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Results	  

•  Framework for crowd-labeling with detailed parameters.  
•  Results show better and stable performance when compared 

to state-of-the-art.  
•  Plan to make our approach more fine-grained by adding 

variability in labeler ability [1,2,13].  

Conclusion	  

Simulated data: 
•  Generated using fixed values of 

all the parameters except the 
labeler log-odds π (Table I).  

•  5,000 instances, four crowd 
labels per instance, 20 expert-
labeled instances. 

•   Accuracy (Table II.)  

RTE dataset: 
•  Five crowd labels per  
   instance, 20 expert-labeled 
   instances.  
•  Labeler error rate (Table III)  
•  Accuracy (Table IV.)  
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Problem	  
•  A Bayesian approach to crowd-labeling inspired by IRT. 
•  New parameters and refined the usual IRT parameters to fit 

the crowd-labeling scenario. 
•  Crowd Labeling Using Bayesian Statistics (CLUBS)  
 
 
 
 
 
 
 

 

 
•  Parameters estimation: 

§  Since true labels are unknown, expert-labeled instances 
(ground truth) used for a small percentage of data 
(usually 0.1% -10%) for parameter estimation. 

§  Estimated parameters used for aggregation of multiple 
crowd- labels for the rest of the dataset with no ground 
truth available. 

§  Difficulty (βi) and discrimination level (δi) of the instances 
without expert-labels are calculated as follows: 

 

 
•  Label aggregation: 
 
     Final label = 
 
  
 

•  Crowd-labeling:  Non-expert humans 
    labeling  a large dataset – tedious, 
    time-consuming and expensive if 
    accomplished by experts alone. 
 
•  Crowd-labelers are non-experts è multiple labels per 

instance for quality assurance è labels combined to get one 
final label.  

•  Many research papers [4,5,8] but still unresolved challenges. 
•  Challenges:  

§  Getting accurate final label when crowd is of 
heterogeneous quality. 

§  Identifying best ways to evaluate labelers. 
§  Choosing per-class labeler ability or over all labeler 

ability.  
§  Can quantifying prevalence of the class and/or clarity 

of a labeling task/question [9] improve accuracy?  
 

Our	  Hypothesis	  	  
•  Crowd-‐labeling	  ≈	  Test	  taking.	  	  
•  Item	   Response	   Theory	   (IRT)	   [12]	   used	   to	   model	   student	   ability	  
(e.g.,	  	  in	  GRE	  and	  GMAT.)	  

•  IRT	  model:	  	  
	  
	  
	  
	  
	  
	  
	  
•  IRT	  model	  is	  a	  compelling	  framework	  for	  crowd	  labeling.	  	  
•  Similarity:	  

•  IRT	  model	  infers	  student	  and	  quesAon	  related	  parameters,	  
and	  probability	  of	  correctness	  of	  answers.	  

•  Crowd	   labeling	   process	   infers	   labeler	   and	   data	   instance	  
related	   parameters,	   and	   probability	   of	   correctness	   of	  
labels.	  

•  Difference:	  	  
•  For	  IRT	  model	  correct	  answers	  are	  known.	  
•  For	  crowd	  labeling	  ground	  truth	  is	  to	  be	  inferred.	  	  

Experiments	  

Our	  Approach	  

•  Implementation: Stan programming language [12]. 
•  State-of-the-art Methods: We compared our method to 

Majority voting, Dawid and Skene [3], Expectation Maximization 
(EM), Karger’s Iterative method (KOS) [7], Mean Field algorithm 
(MF) and Belief Propagation (BP) [10].  

•  Datasets: (a) Simulated dataset (b) Recognizing Textual 
Entailment (RTE) 
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