN MCCARTHY

eLiza (M1p 1960s)
THE FIRCT CHATBOT
COULD MIMIC R  PSYCHOTHERAPIST

NAMED AFTER THE CHARACTER IN PYAMALION
CREATED BY JOSEPH WEIZENBAUM, MIT,

SHALEY THE RosoT (LATE 1960s)

THE FIRST MOBILE ROBOT ABLE TD REASON

PROKRAMMED [N LISP
CREATED 8Y TEAM AT STANFORD[DARPA

(INCLUDING  BERT RAPHAEL, NILS NILSSDN)




PERCEPTRON

FRANK ROSENBLATT WAS INSPIRED 8Y MCCULLOCH % PITTS.

HE ODESIANED A 'NEURON' WITH HARDWARE % ELECTRICALS

’ HE CALLED IT A PERCEPTRON (LATE [950s)

SURSYMBOLIC Al

HE . TRAINED IT TO IDENTIFY &HAPES/LE"ITERS MUCH C(IKE HUMANS
SVBCONSCIDUSLY  RECOGNISE FACES - ((ONTRAST TO THINKING [REASONING TASKS)

AFTER MUCH HMPE SHORT(M FOLLOWED BY THE BELIEF THAT A PERCEPTRON
WOULD FAIL AT SIMPLE TASKS, INTEREST WANED.

*
R
"(0 \" o& X /“M
¢! " " “0 '\\' :
¥ o 5 = Gandin)
Pevceptrons \
Time

ROSENBLATT WAS ON THE RIGHT TRACK, THOUGH. His APPRDACH IS THE

ANCESTOR. OF ONE DF THE MODERN Al METHODS THAT USES MATHEMATICS
~ KNOWN AS DEEP NEURAL NETWDRKS

¥ PAPLRT & MINSKY  ACKNOWLEDAED (MucH (ATER) THE POTENTIAL OF  PERCG PTRONS



WHY Al WORKS £0 WELL

Al WENT THROUGH HIGHS OF ACHIEVEMENTS AND LOWS (CALLED Al WINTERS)
WITH LACK DF INNOVATION/FUuNDING. SYMBOLIC Al DOMINATED - WITH EXPERT
SYSTEMS BRINAINA REVENUE. ONLY TOWARDS THE 1990s D10 Al BOUNCE BACk.

HERE ARE JSOME REASONS wHY IT 1S NOW A THRIVING FIELD

DATA COMPUTE

MORE DATA AVAILABLE INCREASE N C(OMPUTE POWER

FROM MDRE INTERNET FROM CPUs, APUs AND NEURDMORPHIC

VSAGE AND TRANSACTIONS AND QUANTUM  CHIPS

ALADRITHM INVESTMENT

NAIVE BAYES
BACL PRDPAGATIDN
K MEANS CLUSTERINA

NEAREST NEIAHBOVRS

REARESSION
DECISION TREE

SUPPORT VECTOR MACHINES

. AND MORE! ‘

IVEAR BYEARS 10 YEARS
DEVELOPMENT OF MDRE ATTENTION AND MONEY
MORE TYPES OF AVAILABLE AS THE BENEFITS

LEARNING ALADRITHMS ARE NOW TANAGKIBLE






LEARNING TO (EARN

RECALL THAT A @0AL OF Al IS To BUILD TooLS FOR HUMANS USINQ
MACHINES THAT (AN TEACH THEMSELVES. EVEN IMPROVE.

THIS  ENDEAVOUR, BRoADLY, IS MACHINE  LEARNING

Al SEELS T0 MIMIC HUMAN THOUGHT AND ACTION. HOW IT QGETS THERE
IS ALSO [NSPIRED BY SOME FAMILIAR WANS

SELF- DISCOVERY BEINA TAVAHT WITH REWARDS

JOME  MACHINE LERRNING APPROACHES

*e
UNSUPERVISED LEARNING SUPERVISED LEARNINA REINFORCEMENT LEARNINA
° @ : e IO
o 7 . .
— 8
NO WOW'\-'P SOLUTION LEARNING FROM WITHIN  (ONSTRAINTS
-+
MAEING INFERENCES LABELLED 2ATA REWARD + PUNISHMENT

SEMI SUPERVISED LEARNINA

INVOLVES LEARNING FROM A

SMALL AMOUNT Of (ABELLED JDATA
AND LOTS OF UN(ABELLED DATA.

* Tann Ietunn, ealls them lSef)(,' SUPCYW’{CJ..



IN HIS BDOK
'THE MASTER ALAORITHM' dﬁ "[“\
PEDRD DOMINADS
DESCRIRES Q8.0

FIVE TRIBES ©OF MACHINE LEARNING

EACH WITH ITS KEY AL4AORITHM —
ITS OWN ANSWER T THE
RUESTION 'HOw )0 wWE (EARN?

(2) CONNECTIONIST

LOOSELY BASED DN THE
SUNAPSES AND THE NETWORK
OF NEURDNS IN THE BRAIN

Example - Back propagafion

() BAYESIAN

p(als)= P(8]A) - P(A)

_————-—__—‘

P(8)

BASED ON UNCERTAINTY AND

PROBABILITY AND MAKING
INFERENCES USING STATISTICS

Example - Monte earle  methods

MACHINE (EARNING TRIBES

D SYMBDOLIST

All humans are mortal

Socrates ¢ o mortal

BASED ON LOGIC % PSYCHOLD4Y
EMM/)/C - Inveyse deduction

(3) EvOLUTIONARY

e ¢
8.3, )

BASED ON EVOLUTIONARY BIO(O4Y
AND AENETICS

Example - henehic A/Jon'f‘ﬁms

@ ANALOGISER

TALONS

NMAIL

BASED ON FINDINA SIMILARITY
TO A PREVIOUS EXPERIENCE

Euample - Suﬁporl' Vecfor Machines



Al METHODS

YET ANOTHER WAV T0 (00k AT HOW MACHINES CAN LEARN IS BY
4ROVPING SIMILAR TECHNIQUES

an Incomplete dragram

ARTIFICIAL
INTELLIAENCE
EXPERT PTHGS MACHINE
SYSTEMS TECHN/|QVES LEARNING
RENETIC | CLASSIFYING
ALADRITHMS
DECISION ARTIFICIAL
TREE NEVRA |
CLUSTERING NAIVE VRAL NETWORKS
BAVES
K-MEANS
REGRESSION

DEEP

NEURAL NETWORKS
DECISION  LINEAR

IREE
DBVIOVSLY, THERE ARE MORE TECHNIQUES, EACH WITH MANY AL4GORITHMS.

IT HAPPENS THAT ALAORITHMS BECOME SUITED TO SOLUE SPECIFIC TYPES OF
PROBLEMS

Source : Be COML'/\j/GMMM-Ox( o/\eaisﬁeeé/ Andren Nf - urrera



LEARNING ALADRITHMS

How ARE THEY ODIFFERENT To THE OTHER ALADRITHMS WE ENCOUNTERY?

WHAT G0ES INTO THE MAKINA QF THESE?



A LEARNING ALGORITHM

A LEARNINA ALAORITHM IS DIFFERENT TO THE VSUAL AL4ORITHMS

_
T&kGS INPUT + ENDADALS To ‘/"“7}3 |
$Aapeg
i =
—7
S

OUTPVUTS THE "HEURISTICS [

ean be labelled or SET OF RULES FOR HOW
unlabelled input

TO ARRIWE AT THe QDAL
SHAPES + CLASSIEY

|

USES HEURISTIC TO INTERPRET A NEW INPUT FOR A SIMILAR PROBLEM

\ —
SIF
UNFAMILIAR INPUT To classify % CLASSIFY
$Aa peg '
' ~ A vegular qq"ls
—y [s T — s
. e 6 sided s‘h;:e accw® ¢
e
HEURISTIC [ MDDEL

AIVEN ENDUGH VARIETY AND VOLUME OF INPUTS, THESE

PREDICT CATEAQDRY PREDICT VALUE DPERATE WITHIN (ONSTRAINTS
1 | fpcnd
b2 =sE o Sped )
1 oy - .
1 + X o * - K
1 $ 4 I¥
1 FIX
CAT 99% 1 -
NOT CAT 1% e OPTIMISE AND Se/f-(orm[-

COMMDDI TY



SOME EXAMPLES

PREDICT A VALUVE CLASSIFY AN 0BJIECT

—VUSINaA —

LINEAR REGRESSION

K NEAREST NEI/GHBOURS

DECISION  TREES
NEVRA(L NETWORKS



LINEAR REGRESSION

THIS ALAORITHM s USED Tp MAKE A PREDICTION DF LIKELIHOOD. SAY, WE
NEED TO PREDICT HOW MUCH [CECREAM A 7 YEAR 0LD 1s LIKELY TO EAT

THIS FICTITIOUS TRAININA DATA SHOWS ICECREAM CONSUMED BY AAE GROUSS

Note:
For sim pb'cb{c/, wt

considey on/}/ o:'le yariable
'Agg’ g Ihf[mencing the
number of 1000f Of

= tcecyeam,;' wJoged. we
accume That ‘'Hunger’
\eee b-Foothedness, ‘Seacon

are mof fach/.c that
are vtlevant for this

eAA M})/e,

§710 1€ 20 28 3D
X = Age

THE MACHING LEARNING MODEL WILL NEED To ESTABLISH A LINE-LIKE'
RELATIONSHIP BETWEEN AAE AND SCOOPS CONSUMED. IT MIGHT LDOE LIKE ..

|

THIS

s

{u T R S
§ 10 1§ 20 2 30 3% 4

b
S
¢
3
2
!

A

i} TS
P
, 12

VR )

5’ :o :c zo z.r 30 35 49 § 10 1§ 20 25 30 35 4p

PARAMETERS TO vARY WHERE ON THE Y AXIS THE LINE STARTS

HOW MUCH IT SLOPES

THE WINNING MODEL WOULD BE ONE THAT MINIMISES ERRORS BETWEEN
ACTUAL AND PREDICTED JSCO0PS OF IcecCREAM



K NEAREST NE(AHBOUR

THIS  ALADRITHM GETS USED TD MAKE PREDICTIONS, CLASSIFY & SEARCH.

IT WORKS ON THE ASSUMPTION THAT  PROXIMITY = SIMILARITY

FOR EXAMPLE, TO PREDICT WHAT COLOVR 1S UNDERNEATH THE AREY PATCH

THE  (DLOURS APPEAR  T0 4D (DOL -> WARM  AND  LIAHT - DARK

Daveer NN NEN NN B m N
T rrrr

<— (ooler INAYMEY — >

LODKING AT ITS NEAREST NEIGHBOURING C(OLDURS, THE SHOULD BE

ONE DF THE WARMER A DARKER (DLOURS AND LILELY |

NEARNESS 1S CALEULATED FROM DONE DF MANY STANDARD METHODS
K 1§ HOW MANY NEAREST NEIGHBDURS TO CONSIDER

FOR  NUMERICAL PREDICTIONS

THE ALAORITHM (ONSIDERS THE AVERAAE OF THE NEAREST K VALVES
or. CRIESRED

THE RESULT wILL BE THE MOST FREQUENTLY 0CCURRING FEATURE[EXAMPLE



DECIS/ION TREES

THIS ALAORITHM IS USED FOR BOTH CLASSIFICATION % REARESSION
IT (EARNS RULES BASED ON FEATURES OF THE DATA TO MAKE DECISIONS

LETS SAY WE ARE TRYINA TO CONTAINS  STORED IN  CLASS
TELL APART 3 COLD DESSERTS

MILK FREEZER | ICECREAM

- \ ,‘/ FRUIT | FREE2ER | SORBET
o FRUIT FREE2ER |  ICECREAM
o " MILk FRIDAE SMOOTHIE
' ERUIT ERIDAE SMODTHIE

lcecream  Sorbe€ Imoo thie

THE AQORL IS TO LEARN T0 ASk A SERIES OF YES/NO QUESTIONS £0
AT EACH STARE WE QAET AS MANY OF THE <SAME CLASS AS Ppesi8LE

. le [T STORED IN A FREEZER?

M'LL L - .‘/
FROIT Lt U8

lcecream ‘, ’
N D F RV rr Smoo thie

_/
PREDICTS ';",' 1007/

Imoo Fhie
MILL

[cecream

yﬁ; PARAMETERS T0 CONSIDER

[cecream

HOwW MUCH "IMPURITY"
( JUMBLED LARELS) RESULTS

PREDICTS 1007 PREDICTS 50°/- AT EACH STAAE

[cecream
[cecream -

WHICH QUESTIONS DECREASE
forbet THIS  JUMRBLE

decision trees are tombined 4o form RANDDM FORESTS ypeed in c,[a.cs:'fmf:'on



NEURAL NETWORKS - [

NEURAL NETWORKS ARE VERY LOOSELY MODELLED oN HOW THE NEURONS N OUR
DWN BRAIN WORK. THEY CAN BE USED, AMONG OTHER THINGS TO CLASSIFY DBTECTS.

LET Uus SLTEP THROV4H A FEW BUILDING BLDCKS TO UNDERSTAND THEM.

A SIMPLE PERCEPTRON CAN DETECT A DOT oN A PLAIN SURFACE.
(Frank Rosenblatl’s ayhficial meuron from the 1950s)

(ONVERT THE IMAQE TURN  (OLDVURS INTO NUMBERS
INTO LITTLE SQUARES

WHITE = ()

DARKER SQUARES HAVE @ .00 = |

O arey ALL NUMBERS
IN BETWEEN

HIGUER INTENSITY

1

THUS DOTS, EDAES AND SHAPES ARE |DENTIFIED BY A SHARPER CONTRAST
TO NEJAHBDURING SBUARES.

THE INPUTS o, b,C ARE GIVEN RANDDM WEIAHTS %, 9,3

0 if less than threshold
| . L—> No dof

1 if more than threshold
s Dot defected

ADD WEIGHTED INPUTS.

ALTHOUAH EXTRA LAMERS OF PERCEPTRONS (DULD D0 MORE, HERE ARE SOME
REASONS WHY FURTHUR RESEARCH ODRIED UP .

NO KNOWN MVULTILAYER ALAORITHMS
DIFFICULT TO TRAIN *THIS¥ MANY WEIAHTS

CANNOT FDRM MEANINAFUL RULES 0UT DF THE WEIAHTS



NEVURAL NETWORKS - II

A MULT]-LAMER (.DEEP) ARTIFICIAL NEURAL NETWORK MIGHT [oOK LIKE THMIS

EACH NEURDN GETS AN INPUT FROM EVERY MEMBER IN THE PREVIOUS LAYER

INPUTS COME FROM

0 |0 |50 1K
n o5 < (&) PIXEL vALvES 0-255 M
255 CONNECTIONS To NEURDNS Akl
pivel Valueg ARE RANDOMLY WEIGHTED Weiahts

NEURONS ADD VP WEIGHTED INPUTS + THRESHOLDS

...& CONVERT THIS SUM T0 A NUMBER BETWEEN 0-1 8Y

HIaH POSITIVES —> CLOSER TO | > BRIGHTER PIXELS

APPROXIMATING
HIGH NEAATIVES — CLOSER TO O — DyYLLER PIXELS

THIS IS INPUT TO0 THE NEXT (AMER AND SO ON.

THE OUTPUT OF THE FINAL (AMER ) A CONFIDENCE SCLORE
DF WHAT IT THINKS THE OBJECT IS. ¢ 9 circle or mot

REPEAT THIS FOR EVERY LABELLED TRAININ4A EXAMPLE



NEURAL NETWORELS - )l]

DBVIOUSLY, THE CONFIDENCE SCORE [ PREDICTION Supe  Pedicked  Achual
IS NOT 40ING To BE ACCURATE. O 0-23 |
O] 0-49 0
THE OBJECTIVE OF THE NEURAL NET IS NOW O 0= '
T0 MINIMISE ERRDRS FOR ALL TRAINING EXAMPLES g:zz i
THIS PROCESS 1S 'LEARNING' CL; 07 Z

THIS 15 DONE BY TWEAKING WEIAHTS AND THRESHOLDS FOR EVERY NEURDN
THROVAH AN ALAORITHM CALLED - BACKLPROPA4AATION

TAKE A CIRCLE MARKED . WHERE IT SHOULD HAVE BEEN .

O To FIx IT
*
_ layer NEURONS | NEURDNS
\O_> 0-23
O %/ INCREASE | DECREASE
w/

=S
USING THIS SAME IDEA, RECURSIVELY ADJUST THE PARAMETERS OF

CHANGE

THRESHOLDS| CHANAKE

ALL THE NEDRONS ALL THE WA BACk IN THE NETWDORK

REMEMBER THE SAME ADJUSTMENTS o0 Tyis 15 poNE USING
SHOULD WORK WELL OVERALL LINEAR. ALGEBRA
ror cectes O © & &

FoR. NOT- . CALLVLVS
Ooes A XD

real
MEANWHILE, THE MACHINE HAS NO , KNOWLEDALE OF WHMAT A CIRCLE IS,



ALL ABOUT MODELS

WHAT H0ES IT TAKE To BUILD A MACHINE LEARNINA MODEL? AND
HOW D0 WE kNMOW IF ITS ANY 400D ?



BUILD A MODEL

BE4AIN WITH A WELL dEEINED RUESTION THAT NEEDS ANSWELRINA4

CLASSIFICATION PROBLEM
I$ THIS A CIRCLE?
I THIS A TUMQUR?

REARESSION PROBLEM

DO YOUNAER PEDPLE EAT WMORE I[CECREAM THAN OLDER PEDPLE?
WHAT AMOUNT To SPEND ON ADS TO |INCREASE MARKET SHARE ?

BulLD MODEL

USE IN REAL WORLD

&

[TERATE[STOP' WHEN | MEASURABLE GOALS  HAVE BEEN ACHIEVED

/WHAT IS THE ACCEPTABLE ERROR LEVEL?

/WHAT CRITEREA EVALUATES THE OUTPUT 2
/S How VSEFULL 1S IT?




CHOOSINA MDDELS

MODEL BUILDING CONSISTS OF USING THE RIAHT (OMBINATION OF
ALGDRITHM AND TRAINING DATA, TWEAKED TO MAKE DESIRED 'PREDICTIONS’

THIS PROCESS IS DESCRIBED AS BEINA ‘PART ART, PART ScIeNCE'

- % S e o e oe =
- e W = o S = owm e e

___JISSECocae:
N cccc -
=

T e g Wy am e

v = e - o G

DATA TWEAKS

THESE CHOICES ARE CLOSELY LINKED AS SEEN BELOW:

SO R | SUPERVISED | UNSUPERVISED | REINFORLEMENT
g NEVRAL NETWORKS | 7 v v
2 '
S K NEAREST NEIGHBOUR v’
< ' ' |~
NUMERICAL | UNSTRUCTURED £OME Lng DF
>y
ol
o
<

IT ALSO HELPS TO knNOW PATTERNS oR  RELATIONSHIPS IN  DATA. FOR THIS,

. MAKE AN ASSUMPTION

ACCEPT OR REJECT ASSUMPTION



PREPARING DATA

DATA MAY COME FROM DIFFERENT SQURLES

{
slstatslotolat sl <xm(>
et j
TR cfaml>
T0 86 USEFUL IN TRAINING ) A CONSISTENT FORMAT

PATA NEEDS T0 BE ...

WITHOUT MISSING BITS

THE DATA MUST RE oo THAT IT (COULD BE

PRESENTED VSEFULLY HUGE — Blq DATA

DESPITE THE FACT..-.

THERE 1S ALSO THE BACLANCE BETWEEN
REMOVING HAVINA ENOV4H
DUTLIERS

REPRESENTATIVE DATA

ALL THIS IS APTLM NAMED DATA WRANA4LING

ALSO IMPORTANT T0 KEEP SEPARATE

TRAINING DATA VALIDATION DATA

for Comparing multiple moolels



IS THIS A CIRCLE?

TO BUILD A MACHINE LEARNING TooL 7Tp SAY, IDENTIFY A  CIRCLE ,
HERE IS WMAT NEEDS TO HAPPEN- AT A VERY HIaH LEVEL

RE- BuILD MDDEL

MODE( TRAINING  DATA FINE TUNING

EVALUATE MODDEL QET INSIAHTS

1
omé . é

| a9 || a¢ b0 g

SEPARATE TEST JATA

SCORE  HOW
MAKE DECISIONS
ACCURATE [USEFUL
USE IV REAL WORLD
Test 1T | Test Z || Test 3. AW~ e

AAA
: LT
o B |
4 % .
el
WA a0 AN
AMAN “’1

COLLECT METRICS

AutoML : A new area of rtgearch that aime fo aunfomafe this process within o Limited
compuiational budgef once data Aas been collected  avxiv 1810- 13306



QETTING INSIAHTS

THERE ARE MANY STATISTICAL METRICS TO EVALUATE A MODEL

THEY MEASURE HOW RIGHT THE C(ORRECT PREDICTIONS ARE AND HOW
WRONA4 THE ERRORS ARE.

LOOk FOR FALSE NEQKATIVES AND FALSE DPOSITIVES

O —7 CIRCLE —> TRUE POSITIVE (TP)

I:I —> NOT CIRCLE—> TRUE NEaATIVE (TN)
O —> CIRCLE —> FALSE POSITIVE (FP)

—> NOT CIRCLE = FALSE NEAATIVE (FN)

PUT THESE NUMBERS [INTO THE MATRIX AS BELOW FOR AN OVERVIEW

CONFUSION
MATRIX

ACTVAL
CIRCLE NOT

Y% 0F (DRRECT IDENTIFICATIONS

AccyurACyY = ¥ _OF CORRECT PREDICTIONS

TOTAC # 0F PREDICTIONS
all ervors are equally crilical

CIRCLE

4

3
s.l
o

NOT

| $
2 3.:"

PREDICTION

H
R
P-4

% OF CORRECT POSITIVE IDENTIFICATIONS

PRECISION -~ # CORRECT POSITIVES

# PREDICTED POSITIVES
EASY TO &EE THAT INCREASINA)

RECALL wILL REDUCE’!, PRECISION, -
AND THAT NOT A(L METRICS % OF PoSITIVES CORRECTLY IDENTIFIED

o [ =D L

false positives ave exikical

ARE VBEFUL IN ALL CIRCUMSTANCES RECALL = ¥ PREDICTED POSITIVES
+# C(ORRECT POSITIVES
fa(se neyatrves' are cribiaal

FOR  REGRESSION PROBLEMS ~MEAN SQUARED ERRDR 1¢ (QONE OF MANY

HELPFUL METRICS. IT MIAHMLIGHTS LARGER ERRORS

MEAN SQURED ERROR : | xSUM OF ALL [ ACTUAL — PREDICTED vALVE)®
N



QRETTING INSIGHTS

ook 0oUT FOR UNDERFITTING DR OVERFITTING THE MODEL

HERE 1S A VERY C(OMMON VISURL EXAMPLE FOR THIS

UNDERFITTED JUST RIGHT DVERFITTED

HIAH BIAS HIaH VARIANCE
OVERSIMPLIFIES DATA FOLLOWS WNOISE

To0 MANY ASSUMPTIDNS CANNDT 4AENERALISE

SO IN QUR EXAMPLE OF 1S THIS A CIRCLE

AIVEN: TEST DATA FOR A MODEL TO TRAIN ON.

WHEN THE MODEL RUNS ON (VEW) TEST DATA:

UNDERFITTING OVERFITTING
MIGHT MEAN ANYTHING MIGHT MEAN ANY CIRCLE
LoDPY OR CLOSED NOT N THE TRAINING SET

o @: CIRCLE =-. NOT CIRCLE




HOW A00OD IS THE MODE(?

FERSIBLE

)S$ THE PRDBLEM WELL-DEFINED?

ACCURRTE

RRE THE PREDICTIONS CONSISTENT

WITH WHAT [S EXPECTED?

SECURE

1§ THE DATA, ALAOR|THM % CODE

TAMPER = PRODE ?

A REASONAB(Y 400D MODEL

ANSWERS

UNBIASE€D

(A

ARE THE DATA AND ALHLORITHMS
REPPESENTATIVE & FAIR?

UNDERSTANDABLE

ARE THE ACTIONS OF THE
ALAORITHM EASY TD EXPLAIN?

PRIVATE

-

& @

I$ SENSITIVE DATA KEPT
SAFE FROM PRVYING EVES?

VES T0 MOST OF THESE AQAVESTIONS



THE HARD PROB(EM
THAT IS Al

IT APPEARS THAT AETTINA AN ALGORITHM TO0 PERFORM WELL oV A

Bl4 DATASET WITH VERY LITTLE (ABELLED DATA 1S A TRICK WE HAVENT

VET MASTERED. BUT THAT IS NOT ALL.



EASY THINGS ARE HARD

‘EASY THINAS ARE HARD
—~ MODRAVECL'S PARADDX

EVEN FROM AN EARLY AhE, HUMANS

ARE REMARKABLY 400D AT SENSORY
AND MOTOR SkiLLS.

IN CONTRAST, A PROARAM WOULD
NEED MILLIONS OF EXAMPLES,
COUNTLESS HOURS DE TRAINING
MUCH INVESTMENT AND RESEARCH
TO PULL OFF THE SAME FEAT

C oo
p V)
WE CAN MOVE AROUND, PICk UP AVD (
USE DBJECTS, RECOANISE FACES AND
voices  (EMOTIONS, NON. VERBAL CVES)
ROBOT D04

WITH  RELATIVE EASE.

'"AN IMPERFECT RULE OF Al ]S TUAT ANYTHING A HUMAN CAN DD IN
LECS TMAN A SECOND ODF MENTAL THOUGHT Al WILL ALSD B8E ABLE TO DD

- ANDREW Nq

MORAVECS PARADDX CONTINVES TO BE TRVE SINCE THE EIGHTIES.



COMMON SENSE

WHAT 1S IT?

“THE TROPHY JOESN'T FIT 1IN THE SUITCASE
BECAVSE IT WAS Tpo smaLL”

“THE TROPHY QOESN'T FIT 1IN THE SUITCASE
BECAVSE [T WAS Too RBI6 "

PEOPLE CAN EASILY WODRK OUT WHAT THE IT REFERS TO IN BOTH (ASES

UNLIKE A PROGRAM, WHICH HAS NO FAMILIARITY WITH PACKING THINKS

AN ALTERNATE TURINQ TEST BASED ON THESE  WINOARAD PAIRS DE
SENTENCES HAS BEEN .SUA‘\ESTED/ TO ASSESS MACHINE INTELLIQENCE

"COMMON SENSE, THE dARK MATTER OF Al

— DREN ET2I0N]

THERE HAVE BEEN ATTEMPTS TO CODIFY (CoMMpPNSENSE.

PN S
PRABS A
8115 0%
NOAE) 08 F o’
A\ 5 \
MACHINE OPEN MIND
WOR(D ENCYCLDPEDIA
COMMODN SENSE COMMON SENSE OF COMMODN SENSE
DARPA Mc¢g MIT oMCS CYCORP cCYC

THERE HAS BEEN MUCH DEBATE ON WHETHER THEY ARE EVBR FINISHED,
VSEFUL, OR HAVE EVEN MADE WORTHY (CONTRIBUTIONS TO Al AT ALL



THE BELL RANA4. ALL THE KIDS RAN OUT.
d. ONLM ONE STAVED /N WITH A B0DK.

IMPLICIT )N THESE SENTENCES 1S A HVUGE SET OF PRIORS

THERE IS A VIEW THAT Al CANNOT ACHIEVE INTELLIGENCE UNLESS IT
HAS A MORE PHYS|CAL-SENSE-EXPERIENCE LIKE HUMANS,

ANY AMOUNT OF ENCODED KNOWLEDAE WILL  NOT SUFFICE TO CONUEY
CAVSALITY. THMAT ONE tVENT OR STATE MAY BE RESPONSIBLE FOR ANOTHER.

NOT ENOUGH TO HMAVE THE
RESOURCE FULNESS OF THE THIRSTY CROW
NOT ENDUAH To MAKE A MACHINE

WONDER WHY THE kiD STAVED BACK.

DOES THAT MEAN  THE ARTIFICIAL MIND NEEDS AN ARTIFICIAL 80DV T0O?



THE HARDER
RVESTIONS

HERE WE (00K AT SOME OF THE MORE OPEN-ENODED, UNRESOLVED HRVELTIONS

THAT EVERY THINKINQ PERSON MIAHMT (OME VP WITH IN THE PROCESS OF
CREATINA DR INTERACTING WITH Al



C0ST OF Al

BUILDING A A0DD MACHINE TOOL 1S NOT CHEAP. NOT ALWAYS.

IT REQUIRES TREMENIDUS AMOUNTS THE (0ST OF CARRYING OUT

DF COMPUTING POWER, TONS DF DATA.. THESE COMPUTATIONS S HI4H
ENOVAH

TO
$EEM

LIKE
A

REASON
NOT TO0 DO THEM.

. «« AND STORING THEM
IN DATA CENTRES.

THIS MIGHT SLOW DowN INNOVATIONS 0k MPROVEMENESE /N EXISTINA ONES

a);\»svw TECH ALSO COMES wWITH AN ENVIRONMENTAL cosr%
CARBON EMISSIONS (AREEN TECH 7.

ASSOCIATED TD “TRAINING THERE ARE NEW AREAS
AND DEPLOYING A MODEL OF RESEARCH AND

MAVE BEEN LIKENED TO.-- A PVUSH TOWARDS
EFFICIENT HRRDWARE
ﬁ ﬁ ﬁ USING PRETRAINED MODDELS

FIVE TIMES THE UFE TIME EMISSIONS DISCLOSING EMISSJONS
0F AN AVERAGE (AR

TRACKING EMISSIDNS

UeING SUSTAINABLE CLOUD PRDVIDERS

arxiv-ord[labs/1906.02243

WHAT wWILL THE (OST OF
PROGRESS IN Al BE?



INVENT OR DECEIVE

QENERATIVE ADVERSARIAL NETWORKS OR &ANs ARE NEUVRA(L NETWORKS

THAT CAN AENERATE = NEW - DATA THAT RESEMBLE TRAININQ DATA

THIS CcouLp BE

AANS (AN BE USED IN SCIENTIFIc RESEARCH

*.-. FOR DENTAL
EFFECTIVE NESS ” RECONSTRUCTION
OF A DRuq, Caroundai.com)
ORAL - 3D
%
AENERATE TEST w~ reavn

DATA FOR RQUICKPATH PREVENTION AND

TYPING ON DEVICES IN  CYBERSECURITY
(deepai-org) (avaiv-0rg 1907.0335%)

THIS IS ALSO THE TECHNOLOAY BEHIND SDEEPFAKES’ - THOSE VERY

CONVINCING VIDEOS ON THE INTERNET USED TO MISLEAD AND MANIPVLATE

WHAT CONTROLS DR TOOLS D0 WHEN THE Al D0ES INVENT
WE HAVE TO HELP US BE A SOMETHING VUSEFUL, WHO 4ETS
B8IT MORE DISCERNINA ¢ THE CREDIT?



TRANSPDRT OR HURT

RUNAWAY TRAIN CAR 1S HURTLING DOWN THE TRACKS AND CANT STOP

W/ lin” s 1 //;'/////”/ﬂl/lll/// I]

D0 NOTHING —>» AND 4 PEDPLE ON THE TRACK AET KILLED
DIVERT IT ——> AND IT KkILLS ONE PERSON ON THE TRACK

WHAT 8 TD0 BE DONE ¢

THIS DILEMMA 1S CALLED THE TROLLEY PROBLEM IN  PHILDSOPHY

THIS 1S A PROB(LEM THAT APPLIES To A LOT OF THE AI- POWERED
DECISION MAKING  SYSTEMS.

IN THE CASE DF SELF DRIVING C(CARS
HOW WOULD A SIMILAR DECISION BE MADE?

IN CASE OF AN EMERAENCY IN CASE OF AN ACCIDENT
WHO WOULD THE Al SAVE? Q WHO 4ETS THE BLAME ?
THE PASSENAER THE OCCUPANT

DR
THE SOFTWARE

OR
THE PEDESTRIAN




DECISIONS & ETHICS

Al TOOLS ARE VSED TDO MAKE LIFE ALTERINg DECISIDNS, EVERY SUCH
ALAORITHM NEEDS TO BE EXAMINED IN ORDER THAT IT CAN BE TRVUSTED

@ WHD THEN, DOES IT
REJECT AND WHY 2

WHO S DENIED PARDLE
AND 1 THAT FAIR?

O] 3]« i )i
D DN EEE)
HEEEEEE
T[]y}

WHAT FACTOR(S) LED To THE
NON-HIRING DECISION 2

alvE A 7 eanct’ i Jiseast WHOSE MEDICAL DATA

DIAGNOS IS + 0 L0 IS LEAKED TO AN
Tumo" o pfhe!

A g INSURANCE  LOMPANY 2

WHAT HARM MIGHT

WHOSE INTEREST IS THE DECISION CAVSE

IF THE DATA Is

THE ALAORITHM REPRESENTATIVE,
AND TO WHO?

PROTECTING ? WHAT I8 IS THE ALAORITHM

FAIR? FAIR DR BIASED ?

THESE ARE RQUESTIONS NOT JusT FOR PROARAMMERS TO ENCDDE, BUT ALSO
FOR THE LAWMAKERS, THE EXPERTS AND THE PUBLIC TO 4ET INVOLVED.



THE HUMAN FACTOR

REMEMBER WE SAID THAT A AOAL OF Al 1S TO THINK LIKE HUMANS

AND ACT RATIONALLY. A TALL ORDER, GIVEN HUMAN THOUGHT AND ACTION
ARE NOT PREDICTABLE OR STRUCTURED

SOCIETAL  B/AS AVTOMATION  BJAS
A CH
PIN K BLUE
D0 WE ACCEPT 'COMPUTERISED
WE CARRY B/ASES DECISIONS WITHOUT QUESTION
ARE WE ALSO ENCODING THEM? AND (OMMON SENSE ?

[RRATIONAL  BEHAVIOUR

ARE WE SURE O0F OUR OWN (ONSISTENT BEHAVIOUR IN SIMILAR
CIRCUMSTANCES ?

e

FULLY
FAIRNESS 1S UNDEFINED ACCURACY IS NEUERAACH!EIMKLE
FAIRNESS TO ONE AROULP ACCURATE ~ meed MORE DATA
MGHT COME PREDICTIONS /
mnee
AT THE (OST MORE DATA MORE MoNEY

OF FAIRNESS TO ANOTHER

Tha bt (s a fmdcoff we make



HOW TO TRUST Al

SUPERINTELLIAENT HUMAN-LIKE-0R-SVRPASSING Al HAS NOT TAKEN OVER THE

WORLD (YET!). 8UT WE ARE ALREADY APPLYINAG ‘INTELLIGENT' TOOLS TD
MAKE [IMPORTANT DECISIONS ON OUR BEHALF,

HOW DD WE HOLD THESE ALADRITHMS Tp ALCOUNT?
YES (385

Q 19 (45 - 9

THESE MODE(LS

BUT THEY CAN
ARE NOT EASY B PROBED 70 e

TO INTERPRET GET INSIGHTS
D

FOR EXAMPLE- IN THE |[CECREAM CASE

WEIAHTS AIVEN TO EACH FEATURE INELUENCE OF EACH FEATURE TO OUTCOME

Hair Colour - - Appebile \@34\’ °le 2
Tcme tin gueue + Age \AK . 3

Education - No- of armsg  wedinn

ags e Hair Colour s
>= 3 Scoops

THESE RESPONSES HE(P TO DETERMINE THE BASIS FOR A DECISIDN - TO SE€
WHETHER A (ERTAIN QENDER,RACE OR QUALIFICATION HAD MORE OR (ESS
ADVANTA4LE IN QWETTINGA A MORE DESIRABLE OUTCOME.

1

THIS - EXPLAINABLE Al - IS A NEW AREA OF RESEARCH. IN (COMBINATION

QOVERNANCE
T AvdITS +

WITH 400D A4OVERNANCE, REAULAR AUDITS, AND A 4000 MODEL, BECOMES
RESPONSIBLE Al — MORE ODESERVING OF OUR TRUST.



A CULMINATION

WORKS B8Y WORKINA TORETHER WITH OTHER DISCIPLINES

|

b4

PHILOSOPHY NEVROSCIENCE PSYCHOLOGY COMPUTER SCIENCE

.0l0
soc\o N (aw
PROBABLY A
(‘D
S FEW MORE
A a .S
o™
Ol\
(’ﬂtc e
MATHEMATICS UNGUISTICS BIOMECHANICS /
STATISTICS PHMSICS

HOWEVER, THE OUTPUT FROM Al IMPACTS NEARLY EVERY ASPECT OF OUR

INDIVIOVAL AND COLLECTIVE LIVES. THE INFLUENCE OF NARROW Al NEEDS MORE
ATTENTION @MN FUTURE AAL) IN TERMS OF BREACHES IN SECURITY, PRIVACY & TRUST
AND OF MANIPULATINA OUR. THOUAHTS WITH ALAORITHM-CHOSEN CONTENT.

Al CAN  |MPACT POSITIVELM  WHEN CREATED IN COLLARORATION WITH
POLICY MAKERS, EXPERTS AND THOSE FOR WHO IT 1S |INTENDED.

Al 1§ MORE PROFOUND THAN ELECTRICITY DR FEIRE
— SUNDAR PICHA(



WOMEN IN Al

WE NEED 70 EknNOW, SHARE AND HONDOUR THEIR ACHIEVEMENTS

AND WHO KNOWS — IT MAY INSPIRE ANDTHER!



WOMEN

FEI-FEI LI

REVOLUTIONISED
COMPUTER VISION
WITH |MAQGENET

ACM FELLDW, SPEAKER
AND MENTOR

RU2ENA  BAJ(CSY
£ NN PERCEPTION METHODS

Y%
- -

IN ROBOTICS AND

IN MEDICAL IMALE
ANALMSIS

ACM ALLEN NEWELL
A WARD

MARAARET BODEN

THINKER DF THE

0F ARTIFICIACL LIFE

IN Al

MIND'S COMPUTATION g
MODELS & PHILOSDPHY #7

ISABELLE 4VYON

OINVENTER OF
- SUPPORT VECTOR
MACHINES &
SIAMESE

NEURAL NETWORKS

(ATANYA SWEENEY

KNOWN FOR

DATA PRIVACY LAR
AND FDR THE IDEA
OF K-ANONYMITY
(T0 RE-IDENTIFY
ANONYMISED DATA)

HAVA SIE4ELMANN

\  RAN LIFE LONK
\ (EARNING MACHINE

. PROALAM @ DARPA
. N\
, \ ) INVENTED
'w' G y— . \""\""\:.‘ —r'
‘;&.-.:"g | \"\'\;-" SUPER~ TUR’NQ

(OMPVUTATIDN



WOMEN IN A|

ANIMA ANANDKVMAR VIVIENNE S2E

PIODNEER OF TenNSOR KNOWN  EoR
ALAORITHMS, PROMOTER. RESEARCH IN

OF JEMOCRATISING Al - ENERGY EFFICIENT
i MENTOR, SPEAKER.

MARCHINE (EARNING

KNOWN  FOR
RESEARCH IN

ETHICAL ARTIFICIAL
INTELLIGENCE,

CPEAKER @ TED

(0-CREATOR OF MOOC

AND USES MACHINE

LEARNING FOR
DRVA4 DISCOVERY

TABRITHA A4OLDSTAUR HILARY MASON
CHAIR OF Uk 40V .

ML/ DATA  SCIENTIST
Al COUNCIL TO

ADVISOR TO BUSINESSES

CHAMPION RAPID
MENTOR STUDENTS

RESPONSIBLE Al




MORE TO EX PLOLE

WITH A TOPIC AS VAST AS Al, IT HARD TO BE ABLE 70 C(COVER
EVERY ASPECT OF |IT WITHOUT VEERINA AWAY FROM THE MAIN THREAD

HERE ARE A FEW INTERESTINA ASIDES I WANT T0 HIGHLIAHT SHOULD
VOU WISH TD EXPLORE

OTHER WAMS TO LEARN — TRANSFER (EARNING, AENETIC ALAORITHMS

ADVERSARIAL ATTACKS ON MODELS

USE SUYMBOLIC Al WITH T0DAM'S TEeCH

ROBOTICS & NEW (AWS FOR RDBOTS

RUANTUM MACHINE LERRNINA
CONSCIO USNESS IN CONTEXT OF HUMAN-LIKE Al

CONTRIBUTIONS OF <



MY REFERENCES

Online courses

MIT opencourseware - Patrick Winston's lecture series
Stanford - Andrew Ng - on coursera

Al for everyone - Deeplearning.ai Andrew Ng

IBM on Artificial intelligence - coursera

Books

Machines who think - Pamela McCorduck

Hello World - Hannah Fry

Artificial Intelligence: A Guide for thinking humans - Melanie
Mitchell

Master Algorithm - Pedro Domingos

Life 3.0 - Max Tegmark

Weapons of Math Destruction - Cathy O'Nell

Intelligence

R Sternberg Human intelligence - britannica.com
Introduction to Psychology - opentextbc.ca
plato.stanford.edu

- Innateness and language

- Chomsky on language

- Artificial intelligence

Chomsky and Origins of language - news.mit.edu
Chomsky - Language and Thought - youtube interview
Shane Legg - Talk on youtube

Daniel Dennet - Wired Interview

Will Al achieve consciousness? - Wired

Common sense to computers - guantamagazine.org
A tribute to Alan Turing - thoughtworks.com




MY REFERENCES

Concepts/Algorithms/Trends

- machinelearningmastery.com
- becominghuman.ai

- towardsdatascience.com

- kdnuggets.com

- stateof.al

Tools A brief history of ASR (automatic speech recognition) -
medium.com

Cost Prepare for Al to produce less wizardry - Wired

Privacy/Security. Perfectly privacy preserving Al -
towardsdatascience.com

Learning Models Continuous Delivery for Machine Learning -
Thoughtworks.com

Sustainability

Training a model and emission five times a car's - MIT technology
review

Environmental impact of Al - Forbes

Explainability

christophm.github.io/interpretable-ml-book/

Talks/Podcasts/Videos

Bias in Algorithms - Joy Buolamwini

Limitations in Al - Timnit Gebru

Algorithmic Fairness, Privacy and Ethics - Michael Kearns, Lex
Fridman

Measure of Intelligence - Francois Chollet Lex Fridman

On Al and machine learning - AnitaB.org Fei Fei Li

Human centred Al - Fei Fei Li




