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ABSTRACT
The ubiquitous challenge of learning and decision-making from rank data arises in situations
where intelligent systems collect preference and behavior data from humans, learn from the data,
and then use the data to help humans make efficient, effective, and timely decisions. Often, such
data are represented by rankings.

This book surveys some recent progress toward addressing the challenge from the consid-
erations of statistics, computation, and socio-economics. We will cover classical statistical mod-
els for rank data, including random utility models, distance-based models, and mixture models.
We will discuss and compare classical and state-of-the-art algorithms, such as algorithms based
on Minorize-Majorization (MM), Expectation-Maximization (EM), Generalized Method-of-
Moments (GMM), rank breaking, and tensor decomposition. We will also introduce principled
Bayesian preference elicitation frameworks for collecting rank data. Finally, we will examine
socio-economic aspects of statistically desirable decision-making mechanisms, such as Bayesian
estimators.

This book can be useful in three ways: (1) for theoreticians in statistics and machine learn-
ing to better understand the considerations and caveats of learning from rank data, compared
to learning from other types of data, especially cardinal data; (2) for practitioners to apply algo-
rithms covered by the book for sampling, learning, and aggregation; and (3) as a textbook for
graduate students or advanced undergraduate students to learn about the field.

This book requires that the reader has basic knowledge in probability, statistics, and algo-
rithms. Knowledge in social choice would also help but is not required.

KEYWORDS
rank data, decision-making, random utility models, Plackett-Luce model, distance-
based models, Mallows’ model, preference elicitation, social choice, fairness,
Bayesian estimators
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Preface
We are living in a world of data. Every day, the booming IT industry collects large amounts of
user preference and behavioral data to make various decisions. In many cases, these data are in
various rank formats instead of numerical values over alternatives—for example, how voters rank
candidates, consumers choose one product over another, search engines rank webpages, etc.

Efficiently collecting and learning from rank data are important challenges to artificial
intelligence and machine learning. Recently, there has been a growing literature on preference
learning and decision-making that leverages (1) classical statistical modeling for rank data, such
as discrete choice models and random utility models, and (2) modern machine learning and op-
timization techniques. In addition, as the data are often collected from humans and the decisions
are made for humans, socio-economic aspects such as fairness are also important considerations.

Most of the book aims to answer the question of how we can design fast and accurate
algorithms for learning from rank data in terms of widely studied and applied statistical models.
After introducing random utility models and distance-based models in Chapter 2, we discuss
several classical and state-of-the-art parameter estimation algorithms in Chapter 3. Chapter 4
covers a general framework for handling rank data called rank-breaking. Chapter 5 focuses on
the theory and algorithms of mixture models for rank data.

How to efficiently elicit preferences from users is the main topic of Chapter 6, where
we take a Bayesian experimental design and active learning approach by computing the most
cost-effective queries. This chapter also covers some Bayesian approaches toward learning from
partial orders. Preliminary experiments show that choice data are not as cost-effective as other
types of rank data.

Chapter 7 covers a statistical decision-theoretic framework for social choice, under which
tradeoffs among statistical properties, fairness, and computation are studied. We consider how
to make accurate and socially desirable decisions. An impossibility theorem on fair Bayesian
estimators is shown, and positive results on the satisfaction of many desirable properties are
discussed. The chapter also briefly discusses an automated framework for designing decision
mechanisms with desirable statistical and fairness properties.

The major goal of this book is to stimulate future research and applications by surveying
recent progress in learning and decision-making from rank data as well as to provide a reference
to classical definitions, properties, and algorithms for handling rank data.

Lirong Xia
January 2019
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