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Bandit Algorithms in Information
Retrieval
Dorota Głowacka

University of Helsinki; glowacka@cs.helsinki.fi

ABSTRACT
Bandit algorithms, named after casino slot machines some-
times known as “one-armed bandits”, fall into a broad cate-
gory of stochastic scheduling problems. In the setting with
multiple arms, each arm generates a reward with a given
probability. The gambler’s aim is to find the arm producing
the highest payoff and then continue playing in order to
accumulate the maximum reward possible. However, having
only a limited number of plays, the gambler is faced with a
dilemma: should he play the arm currently known to produce
the highest reward or should he keep on trying other arms
in the hope of finding a better paying one? This problem
formulation is easily applicable to many real-life scenarios,
hence in recent years there has been an increased interest
in developing bandit algorithms for a range of applications.
In information retrieval and recommender systems, bandit
algorithms, which are simple to implement and do not re-
quire any training data, have been particularly popular in
online personalization, online ranker evaluation and search
engine optimization. This survey provides a brief overview of
bandit algorithms designed to tackle specific issues in infor-
mation retrieval and recommendation and, where applicable,
it describes how they were applied in practice.

Dorota Głowacka (2019), “Bandit Algorithms in Information Retrieval”, Founda-
tions and TrendsR© in Information Retrieval: Vol. 13, No. 4, pp 299–424. DOI:
10.1561/1500000067.
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1
Introduction

Over the last decade there has been an increased interest in application
of bandit algorithms in information retrieval (IR) and recommender
systems. The aim of this survey is to provide an overview of bandit
algorithms inspired by various aspects of IR, such as click models,
online ranker evaluation, personalization or the cold-start problem.
Each section of the survey focuses on a specific IR problem and aims to
explain how it was addressed with various bandit approaches. Within
each section, all the algorithms are presented in chronological order. The
goal is to show how specific concepts related to bandit algorithms, e.g.
graph clustering with bandits, or a specific family of bandit algorithms,
e.g. dueling bandits developed over time. Gathering all this information
in one place allows us to explain the impact of IR on the development
of new bandit algorithms as well as the impact of bandit algorithms
on the development of new methods in IR. The survey covers papers
published up to the end of 2017.

Why Bandits?

Bandit algorithms derive their name from casino slot machines, some-
times referred to as one-armed bandits. In this scenario, a gambler is

2
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3

faced with a row of such machines. The gambler has to make a number
of decisions, such as which machines to play or how many times to play
each machine. The problem is that each machine provides a random
reward from a probability distribution specific to that machine. The
gambler aims to maximize the sum of the rewards by playing different
machines. Thus, the gambler needs to make a trade-off between exploit-
ing the machine with the highest expected payoff so far and exploring
other machines to get more information about their expected payoffs.

In the 1950’s Herbert Robbins realized the importance of the problem
and constructed convergent population selection strategies for sequential
design of experiments (Robbins, 1985). A couple of decades later John
Gittens constructed a theorem, called the Gittins index, that gave an
optimal policy for maximizing the expected discounted reward (Gittins,
1979). Later on, some approximate solutions based on epsilon strategies
(Sutton and Barto, 1998) as well as Bayesian methods, such as Thompson
sampling (Thompson, 1933), were developed to solve the bandit problem.
The last two decades has seen an immense interest in the study of bandit
algorithms, starting with the development of Upper Confidence Bound
(UCB) (Agrawal, 1995) strategies. In UCB algorithms, however, every
bandit arm is independent and does not pass any information about
its payoff generating distribution to other bandit arms. This led to the
development of linear and contextual bandits (Auer, 2002; Li et al.,
2010b), where a linear dependency between the expected payoff of an
arm and its context is assumed. In comparison to independent bandit
strategies, linear bandits can lead to elimination of arms with low payoff
earlier during the exploration phase thus allowing the player to focus
on trying arms with a potentially higher payoff.

There are a number of reasons why bandit algorithms have gained a
high level of popularity in many applications. They are quick and easy
to implement, they do not require any training data, and they allow
for continuous testing/learning, which makes them highly applicable to
any online application with a continuous stream of data. Thus, over the
years bandits have been applied in many areas: clinical trials (Villar
et al., 2015; Williamson et al., 2017), adaptive routing (Awerbuch and
Kleinberg, 2008), auctions (Nazerzadeh et al., 2016), financial portfolio
design (Shen et al., 2015), cognitive modelling (Głowacka et al., 2009),
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4 Introduction

games (Kocsis and Szepesvári, 2006), and, as this survey shows, in
information retrieval.

Organization of the Survey

The survey is organized as follows. Chapter 2 introduces bandit algo-
rithms and gives a brief overview of four broad classes of bandit algo-
rithms: epsilon strategies, independent arms bandits based on upper
confidence bound, linear bandits with dependent arms, and Thompson
sampling. These broad categories of bandit strategies form the basis of
more specialized algorithms discussed in the remaining chapters. Other
types of bandit algorithms with specific applications are introduced in
relevant chapters rather than being briefly introduced in Chapter 2.
Chapter 3 summarizes bandit algorithms inspired by three click models:
the Cascade Model (Section 3.1), the Dependent Click Model (Section
3.2) and the Position Based Model 3.3. The following two chapters
discuss bandit based approaches to ranking (Chapter 4) and ranker
evaluation (Chapter 5). Of particular interest to the reader might be
Section 4.1, where the first bandit algorithms applied to ranking are
described. Chapter 5 focuses mostly on dueling bandits algorithms and
their application to ranking. In Chapter 6, various bandit approaches
used in recommender systems are described. The chapter talks about
personalization (Section 6.1), social network based bandits (Section 6.2),
collaborative filtering with bandits (Section 6.3), optimization through
feature learning (Section 6.4) and multiple arms evaluation (Section
6.6). Section 6.1.1 talks in more detail about contextual bandits in the
context of advertising and recommender systems by introducing some
of the classic algorithms in this area, such as LinUCB (Li et al., 2010a).
Finally, Chapter 7 briefly touches on other areas of information retrieval
where bandits are gradually introduced, such as short text recommen-
dation (Section 7.1), multimedia retrieval (Section 7.2), and web-page
layout optimization (Section 7.3). The appendices contain explanations
of the abbreviations and mathematical symbols used throughout the
survey.
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5

Who is this Survey Intended for?

The survey is primarily intended for two groups of readers: (1) IR
researchers interested in bandit algorithms or more broadly in reinforce-
ment learning, and who would like to know how and where bandits
algorithms have been applied in IR; (2) machine learning researchers gen-
erally interested in practical applications of machine learning techniques
and challenges posed by such practical applications; (3) data scientists
interested in algorithmic solutions to issues regularly encountered in
information retrieval and recommender systems.

The survey provides a general overview of the bandits methods
discussed and as such it should be accessible to anyone who com-
pleted introductory to intermediate level courses in machine learning
and/or statistics. The reader is advised to consult specific papers refer-
enced throughout the text to learn more about theoretical analysis or
implementation details of specific algorithms. All the chapters are self-
contained and can be read in isolation, although references to related
concepts in other sections are provided throughout the survey. Each
section provides a chronological development of a specific approach or
family of algorithms, where most of the later developments build upon
or improve earlier findings. Chapter 2 is primarily aimed at readers
with little knowledge of reinforcement learning and bandits. Readers
not familiar with these topics are encouraged to start with this chapter
before proceeding to the rest of the survey.
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