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Can	
  Machines	
  Think?	
  
Alan	
  M.	
  Turing	
  (1912-­‐1954)	
  

n  The	
  Turing	
  Test	
  
	
  	
  	
  	
  	
  	
  “CompuKng	
  Machinery	
  	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  Intelligence”	
  (1950)	
  
	
  
n  Turing	
  answer:	
  “Yes.	
  If	
  it	
  acts	
  like	
  it	
  thinks”	
  

n  If	
  it	
  can	
  answer	
  quesKons	
  	
  
	
  	
  	
  	
  (about	
  a	
  story,	
  solve	
  a	
  	
  	
  
	
  	
  	
  	
  	
  puzzle…)	
  



Some	
  Biographical	
  Notes	
  

n  Born	
  1936	
  in	
  Bnei-­‐Brak	
  
n  Technion	
  1960,	
  Electrical	
  Engineering	
  
n  1961:	
  in	
  Electronics	
  (Newark	
  College)	
  	
  
n  1965:	
  Master	
  in	
  Physics	
  (Rutgers)	
  
n  1965:	
  Phd	
  in	
  Electrical	
  Engineering	
  
(Polytechnic	
  InsKtute	
  of	
  Brooklyn	
  	
  and	
  Phd	
  
(Brookleen	
  Polytechnic	
  InsKtute).	
  	
  

n  UnKl	
  1969	
  at	
  RCA	
  labs.	
  
n  	
  Joined	
  UCLA	
  at	
  1969	
  

n  Started	
  research	
  in	
  AI	
  	
  1975.	
  

n  Shaped	
  AI	
  as	
  it	
  is	
  today	
  



Pearl	
  Turing	
  Award	
  ,	
  2011	
  	
  
n  For	
  fundamental	
  contribuKons	
  to	
  arKficial	
  intelligence	
  through	
  

the	
  development	
  of	
  a	
  calculus	
  for	
  probabilisKc	
  and	
  causal	
  
reasoning	
  (CitaKon,	
  Turing	
  award	
  2011)	
  

n  He	
  invented	
  Bayesian	
  networks,	
  a	
  mathemaKcal	
  formalism	
  for	
  
defining	
  complex	
  probability	
  models	
  	
  

n  as	
  well	
  as	
  the	
  principal	
  algorithms	
  used	
  for	
  inference	
  in	
  these	
  
models.	
  	
  

n  This	
  work	
  	
  revoluKonized	
  the	
  field	
  of	
  arKficial	
  intelligence	
  and	
  
became	
  an	
  important	
  tool	
  for	
  many	
  other	
  branches	
  of	
  
engineering	
  and	
  the	
  natural	
  sciences.	
  	
  

n  He	
  later	
  created	
  a	
  mathemaKcal	
  framework	
  for	
  causal	
  inference	
  
that	
  has	
  had	
  significant	
  impact	
  in	
  the	
  social	
  sciences.	
  

(ACM, 2011) 



Pearl’s	
  	
  Main	
  ContribuKons	
  

n  HeurisKc	
  Search	
  (1984)	
  

n  ProbabilisKc	
  Reasoning	
  (1988)	
  

n  Causality	
  (2000)	
  



HeurisKc	
  Search	
  
n  State-­‐Space	
  Search:	
  every	
  problem	
  is	
  like	
  search	
  of	
  a	
  map	
  
n  A	
  problem	
  solving	
  robot	
  finds	
  a	
  path	
  in	
  a	
  state-­‐space	
  graph	
  from	
  start	
  

state	
  to	
  goal	
  state,	
  using	
  heurisKcs	
  

	
   h= 253 

h=329 

h=374 

Heuristic = air distance 



State	
  Space	
  for	
  Path	
  Finding	
  in	
  a	
  Map	
  



State	
  Space	
  for	
  Path	
  Finding	
  in	
  a	
  Map	
  



Greedy	
  Search	
  Example	
  



The	
  Sliding	
  Tile	
  (8	
  Puzzle)	
  Problem	
  

Up 
Down 
Left 
Right 



State	
  Space	
  of	
  the	
  8	
  Puzzle	
  Problem	
  

8-puzzle: 181,440 states 
15-puzzle: 1.3 trilion 
24-puzzle: 10^25 
 
Search space exponential 

Use Heuristics 
 as people do 

1 2 3 

4 5 6 

7 8 

Initial state goal 



State	
  Space	
  of	
  the	
  8	
  Puzzle	
  Problem	
  

Use Heuristics 
 as people do 

1 2 3 

4 5 6 

7 8 

h1=4 h1=5 

h1 = number of misplaced tiles 

h2=9 h2=9 

h2 = Manhattan distance 



What	
  are	
  HeurisKcs	
  
n  Rule	
  of	
  thumb,	
  intui>on	
  
n  A	
  quick	
  way	
  to	
  es>mate	
  how	
  close	
  we	
  are	
  to	
  

the	
  goal.	
  How	
  close	
  is	
  a	
  state	
  to	
  the	
  goal..	
  
n  Pearl:	
  	
  “the	
  ever-­‐amazing	
  observaKon	
  of	
  how	
  

much	
  people	
  can	
  accomplish	
  with	
  that	
  
simplisKc,	
  unreliable	
  informaKon	
  source	
  known	
  
as	
  intui/on.”	
  

8-­‐puzzle	
  
n  h1(n):	
  number	
  of	
  misplaced	
  >les	
  
n  h2(n):	
  ManhaIan	
  distance	
  
	
  

n  Path-­‐finding	
  on	
  a	
  map	
  
n  Euclidean	
  distance	
  

	
  

h1(S) = ? 8 
h2(S) = ? 3+1+2+2+2+3+3+2 = 18  



Search	
  Examples	
  
n  Greedy	
  search	
   n  A*	
  Search	
  



EffecKveness	
  of	
  A*	
  Search	
  Algorithm	
  

d  IDS   A*(h1)   A*(h2) 
 
2  10   6   6 
 
4  112   13   12 
 
8  6384   39   25 
 
12  364404   227   73 
 
14  3473941  539   113 
 
20  ------------  7276   676 

Average number of nodes expanded 

Average over 100 randomly generated 8-puzzle problems 
h1 = number of tiles in the wrong position 
h2 = sum of Manhattan distances 



Pearl’s	
  Research	
  on	
  HeurisKcs	
  

n  His	
  work	
  included	
  many	
  new	
  results	
  on	
  tradiKonal	
  search	
  
algorithms	
  	
  and	
  on	
  game-­‐playing	
  algorithms,	
  raising	
  AI	
  
research	
  to	
  a	
  new	
  level	
  of	
  rigor	
  and	
  depth.	
  

n  Provided	
  new	
  methods	
  for	
  	
  analysis:	
  Complexity	
  vs	
  
precision	
  of	
  heurisKcs,	
  	
  probabilisKc	
  approach	
  	
  

n  Ideas	
  of	
  how	
  to	
  generate	
  admissible	
  heurisKcs	
  
automaKcally	
  from	
  relaxed	
  problem	
  definiKons,	
  
n  This	
  	
  approach	
  that	
  has	
  led	
  to	
  dramaKc	
  advances	
  in	
  planning	
  

systems	
  automaKcally,	
  and	
  problem	
  solving	
  in	
  general	
  

	
  	
  



The	
  Simplified	
  Model	
  Paradigm	
  

17	
  

Pearl 1983 (On the discovery and generation of certain Heuristics, 1983, AI Magazine, 
22-23) :  “knowledge about easy problems could serve as a heuristic in the solution of difficult 
problems, i.e., that it should be possible to manipulate the representation of a difficult 
problem until it is approximated by an easy one, solve the easy problem, and then use the 
solution to guide the search process in the original problem.” 
 
 
 
Move(x,c1,c2)  
Precond list:  on(x1,c1), clear(c2), adj(c1,c2) 

Add-list:         on(x1,c2), clear(c1) 
Delete-list:     on(x1,c1), clear(c2) 

 
 
Move*(x,c1,c2)  
Precond list:  on(x1,c1), clear(c2), adj(c1,c2) 

Add-list:         on(x1,c2), clear(c1) 
Delete-list:     on(x1,c1), clear(c2) 

 
 

 
 
 
 
 
 
 
 
 
 
“We must have a simple a-priori criterion for deciding when a problem lends itself to easy 
solution.” 

 

h1 = number of misplaced 
tiles 



The	
  Simplified	
  Model	
  Paradigm	
  

18	
  

Pearl 1983 (On the discovery and generation of certain Heuristics, 1983, AI Magazine, 
22-23) :  “knowledge about easy problems could serve as a heuristic in the solution of difficult 
problems, i.e., that it should be possible to manipulate the representation of a difficult 
problem until it is approximated by an easy one, solve the easy problem, and then use the 
solution to guide the search process in the original problem.” 
 
 
 
Move(x,c1,c2)  
Precond list:  on(x1,c1), clear(c2), adj(c1,c2) 

Add-list:         on(x1,c2), clear(c1) 
Delete-list:     on(x1,c1), clear(c2) 

 
 
Move**(x,c1,c2)  
Precond list:  on(x1,c1), clear(c2), adj(c1,c2) 

Add-list:         on(x1,c2), clear(c1) 
Delete-list:     on(x1,c1), clear(c2) 

 
 

 
 
 
 
 
 
 
 
 
 
“We must have a simple a-priori criterion for deciding when a problem lends itself to easy 
solution.” 

 

h2 = Mahattan distance 



Summary	
  on	
  HeurisKc	
  Search	
  

Pearl’s early work on heuristic search ‒ a trial-and-error method of problem-solving ‒  
propelled the evolution of AI into a mature field with sound scientific foundations.   
 
In his 1984 book Heuristics: Intelligent Search Strategies for Computer  
Problem Solving, he set a new standard where algorithms, even heuristic ones,  
had to be analyzed rigorously in terms of their correctness and performance.  
 
He subsequently devised ways of programming machines to discover their  
own heuristics. 
 
Heuristic search and n particular the mechanical generation of heuristics  
Have impact the planning field dramatically over the past 15 years 
 
 



Pearl’s	
  Main	
  ContribuKons	
  

n  HeurisKc	
  Search	
  (1984)	
  

n  ProbabilisKc	
  Reasoning	
  (1988)	
  

n  Causality	
  (2000)	
  



Rumelhart	
  1976:	
  
Towards	
  an	
  InteracKve	
  Model	
  of	
  Reading	
  



Rumelhart (1976) 
Figure 10 

Rumelhart’s	
  Proposed	
  SoluKon	
  

Pearl: so we have a combination of a top 
down and a bottom up modes of reasoning 
which somehow coordinate their actions 
resulting in a friendly handshaking.” 



Pearl	
  1982:	
  
Reverend	
  Bayes	
  on	
  Inference	
  Engines	
  



Q1:  If the season is dry, 
and the pavement is 
slippery, did it rain?  

A1:  Unlikely, it is more 
likely the sprinkler was 
ON. 

Q2:  But what if we SEE 
that the sprinkler is 
OFF?  

A2:  Then it is more likely 
that it rained 
.  

The Story 

Bayesian	
  Network	
  for	
  a	
  Simple	
  ConversaKon	
  



25 

   Conditional  Independencies Efficient  Representation 

CPD:     
X3 X2  wet=0, wet=1 
0  0    0.9  0.1 
0  1    0.1  0.9 
1  0    0.2  0.8 
1  1    0  1 

P(X5|X4) 

P(X4|X3,X2) 

P(X3|X2) P(X2|X1) 

P(X1) 

Bayesian	
  Network	
  for	
  a	
  Simple	
  ConversaKon	
  

 = P(X1) P(X2|X3) P(X3|X1) P(X4|X3,X2) P(X5|X4) P(X1,X2,X3,X4,X5)) 



Bayesian Networks encode independencies 



Q1:  If the season is dry, 
and the pavement is 
slippery, did it rain?  

 
Q2:  But what if we SEE 

that the sprinkler is 
OFF?  

.  

The Story 

Bayesian	
  Network	
  for	
  a	
  Simple	
  ConversaKon	
  

Q1: Pr(rain=on | Slippery=yes, season= summer)? 

Q2: Pr(rain=on | Slippery=off, season=winter)? 

Belief updating: how probability changes with evidence? 
What is more likely? Rain or not rain given evidence 

 = P(X1) P(X2|X3) P(X3|X1) P(X4|X3,X2) P(X5|X4) P(X1,X2,X3,X4,X5)) 



Monitoring	
  Intensive	
  Care	
  PaKents	
  

Alarm	
  network	
  

PCWP	
   CO	
  

HRBP	
  

HREKG	
   HRSAT	
  

ERRCAUTER	
  HR	
  HISTORY	
  

CATECHOL	
  

SAO2	
   EXPCO2	
  

ARTCO2	
  

VENTALV	
  

VENTLUNG	
   VENITUBE	
  

DISCONNECT	
  

MINVOLSET	
  

VENTMACH	
  KINKEDTUBE	
  INTUBATION	
  PULMEMBOLUS	
  

PAP	
   SHUNT	
  

ANAPHYLAXIS	
  

MINOVL	
  

PVSAT	
  

FIO2	
  
PRESS	
  

INSUFFANESTH	
  TPR	
  

LVFAILURE	
  

ERRBLOWOUTPUT	
  STROEVOLUME	
  LVEDVOLUME	
  

HYPOVOLEMIA	
  

CVP	
  

BP	
  

37	
  variables	
  
509	
  parameters	
   237	
  <<	
  



Complexity	
  of	
  Reasoning	
  Tasks	
  

n  Belief	
  updaKng	
  
n  Most	
  probable	
  explanaKon	
  	
  
n  Decision-­‐theoreKc	
  planning	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  

Linear / Polynomial / Exponential

0

200

400

600

800

1000

1200

1 2 3 4 5 6 7 8 9 10

n

f(n)
Linear
Polynomial
Exponential

Radcliffe	
  InsKtute	
  2/6/06	
   29	
  

Reasoning is 
computationally hard 

Approach: Belief Propagation  
(Pearl 1982)  



Distributed	
  Belief	
  PropagaKon	
  

1 2 3 4 

4 3 2 1 
5 5 

5 5 5 

How many people? 

The essence of belief propagation is to make global information be shared locally by 
every entity 
 



Distributed	
  Belief	
  PropagaKon	
  

Causal  support 

Diagnostic support 

Z=1 



Pearl (1982), (Belief Propagation in trees) 



Kim & Pearl (1983) 
Explaining a way 



Bayes Net (1985) 



A	
  Loopy	
  Bayesian	
  Network	
  
A 

Tree clustering 

Bayes Net (1985) 
Breaking a loop 



A	
  Loopy	
  Bayesian	
  Network	
  
X1 

Cutset-Conditioning 

Bayes Net (1985) 
Breaking a loop 



Loop-Breaking  Techniques (1985 – 1990) 

1.  Conditioning (1985) 
  

2.  Stochastic simulation (1987) 
  

3.  Tree clustering (Spiegelhalter & Lauritzen 1986)  
  

4.  Node elimination (Shachter 1986) 
   
Problems: 
•  Time exponential in tree-width (Dechter 1996) 
•  Autonomy is lost 
 



Loopy	
  Belief	
  PropagaKon	
  



Bayesian Networks – Construction and  d-Separation 

∏

∏
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             = 5x 32, xx
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Qualitative judgment:  
conditional independence 



1.  Medical	
  Diagnosis	
  
2.  Clinical	
  Decision	
  Support	
  
3.  Complex	
  GeneKc	
  Models	
  
4.  Crime	
  Risk	
  Factors	
  Analysis	
  
5.  SpaKal	
  Dynamics	
  in	
  Geography	
  
6.  Inference	
  Problems	
  in	
  Forensic	
  Science	
  
7.  ConservaKon	
  of	
  a	
  Threatened	
  Bird	
  
8.  Classifiers	
  for	
  Modelling	
  of	
  Mineral	
  PotenKal	
  
9.  Student	
  Modelling	
  
10.  Sensor	
  ValidaKon	
  
11.  An	
  InformaKon	
  Retrieval	
  System	
  
12.  Reliability	
  Analysis	
  of	
  Systems	
  
13.  Terrorism	
  Risk	
  Management	
  
14.  Credit-­‐RaKng	
  of	
  Companies	
  
15.  ClassificaKon	
  of	
  Wines	
  
16.  Pavement	
  and	
  Bridge	
  Management	
  
17.  Complex	
  Industrial	
  Process	
  OperaKon	
  
18.  Probability	
  of	
  Default	
  for	
  Large	
  Corporates	
  
19.  Risk	
  Management	
  in	
  RoboKcs	
  

ApplicaKons	
  of	
  Bayesian	
  Networks	
  



	
  2	
  	
  1	
  ?	
  	
  	
  	
  ?	
  
?	
  	
  	
  	
  ?	
  

A	
  	
  	
  	
  a	
  
B	
  	
  	
  	
  b	
  

A	
  	
  	
  	
  A	
  
B	
  	
  	
  	
  b	
   	
  3	
   4	
  

A	
  |	
  ?	
  
B	
  |	
  ?	
  

?	
  	
  	
  	
  ?	
  
?	
  	
  	
  	
  ?	
   	
  5	
   6	
  

A	
  |	
  a	
  
B	
  |	
  b	
  	
   • 6	
  individuals	
  

• Haplotype:	
  {2,	
  3}	
  
• 	
  Genotype:	
  {6}	
  
• 	
  Unknown	
  

Linkage	
  Analysis	
  

41	
  



42	
  

Bayesian	
  Network	
  for	
  RecombinaKon	
  

S23m 

L21f L21m 

L23m 

X21 S23f 

L22f L22m 

L23f 

X22 

X23 

S13m 

L11f L11m 

L13m 

X11 S13f 

L12f L12m 

L13f 

X12 

X13 

y3 

y2 y1 

 {m,f}tssP tt ∈⎥
⎦

⎤
⎢
⎣

⎡

−

−
=  where

1
1

),|( 1323 θθ

θθ
θ

Locus 1 

Locus 2 

P(e|Θ) ? 



SP2	
   43	
  

L11m L11f 

X11 

L12m L12f 

X12 

L13m L13f 

X13 

L14m L14f 

X14 

L15m L15f 

X15 

L16m L16f 

X16 

S13m 

S15m 

S16m S15m 

S15m 

S15m 

L21m L21f 

X21 

L22m L22f 

X22 

L23m L23f 

X23 

L24m L24f 

X24 

L25m L25f 

X25 

L26m L26f 

X26 

S23m 

S25m 

S26m S25m 

S25m 

S25m 

L31m L31f 

X31 

L32m L32f 

X32 

L33m L33f 

X33 

L34m L34f 

X34 

L35m L35f 

X35 

L36m L36f 

X36 

S33m 

S35m 

S36m S35m 

S35m 

S35m 

6	
  people,	
  3	
  markers	
  



Summary	
  of	
  Bayesian	
  Networks	
  
•  The framework of Bayesian networks revolutionized AI: 

Pearl showed how Bayesian networks and their belief-
updating algorithms provide an intuitive, elegant 
characterization of complex probability distributions, and 
the way they track new evidence.  

•  Probabilistic Networks remains the most successful 
approach to solving problems of representing, organizing, 
and exploiting information. His approach has changed the 
face of research in machine learning, which relies 
fundamentally on probabilistic and statistical inference. 

•   Bayesian networks have also altered the analysis of 
biological data, with applications in medicine ranging from 
the design of HIV vaccines to the search for genetic causes 
of disease. They also underlie most systems for speech 
recognition, fault diagnosis, and machine translation.  His 
1988 book Probabilistic Reasoning in Intelligent Systems 
offers techniques based on belief networks that provide a 
mechanism for making semantics-based systems 
operational. 



Pearl’s	
  Main	
  ContribuKons	
  

n  HeurisKc	
  Search	
  (1984)	
  

n  ProbabilisKc	
  Reasoning	
  (1988)	
  

n  Causality	
  (2000)	
  



Q2:  But what if we SEE that the 
sprinkler is OFF?  

A2:  Then it is more likely that it 
rained 

Q3:  Do you mean that if we 
actually turn the sprinkler 
OFF, the rain will be more 
likely?  

A3:  No, the likelihood of rain 
would remain the same 

 
.  

The Story 

Bayesian	
  Network	
  for	
  a	
  Causal	
  ConversaKon	
  

Observing (sprinkler=on)          Doing (sprinkler=on) ≠         



Smoking	
  and	
  Cancer	
  

smoke cancer 

smoke cancer 

smoke cancer 

Do( cancer=yes) 

Casual Bayesian  
Network 

Non-causal Bayesian 
Network 



Effect of turning the sprinkler ON:  P(season | do(sprinkler=on)) 

Bayesian Network 

Causal Network 

Seeing	
  	
  vs.	
  Doing	
  

Pearl do-calculus  leads to a complete mathematical framework  
for formulating causal models and for analyzing data to determine 
causal relationships.  
 



Rule 1:  Ignoring observations 
 P(y | do{x}, z, w) = P(y | do{x}, w) 

 
Rule 2:  Action/observation exchange 

  P(y | do{x}, do{z}, w) = P(y | do{x},z,w) 

Rule 3:  Ignoring actions 

  P(y | do{x}, do{z}, w) = P(y | do{x}, w)     

XG Z|X,WY )( ⊥⊥  if

Z(W)XGZ|X,WY )⊥⊥(  if

ZXGZ|X,WY )(  if ⊥⊥

Rules	
  For	
  do-­‐Calculus	
  



Causality	
  
n  causal	
  network	
  captures	
  the	
  potenKal	
  effect	
  of	
  exogenous	
  intervenKon	
  	
  
	
  
n  	
  Smoking	
  	
  à	
  	
  Cancer	
  as	
  a	
  causal	
  network	
  captures	
  our	
  beliefs	
  about	
  how	
  the	
  

world	
  works.	
  Namely,	
  intervening	
  on	
  cancer	
  does	
  not	
  change	
  the	
  likelihood	
  a	
  
person	
  smoke,	
  but	
  intervening	
  on	
  smoking	
  does.	
  

n  Pearl	
  	
  developed	
  the	
  do-­‐calculus,	
  leads	
  to	
  a	
  complete	
  mathemaKcal	
  
framework	
  for	
  formulaKng	
  causal	
  models	
  and	
  for	
  analyzing	
  data	
  to	
  determine	
  
causal	
  relaKonships.	
  	
  

n  This	
  work	
  changed	
  long-­‐held	
  belief	
  in	
  staKsKcs	
  that	
  causality	
  can	
  be	
  
determined	
  only	
  from	
  controlled	
  random	
  trials	
  –	
  which	
  are	
  impossible	
  in	
  
areas	
  such	
  as	
  the	
  biological	
  and	
  social	
  sciences.	
  	
  



Summary:	
  Pearl’s	
  Turing	
  Award	
  

Pearl’s Bayesian networks provided a syntax 
and a calculus for probability models, in much 
the same way that George Boole provided a 
syntax and a calculus for logical models.  
 
Theoretical and algorithmic questions 
associated with Bayesian networks form a 
significant part of the modern research agenda 
for machine learning and statistics,  
 
Their use has also permeated other areas, 
such as natural language processing, computer 
vision, robotics, computational biology, and 
cognitive science. As of 2012, some 50,000 
publications have appeared with Bayesian 
networks as a primary focus. (Acm, 2011) 



Thank you 


