
Purpose: Achieve optimal offline and online assignment between workers and tasks.

State-of-the-art: Most methods are NP hard, including using any alpha-approximation 
algorithm for the knapsack problem, maximal bipartite matching between multiple entities.

T3

Target: Developing assignment algorithms tailored for the statistical models developed in 
Task 1, and further extend it to other decision-making scenarios beyond the binary decision-
making. 

T3.2

Target: Extending the proposed assignment methodology in Task 3.1 to ensure system-level 
task completion quality by considering the dynamic and uncertain environment in practice. 

Challenge: Utilizing the observed responses from workers on some tasks and adjusting the 
assignment and re-allocate the workers by incorporating the dynamic information in the 
objective function

Approach: The original objective function is the conditional distribution of true status of 
tasks on workers’ quality. Here the true status is conditional on both workers’ quality and 
observation at time t. Then, similar deviation process following Task 3.1 gives the 
optimization problem. The improvement of the online assignment over the offline 
assignment approaches will be investigated in both practice and theory 

Purpose: Develop the optimal inspection method under the framework of POMDP method 
to automatically determine when and which workers should be inspected to identify and 
screen out low-quality workers. 

State-of-the-art: Most methods rely on particular statistical models that characterize the 
underlying dynamics of the parameters of interest, which are quite different from the 
crowdsourcing process, and lack the inspection plan.

T2.1

Target: find the best action policy under the POMDP framework for any worker 𝑖 by 
maximizing the cumulative long-term reward.

Purpose: Propose a statistical framework to model the process and incorporate the dynamic
evolution of workers’ qualities, both offline and online.

State-of-the-art: Most existing statistical monitoring methods focused on anomaly detection
and were built on the distribution theory, but could not sufficiently characterize the
complexity of the dynamic collaborative process and the dynamic nature of the quality of
workers.

Target: Learning the posterior distribution of true status and quality of workers for tasks 
conditional on the response of workers on tasks. 

Challenge: The posterior distribution usually involves a large number of unknown 
parameters coupled together.

Approach: Deriving an approximation of the posterior distribution and iteratively minimizing 
the difference (e.g. K-L divergence) between the approximation and posterior distribution 
using the mean field inference technique.

T1.2

Target: Extending the quality learning method in Task 1.1 by considering the temporal 
evolution of worker’s quality, and updating the quality of workers given new data.

Challenge: Characterize the evolution of the quality of a worker; cast the problem of 
estimating the time-varying quality of a worker into the Bayesian sequential estimation 
framework.

Approach: Characterize the evolution of worker i’s quality on task j as 𝑞𝑖,𝑗 𝑡 as 𝑞𝑖,𝑗 𝑡 =

𝑞𝑖,𝑗 𝑡 − 1 + 𝜀 𝑡 , where 𝜀 𝑡 is a random variable, then we could derive the transition 

probability as a truncated Gaussian distribution. By exploiting the Markov condition of the 
dynamic model and the measurement model, we can update the posterior distribution of 
worker’s quality conditional on data collected at time t.

Introduction

Crowdsourcing provides cost-effective solutions for military tasks to
dynamically source specialized skills for solving challenges that consist of
massive online tasks [1-3]. Despite the diverse forms of these
crowdsourced operations in tasks such as information collection,
geopolitical forecasting, counterterrorism, the core characteristic is a
dynamic collaborative process that selectively assigns crowdworkers to
incoming decision-making tasks where the final decision could be
inferred via certain decision-fusion mechanisms. The crowdsourced
operations are essentially built on an analytical foundation for which the
quality of workers has not been systematically studied and optimized.
Each task completion is a decision-fusion process that embodies a
complex statistical mechanism depending on the quality of workers and
the interactions between workers and tasks.

1. The enormous heterogeneity and stochastic nature of the quality of
crowdworkers

2. The lack of ground truth knowledge of the assigned tasks
3. The complex dependency of the involving entities.

Fig. 1: Illustration of the dynamic collaborative

process underlying many crowdsourced operations.

Fig. 2: Statistical characterization of the

collaborative process for task completion.

Challenges

Introduction Task 1: Adaptive learning of worker quality Task 2: Dynamic screening for quality assurance Task 3: Optimal assignment between workers and tasks 

Task 1.1: Offline statistical modeling and learning framework

Task 1.2: Online updating of dynamic worker quality

Fig. 3: Schematic diagram of the proposed
POMDP framework.

Target: Formulate the POMDP model.

Challenge: Proposing forms of state transition equation and reward structures; setting and
estimating the parameters; employing the particle filter technique and represent the belief
of a state.

Approach: each worker is modeled as a Markov process;
state transits as in Task 1.2; update the belief state as in
Task 1.2; action takes following online assignment
algorithm proposed in Task 3; define the reward based on
whether the task is an inspection.

Challenge: Deriving the global optimal solution in
the above equation is indeed a challenging task
due to the continuous multidimensional state
space; incorporate the dependency of workers.

Approach: Adopting approximation methods by
searching the action space in a tree manner.
Enumerating all the possible responses
Considering a small amount of workers.

Fig. 4: Illustration of an expanded tree to search the
best action.

Task 2.1 Model formulation for dynamic screening

Task 2.2 Optimal decision making on quality inspection

Challenge: The combinatorial optimization problem is
complex involving a large number of decision variables.
Theoretical consistency property is not clear.

Approach: Reformulating the combinatorial optimization
problem as an integer programming problem, and
adopting the iterative hard thresholding method (IHT) to
exploit the special structure of the problem.

Fig. 5: Illustration of the IHT algorithm which
monotonically improves F(X) by a projection
operation into feasible region.

Task 3.1 Offline optimal assignment

Task 3.2 Online calibration in the dynamic and uncertain environment

Inplementation and validation   

2. Testbed

Inplementation and validation   

1. Online crowdsourcing platforms

The team will leverage existing crowdsourcing platforms such as Amazon 
Mechanic Turk and benchmark use cases for research purpose such as 
item labeling, image annotation, positive/negative sentiment classification 
for tweets, and entity linking in news recommendation to implement and 
validate the proposed quality control technologies.

We also propose a testbed for anomaly
detection from massive image streams of
complex events using crowdsourcing. We
can also test the proposed methods on
innovation voting and data labeling in
creating massive data sets.

Fig. 6: HotEye images captured during hot
continuous casting operations, for which
manual annotation is usually needed due
to the complexity of abnormal patterns.

Task 4. Implementation and validation   PROJECT TIMELINE AND COORDINATION PLAN 

From the methodological viewpoint, this research will significantly enrich 
the methodological base and toolbox of the DDDAS framework by 
establishing an integrated suite of data-driven dynamic algorithms and 
mathematical models, which can be used for real-time modeling, 
monitoring, and optimization of streamlined online decision makings. 
These methodologies are generic and can be applied to a wide range of 
applications that can adopt the paradigm of crowdsourcing, including 
but not limited to information collection, geopolitical forecasting, 
counterterrorism, and cybersecurity issues that are all of high interests at 
DoD. 

Contribution to the mission of DDDAS PROJECT TIMELINE AND COORDINATION PLAN 
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