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1800’s
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1800’s

Babbage Difference Engine
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1900’s
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• Slow

• Inconsistent	
  &	
  noisy
• ???

Electronic

• Fast

• Determinis2c

• Arithme2c
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The	
  Human	
  Advantage

• Percep2on

• Preference

• Crea2vity
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Human	
  Computa2on

• Luis	
  von	
  Ahn’s	
  2005	
  PhD	
  thesis:
– “We	
  treat	
  human	
  brains	
  as	
  processors	
  in	
  a	
  distributed	
  
system,	
  each	
  performing	
  a	
  small	
  part	
  of	
  a	
  massive	
  
computa9on.”

– “We	
  argue	
  that	
  humans	
  provide	
  a	
  viable,	
  under-­‐tapped	
  
resource	
  that	
  can	
  aid	
  in	
  the	
  solu9on	
  of	
  several	
  
important	
  problems	
  in	
  prac9ce.”
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Example	
  1:

8

[von Ahn and Dabbish 2004]



Example	
  2:

9

[Russel et al. 2005/2008]



Example	
  3:

10

[Bernstein et al. 2010]



user application

electronic 
processors

code
def get_normals_for_locations( image_path, locations ):
    '''
    Given an 'image_path' and an iterable collection of integer (row,col)
    locations at which we want to know the normal 'locations',
    returns a list of (x,y,z) unit normals corresponding to each element
    in 'locations'.
    '''
    
    import oracle_normals.knowledge
    K = oracle_normals.knowledge.KnowledgePairChecking()
    K.want_to_know( image_path, locations )
    normals = K.get_answer_at_rows_cols( image_path, locations )
    assert len( normals ) == len( locations )
    return normals

def generate_surface_from_normals( rows, cols, locations2normals ):
    '''
    Returns a 2D array with shape( 'rows', 'cols' ) whose values are created
    by interpolating the normals given by 'locations2normals', a dictionary
    mapping integer ( row, col ) to ( x,y,z ) values.v

human processors

Computa2on
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human processors
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  Computa2on
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Why?
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human processors

• Make	
  the	
  impossible	
  possible



Why?

13

user application

electronic 
processors

code
def get_normals_for_locations( image_path, locations ):
    '''
    Given an 'image_path' and an iterable collection of integer (row,col)
    locations at which we want to know the normal 'locations',
    returns a list of (x,y,z) unit normals corresponding to each element
    in 'locations'.
    '''
    
    import oracle_normals.knowledge
    K = oracle_normals.knowledge.KnowledgePairChecking()
    K.want_to_know( image_path, locations )
    normals = K.get_answer_at_rows_cols( image_path, locations )
    assert len( normals ) == len( locations )
    return normals

def generate_surface_from_normals( rows, cols, locations2normals ):
    '''
    Returns a 2D array with shape( 'rows', 'cols' ) whose values are created
    by interpolating the normals given by 'locations2normals', a dictionary
    mapping integer ( row, col ) to ( x,y,z ) values.v

human processors

• Make	
  the	
  impossible	
  possible

• Speed	
  and	
  cost



Humans	
  using	
  Computers

14

user application



Range	
  of	
  Solu2ons

• How	
  much	
  human	
  and	
  how	
  much	
  computer	
  is	
  
involved?

More
Human
“cycles”

More
Computer
“cycles”

Fully	
  
Automa2c
(no	
  human)

Interac2ve
Applica2on

Let	
  a	
  human
do	
  it

Human	
  
Computa2on

15



Type	
  of	
  Human	
  Cycles

• You	
  can	
  also	
  think	
  of	
  the	
  type	
  of	
  ac2vity	
  the	
  
human	
  does.

16

Low	
  level
Fine	
  grain

High	
  level
Complex

Interac2ve
Applica2on

ESP	
  Game Our	
  modelLabelMe



Algorithm	
  Design	
  Pacern

17



The	
  Ques2on	
  We	
  Ask

• What	
  is	
  the	
  minimum	
  amount	
  of	
  informa2on	
  a	
  
human	
  could	
  provide	
  in	
  order	
  to	
  solve	
  the	
  original	
  
problem?

• Rephrase	
  the	
  algorithm	
  in	
  terms	
  of	
  the	
  smallest	
  
piece	
  of	
  informa2on	
  that	
  without	
  it	
  the	
  problem	
  
could	
  not	
  be	
  solved.

18



Three	
  Example	
  Algorithms

• Given	
  an	
  image,	
  create
– depth	
  layers

– a	
  normal	
  map

– a	
  bilateral	
  symmetry	
  map

19



Issues

• Mo2va2on:
– Money:	
  Amazon’s	
  Mechanical	
  Turk
– Fun:	
  Games	
  with	
  a	
  Purpose	
  (GWAP)

• Efficiency

• Quality	
  Control:
– Duplica9on
– Sen9nel	
  Opera9ons
– Self-­‐Refereeing

20



Algorithm	
  1:	
  Depth	
  Layers

21



Calculate	
  Depth	
  of	
  a	
  Given	
  Image?
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Calculate	
  Depth	
  of	
  a	
  Given	
  Image?

• Automa2c	
  methods:
– Depth	
  increases	
  in	
  the	
  up	
  
direc9on	
  

– Color	
  similarity	
  implies	
  depth	
  
similarity

22
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• Automa2c	
  methods:
– Depth	
  increases	
  in	
  the	
  up	
  
direc9on	
  

– Color	
  similarity	
  implies	
  depth	
  
similarity

• Not	
  always	
  correct
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  Image?
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  methods:
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direc9on	
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Calculate	
  Depth	
  of	
  a	
  Given	
  Image?

• Automa2c	
  methods:
– Depth	
  increases	
  in	
  the	
  up	
  
direc9on	
  

– Color	
  similarity	
  implies	
  depth	
  
similarity

• Not	
  always	
  correct

• Some	
  images	
  are	
  very	
  
challenging	
  (art)

23
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Micro	
  Task?

24



Micro	
  Task?

• Ask	
  “what	
  is	
  the	
  depth	
  of	
  the	
  pixel?”
– Too	
  fine,	
  can	
  be	
  ambiguous

24



Micro	
  Task?

• Ask	
  “what	
  is	
  the	
  depth	
  of	
  the	
  pixel?”
– Too	
  fine,	
  can	
  be	
  ambiguous

• Ask	
  “what	
  is	
  the	
  depth	
  of	
  an	
  object?”
– Segmenta9on	
  is	
  too	
  complex
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Micro	
  Task?

• Ask	
  “what	
  is	
  the	
  depth	
  of	
  the	
  pixel?”
– Too	
  fine,	
  can	
  be	
  ambiguous

• Ask	
  “what	
  is	
  the	
  depth	
  of	
  an	
  object?”
– Segmenta9on	
  is	
  too	
  complex

• Ask	
  “what	
  is	
  the	
  depth	
  of	
  a	
  patch	
  in	
  the	
  image?”
– GeQng	
  beRer...	
  but	
  humans	
  are	
  not	
  good	
  at	
  assessing	
  
absolute	
  depth

24



Rela2ve	
  Ordering

• Ask	
  “which	
  is	
  closer”	
  on	
  neighboring	
  patches?

25



Rela2ve	
  Ordering

• Ask	
  “which	
  is	
  closer”	
  on	
  neighboring	
  patches?
– Reliable,	
  but	
  not	
  well-­‐defined.	
  	
  A	
  is	
  closer	
  than	
  B:

25



Our	
  Micro	
  Task

26



Guidelines	
  for	
  Choosing	
  Tasks

• Task	
  must	
  be	
  simple	
  (instantaneous)

• Task	
  must	
  be	
  specific	
  (well-­‐defined)

• Task	
  must	
  be	
  reliable	
  (humans	
  can	
  do	
  it)

27



Combining

28



Combining

• Laplace	
  equa2on	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  with	
  constraints

28
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Algorithm
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Algorithm

Par$$on
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Algorithm

Par$$on

Quality	
  Control	
  Setup
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Algorithm

Par$$on

Quality	
  Control	
  Setup

Dispatch
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Algorithm

Par$$on

Quality	
  Control	
  Setup

Dispatch

Verify
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Algorithm

Par$$on

Quality	
  Control	
  Setup

Dispatch

Verify

Combine

29



30



Automa2c	
  (Make3D)
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absolute	
  depthdiscrete	
  depth
31



rela2ve	
  depthdiscrete	
  depth
32
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Automa2c	
  (Make3D)[Hiroshige]
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Algorithm	
  2:	
  Normal	
  Map
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35Shape-from-Shading
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[Warren	
  Apel]

[Pedro	
  Ribeiro	
  Simões]



Algorithm	
  3:	
  Bilateral	
  Symmetry	
  Map

37



38

[fl
ic
kr
	
  u
se
r	
  
da
lb
er
a]



Some	
  Sta2s2cs
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Timing
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Accuracy
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Accuracy
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Accuracy
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Conclusions

• For	
  hard	
  problems,	
  HC	
  algorithms	
  can	
  beat	
  
automa2c	
  algorithms.

• Rephrase	
  your	
  problem	
  in	
  terms	
  of	
  reliable	
  human	
  
percep2on.

• How	
  can	
  we	
  improve	
  efficiency?

• If	
  this	
  were	
  a	
  Photoshop	
  plug-­‐in,	
  how	
  much	
  would	
  
people	
  pay	
  to	
  use	
  it?
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End

45



Related	
  Work	
  (1/6)

• Many	
  kinds	
  of	
  collec2ve	
  intelligence
– open-­‐source	
  soTware,	
  Wikipedia,	
  PageRank,	
  
supervised	
  learning,	
  elec9ons?

• Modern	
  assembly	
  line	
  (Ford	
  Motor	
  Company	
  
1908–1915)

• Interchangeable	
  parts:
– Adam	
  Smith	
  on	
  division	
  of	
  labor	
  (1776)

– TerracoRa	
  army	
  (3rd	
  century	
  BC)

– Vene9an	
  Arsenal	
  (ship	
  building)
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Related	
  Work	
  (2/6)

• Online:
– [von	
  Ahn	
  2008]

– [Li2le	
  et	
  al.	
  2010a,b]	
  and	
  [Bernstein	
  2010]

– [Bigham	
  et	
  al.	
  2010]	
  and	
  [Bernstein	
  2011]

– [Davis	
  et	
  al.	
  2010]

– [Sorokin	
  et	
  al.	
  2010]

– many	
  more	
  recent/contemporary	
  applicaFons

• Recast	
  exisFng	
  experiments
– [Koenderink	
  et	
  al.	
  1992],	
  [Cole	
  et	
  al.	
  2009]

– [Chen	
  et	
  al.	
  2009]
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Related	
  Work	
  (3/6)

• Training	
  data:
– ESP	
  Game	
  [von	
  Ahn	
  and	
  Dabbish	
  2004],	
  …

– LabelMe	
  [Russel	
  et	
  al.	
  2008;	
  Yuen	
  et	
  al.	
  2009]

– Hands	
  by	
  Hand	
  [Spiro	
  et	
  al.	
  2010]

• Using	
  HC	
  data	
  gathered	
  offline:
– [Talton	
  et	
  al.	
  2009]

– [Kalogerakis	
  et	
  al.	
  2010]	
  using	
  [Chen	
  et	
  al.	
  2009]
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Related	
  Work	
  (4/6)

• Depth	
  Layer	
  Algorithm
– automa9c:	
  [Hoiem	
  et	
  al.	
  2005;	
  Assa	
  and	
  Wolf	
  2007;	
  
Saxena	
  et	
  al.	
  2009]

– manual:	
  [Oh	
  et	
  al.	
  2001;	
  Ventura	
  et	
  al.	
  2009;	
  Sykora	
  et	
  
al.	
  2010]

• Normal	
  Map	
  Algorithm
– manual:	
  [Wu	
  et	
  al.	
  2008]

• Symmetry	
  Map	
  Algorithm
– automa9c:	
  [Chen	
  et	
  al.	
  2007]
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Related	
  Work	
  (5/6)

• History
– “When	
  Computers	
  Were	
  Human”	
  [Grier	
  2005]

– GeneFc	
  Algorithms
• [Sims	
  1991]

• InteracFve	
  GeneFc	
  Algorithm	
  [Takagi	
  2001]

• Human-­‐Based	
  GeneFc	
  Algorithms	
  [Kosorukoff	
  2001]

• Electric	
  Sheep

– Open	
  Mind	
  IniFaFve

– collaboraFve	
  filtering:	
  [Goldberg	
  et	
  al.	
  1992;	
  Adomavicius	
  and	
  
Tuzhilin	
  2005]

• “Human	
  ComputaFon”	
  [von	
  Ahn	
  2005]
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Related	
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  (6/6)

• Recent	
  survey:	
  [Quinn	
  and	
  Bederson	
  2011]

• Market	
  properFes:
– [IpeiroFs	
  2010;	
  Chilton	
  et	
  al.	
  2010;	
  Faridani	
  et	
  al.	
  2011;	
  
Mason	
  and	
  Suri	
  2011;	
  Mason	
  and	
  Wa2s	
  2010]

• Surface	
  percepFon:
– [Koenderink	
  et	
  al.	
  1992;	
  Belheumer	
  et	
  al.	
  1997;	
  
Koenderink	
  et	
  al.	
  2001]

• Shape-­‐from-­‐Shading:
– [Durou	
  et	
  al.	
  2008]
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Theore2cal	
  Limits

• 125–180	
  seconds	
  (median)	
  /	
  20	
  ques2ons	
  =	
  6.25–
9	
  seconds	
  per	
  percep2on	
  for	
  our	
  tasks

• 7	
  billion	
  humans	
  (does	
  not	
  include	
  other	
  animals	
  
capable	
  of	
  similar	
  tasks)

• (	
  number	
  of	
  humans	
  )	
  /	
  (	
  seconds	
  per	
  percep2on	
  )	
  
~=	
  1	
  billion	
  percep2ons	
  per	
  second
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