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•  Crowdsourcing	
  is	
  huge	
  &	
  growing	
  rapidly	
  
–  Virtual	
  organizaFons	
  	
  
–  Flash	
  teams	
  with	
  mixed	
  human	
  &	
  machine	
  members	
  

•  AutomaFc	
  organizaFon	
  of	
  work	
  
–  Reduce	
  labor	
  required	
  by	
  30-­‐85%	
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•  Performing	
  work	
  by	
  solici7ng	
  effort	
  from	
  many	
  people	
  
•  Combining	
  the	
  efforts	
  of	
  volunteers/part-­‐Fme	
  workers	
  
(each	
  contribuFng	
  a	
  small	
  porFon)	
  to	
  produce	
  a	
  large	
  or	
  
significant	
  result	
  

Crowdsourcing	
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Crowdsourcing	
  Successes	
  

Universal	
  reference	
  for	
  anything	
  

	
  Answers	
  to	
  7.1	
  M	
  prog.	
  quesFons	
  

190	
  M	
  reviews	
  of	
  4.4	
  M	
  businesses	
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CiFzen	
  Science	
  

Game	
  to	
  find	
  3D	
  structure	
  of	
  proteins.	
  
Solved	
  15	
  year	
  outstanding	
  AIDS	
  puzzle	
  

800,000	
  volunteers	
  –	
  Hubble	
  images	
  
Discovered	
  “Hanny’s	
  Voorwerp”	
  black-­‐hole	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  “Pea	
  galaxies”	
  

Crowdsourced	
  bird	
  count	
  &	
  idenFficaFon	
  
MigraFon	
  shi`	
  -­‐>	
  effect	
  of	
  climate	
  change	
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Labor	
  Marketplaces	
  
Will	
  Grow	
  to	
  $5B	
  by	
  2018	
  [Staffing	
  Industry	
  Analysts]	
  
	
  

•  2.7	
  million	
  workers	
  
•  540,000	
  requestors	
  
•  35M	
  hours	
  worked	
  in	
  2012	
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Charts	
  from	
  Panos	
  IpieroFs’	
  blog;	
  phone	
  from	
  pixabay	
  

work in MTurk, we created an exploratory survey to gather  
simple demographic data about the worker population. We  
also asked users about their  Turking habits,  such as how  
often and what kinds of HITs they complete.

The survey was delivered to users in the form of a HIT on  
the  MTurk  website—workers  could  choose  to  take  the  
survey and be compensated through the system, as with any  
other task. Workers accepted the HIT and were redirected to  
a web-based survey, at the end of which they were given a  
confirmation  code  to  enter  back  into  MTurk.  Note  that  
because the external link to the survey was available in the  
HIT  preview,  workers  were  able  to  view  (and  even  
complete) the survey before actually accepting the HIT. The  
survey was made available at 3pm on a Wednesday, and left  
open  for  a  full  seven  days.  Workers  were  compensated  
$0.10 for their time (the median completion time was just  
over 2 minutes).

Previous  research  [1,8,11]  has  described  the  potential  
unreliability  of  MTurk  workers.  While  this  literature  has  
suggested  the  use  of  either  qualification  pre-tests  and/or  
explicitly verifiable questions,  these were not  appropriate  
for the current study—qualification tests would exclude a  
portion of the Turker population, and there was no way of  
verifying user demographics. Indeed, although MTurk HITs  
default to being answerable only by users with at least a  
95% approval  rating  (meaning  that  95% of  the  worker's  
submitted HITs have been approved by the requester of the  
work), we removed all restrictions for accepting the survey
—allowing any worker to complete the HIT—in order to  
reach as broad a user population as possible. 

Thus there is  the possibility  some respondents  may have  
given  purposefully  false  answers.  Collecting  responses  
through  a  HIT  creates  the  possibility  of  demand  
characteristics (where subjects change behavior in response  
to  being  measured):  workers  may  have  shaped  their  
responses based on what they believed we wanted to hear in  
order to be assured of being paid for their time. In addition,  
the method of delivering this survey means that respondents  
were self-selecting—thus our survey may be biased towards  
Turkers  who  enjoy  taking  surveys  and  are  willing  to  
provide information about themselves, rather than reflecting  
the worker population as a whole. Nevertheless, we believe  
this  sample  is  still  large  enough  to  provide  meaningful  
insight into the demographics of MTurk workers.

SURVEY RESULTS
The survey was available as a HIT for a full week. During  
this  time,  573  people  submitted  valid  completed  surveys  
(three  respondents  reported  to  be  under  18,  and  are  not  
included in the results presented here).

According to our survey results, 57% of MTurk workers are  
from the  United  States,  while  32%  are  from  India—the  
remaining  respondents  are  from  countries  ranging  from  
Australia to Ukraine. Respondents reported an average age  
of  31  years  old  (min  18,  max  71,  median  27),  and  the  
majority of respondents (55%) are female. More than half  
(66%) of respondents have a college or advanced degree,  
and 33% are either full- or part-time students. While 38%  
of respondents are employed full-time, nearly a third (31%)  
are  currently  unemployed.  The  median  annual  reported  
income  was  between  $20,000  and  $30,000.  These 
demographics reveal a significantly international and highly  
educated  population,  though  one  with  lower  levels  of  
employment and income. Indeed, 18% of Turkers reported  
sometimes or always relying on MTurk to "make basic ends  
meet" (Figure 4). While only a minority of workers rely on  
the pay earned from completing HITs, they still make up a  
significant percentage of the Turker population.

Figure 1. Nationality and gender of MTurk workers.

Figure 2. Demographics of MTurk workers.
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Example	
  Job	
  on	
  Mechanical	
  Turk	
  

Write	
  a	
  descripFve	
  capFon	
  for	
  
this	
  picture,	
  then	
  submit.	
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Submit	
  	
  	
  	
  	
  	
  	
  $0.05	
  

Figure	
  from	
  [Liole	
  et	
  al.	
  2010]	
  

A	
  parial	
  view	
  of	
  a	
  pocket	
  
calculator	
  together	
  with	
  some	
  
coins	
  and	
  a	
  pen.	
  

•  Challenges	
  
–  Small	
  work	
  units	
  
– Reliability	
  &	
  skill	
  of	
  individual	
  workers	
  vary	
  	
  

•  Therefore	
  
– Use	
  a	
  workflow	
  to	
  aggregate	
  results	
  &	
  ensure	
  quality	
  
– Manage	
  workers	
  with	
  (unreliable)	
  workers	
  	
  
	
  

	
  
Big	
  Work	
  from	
  Micro-­‐Contributions	
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Ex:	
  	
  IteraFve	
  Improvement	
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iniFal	
  
capFon	
  

[Liole	
  et	
  al,	
  2010]	
  

Ex:	
  	
  IteraFve	
  Improvement	
  

iniFal	
  
capFon	
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  [Liole	
  et	
  al,	
  2010]	
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Ex:	
  	
  IteraFve	
  Improvement	
  

iniFal	
  
capFon	
  

11	
  [Liole	
  et	
  al,	
  2010]	
  

[Liole	
  et	
  al,	
  2010]	
  

Ex:	
  	
  IteraFve	
  Improvement	
  

iniFal	
  
capFon	
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A`er	
  8	
  iteraFons	
  
	
  

A	
  CASIO	
  mulF-­‐funcFon,	
  solar	
  powered	
  
scienFfic	
  calculator.	
  
	
  
A	
  blue	
  ball	
  point	
  pen	
  with	
  a	
  blue	
  rubber	
  
grip	
  and	
  the	
  Fp	
  extended.	
  
	
  
Six	
  BriFsh	
  coins;	
  two	
  of	
  £1	
  value,	
  three	
  of	
  
20p	
  value	
  and	
  one	
  of	
  1p	
  value.	
  
	
  
Seems	
  to	
  be	
  a	
  theme	
  illustraFon	
  for	
  a	
  
brochure	
  or	
  document	
  cover	
  treaFng	
  
finance	
  -­‐	
  probably	
  personal	
  finance.	
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First	
  version	
  
	
  

A	
  parial	
  view	
  of	
  a	
  pocket	
  
calculator	
  together	
  with	
  some	
  
coins	
  and	
  a	
  pen.	
  

IteraFve	
  Improvement	
  
[Liole	
  et	
  al,	
  2010]	
  

Figure	
  from	
  [Liole	
  et	
  al.	
  2010]	
  

[Liole	
  et	
  al,	
  2010]	
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[Liole	
  et	
  al,	
  2010]	
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Workflow	
  Control	
  Problem	
  

How	
  many	
  Fmes?	
  

How	
  many	
  voters?	
  

Adap
Fve,

	
  	
  

Deci
sion

-­‐The
oreF

c	
  

Cont
rol	
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Outline	
  

ü IntroducFon	
  
•  Case	
  Study:	
  Controlling	
  IteraFve	
  Improvement	
  
•  Case	
  Study:	
  Controlling	
  Taxonomy	
  GeneraFon	
  
•  In	
  Progress:	
  Controlling	
  ML	
  AnnotaFon	
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TurKontrol	
  
POMDP	
  Control	
  of	
  Itera7ve	
  Improvement	
  

Peng	
  Dai	
   Chris	
  Lin	
  

Both	
  co-­‐advised	
  with	
  Mausam	
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ArFficial	
  	
  Intelligence	
  101	
  

Agent 

Sensors	
  

? 

Actuators	
  

Environm
ent 

Percepts	
  

AcFons	
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POMDP	
  

Partially-­‐Observable	
  	
  
Markov	
  Decision	
  Process	
  

20	
  Figure	
  from	
  Dan	
  Klein	
  &	
  Pieter	
  Abbeel	
  -­‐	
  UC	
  Berkeley	
  CS188:	
  hop://ai.berkeley.edu.]	
  
And	
  Sarah	
  Reeves	
  (hop://dear-­‐theophilus.deviantart.com/)	
  
	
  

World	
  State	
  
s	
  =	
  <x,	
  y>	
  

Ac7ons	
  
P(s’	
  |	
  s,	
  a)	
  
Cost	
  c	
  

Observe:	
  Next	
  State	
  s’	
  =	
  <x’,	
  y’>	
  
Reward	
  =	
  f(s,	
  a,	
  s’)	
  

Input:	
  

Output:	
  

While	
  learning	
  acFon	
  &	
  reward	
  probabiliFes	
  
(Reinforcement	
  learning)	
  
	
  

Construct	
  policy,	
  π	
  :	
  SàA,	
  that	
  chooses	
  best	
  acFon	
  for	
  each	
  state	
  
I.e.,	
  acFons	
  that	
  maximize	
  expected	
  reward	
  –	
  costs	
  over	
  Fme	
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Partially-­‐Observable	
  	
  
Markov	
  Decision	
  Process	
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Belief	
  State	
  
P(s)	
  

Ac7ons	
  
P(s’	
  |	
  s,	
  a)	
  
Cost	
  c	
  

Observe:	
  Noisy	
  Sensor	
  =	
  f(s’)	
  

Input:	
  

Output:	
  

While	
  learning	
  acFon	
  &	
  reward	
  probabiliFes	
  
(Reinforcement	
  learning)	
  
	
  

Construct	
  policy,	
  π	
  :	
  SàA,	
  that	
  chooses	
  best	
  acFon	
  for	
  each	
  state	
  
I.e.,	
  acFons	
  that	
  maximize	
  expected	
  reward	
  –	
  costs	
  over	
  Fme	
  

Reward	
  

Figure	
  from	
  Dan	
  Klein	
  &	
  Pieter	
  Abbeel	
  -­‐	
  UC	
  Berkeley	
  CS188:	
  hop://ai.berkeley.edu.]	
  
	
  

Solving	
  the	
  POMDP	
  
Construc7ng	
  the	
  policy,	
  π,	
  to	
  choose	
  the	
  best	
  acFon	
  

	
   	
  

•  Many	
  algorithms	
  
– Point-­‐based	
  methods	
  
– UCT	
  on	
  discreFzed	
  space	
  
– Lookahead	
  search	
  with	
  beta	
  distribuFon	
  belief	
  states	
  

	
  	
  
•  ExploraFon	
  /	
  exploitaFon	
  problem	
  

– ε-­‐greedy	
  
– UCB	
  /	
  MulF-­‐armed	
  bandit	
  

22	
  

Q*(s,	
  a)	
  = Σs’  P(s’	
  |	
  s,	
  a)	
  [	
  R(s,	
  a,	
  s’)	
  +	
  γ Maxa	
  Q*(s,	
  a)	
  ]	
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From	
  

23	
  Robot	
  figure	
  from	
  Dan	
  Klein	
  &	
  Pieter	
  Abbeel	
  -­‐	
  UC	
  Berkeley	
  CS188:	
  hop://ai.berkeley.edu.]	
  
	
  

(Hidden)	
  
World	
  State	
  

	
  	
  
Ac7ons	
  
	
  
	
  
Costs	
  
	
  
Reward 	
  

	
  	
  

To	
  

Quality	
  Q1,	
  Q2	
  ∈(0,1)	
  
	
  
Improve	
  capFon	
  task	
  
Vote	
  best	
  capFon	
  
	
  
$$	
  paid	
  to	
  workers	
  
	
  
F(quality	
  returned)	
  

<x,y>	
  coords	
  	
  
	
  
Move	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
Grasp	
  
	
  
Power	
  used	
  

Belief	
  State	
  

28	
  

Qualityα1	
   Quality	
  α2	
  

P	
   P	
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TransiFon	
  Model	
  of	
  VoFng	
  AcFon	
  

29	
  

Qualityα1	
   Quality	
  α2	
  

P	
   P	
  

Qualityα1	
   Quality	
  α2	
  

P	
   P	
  

Learned	
  using	
  ExpectaFon	
  MaximizaFon	
  

Worker	
  votes	
  that	
  
arFfact	
  1	
  is	
  beoer	
  

POMDP	
  for	
  IteraFve	
  Improvement	
  

35	
  

need	
  
improving	
  

?	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

	
  	
  
	
  	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

	
  	
  beoer	
  of	
  α	
  and	
  α’	
  	
  

iniFal	
  	
  
arFfact	
  (α)	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α’	
  

α
generate	
  
improve	
  

job	
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POMDP	
  for	
  IteraFve	
  Improvement	
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need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

	
  	
  
	
  	
  

submit	
  	
  	
  

Y	
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iniFal	
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more	
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  and	
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α	
  



4/14/15	
  

15	
  

POMDP	
  for	
  IteraFve	
  Improvement	
  

38	
  

need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

	
  	
  
	
  	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

iniFal	
  	
  
arFfact	
  (	
  )	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α'	
  

	
  	
  beoer	
  of	
  α	
  and	
  α’	
  	
  

α	
  

POMDP	
  for	
  IteraFve	
  Improvement	
  

39	
  

need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

	
  	
  
	
  	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

iniFal	
  	
  
arFfact	
  (	
  )	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α'	
  

	
  	
  beoer	
  of	
  α	
  and	
  α’	
  	
  

α	
  



4/14/15	
  

16	
  

POMDP	
  for	
  IteraFve	
  Improvement	
  

40	
  

need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

	
  	
  
	
  	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

iniFal	
  	
  
arFfact	
  (	
  )	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α'	
  

	
  	
  beoer	
  of	
  α	
  and	
  α’	
  	
  

α	
  

POMDP	
  for	
  IteraFve	
  Improvement	
  

41	
  

need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

	
  	
  
	
  	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

iniFal	
  	
  
arFfact	
  (	
  )	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α'	
  

	
  	
  beoer	
  of	
  α	
  and	
  α’	
  	
  

α	
  



4/14/15	
  

17	
  

POMDP	
  for	
  IteraFve	
  Improvement	
  

42	
  

need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

	
  	
  
	
  	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

iniFal	
  	
  
arFfact	
  (	
  )	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α'	
  

	
  	
  beoer	
  of	
  α	
  and	
  α’	
  	
  

α	
  

POMDP	
  for	
  IteraFve	
  Improvement	
  

43	
  

need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

iniFal	
  	
  
arFfact	
  (	
  )	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α'	
  

	
  	
  beoer	
  of	
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POMDP	
  for	
  IteraFve	
  Improvement	
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POMDP	
  for	
  IteraFve	
  Improvement	
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POMDP	
  for	
  IteraFve	
  Improvement	
  

48	
  

need	
  
improving	
  

?	
  

generate	
  
improve	
  

job	
  

make	
  
ballot	
  	
  
job	
  

update	
  
quality	
  
esFmates	
  

submit	
  	
  	
  

Y	
  

N	
  

Y	
  

N	
  

iniFal	
  	
  
arFfact	
  (	
  )	
  	
   esFmate	
  

	
  	
  quality	
  
	
  	
  	
  	
  of	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

α’	
  

more	
  
voFng	
  

?	
  

α	
  	
  α’	
  

α'	
  

	
  	
  beoer	
  of	
  α	
  and	
  α’	
  	
  

α	
  

POMDP	
  for	
  IteraFve	
  Improvement	
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Comparison	
  

40	
  images,	
  same	
  average	
  cost	
  
	
  

0.5	
  

0.55	
  

0.6	
  

0.65	
  

0.7	
  

0.75	
  

0.8	
  

POMDP	
   Hand	
  Coded	
  

Quality	
  

Controlling	
  quality:	
  POMDP	
  30%	
  less	
  labor	
  
	
   [Dai,	
  Mausam	
  &	
  W,	
  AAAI-­‐11]	
  

[Dai	
  et	
  al.	
  AIJ	
  2013]	
   50	
  

Allocation	
  of	
  Human	
  Labor	
  

POMDP	
  (TurKontrol)	
  
	
  

Hand	
  Coded	
  

51	
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Human	
  Labor	
  Redirected	
  

POMDP	
  

Hand	
  Coded	
  

52	
  

Lessons	
  So	
  Far	
  

•  Reduced	
  labor	
  costs	
  
•  Improved	
  quality	
  

•  POMDP	
  planning	
  
– Update	
  belief	
  states	
  about	
  uncertain	
  world	
  
– Model	
  sensing	
  acFons	
  

•  ExpectaFon	
  maximizaFon	
  &	
  prob	
  inference	
  

53	
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Outline	
  

ü IntroducFon	
  
ü Case	
  Study:	
  Controlling	
  IteraFve	
  Improvement	
  
•  Case	
  Study:	
  Controlling	
  Taxonomy	
  GeneraFon	
  
•  In	
  Progress:	
  Controlling	
  ML	
  AnnotaFon	
  

54	
  

Cascade	
  
Crowdsourcing	
  Taxonomy	
  Crea7on	
  

Lydia	
  Chilton	
  
Co-­‐advised	
  with	
  James	
  Landay	
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Image	
  Data	
  Sets	
  

56	
  

Q&A	
  Site	
  Responses	
  

57	
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Crowdsourcing	
  Taxonomy	
  GeneraFon	
  	
  
Is	
  Hard	
  !	
  

•  Good	
  taxonomy	
  requires	
  a	
  global	
  perspecFve	
  

•  But	
  workers	
  see	
  only	
  a	
  Fny	
  fracFon	
  of	
  data…?	
  

58	
  

Problems	
  
1.  The	
  growing	
  hierarchy	
  becomes	
  

overwhelming	
  
2. Workers	
  confused	
  

59	
  

IteraFve	
  Improvement?	
  

Lesson:	
  Decompose	
  the	
  task	
  into	
  smaller	
  steps	
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IniFal	
  Approach	
  2:	
  
Category	
  Comparison	
  

60	
  

Lesson:	
  Don’t	
  compare	
  abstracFons	
  

Problem	
  
Without	
  context	
  it’s	
  hard	
  to	
  judge	
  relaFonships:	
  
•  TSA	
  liquids	
  vs.	
  removing	
  liquids	
  
•  Packing	
  vs.	
  what	
  to	
  bring	
  

Cascade	
  Overview	
  

Use	
  the	
  crowd	
  to:	
  
1.  Generate	
  category	
  names	
  
2.  Select	
  the	
  best	
  categories	
  
3.  Place	
  the	
  data	
  into	
  the	
  best	
  categories	
  

Use	
  machines	
  to:	
  
4.  Infer	
  global	
  structure	
  of	
  categories	
  
	
  

61	
  

[Chilton	
  et	
  al.,	
  CHI-­‐13]	
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Example	
  Input:	
  100	
  Random	
  Colors	
  

62	
  

Step	
  0.	
  Sample	
  Data	
  

Step	
  1.	
  Generate	
  Categories	
  

63	
  

What category do you 
suggest for this color? 

greenish	
  

green greenish Light 
green 

pastel aqua 
lime 

This	
  generates	
  an	
  ini7al	
  set	
  of	
  category	
  names.	
  

Task	
   Crowd	
  responses	
  For	
  each	
  color	
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Step	
  2.	
  Select	
  Best	
  Categories	
  

64	
  

An	
  early	
  filter	
  	
  for	
  spam	
  and	
  vague	
  categories	
  

Category	
   Votes	
  

Aqua	
   1/5	
  

Greenish	
   4/5	
  

Lime	
   0/5	
  

Pastel	
   0/5	
  

Task	
   Crowd	
  responses	
  For	
  each	
  color	
  

Step	
  3.	
  Label	
  Data	
  

65	
  
This	
  determines	
  category	
  membership.	
  
	
  

Category	
   Votes	
  

Green	
   4/5	
  

Greenish	
   5/5	
  

Yellow	
   1/5	
  

Pink	
   0/5	
  

Task	
   Crowd	
  responses	
  For	
  each	
  color	
  
and	
  category	
  

Categories	
  

Green	
  

Greenish	
  

Yellow	
  

Pink	
  

What categories does 
this belong to? 

Category	
  
Green	
  
Greenish	
  
Yellow	
  
Pink	
  

Fits	
   Doesn’t	
  Fit	
  
✔	
  
✔	
  

✔	
  
✔	
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Step	
  4.	
  Global	
  Structure	
  Inference	
  

66	
  

Blue	
  
Light	
  Blue	
  

Green	
  
Greenish	
  

Red	
  
Gold	
  

Blue	
  

Light	
  
Blue	
  

Green	
  
Blue: 

Light Blue: 
Green: 
Other: 

Determine	
  parent/child	
  rela7ons;	
  eliminate	
  duplicates.	
  
	
  

Finally,	
  …	
  Recurse	
  

67	
  

Blue: 
Light Blue: 

Green: 
Other: 

May	
  lead	
  to	
  new	
  tags	
  &	
  recompu7ng	
  taxonomy	
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EvaluaFon	
  

$0.00	
  	
  

$50.00	
  	
  

$100.00	
  	
  

$150.00	
  	
  

$200.00	
  	
  

$250.00	
  	
  

editWriFng	
   sideProjects	
   travel	
  

Cost	
  

Cascade	
  	
  

Expert	
  

69	
  

0%	
  
10%	
  
20%	
  
30%	
  
40%	
  
50%	
  
60%	
  
70%	
  
80%	
  

editWriFng	
   sideProjects	
   travel	
   Avg	
  

Categories	
  Shared	
  with	
  Experts	
  	
  

Cascade	
  vs.	
  4	
  	
  Experts	
  

Experts	
  vs.	
  3	
  other	
  experts	
  

inter-­‐annotator	
  
agreem

ent	
  

Quality	
  

Cost	
  

Decis
ion-­‐T

heor
e7c	
  C

ontro
l!	
  

Jonathan	
  Bragg	
  
Co-­‐advised	
  with	
  Mausam	
  	
  

70	
  

Deluge	
  
(Decision-­‐TheoreFc	
  Control	
  of	
  Cascade)	
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Why	
  is	
  Cascade	
  Expensive?	
  

72	
  

Generate	
   SelectBest	
   Categorize	
  

#	
  iniFal	
  item
s	
  

5	
  w
ork

ers
	
  

5	
  w
ork

ers
	
  

#	
  categories	
  

#	
  iniFal	
  item
s	
  

…	
  	
  

But	
  do	
  we	
  really	
  need	
  all	
  these	
  quesFons?	
  
What’s	
  the	
  best	
  order	
  to	
  ask	
  them?	
  

POMDP	
  Model	
  Agent	
  Belief	
  State	
  
World	
  state	
  =	
  taxonomy	
  &	
  labels	
  applying	
  to	
  item	
  

L1	
   L2	
  

L3	
   L4	
  

0	
  

L5	
  

73	
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POMDP	
  Model	
  Agent	
  Belief	
  State	
  
Belief	
  state	
  includes	
  …	
  distribuFon	
  over	
  taxonomies	
  

	
   	
   	
  	
  	
  	
  	
  	
  	
  label	
  probabiliFes	
  for	
  item	
  
	
  

Etc.	
  

L1	
   L2	
  

L3	
   L4	
  

0	
  

L5	
  

7%	
  

L1	
   L2	
  

L3	
   L4	
  

0	
  

L5	
  5%	
   …	
  	
  

Learn	
  &	
  refine	
  taxonomy	
  during	
  execuFon	
  
Too	
  complex	
  for	
  off-­‐the-­‐shelf	
  POMDP	
  solver	
  

74	
  

Decision	
  Cycle	
  for	
  New	
  Item	
  

Agent 

Sensors	
  

? 

Actuators	
  

Percepts	
  

AcFons	
   Ask	
  about	
  label	
  with	
  max	
  VOI	
  

ProbabilisFc	
  inference	
  to	
  update	
  
• Posterior	
  probabiliFes	
  
• Co-­‐occurrence	
  model	
  for	
  labels	
  
• Worker	
  accuracy	
  

[Bragg,	
  Mausam	
  &	
  W	
  HCOMP-­‐13]	
  

76	
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Performance	
  of	
  Decision-­‐TheoreFc	
  Model	
  

0	
  

0.1	
  

0.2	
  

0.3	
  

0.4	
  

0.5	
  

0.6	
  

0.7	
  

0.8	
  

0.9	
  

1	
  

0	
   50	
   100	
   150	
   200	
  

F-­‐
sc
or
e	
  

Number	
  of	
  human	
  responses	
  per	
  item	
  

Categorize	
  performance	
  

Joint,	
  Greedy	
  Lookahead	
  

Cascade	
  

77	
  

Performance	
  of	
  Decision-­‐TheoreFc	
  Model	
  

0	
  

0.1	
  

0.2	
  

0.3	
  

0.4	
  

0.5	
  

0.6	
  

0.7	
  

0.8	
  

0.9	
  

1	
  

0	
   50	
   100	
   150	
   200	
  

F-­‐
sc
or
e	
  

Number	
  of	
  human	
  responses	
  per	
  item	
  

Categorize	
  performance	
  

Joint,	
  Greedy	
  Lookahead	
  

Cascade	
  

Reaches	
  same	
  performance	
  as	
  Cascade	
  	
  
with	
  only	
  13%	
  as	
  many	
  voFng	
  jobs	
  

Now	
  crowd	
  is	
  cheaper	
  than	
  experts!	
  

78	
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Lessons	
  So	
  Far	
  

•  Decision-­‐theoreFc	
  planning	
  
– ProbabilisFc	
  inference	
  
– ExpectaFon	
  maximizaFon	
  

•  Reduced	
  labor	
  &	
  improved	
  quality	
  
–  IteraFve	
  Improvement	
  
– Taxonomy	
  GeneraFon	
  
– ???	
  

	
  
79	
  

Outline	
  

ü IntroducFon	
  
ü Case	
  Study:	
  Controlling	
  IteraFve	
  Improvement	
  
ü Case	
  Study:	
  Controlling	
  Taxonomy	
  GeneraFon	
  
•  In	
  Progress:	
  Controlling	
  ML	
  AnnotaFon	
  

80	
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InformaFon	
  Omnivore	
  Project	
  
•  Large	
  Scale	
  InformaFon	
  ExtracFon	
  

81	
  

•  Train	
  via	
  2	
  kinds	
  of	
  Weak	
  Supervision	
  	
  
–  Align	
  Corpus	
  to	
  Background	
  Knowledge	
  Base	
  	
  
	
  	
  	
  	
  [Wu	
  &	
  W	
  CIKM-­‐07;	
  …	
  Koch	
  et	
  al.	
  EMNLP-­‐14]	
  
–  Iden7fy	
  &	
  Extract	
  Events	
  from	
  Newswire	
  
	
  	
  	
  	
  [Zhang	
  &	
  W	
  EMNLP-­‐13;	
  Zhang,	
  Soderland	
  &	
  W	
  TACL-­‐15]	
  

NewsSpike	
  

InformaFon	
  Omnivore	
  Project	
  
•  Augment	
  with	
  Crowdsourced	
  AnnotaFons	
  

–  Eg:	
  

–  For	
  improved	
  machine	
  learning	
  performance	
  

82	
  

•  Train	
  via	
  Semi-­‐Distant	
  Supervision	
  	
  
–  Align	
  Corpus	
  to	
  Background	
  Knowledge	
  Base	
  	
  
	
  	
  	
  	
  [Wu	
  &	
  W	
  CIKM-­‐07;	
  …	
  Koch	
  et	
  al.	
  EMNLP-­‐14]	
  
–  Iden7fy	
  &	
  Extract	
  Events	
  from	
  Newswire	
  
	
  	
  	
  	
  [Zhang	
  &	
  W	
  EMNLP-­‐13;	
  Zhang,	
  Soderland	
  &	
  W	
  TACL-­‐14]	
  

NewsSpike	
  

“Calling	
  himself	
  Guccifer,	
  Marcel-­‐Lehel	
  Lazar	
  
rampaged	
  through	
  the	
  email	
  accounts	
  of	
  rich	
  and	
  
powerful	
  Americans…”	
   AliasOf(p, p) 
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ObservaFon	
  
•  Vast	
  proporFon	
  of	
  micro-­‐task	
  crowdsourcing…	
  is	
  
used	
  to	
  create	
  training	
  data	
  for	
  ML	
  classifiers	
  
– Chris	
  Caliston-­‐Burch	
  (UPenn)	
  $250,000	
  on	
  MTurk	
  
– LDC:	
  44	
  FT	
  employees	
  just	
  creaFng	
  NLP	
  training	
  data	
  	
  
– Google,	
  MSFT	
  –	
  internal	
  CS:	
  each	
  larger	
  than	
  MTurk	
  

•  Common	
  approach	
  
– Get	
  two	
  humans	
  to	
  annotate	
  
–  If	
  they	
  agree,	
  …	
  done	
  
– Else	
  recruit	
  a	
  third	
  to	
  arbitrate	
  

83	
  

“2/3	
  Relabeling”	
  
j/k	
  Relabeling	
  

[Dawid	
  	
  et	
  al	
  79,	
  Whitehill	
  et	
  al	
  09,	
  Welinder	
  et	
  al	
  10,	
  
Raykar	
  et	
  al	
  10,	
  Karger	
  et	
  al	
  11,	
  Kajino	
  et	
  al	
  12,	
   	
  	
  	
  	
  	
  	
  
Baba	
  et	
  al	
  13,	
  Liu	
  et	
  al	
  12,	
  etc,	
  etc…]	
  

84	
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How	
  should	
  one	
  best	
  spend	
  a	
  fixed	
  annotaFon	
  
budget…	
  when	
  training	
  an	
  ML	
  classifier?	
  
	
  

85	
  

[Lin,	
  Mausam	
  &	
  W	
  HCOMP-­‐14]	
  

9	
  examples	
  with	
  labels	
  that	
  are	
  75%	
  accurate?	
  	
  

Unilabel?	
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3	
  examples	
  each	
  with	
  3	
  labels	
  –	
  consensus	
  84%	
  accurate?	
  	
  

2/3	
  Relabel?	
  

1	
  example	
  with	
  9	
  labels	
  –	
  consensus	
  98%	
  accurate?	
  	
  

Or	
  Even?	
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ExisFng	
  Data	
  Sets?	
  

0.9	
  

0.95	
  

1	
  

1.05	
  

1.1	
  

1.15	
  

b	
   a	
   d	
   c	
   f	
   l	
   e	
   g	
   h	
   i	
   j	
   k	
  

Dataset	
  

Unilabeling	
  is	
  beoer	
  

Relabeling	
  is	
  beoer	
  

?	
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InducFve	
  Bias	
  of	
  Classifier	
  
	
  “Strong”	
  à	
  limited	
  expressiveness	
  
	
  “Weak”	
  à	
  can	
  learn	
  many	
  different	
  concepts	
  

Worker	
  Accuracy	
  
	
  	
  

Budget	
  

91	
  

Factors	
  that	
  Affect	
  Relabeling	
  Efficacy	
  

True	
  Concept:	
  65	
  and	
  older	
  -­‐>	
  “Senior	
  CiFzen”	
  

If	
  Data	
  was	
  Clean	
  

92	
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  Figure 7: The increase in the aggregate accuracy of the train-
ing set data when using relabeling instead of unilabeling for
various worker accuracies.

Figure 8: When the workers are moderately accurate (p =
0.7), the difference in the upper bound on error due to typical
relabeling strategies is greatest.

However, this intuition is faulty as we now explain. In-
deed, (Ipeirotis et al. 2013) have shown that typical relabel-
ing strategies have the maximum effect on the accuracy of
a training set (not on the resulting classifier), when workers
are of intermediate abilities. Consider Figure 7, which plots
the increase in aggregate accuracy of the training data when
relabeling instead of unilabeling as a function of worker ac-
curacy. The three peaks happen between 0.73–0.79. We also
observe that 2/3-relabeling only improves accuracy by about
0.1 in the best case, whereas 4/7-relabeling can get to an al-
most 0.2 increase. Furthermore, as the amount of relabeling
is increased, the peak in accuracy gain moves to the left, sug-
gesting that strategies with increasing amounts of relabeling
have their maximum effect as the workers become less ac-
curate.

But these past results only apply to the quality of a train-
ing set, not the accuracy of the resulting classifier. By con-
sidering the accuracy of the classifier, we must address the
confounding factor that eschewing relabeling frees budget to
be spent labeling new examples. To study this scenario fur-

Figure 9: For simulated Gaussian datasets, relabeling strate-
gies based on majority-vote are most powerful at moderate
values of worker accuracy.

ther we continue the analysis technique from the previous
section to produce Figure 8, which compares various upper
bound curves for different settings of worker accuracy in the
setting of VC=1 and budget = 1000. Consider the difference
in error bound as m ranges between 333 (when every exam-
ple is labeled 3 times) to 1000 (when thrice as many exam-
ples are labeled once). This delta is much greater when the
workers are moderately accurate (p = 0.75) than for other
settings of worker skill. We see similar patterns for other
settings of labeling redundancy and VC dimension. These
differences in error bound support the belief that typical re-
labeling strategies are most likely to reduce classifier error
when p is not an extreme value.

Simulated Datasets
To confirm these insights, we again present experimental
analysis using our artificial Gaussian datasets, and use vary-
ing settings of worker accuracy. As in the previous section,
we fix the number of features to be l = 50, and the bud-
get to be b = 500. We train using decision trees and set the
maximum depth to be 10. For this experiment, instead of av-
eraging over 1000 runs, we average over 2000 runs in order
to create tight confidence intervals across varying worker ac-
curacies.

Figure 9 shows our results. The more highly redundant
approaches, 4/7- and 3/5- relabeling, clearly have their max-
imum benefit when workers are 65% accurate. On the other
hand, 2/3-relabeling has its maximum benefit somewhere
between p = 0.65 and p = 0.75. These results (and simi-
lar ones that we find using different classifiers like logistic
regression) mirror our intuition and our theoretical analysis.
Thus, choosing the correct amount of relabeling redundancy
is a complex decision which ideally should be informed by
knowledge of worker accuracy.

The Effect of Budget
We now investigate the effect of budget on relabeling power.
Intuitively, one might think that as the budget increases, re-
labeling will become the more effective strategy, because
in the extreme case of when the budget is infinitely large,
we should clearly label each example infinitely many times.
Such a strategy allows us to train the classifier using the en-
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0.7), the difference in the upper bound on error due to typical
relabeling strategies is greatest.

However, this intuition is faulty as we now explain. In-
deed, (Ipeirotis et al. 2013) have shown that typical relabel-
ing strategies have the maximum effect on the accuracy of
a training set (not on the resulting classifier), when workers
are of intermediate abilities. Consider Figure 7, which plots
the increase in aggregate accuracy of the training data when
relabeling instead of unilabeling as a function of worker ac-
curacy. The three peaks happen between 0.73–0.79. We also
observe that 2/3-relabeling only improves accuracy by about
0.1 in the best case, whereas 4/7-relabeling can get to an al-
most 0.2 increase. Furthermore, as the amount of relabeling
is increased, the peak in accuracy gain moves to the left, sug-
gesting that strategies with increasing amounts of relabeling
have their maximum effect as the workers become less ac-
curate.

But these past results only apply to the quality of a train-
ing set, not the accuracy of the resulting classifier. By con-
sidering the accuracy of the classifier, we must address the
confounding factor that eschewing relabeling frees budget to
be spent labeling new examples. To study this scenario fur-

Figure 9: For simulated Gaussian datasets, relabeling strate-
gies based on majority-vote are most powerful at moderate
values of worker accuracy.

ther we continue the analysis technique from the previous
section to produce Figure 8, which compares various upper
bound curves for different settings of worker accuracy in the
setting of VC=1 and budget = 1000. Consider the difference
in error bound as m ranges between 333 (when every exam-
ple is labeled 3 times) to 1000 (when thrice as many exam-
ples are labeled once). This delta is much greater when the
workers are moderately accurate (p = 0.75) than for other
settings of worker skill. We see similar patterns for other
settings of labeling redundancy and VC dimension. These
differences in error bound support the belief that typical re-
labeling strategies are most likely to reduce classifier error
when p is not an extreme value.

Simulated Datasets
To confirm these insights, we again present experimental
analysis using our artificial Gaussian datasets, and use vary-
ing settings of worker accuracy. As in the previous section,
we fix the number of features to be l = 50, and the bud-
get to be b = 500. We train using decision trees and set the
maximum depth to be 10. For this experiment, instead of av-
eraging over 1000 runs, we average over 2000 runs in order
to create tight confidence intervals across varying worker ac-
curacies.

Figure 9 shows our results. The more highly redundant
approaches, 4/7- and 3/5- relabeling, clearly have their max-
imum benefit when workers are 65% accurate. On the other
hand, 2/3-relabeling has its maximum benefit somewhere
between p = 0.65 and p = 0.75. These results (and simi-
lar ones that we find using different classifiers like logistic
regression) mirror our intuition and our theoretical analysis.
Thus, choosing the correct amount of relabeling redundancy
is a complex decision which ideally should be informed by
knowledge of worker accuracy.

The Effect of Budget
We now investigate the effect of budget on relabeling power.
Intuitively, one might think that as the budget increases, re-
labeling will become the more effective strategy, because
in the extreme case of when the budget is infinitely large,
we should clearly label each example infinitely many times.
Such a strategy allows us to train the classifier using the en-
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Other	
  Challenges	
  

•  Usually	
  assume	
  workers	
  choose	
  job	
  to	
  perform	
  

•  What	
  if	
  employer	
  can	
  assign	
  jobs	
  to	
  best	
  workers?	
  
– Google	
  internal	
  crowdsourcing	
  

•  Street-­‐view/maps,	
  knowledge	
  graph,	
  search	
  relevance	
  	
  
•  Task	
  rouFng	
  (expert	
  /	
  novice)	
  in	
  ciFzen	
  science	
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Matching	
  Jobs	
  to	
  Workers	
  
•  Set	
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  jobs,	
  each	
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•  Set	
  of	
  workers,	
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– Skill	
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–  Independent	
  errors	
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  difficulty)	
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  workers	
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Unknown	
  Difficulty	
  

•  If	
  skill	
  levels	
  are	
  known…	
  
– Assigning	
  unknown	
  problem	
  is	
  like	
  MAB	
  “arm”	
  
– Once	
  find	
  hard	
  problem	
  (workers	
  disagree),	
  add	
  expert	
  

•  If	
  difficulty	
  is	
  known…	
  
– Assigning	
  unknown	
  worker	
  is	
  like	
  MAB	
  “arm”	
  

•  ExploraFon	
  /	
  ExploitaFon	
  Tradeoff	
  
–  [Bragg,	
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  &	
  W	
  	
  HCOMP-­‐14]	
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AddiFonal	
  Challenges	
  
•  Balancing	
  worker	
  desires	
  w/	
  central	
  needs	
  
•  OpFmizing	
  for	
  Fme	
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•  Workers	
  improving	
  job	
  instrucFons	
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  truth	
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Related	
  Work	
  
•  DT	
  Crowdsourcing	
  /	
  AcFve	
  Learning	
  with	
  Noise	
  	
  

–  GalaxyZoo	
  –	
  [Kamar	
  &	
  Horvitz	
  2012]	
  
–  BBMC	
  –	
  [Wauthier	
  &	
  Jordan	
  2011]	
  
–  ITS	
  –	
  Poppovic	
  &	
  Brunskill	
  
–  [Sheng	
  et	
  al.	
  2008,	
  Donmez	
  et	
  al.	
  2009;	
  	
  
–  Etc.	
  

•  Crowdsourcing	
  Global	
  Structure	
  
– Mobi	
  –	
  [Zhang	
  et	
  al.	
  2012]	
  
–  Context	
  Trees	
  -­‐	
  [Verroios	
  	
  &	
  Bernstein	
  2014]	
  

•  InformaFon	
  Omnivore	
  
–  Never-­‐Ending	
  Language	
  Learning	
  –	
  [Carlson	
  et	
  al	
  2012]	
  
–  [Angeli	
  &	
  Manning	
  2014,	
  Pershina	
  et	
  al.	
  2014]	
  

114	
  



4/14/15	
  

50	
  

Conclusion	
  
•  Crowdsourcing	
  is	
  huge	
  &	
  growing	
  rapidly	
  

– Specialized	
  communiFes,	
  ciFzen	
  science	
  &	
  labor	
  mkts	
  

•  Decision	
  theoreFc	
  planning	
  –	
  large	
  potenFal	
  
– Reduce	
  required	
  labor	
  by	
  30-­‐85%	
  
– SequenFal	
  decision	
  making	
  is	
  crucial	
  
– Must	
  model	
  uncertainty	
  &	
  noisy	
  sensors	
  

•  Many	
  open	
  quesFons…	
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