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Crowdsourcing	
  
•  Leverage	
  human	
  intelligence	
  at	
  scale	
  to	
  solve	
  

–  Tasks	
  simple	
  for	
  humans,	
  complex	
  for	
  machines	
  
– With	
  a	
  large	
  number	
  of	
  humans	
  (the	
  Crowd)	
  
–  Small	
  problems:	
  micro-­‐tasks	
  (Amazon	
  MTurk)	
  

•  Examples	
  
– Wikipedia,	
  Image	
  tagging,	
  reCaptcha	
  

•  Incen;ves	
  
–  Financial,	
  fun,	
  visibility	
  

•  See	
  also	
  my	
  tutorial	
  at	
  ESWC	
  2013	
  and	
  ISWC	
  
2013	
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Types	
  of	
  Crowdsourcing	
  Tasks	
  
Task	
  Granularity	
   Examples	
  

Complex	
  Tasks	
   •  Build	
  a	
  website	
  
•  Develop	
  a	
  soUware	
  system	
  
•  Overthrow	
  a	
  government?	
  

Simple	
  Projects	
   •  Design	
  a	
  logo	
  and	
  visual	
  iden;ty	
  
•  Write	
  a	
  term	
  paper	
  

Macro	
  Tasks	
   •  Write	
  a	
  restaurant	
  review	
  
•  Test	
  a	
  new	
  website	
  feature	
  
•  Iden;fy	
  a	
  galaxy	
  

Micro	
  Tasks	
   •  Label	
  an	
  image	
  
•  Verify	
  an	
  address	
  
•  Simple	
  en;ty	
  resolu;on	
  

Inspired	
  by	
  the	
  report:	
  “Paid	
  Crowdsourcing”,	
  Smartsheet.com,	
  9/15/2009	
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Background 

A Crowdsourcing Platform allows requesters to publish a 
crowdsourcing request (batch)  

composed of multiple tasks (HITs) 
 

Programmatically Invoke the crowd with APIs or using a 
website 

 
Workers in the crowd complete tasks and obtain a 

monetary reward 
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Case-­‐Study:	
  Amazon	
  MTurk	
  

•  Micro-­‐task	
  crowdsourcing	
  marketplace	
  
•  On-­‐demand,	
  scalable,	
  real-­‐;me	
  workforce	
  
•  Online	
  since	
  2005	
  (s;ll	
  in	
  “beta”)	
  
•  Currently	
  the	
  most	
  popular	
  pla`orm	
  
•  Developer’s	
  API	
  as	
  well	
  as	
  GUI	
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Amazon	
  MTurk	
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MTurk is a Marketplace for HITs 
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Amazon	
  MTurk	
  

•  Requesters	
  create	
  tasks	
  (HITs)	
  
•  The	
  pla`orm	
  takes	
  a	
  fee	
  (30%	
  of	
  the	
  reward)	
  
•  Workers	
  preview,	
  accept,	
  submit	
  HITs	
  
•  Requesters	
  approve,	
  download	
  results	
  

•  If	
  the	
  results	
  are	
  approved,	
  workers	
  are	
  paid	
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mturk-tracker.com 

 
●  Collects metadata about each visible batch (Title, description, 

rewards, required qualifications, HITs available etc) 
 
●  Records batch progress (every ~20 minutes) 

 
We note that the tracker reports data periodically only and does not 

reflect fine-grained information (e.g., real-time variations) 
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A	
  5-­‐years	
  analysis	
  of	
  the	
  Amazon	
  MTurk	
  market	
  evolu<on:	
  
Djellel	
  Eddine	
  Difallah,	
  Michele	
  Catasta,	
  Gianluca	
  Demar;ni,	
  Panagio;s	
  G.	
  Ipeiro;s,	
  and	
  
Philippe	
  Cudré-­‐Mauroux.	
  The	
  Dynamics	
  of	
  Micro-­‐Task	
  Crowdsourcing	
  -­‐-­‐	
  The	
  Case	
  of	
  
Amazon	
  MTurk.	
  In:	
  24th	
  Interna;onal	
  Conference	
  on	
  World	
  Wide	
  Web	
  (WWW	
  2015),	
  



Top requesters last week 
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SLAs are expensive 
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Why	
  Crowdsourcing	
  for	
  IR?	
  

•  Easy,	
  cheap	
  and	
  fast	
  labeling	
  
•  Ready-­‐to	
  use	
  infrastructure	
  –	
  MTurk	
  
payments,	
  workforce,	
  interface	
  widgets	
  –	
  
CrowdFlower	
  quality	
  control	
  mechanisms,	
  etc.	
  

•  Allows	
  early,	
  itera;ve,	
  frequent	
  experiments	
  –	
  
Itera;vely	
  prototype	
  and	
  test	
  new	
  ideas	
  –	
  Try	
  
new	
  tasks,	
  test	
  when	
  you	
  want	
  &	
  as	
  you	
  go	
  

•  Proven	
  in	
  major	
  IR	
  shared	
  task	
  evalua;ons	
  
– CLEF	
  image,	
  TREC,	
  INEX,	
  WWW/Yahoo	
  SemSearch	
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Crowdsourcing	
  Ontology	
  Mapping	
  

•  Find	
  a	
  set	
  of	
  mappings	
  between	
  two	
  
ontologies	
  

•  Micro-­‐tasks:	
  
– Verify/iden;fy	
  a	
  mapping	
  rela;onships:	
  

•  Is	
  concept	
  A	
  the	
  same	
  as	
  concept	
  B	
  
•  A	
  is	
  a	
  kind	
  of	
  B	
  
•  B	
  is	
  a	
  kind	
  of	
  A	
  
•  No	
  rela;on	
  

Cris;na	
  Sarasua,	
  Elena	
  Simperl,	
  and	
  Natalya	
  F.	
  Noy.	
  CROWDMAP:	
  Crowdsourcing	
  Ontology	
  
Alignment	
  with	
  Microtasks.	
  In:	
  Interna;onal	
  Seman;c	
  Web	
  Conference	
  2012,	
  Boston,	
  MA,	
  USA.	
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Crowdsourcing	
  Ontology	
  Mapping	
  

•  Crowd-­‐based	
  outperforms	
  purely	
  automa;c	
  
approaches	
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Crowdsourcing	
  Ontology	
  Engineering	
  

•  Ask	
  the	
  crowd	
  to	
  create/verify	
  subClassOf	
  
rela;ons	
  
– “Car”	
  is	
  a	
  “vehicle”	
  

•  Does	
  it	
  work	
  for	
  domain	
  specific	
  ontologies?	
  
– A	
  “protandrous	
  hermaphrodi;c	
  organism”	
  is	
  a	
  
“sequen;al	
  hermaphrodi;c	
  organism”	
  

•  Workers	
  perform	
  worse	
  than	
  experts	
  
•  Workers	
  presented	
  with	
  concept	
  defini;ons	
  
perform	
  as	
  good	
  as	
  experts	
  

Jonathan	
  Mortensen,	
  Mark	
  A.	
  Musen,	
  Natasha	
  F.	
  Noy:	
  Crowdsourcing	
  the	
  Verifica;on	
  of	
  
Rela;onships	
  in	
  Biomedical	
  Ontologies.	
  AMIA	
  2013	
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Applica;on	
  of	
  Crowdsourcing	
  to	
  
Knowledge	
  Graphs	
  

•  En;ty	
  Linking	
  (Demar;ni	
  et	
  al.,	
  WWW2012)	
  
•  Search	
  Query	
  Understanding	
  (Demar;ni	
  et	
  al.,	
  
CIDR2013)	
  

•  Search	
  Result	
  Extrac;on	
  (Bernstein	
  et	
  al.,	
  
CHI2012)	
  

•  KG	
  enrichment	
  (Ipeiro;s	
  and	
  Gabrilovich,	
  
WWW2014)	
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hsp://dbpedia.org/resource/Facebook	
  

hsp://dbpedia.org/resource/Instagram	
  

tase:Instagram	
  
owl:sameAs	
  

Google	
  

Android	
  

<p>Facebook	
  is	
  not	
  wai;ng	
  for	
  its	
  ini;al	
  
public	
  offering	
  to	
  make	
  its	
  first	
  big	
  
purchase.</p><p>In	
  its	
  largest	
  
acquisi;on	
  to	
  date,	
  the	
  social	
  network	
  
has	
  purchased	
  Instagram,	
  the	
  popular	
  
photo-­‐sharing	
  applica;on,	
  for	
  about	
  $1	
  
billion	
  in	
  cash	
  and	
  stock,	
  the	
  company	
  
said	
  Monday.</p>	
  

<p><span	
  about="hsp://dbpedia.org/resource/
Facebook"><cite	
  property=”rdfs:label">Facebook</
cite>	
  is	
  not	
  wai;ng	
  for	
  its	
  ini;al	
  public	
  offering	
  to	
  
make	
  its	
  first	
  big	
  purchase.</span></p><p><span	
  
about="hsp://dbpedia.org/resource/Instagram">In	
  
its	
  largest	
  acquisi;on	
  to	
  date,	
  the	
  social	
  network	
  has	
  
purchased	
  <cite	
  property=”rdfs:label">Instagram</
cite>	
  ,	
  the	
  popular	
  photo-­‐sharing	
  applica;on,	
  for	
  
about	
  $1	
  billion	
  in	
  cash	
  and	
  stock,	
  the	
  company	
  said	
  
Monday.</span></p>	
  

RDFa	
  
enrichment	
  

HTML:	
  



ZenCrowd	
  

•  Combine	
  both	
  algorithmic	
  and	
  manual	
  linking	
  
•  Automate	
  manual	
  linking	
  via	
  crowdsourcing	
  
•  Dynamically	
  assess	
  human	
  workers	
  with	
  a	
  
probabilis;c	
  reasoning	
  framework	
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Crowd	
  

Algorithms	
  Machines	
  



ZenCrowd	
  Architecture	
  

Micro 
Matching 

Tasks

HTML
Pages

HTML+ RDFa
Pages

LOD Open Data Cloud

Crowdsourcing
Platform

ZenCrowd
Entity

Extractors

LOD Index Get Entity

Input Output

Probabilistic 
Network

Decision Engine

M
icr

o-
Ta

sk
 M

an
ag

er

Workers Decisions

Algorithmic
Matchers
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Gianluca	
  Demar;ni,	
  Djellel	
  Eddine	
  Difallah,	
  and	
  Philippe	
  Cudré-­‐Mauroux.	
  ZenCrowd:	
  Leveraging	
  Probabilis;c	
  
Reasoning	
  and	
  Crowdsourcing	
  Techniques	
  for	
  Large-­‐Scale	
  En;ty	
  Linking.	
  In:	
  21st	
  Interna;onal	
  Conference	
  
on	
  World	
  Wide	
  Web	
  (WWW	
  2012).	
  



Algorithmic	
  Matching	
  

•  Inverted	
  index	
  over	
  LOD	
  en;;es	
  
– DBPedia,	
  Freebase,	
  Geonames,	
  NYT	
  

•  TF-­‐IDF	
  (IR	
  ranking	
  func;on)	
  
•  Top	
  ranked	
  URIs	
  linked	
  to	
  en;;es	
  in	
  docs	
  

•  Threshold	
  on	
  the	
  ranking	
  func;on	
  or	
  top	
  N	
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En;ty	
  Factor	
  Graphs	
  

•  Graph	
  components	
  
– Workers,	
  links,	
  clicks	
  
– Prior	
  probabili;es	
  
– Link	
  Factors	
  
– Constraints	
  

•  Probabilis;c	
  
Inference	
  
– Select	
  all	
  links	
  with	
  
posterior	
  prob	
  >τ	
  

w1 w2

l1 l2

pw1( ) pw2( )

lf1( ) lf2( )

pl1( ) pl2( )

l3

lf3( )

pl3( )

c11 c22c12c21 c13 c23

u2-3( )sa1-2( )

2	
  workers,	
  6	
  clicks,	
  3	
  candidate	
  links	
  

Link	
  priors	
  

Worker	
  
priors	
  

Observed	
  
variables	
  

Link	
  
factors	
  

SameAs	
  
constraints	
  

Dataset	
  
Unicity	
  
constraints	
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En;ty	
  Factor	
  Graphs	
  

•  Training	
  phase	
  
–  Ini;alize	
  worker	
  priors	
  
– with	
  k	
  matches	
  on	
  known	
  answers	
  

•  Upda;ng	
  worker	
  Priors	
  
– Use	
  link	
  decision	
  as	
  new	
  observa;ons	
  
– Compute	
  new	
  worker	
  probabili;es	
  

•  Iden;fy	
  (and	
  discard)	
  unreliable	
  workers	
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Experimental	
  Evalua;on	
  
•  Datasets	
  

–  25	
  news	
  ar;cles	
  from	
  
•  CNN.com	
  (Global	
  news)	
  
•  NYTimes.com	
  (Global	
  news)	
  
•  Washington-­‐post.com	
  (US	
  local	
  news)	
  
•  Timesofindia.india;mes.com	
  (India	
  news)	
  
•  Swissinfo.com	
  (Switzerland	
  local	
  news)	
  

–  40M	
  en;;es	
  (Freebase,	
  DBPedia,	
  Geonames,	
  NYT)	
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Experimental	
  Evalua;on	
  

•  En;ty	
  Linking	
  with	
  Crowdsourcing	
  and	
  
agreement	
  vote	
  (at	
  least	
  2	
  out	
  of	
  5	
  workers	
  
select	
  the	
  same	
  URI)	
  

	
  
	
  
	
  
	
  
Top-­‐1	
  precision:	
  0.70	
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Figure 5: Performance results (Precision, Recall) for
the automatic approach.

the URIs with at least 2 votes are selected as valid links
(we tried various thresholds and manually picked 2 in the
end since it leads to the highest precision scores while keep-
ing good recall values for our experiments). We report on
the performance of this crowdsourcing technique in Table 2.
The values are averaged over all linkable entities for di↵erent
document types and worker communities.

Table 2: Performance results for crowdsourcing with
agreement vote over linkable entities.

US Workers Indian Workers
P R A P R A

GL News 0.79 0.85 0.77 0.60 0.80 0.60
US News 0.52 0.61 0.54 0.50 0.74 0.47
IN News 0.62 0.76 0.65 0.64 0.86 0.63
SW News 0.69 0.82 0.69 0.50 0.69 0.56
All News 0.74 0.82 0.73 0.57 0.78 0.59

The first question we examine is whether there is a di↵er-
ence in reliability between the various populations of work-
ers. In Figure 6 we show the performance for tasks per-
formed by workers located in USA and India (each point
corresponds to the average precision and recall over all en-
tities in one document). On average, we observe that tasks
performed by workers located in the USA lead to higher
precision values. As we can see in Table 2, Indian workers
obtain higher precision and recall on local Indian news as
compared to US workers. The biggest di↵erence in terms of
accuracy between the two communities can be observed on
the global interest news.
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Figure 6: Per document task e↵ectiveness.

A second question we examine is how the textual context
given for an entity influences the worker performance. In
Figure 7, we compare the tasks for which only the entity
label is given to those for which a context consisting of all

the sentences containing the entity are shown to the worker
(snippets). Surprisingly, we could not observe a significant
di↵erence in e↵ectiveness caused by the di↵erent textual con-
texts given to the workers. Thus, we focus on only one type
of context for the remaining experiments (we always give
the snippet context).

0"
0.1"
0.2"
0.3"
0.4"
0.5"
0.6"
0.7"
0.8"
0.9"
1"

1" 2" 3" 4" 5" 6" 7" 8" 9" 10"

Pr
ec
is
io
n)

Document)

Simple"

Snippet"

Figure 7: Crowdsourcing results with two di↵erent
textual contexts

Entity Linking with ZenCrowd.
We now focus on the performance of the probabilistic in-

ference network as proposed in this paper. We consider the
method described in Section 4, with an initial training phase
consisting of 5 entities, and a second, continuous training
phase, consisting of 5% of the other entities being o↵ered to
the workers (i.e., the workers are given a task whose solution
is known by the system every 20 tasks on average).
In order to reduce the number of tasks having little influ-

ence in the final results, a simple technique of blacklisting
of bad workers is used. A bad worker (who can be consid-
ered as a spammer) is a worker who randomly and rapidly
clicks on the links, hence generating noise in our system.
In our experiments, we consider that 3 consecutive bad an-
swers in the training phase is enough to identify the worker
as a spammer and to blacklist him/her. We report the aver-
age results of ZenCrowd when exploiting the training phase,
constraints, and blacklisting in Table 3. As we can observe,
precision and accuracy values are higher in all cases when
compared to the agreement vote approach.

Table 3: Performance results for crowdsourcing with
ZenCrowd over linkable entities.

US Workers Indian Workers
P R A P R A

GL News 0.84 0.87 0.90 0.67 0.64 0.78
US News 0.64 0.68 0.78 0.55 0.63 0.71
IN News 0.84 0.82 0.89 0.75 0.77 0.80
SW News 0.72 0.80 0.85 0.61 0.62 0.73
All News 0.80 0.81 0.88 0.64 0.62 0.76

Finally, we compare ZenCrowd to the state of the art
crowdsourcing approach (using the optimal agreement vote)
and our best automatic approach on a per-task basis in Fig-
ure 8. The comparison is given for each document in the
test collection. We observe that in most cases the human
intelligence contribution improves the precision of the auto-
matic approach. We also observe that ZenCrowd dominates
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Experimental	
  Evalua;on	
  

•  En;ty	
  Linking	
  with	
  ZenCrowd	
  
– Training	
  with	
  first	
  5	
  en;;es	
  +	
  5%	
  aUerwards	
  
– 3	
  consecu;ve	
  bad	
  answers	
  lead	
  to	
  blacklis;ng	
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Figure 5: Performance results (Precision, Recall) for
the automatic approach.

the URIs with at least 2 votes are selected as valid links
(we tried various thresholds and manually picked 2 in the
end since it leads to the highest precision scores while keep-
ing good recall values for our experiments). We report on
the performance of this crowdsourcing technique in Table 2.
The values are averaged over all linkable entities for di↵erent
document types and worker communities.

Table 2: Performance results for crowdsourcing with
agreement vote over linkable entities.

US Workers Indian Workers
P R A P R A

GL News 0.79 0.85 0.77 0.60 0.80 0.60
US News 0.52 0.61 0.54 0.50 0.74 0.47
IN News 0.62 0.76 0.65 0.64 0.86 0.63
SW News 0.69 0.82 0.69 0.50 0.69 0.56
All News 0.74 0.82 0.73 0.57 0.78 0.59

The first question we examine is whether there is a di↵er-
ence in reliability between the various populations of work-
ers. In Figure 6 we show the performance for tasks per-
formed by workers located in USA and India (each point
corresponds to the average precision and recall over all en-
tities in one document). On average, we observe that tasks
performed by workers located in the USA lead to higher
precision values. As we can see in Table 2, Indian workers
obtain higher precision and recall on local Indian news as
compared to US workers. The biggest di↵erence in terms of
accuracy between the two communities can be observed on
the global interest news.
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Figure 6: Per document task e↵ectiveness.

A second question we examine is how the textual context
given for an entity influences the worker performance. In
Figure 7, we compare the tasks for which only the entity
label is given to those for which a context consisting of all

the sentences containing the entity are shown to the worker
(snippets). Surprisingly, we could not observe a significant
di↵erence in e↵ectiveness caused by the di↵erent textual con-
texts given to the workers. Thus, we focus on only one type
of context for the remaining experiments (we always give
the snippet context).
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Figure 7: Crowdsourcing results with two di↵erent
textual contexts

Entity Linking with ZenCrowd.
We now focus on the performance of the probabilistic in-

ference network as proposed in this paper. We consider the
method described in Section 4, with an initial training phase
consisting of 5 entities, and a second, continuous training
phase, consisting of 5% of the other entities being o↵ered to
the workers (i.e., the workers are given a task whose solution
is known by the system every 20 tasks on average).
In order to reduce the number of tasks having little influ-

ence in the final results, a simple technique of blacklisting
of bad workers is used. A bad worker (who can be consid-
ered as a spammer) is a worker who randomly and rapidly
clicks on the links, hence generating noise in our system.
In our experiments, we consider that 3 consecutive bad an-
swers in the training phase is enough to identify the worker
as a spammer and to blacklist him/her. We report the aver-
age results of ZenCrowd when exploiting the training phase,
constraints, and blacklisting in Table 3. As we can observe,
precision and accuracy values are higher in all cases when
compared to the agreement vote approach.

Table 3: Performance results for crowdsourcing with
ZenCrowd over linkable entities.

US Workers Indian Workers
P R A P R A

GL News 0.84 0.87 0.90 0.67 0.64 0.78
US News 0.64 0.68 0.78 0.55 0.63 0.71
IN News 0.84 0.82 0.89 0.75 0.77 0.80
SW News 0.72 0.80 0.85 0.61 0.62 0.73
All News 0.80 0.81 0.88 0.64 0.62 0.76

Finally, we compare ZenCrowd to the state of the art
crowdsourcing approach (using the optimal agreement vote)
and our best automatic approach on a per-task basis in Fig-
ure 8. The comparison is given for each document in the
test collection. We observe that in most cases the human
intelligence contribution improves the precision of the auto-
matic approach. We also observe that ZenCrowd dominates

26	
  



Experimental	
  Evalua;on	
  

•  Worker	
  Selec;on	
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Lessons	
  Learnt	
  

•  Crowdsourcing	
  +	
  Prob	
  reasoning	
  works!	
  
•  But	
  

– Different	
  worker	
  communi;es	
  perform	
  differently	
  
– Many	
  low	
  quality	
  workers	
  
– Comple;on	
  ;me	
  may	
  vary	
  (based	
  on	
  reward)	
  

•  Need	
  to	
  find	
  the	
  right	
  workers	
  for	
  your	
  task	
  
(see	
  WWW13	
  paper)	
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ZenCrowd	
  Summary	
  

•  ZenCrowd:	
  Probabilis;c	
  reasoning	
  over	
  automa;c	
  
and	
  crowdsourcing	
  methods	
  for	
  en;ty	
  linking	
  

•  Standard	
  crowdsourcing	
  improves	
  6%	
  over	
  
automa;c	
  

•  4%	
  -­‐	
  35%	
  improvement	
  over	
  standard	
  crowdsourcing	
  
•  14%	
  average	
  improvement	
  over	
  automa;c	
  
approaches	
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Blocking	
  for	
  Instance	
  Matching	
  

•  Find	
  the	
  instances	
  about	
  the	
  same	
  real-­‐world	
  
en;ty	
  within	
  two	
  datasets	
  

•  Avoid	
  Comparison	
  of	
  all	
  possible	
  pairs	
  
– Step	
  1:	
  cluster	
  similar	
  items	
  using	
  a	
  cheap	
  
similarity	
  measure	
  

– Step	
  2:	
  n*n	
  comparison	
  within	
  the	
  clusters	
  with	
  
an	
  expensive	
  measure	
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Three-­‐stage	
  blocking	
  with	
  the	
  Crowd	
  
for	
  Data	
  Integra;on	
  

•  1.	
  Cheap	
  clustering/inverted	
  index	
  selec;on	
  of	
  
candidates	
  

•  2.	
  Expensive	
  similarity	
  measure	
  
•  3.	
  Crowdsource	
  low	
  confidence	
  matches	
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Gianluca	
  Demar;ni,	
  Djellel	
  Eddine	
  Difallah,	
  and	
  Philippe	
  Cudré-­‐Mauroux.	
  Large-­‐Scale	
  Linked	
  
Data	
  Integra;on	
  Using	
  Probabilis;c	
  Reasoning	
  and	
  Crowdsourcing.	
  In:	
  VLDB	
  Journal,	
  Volume	
  22,	
  
Issue	
  5	
  (2013),	
  Page	
  665-­‐687,	
  Special	
  issue	
  on	
  Structured,	
  Social	
  and	
  Crowd-­‐sourced	
  Data	
  on	
  the	
  
Web.	
  October	
  2013.	
  



Crowd-­‐powered	
  Direct	
  Answers	
  
and	
  Query	
  Understanding	
  



Extract	
  Direct	
  Answers	
  w/	
  
Crowdsourcing	
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Bernstein	
  et	
  al.,	
  Direct	
  Answers	
  for	
  Search	
  Queries	
  in	
  the	
  Long	
  Tail,	
  CHI	
  2012.	
  



birthdate	
  of	
  the	
  mayor	
  of	
  the	
  capital	
  city	
  of	
  italy	
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capital	
  city	
  of	
  italy	
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mayor	
  of	
  rome	
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birthdate	
  of	
  ignazio	
  marino	
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Mo;va;on	
  

•  Web	
  Search	
  Engines	
  can	
  answer	
  simple	
  factual	
  
queries	
  directly	
  on	
  the	
  result	
  page	
  

•  Users	
  with	
  complex	
  informa;on	
  needs	
  are	
  
oUen	
  unsa;sfied	
  

•  Purely	
  automa;c	
  techniques	
  are	
  not	
  enough	
  
•  We	
  want	
  to	
  solve	
  it	
  with	
  Crowdsourcing!	
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CrowdQ	
  

•  CrowdQ	
  is	
  the	
  first	
  system	
  that	
  uses	
  
crowdsourcing	
  to	
  
– Understand	
  the	
  intended	
  meaning	
  
– Build	
  a	
  structured	
  query	
  template	
  
– Answer	
  the	
  query	
  over	
  Linked	
  Open	
  Data	
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Gianluca	
  Demar;ni,	
  Beth	
  Trushkowsky,	
  Tim	
  Kraska,	
  and	
  Michael	
  Franklin.	
  CrowdQ:	
  
Crowdsourced	
  Query	
  Understanding.	
  In:	
  6th	
  Biennial	
  Conference	
  on	
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  Data	
  Systems	
  
Research	
  (CIDR	
  2013).	
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Off-­‐line:	
  query	
  template	
  genera;on	
  with	
  the	
  help	
  of	
  the	
  crowd	
  
On-­‐line:	
  query	
  template	
  matching	
  using	
  NLP	
  and	
  search	
  over	
  open	
  data	
  



Hybrid	
  Human-­‐Machine	
  Pipeline	
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Q=	
  birthdate	
  of	
  actors	
  of	
  forrest	
  gump	
  

Query	
  annota;on	
   Noun	
   Noun	
   Named	
  en;ty	
  

Verifica;on	
  

En;ty	
  Rela;ons	
  

Is	
  forrest	
  gump	
  this	
  en;ty	
  in	
  the	
  query?	
  

Which	
  is	
  the	
  rela;on	
  between:	
  actors	
  and	
  forrest	
  gump	
   starring	
  

Schema	
  element	
   Starring	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  <dbpedia-­‐owl:starring>	
  	
  

Verifica;on	
   Is	
  the	
  rela;on	
  between:	
  
Indiana	
  Jones	
  –	
  Harrison	
  Ford	
  
Back	
  to	
  the	
  Future	
  –	
  Michael	
  J.	
  Fox	
  
of	
  the	
  same	
  type	
  as	
  
Forrest	
  Gump	
  -­‐	
  actors	
  
	
  
	
  
	
  



Structured	
  query	
  genera;on	
  

SELECT	
  ?y	
  ?x	
  
WHERE	
  {	
  ?y	
  <dbpedia-­‐owl:birthdate>	
  ?x	
  .	
  

	
   	
   	
  ?z	
  <dbpedia-­‐owl:starring>	
  ?y	
  .	
  
	
   	
   	
  ?z	
  <rdfs:label>	
  ‘Forrest	
  Gump’	
  }	
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Results	
  from	
  BTC09:	
  

Q=	
  birthdate	
  of	
  actors	
  of	
  forrest	
  gump	
  MOVIE	
  

MOVIE	
  



Summary	
  

•  Crowdsourcing	
  as	
  a	
  means	
  to	
  access	
  a	
  large	
  
number	
  of	
  on-­‐line	
  workers	
  on-­‐demand	
  

•  Hybrid	
  human-­‐machine	
  systems	
  to	
  scale	
  over	
  
large	
  amount	
  of	
  data	
  with	
  high	
  quality	
  
– En;ty	
  Linking	
  
– Data	
  Integra;on	
  
– Answer	
  extrac;on	
  
– Keyword	
  query	
  understanding	
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An	
  overview	
  of	
  such	
  systems:	
  
Gianluca	
  Demar;ni.	
  Hybrid	
  Human-­‐Machine	
  Informa;on	
  Systems:	
  Challenges	
  and	
  
Opportuni;es.	
  In:	
  Computer	
  Networks,	
  Special	
  Issue	
  on	
  Crowdsourcing,	
  Elsevier,	
  2015.	
  



I’m	
  hiring	
  

•  A	
  post-­‐doctoral	
  researcher	
  to	
  start	
  Jan	
  2016	
  
(or	
  later)	
  

•  On	
  Crowdsourcing	
  and	
  Human	
  Computa;on	
  
systems	
  

•  Get	
  in	
  touch	
  
– g.demar;ni@sheffield.ac.uk	
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hXp://bit.ly/beXercrowd	
  


