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ABSTRACT
Intelligent systems often depend on data provided by information agents, for example, sensor
data or crowdsourced human computation. Providing accurate and relevant data requires costly
effort that agents may not always be willing to provide. Thus, it becomes important not only to
verify the correctness of data, but also to provide incentives so that agents that provide high-
quality data are rewarded while those that do not are discouraged by low rewards.

We cover different settings and the assumptions they admit, including sensing, human
computation, peer grading, reviews, and predictions. We survey different incentive mechanisms,
including proper scoring rules, prediction markets and peer prediction, Bayesian Truth Serum,
Peer Truth Serum, Correlated Agreement, and the settings where each of them would be suit-
able. As an alternative, we also consider reputation mechanisms. We complement the game-
theoretic analysis with practical examples of applications in prediction platforms, community
sensing, and peer grading.

KEYWORDS
data science, information elicitation, multi-agent systems, computational game
theory, machine learning
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Preface
Data has very different characteristics from material objects: its value is crucially dependent on
novelty and accuracy, which are determined only from the context where it is generated. On the
other hand, it can be freely copied at no extra cost. Thus, it cannot be treated as a resource with
an intrinsic value, as is the focus in most of game theory.

Instead, we believe that game theory for data has to focus on incentives for generating
novel and accurate data, and we bring together a body of recent work that takes this perspective.

We describe a variety of mechanisms that can be used to provide such incentives. We start
by showing incentive mechanisms for verifiable information, where a ground truth can be used
as a basis for incentives. Most of this book is about the much harder problem of incentives for
unverifiable information, where the ground truth is never known. It turns out that even in this
case, game-theoretic schemes can provide incentives that make providing accurate and truthful
information the best interest of contributors.

We also consider scenarios where agents are mainly interested in influencing the result of
learning algorithms through the data they provide, including malicious agents that do not re-
spond to monetary rewards. We show how the negative influence of any individual data provider
on learning outcomes can be limited and thus how to thwart malicious reports.

While our main goal is to make the reader understand the principles for constructing
incentive mechanisms, we finish by addressing several other aspects that have to be considered
for their integration in a practical distributed machine learning system.

This book is a snapshot of the state of the art in this evolving field at the time of this
writing. We hope that it will stimulate interest for further research, and make it itself obsolete
soon!

Boi Faltings and Goran Radanovic
July 2017
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