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My goal today = mini intro to quality control in crowdsourcing
Quality of a crowdsourced task = the extent to which the output
meets or exceeds the requester’s expectations

Talk based on: F. Daniel, P. Kucherbaev, C. Cappiello, B. Benatallah, M. Allahbakhsh. Quality Control in Crowdsourcing:
A Survey of Quality Attributes, Assessment Techniques and Assurance Actions. ACM Computing Surveys 51(1), Article
No. 7, April 2018.
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Turkit (Little et al. 2010c)
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(Ahmad 999 et
al. 2011)

discontinued

now

CrowdWeaver (Kittur et al. 2012)
Turkomatic (Kulkarni 1003 et al. 2012a)

AskSheet (Quinn
and Bederson 2014)
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(Kittur et al. 2011)
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Quality control in

Lionel:
“…cross-match the answers of students to questions we don't
have the answer for”
“directly or indirectly ask boolean questions to the students (e.g.
‘Does the student think that this word is a verb?’, ‘Does the student
think that this translation is ok?’ etc.)”
“…focus on aggregation methods for answers to boolean
questions”

Binary/Boolean labeling: worker types
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Fig. 2: Characterization of worker types

Hung, N. Q. V., Tam, N. T., Tran, L. N., & Aberer, K. (2013, October). An evaluation of aggregation techniques in
crowdsourcing. In International Conference on Web Information Systems Engineering (pp. 1-15). Springer, Berlin, Heidelberg.

An Evaluation of Aggregation Techniques
in Crowdsourcing
Nguyen Quoc Viet Hung, Nguyen Thanh Tam, Lam Ngoc Tran, and Karl Aberer
École Polytechnique Fédérale de Lausanne
{quocviethung.nguyen,tam.nguyenthanh,ngoc.lam,karl.aberer}@epfl.ch
Abstract. As the volumes of AI problems involving human knowledge are likely
to soar, crowdsourcing has become essential in a wide range of world-wide-web
applications. One of the biggest challenges of crowdsourcing is aggregating the
answers collected from the crowd since the workers might have wide-ranging
levels of expertise. In order to tackle this challenge, many aggregation techniques have been proposed. These techniques, however, have never been compared and analyzed under the same setting, rendering a ‘right’ choice for a particular application very difficult. Addressing this problem, this paper presents a
benchmark that o↵ers a comprehensive empirical study on the performance comparison of the aggregation techniques. Specifically, we integrated several stateof-the-art methods in a comparable manner, and measured various performance
metrics with our benchmark, including computation time, accuracy, robustness
to spammers, and adaptivity to multi-labeling. We then provide in-depth analysis
of benchmarking results, obtained by simulating the crowdsourcing process with
di↵erent types of workers. We believe that the findings from the benchmark will
be able to serve as a practical guideline for crowdsourcing applications.
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Abstract

tively) whether or not a particular website is oﬀensive.

Crowdsourcing markets have gained popularity as a tool for inexpensively collecting data
from diverse populations of workers. Classification tasks, in which workers provide labels
(such as “oﬀensive” or “not oﬀensive”) for instances (such as “websites”), are among the
most common tasks posted, but due to human error and the prevalence of spam, the
labels collected are often noisy. This problem
is typically addressed by collecting labels for
each instance from multiple workers and combining them in a clever way, but the question
of how to choose which tasks to assign to each
worker is often overlooked. We investigate
the problem of task assignment and label inference for heterogeneous classification tasks.
By applying online primal-dual techniques,
we derive a provably near-optimal adaptive
assignment algorithm. We show that adaptively assigning workers to tasks can lead
to more accurate predictions at a lower cost
when the available workers are diverse.

The availability of diverse workers willing to complete
tasks inexpensively makes crowdsourcing markets appealing as tools for collecting data (Wah et al., 2011).
Classification tasks, in which workers are asked to provide a binary label for an instance, are among the most
common tasks posted (Ipeirotis, 2010). Unfortunately,
due to a mix of human error, carelessness, and fraud
— the existence of spammy workers on Mechanical
Turk is widely acknowledged — the data collected is
often noisy (Kittur et al., 2008; Wais et al., 2010). For
classification tasks, this problem can be overcome by
collecting labels for each instance from multiple workers and combining these to infer the true label. Indeed, much recent research has focused on developing
algorithms for combining labels from heterogeneous labelers (Dekel & Shamir, 2009; Ipeirotis et al., 2010).
However, this research has typically focused on the inference problem, sidestepping the question of how to
assign workers to tasks by assuming that the learner
has no control over the assignment. One exception
is the work of Karger et al. (2011a;b), who focus on
the situation in which all tasks are homogeneous (i.e.,
equally diﬃcult and not requiring specialized skills),

Adaptively assigns tasks to
workers to optimize overall
budget spent >> requires ability to
assign tasks directly to workers +
worker profiles

Efficient Budget Allocation with Accuracy Guarantees for
Crowdsourcing Classification Tasks
Long Tran-Thanh, Matteo Venanzi, Alex Rogers & Nicholas R. Jennings
University of Southampton
{ltt08r,mv1g10,acr,nrj}@ecs.soton.ac.uk

ABSTRACT
In this paper we address the problem of budget allocation for
redundantly crowdsourcing a set of classification tasks where
a key challenge is to find a trade–oﬀ between the total cost
and the accuracy of estimation. We propose CrowdBudget,
an agent–based budget allocation algorithm, that eﬃciently
divides a given budget among diﬀerent tasks in order to
achieve low estimation error. In particular,
! we prove
"√ that
#$
K
CrowdBudget can achieve at most max 0, 2 − O
B
estimation error with high probability, where K is the number of tasks and B is the budget size. This result significantly outperforms the current best theoretical guarantee
from Karger et al. In addition, we demonstrate that our
algorithm outperforms existing methods by up to 40% in
experiments based on real–world data from a prominent
database of crowdsourced classification responses.

Categories and Subject Descriptors
I.2.11 [Distributed Artificial Intelligence]: Intelligent
Agents

aggregates the responses into a final estimate using a fusion
method (e.g. majority voting [1] or IBCC [10]). Within
many systems, such a process of task allocation and reports
fusion is not trivial and is typically done by a computer
agent as it might need complex computation that humans
cannot provide [5, 6].1
Now, a key challenge within these crowdsourcing systems
is to find an eﬃcient trade–oﬀ between the cost of redundant task allocation and the accuracy of the result. In more
detail, by assigning multiple users to a single task, we can
achieve higher accuracy of answer estimation, but we might
also suﬀer a higher cost due to hiring more users. To date,
research work has typically focused on applications where
the cost of task allocation is uniform for each task [2, 12,
5]. In this case, the search of the aforementioned trade–oﬀ
is reduced to the problem of minimising the estimation error per task given the number of assigned users to a single
task. However, in many real–world scenarios, completing
diﬀerent tasks might require diﬀerent costs that depend on
the diﬃculty and the time required for the user to complete
such a task. For example, consider a habitat monitoring
project where the goal is to accurately identify the living
area of some rare species (e.g. the desert tortoise from the

Majority voting based
optimization without the need
for direct task assignment

My impression
The problem is not just aggregating outputs!
Quality is a holistic problem that is determined by all aspects of a
crowdsourced task
Quality of input data
Quality of task design
Quality of people
Quality of output processing

Each crowdsourced task is an own experiment and has own
quality control requirements
>> iterative development of tasks
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“Does the student think that this word is a verb?”
Is the following word a verb?
“is” [yes|no]

vs.

Gamification

Where is the verb in this sentence?

Assign 1 point if the verb is correctly identified.
Use common MV to decide on correctness of verb.
Assign 3 more points to the player who identified it first.
Publish top scorers / a leaderboard (fosters competition).
Award badges for achieved milestones.

Mixed collaboration and gamification
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Give n points for a translation that obtains n positive votes.
Give 1 point to votes that are the majority vote, 0 otherwise.
Publish ranking.

In short, use all
registers you
have to assure
quality!
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