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my	  contribu(ons	  

crowdsourcing	  	  
complex	  tasks	  

automated	  	  
environment	  design	  



my	  approach:	  
reason	  and	  learn	  
about	  par(cipants	  	  
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human	  computa(on	  tasks	  	  
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	  	   	  	  many	  small	  contribu(ons	  



human	  computa(on	  algorithms	  

[LiQle	  et	  al.,	  UIST	  2010]	  

[KiQur	  et	  al.,	  UIST	  2011]	  

Baked or Fried Chicken Drumstick

Barbeque Sauce (Low Sodium, Canned)

Draw Boxes (2) Vote (3)

Tag

Vote (5)

Identify

Match (2) Measure (5)

Stages

HITs

   

Results

Italian Flatbread Focaccia

2.53 drumstick

.40 cup

1.33 slice

kCal:
Fat:

Protein:
Carbs:

869.6
41.9g
53.1g
69.4g

Cooked Spinach (from Fresh) .83 cup, fresh

PlateMate

Describe (3)

Measure

[Noranha	  et	  al.,	  UIST	  2011]	  

[Bernstein	  et	  al.,	  UIST	  2010]	  



Mobi	  
[Zhang,	  Law,	  Miller,	  Gajos,	  Parkes,	  Horvitz,	  CHI	  ‘12]	  



Specific	  requirements:	  
-‐  have	  at	  least	  2	  cool	  artsy	  things	  ac(vi(es.	  
-‐  have	  at	  least	  1	  place	  to	  read	  ac(vity.	  
-‐  have	  at	  least	  1	  amazing	  coffee/cafe	  ac(vity.	  
-‐  spend	  at	  least	  3	  hours	  on	  fresh	  local	  foods.	  

What	  I	  am	  looking	  for:	  	  
I	  am	  going	  to	  San	  Francisco	  for	  a	  conference	  
and	  have	  a	  day	  to	  explore	  the	  city	  before	  the	  
conference	  starts.	  I’d	  love	  to	  go	  to	  some	  
amazing	  cafes,	  check	  out	  some	  cool	  artsy	  
things,	  and	  also	  just	  to	  relax	  and	  read	  a	  liQle.	  

Going	  to	  San	  Francisco	  
	  Saturday,	  11am	  to	  10pm	  

qualita(ve	  	  
constraints	  

quan(ta(ve	  	  
constraints	  
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video	  demo	  



crowdware	  
	  
(a)  the	  crowd	  contributes	  opportunis(cally	  

given	  the	  current	  solu(on	  context	  

	  

(b)  the	  system	  indirectly	  coordinates	  the	  
problem	  solving	  effort	  



Groupware	  	  
[Ellis	  et	  al.,	  CACM	  1991]	  

Wikipedia	  
[Cosley	  et	  al.,	  IUI	  ’07]	  

[Hoffman	  et	  al.,	  CHI	  ‘09]	  
	  

	  



experiment	  

	  
Mechanical	  Turk	  workers	  	  

paid	  $0.15	  for	  any	  micro-‐contribu(on	  

TODO	   NO	  TODO	  



TODO	  condi(on	  resolves	  	  
quan(ta(ve	  constraints	  quicker	  

[*]	  the	  notodo	  condi(on	  never	  sa(sfied	  all	  the	  constraints	  
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end-‐to-‐end	  user	  study	  

Study: 	  10	  subjects	  enter	  missions	  into	  Mobi	  
	  
Result: 	  All	  subjects	  found	  crowd-‐generated 	   	  	   	  

	   	  i(neraries	  to	  sa(sfy	  their	  mission,	  and	   	   	  	  	  	  
	  	  	   	  would	  use	  them	  in	  real	  life.	  	  
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How	  do	  I	  prove	  	  	  	  
this	  theorem?	  

You	  need	  to	  reduce	  
it	  to	  something…	  



How	  do	  I	  prove	  	  	  	  
this	  theorem?	  

try	  Michael.	  	  
He	  might	  know.	  



How	  do	  I	  prove	  	  	  	  
this	  theorem?	  

some(mes	  when	  you	  
can’t	  prove	  A	  or	  B,	  you	  

need	  to	  prove	  C.	  



task	  rou(ng	  over	  social	  networks	  



task	  rou(ng	  for	  predic(on	  tasks	  
[Zhang,	  Horvitz,	  Chen,	  Parkes,	  AAMAS	  ‘12]	  



²  will	  Obama	  win	  in	  2012?	  

²  will	  the	  iPhone	  5	  be	  taller	  than	  the	  iPhone	  4S?	  

task	  rou(ng	  for	  predic(on	  tasks	  
[Zhang,	  Horvitz,	  Chen,	  Parkes,	  AAMAS	  ‘12]	  
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….	  Will	  Obama	  
win	  in	  2012?	  

task	  rou(ng	  for	  predic(on	  tasks	  
[Zhang,	  Horvitz,	  Chen,	  Parkes,	  AAMAS	  ‘12]	  



….	  Will	  Obama	  
win	  in	  2012?	  

Design	  incen(ves	  such	  that	  in	  equilibrium:	  
² 	  people	  report	  honestly	  	  
² 	  people	  make	  good	  rou(ng	  decisions	  

task	  rou(ng	  for	  predic(on	  tasks	  
[Zhang,	  Horvitz,	  Chen,	  Parkes,	  AAMAS	  ‘12]	  
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1	   0	   1	   1	   1	   0	   1	   0	   0	   0	   1	  

task	  rou(ng	  for	  predic(on	  tasks	  
[Zhang,	  Horvitz,	  Chen,	  Parkes,	  AAMAS	  ‘12]	  



….	  Will	  Obama	  
win	  in	  2012?	  

1	   0	   1	   1	   1	   0	   1	   0	   0	   0	   1	  

²  players	  observe	  condi(onally	  independent	  
bits	  of	  signal	  based	  on	  true	  state	  

²  Bayesian	  model;	  assume	  common	  prior	  and	  
known	  signal	  distribu(on	  

task	  rou(ng	  for	  predic(on	  tasks	  
[Zhang,	  Horvitz,	  Chen,	  Parkes,	  AAMAS	  ‘12]	  
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incen(ves	  

report	  honestly,	  	  
route	  effec(vely	  

	  
everyone	  knows	  how	  many	  
bits	  of	  informa(on	  people	  
within	  m-‐hops	  hold,	  and	  this	  
is	  common	  knowledge.	  

Local	  common	  knowledge	  	  	  	  	  



strictly	  proper	  scoring	  rules	  
[Good	  ‘52,	  Winkler	  ‘69,	  Savage	  ’71]	  

	  

S(q)	  =	  1	  -‐	  (1	  -‐	  q)2	  	  	  	  if	  win	  
	  	  	  	  	  	  	  	  	  	  	  1	  -‐	  q2	  	  	  	  	   	  	  	  	  if	  lose	  

Will	  Obama	  
win	  in	  2012?	  

0	   0.2	   0.4	   0.6	   0.8	   1	  
q	  

expected	  reward	  



S(qi)	  +	  S(qi+k)	  

….	  
Will	  Obama	  
win	  in	  2012?	  

rou(ng	  scoring	  rules	  
[Zhang,	  Horvitz,	  Chen,	  Parkes,	  AAMAS	  ‘12]	  

	  





	  
	  
²  people	  may	  only	  know	  others’	  exper(se	  

within	  a	  local	  neighborhood.	  



myopic	  rou(ng	  rule	  



2-‐2-‐2-‐2	  	  



2-‐1-‐2-‐1	  



local	  rou(ng	  rules	  

rou(ng	  payment	  for	  player	  i	  must:	  

(a)  stay	  within	  m-‐hops	  	  



local	  rou(ng	  rules	  

rou(ng	  payment	  for	  player	  i	  must:	  

(a)  stay	  within	  m-‐hops	  	  

(b)  only	  reach	  players	  whose	  rou(ng	  
payment	  stays	  within	  m-‐hops	  of	  
player	  i	  



theorem	  

Local	  rou(ng	  rules	  induce	  equilibrium	  
in	  which	  players	  report	  honestly	  and	  
route	  based	  on	  local	  informa(on.	  
	  
	  	  



benefit	  of	  local	  rou(ng	  scoring	  rules	  

	  

[graphs	  generated	  using	  the	  WaQs-‐Strogatz	  model,	  with	  β	  =	  0.1,	  n=	  100,	  d	  =	  10]	  
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human	  computa(on	  algorithms	  

[LiQle	  et	  al.,	  UIST	  2010]	  

[KiQur	  et	  al.,	  UIST	  2011]	  
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Results
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2.53 drumstick

.40 cup

1.33 slice

kCal:
Fat:

Protein:
Carbs:

869.6
41.9g
53.1g
69.4g

Cooked Spinach (from Fresh) .83 cup, fresh

PlateMate

Describe (3)

Measure

[Noranha	  et	  al.,	  UIST	  2011]	  

[Bernstein	  et	  al.,	  UIST	  2010]	  



many	  ways	  to	  solve	  a	  problem	  
(many	  possible	  tasks)	  

humans	  can	  make	  mistakes	  
(need	  to	  allocate	  effort	  across	  tasks)	  



example:	  human	  sor(ng	  tasks	  



human	  quicksort	  



automated	  workflow	  synthesis	  



models	  of	  task	  
performance	  

automated	  workflow	  synthesis	  



experiment	  
on	  task/input	  

models	  of	  task	  
performance	  

automated	  workflow	  synthesis	  
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experiment	  
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experiment	  
on	  task/input	  

observe	  the	  
crowd’s	  output	  

models	  of	  task	  
performance	  

automated	  workflow	  synthesis	  
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synthesize	  efficient	  algorithms	  
that	  are	  tailored	  to	  the	  crowd	  

models	  of	  task	  
performance	  
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summary	  
	  
human	  computa(on	  tasks	  
with	  global	  constraints	  
	  
	  	  	  	  
task	  rou(ng	  
	  
	  
automated	  workflow	  synthesis	  



reason	  and	  learn	  
about	  par(cipants	  



HCI

EconCS AI

Computational 
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Thank	  you.	  



reason	  and	  learn	  
about	  par(cipants	  	  
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