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• Need training labels for building good classifiers 

• Crowdsourcing services (e.g., Amazon Mechanical Turk) 

• Collecting training labels  

     from crowd of workers to  

     label training instances 

• Inferring true labels 

• Noisy labels 



Given the limited amount of budget, it is important to wisely 

allocate the budget among instances so that the overall 

accuracy is maximized. 

1.  How to accurately estimate the labeling difficulty for each instance ? 

2. Whether to spend more budget on ambiguous instances ? 

3.  How to estimate the reliability of workers? 



• Binary labeling task 

• workers are identical and noiseless (perfectly reliable) 

• We are allowed to sequentially specify a coin to toss. 

• Then observe the outcome of the toss.  

• We note that each coin can be chosen multiple times.  

• After the coin toss budget T runs out, we decide whether 

    a coin is biased more towards the head or the tail for  

    each coin. 



• K instances 

• True label 

• Positive set 

• Labeling difficulty of each instance  

• Total budget   T 

• Action set   

• Predicted label  

• Optimal allocation sequence 



Blue region: 



Beta is the conjugate prior of the Bernoulli:  

   is drawn from a known Beta prior distribution 



Beta is the conjugate prior of the Bernoulli:  

   is drawn from a known Beta prior distribution 
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where 

With Proposition 2.3, the maximization problem (6) 

is formulated as a T-stage MDP (8). 



since 

Expected reward: 



Dynamic programming (DP) algorithm 

            (Puterman, 2005; Powell, 2007) (a.k.a. backward induction) 

computation is intractable,  

            since size of the state space grows exponentially in t 

need some computationally efficient approximate policies 



Problem: finite-horizon Bayesian multi-armed bandit (MAB) 

• calibration method (Gittins, 1989; Nino-Mora, 2011) 

             O(𝑇3) time and space complexity  

 

•  the state-of-the-art exact method (Nino-Mora, 2011)  

             O(𝑇6) time and space complexity 

Knowledge gradient (KG) method: 



Knowledge Gradient: 

Deterministic KG is NOT a consistent policy, 

      where the consistent policy refers to the policy that will achieve 100% accuracy 

       almost surely when T goes to infinity. 

 

randomized KG policy’s empirical performance is undesirable. 
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The stage-wise reward            can be viewed as a random variable with a two 

point distribution: 

A simple idea is to select the instance based on the optimistic 

 outcome of the reward, i.e., the instance with the largest: 

Time complexity: 

Space complexity:  





M workers 

reliability of the j-th worker 

If we assume:  

When we observe label 1: 

When we observe label -1: 



• Incorporate feature information of instances 

• Address multi-class labeling problems 

 





Recognizing textual entailment (RTE) 

800 instances and each instance is a sentence pair 

10 workers 

Whether the second hypothesis sentence can be inferred from the first one 

Workers' reliability: Beta(4, 1)  



• Formulate the budget allocation in crowdsourcing into a MDP 

and characterize the optimal policy using DP. 

 

• Computationally propose an approximate policy, optimistic 

knowledge gradient. 

  

•  MDP formulation can be used as a general framework to 

address various budget allocation problems in crowdsourcing. 




