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Abstract
Model Selection for Contextual Bandits and Reinforcement Learning
by
Aldo Pacchiano Camacho
Doctor of Philosophy in Computer Science
University of California, Berkeley
Professor Peter Bartlett, Co-chair

Professor Michael Jordan, Co-chair

In many domains ranging from internet commerce, to robotics and computational
biology, many algorithms have been developed that make decisions with the objective
of maximizing a reward, while learning how to make better decisions in the future.
In hopes of realizing this objective a vast literature focused on the study of Bandits
and Reinforcement Learning algorithms has arisen. Although in most practical
applications, precise knowledge of the nature of the problem faced by the learner may
not be known in advance most of this work has chiefly focused on designing algorithms
with provable regret guarantees that work under specific modeling assumptions. Less
work has been spent on the problem of model selection where the objective is to
design algorithms that can select in an online fashion the best suitable algorithm
among a set of candidates to deal with a specific problem instance.

In this thesis we provide a comprehensive set of algorithmic approaches to the problem
of model selection in stochastic contextual bandits and reinforcement learning. We
propose and analyze two distinct approaches to the problem. First, we introduce
Stochastic CORRAL, an algorithm that successfully combines an adversarial EXP3 or
CORRAL master with multiple stochastic bandit algorithms. Second, we introduce
three distinct stochastic master algorithms: Explore-Commit-Eliminate (ECE), Regret
Balancing, and Regret Bound Balancing and Elimination (RBBE) that recover the
rates of Stochastic CORRAL under an EXP3 and a CORRAL master but with the
advantage the model selection guarantees of RBBE extend to the setting of contextual
linear bandits with adversarial contexts. We complement our algorithmic results with



a variety of lower bounds designed to explore the theoretical limits of model selection
in Contextual Bandits and Reinforcement Learning.



To my family.



Contents

Contents

List of Figures

List of Tables

1 Introduction

2 Stochastic CORRAL

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8

3 The
3.1
3.2
3.3
3.4
3.5
3.6

3.7
3.8
3.9

Introduction . . . . . ...
Problem Statement . . . . . . ... ... 0oL
The Stochastic CORRAL Algorithm . . . . ... .. ... ... ...
Smoothed Algorithm and Regret Analysis . . . . .. ... ... ...
Lower Bound . . . . .. . . . . . . ...
Applications of Stochastic CORRAL . . . ... ... ... ... ...
Omitted proofs of Section 2.3 . . . . . . .. .. ... ... .. ....
Ancillary Technical Results . . . . . . .. .. ... ... ... ....

Explore-Commit-Eliminate Algorithm (ECE)

Introduction . . . . . . ...
Problem Statement . . . . . . . ... ..o
The Explore-Commit-Eliminate Algorithm . . . . . . ... ... ...
Regret Guarantees for ECE . . . . . . . .. ... ... ... ......
Instance Dependent Bounds . . . . . . . ... ... ... .. .....
Implications of fast rates of estimating V* and/or gap between policy
classes . . .o
Applications of ECE . . . . . . . . ...
Omitted Proofs of Section 3.4 . . . . . ... ... ... ... .....
Anciliary Technical Results . . . . . . .. .. ... ... ... ....

i

ii

v



4 Simple Regret Balancing

4.1
4.2
4.3
4.4
4.5
4.6
4.7

Introduction . . . . . ...
Problem Statement . . . . . .. ... ... . 0L
Regret Balancing . . . . .. .. .. ... oo
Applications of Regret Balancing . . . . . ... ... ...
Lower Bound . . . . .. ... .. ... .. .........

Regret balancing without knowledge of the optimal regret

Ancillary Technical Results . . . . .. ... ... .. ...

5 Regret Bound Balancing and Elimination

5.1
5.2
5.3
5.4
5.9
5.6
5.7
5.8
5.9

Introduction . . . . . .. ..o L
Problem Statement . . . . . ... ... ... ... ...
Regret Bound Balancing and Elimination . . . . . . . . ..
Regret Analysis . . . . . . .. .. ...
Applicationsof RBBE . . . . . . . ... ...
Extension to Adversarial Contexts . . . . . . . ... .. ..
Omitted Proofs of Section 5.4 . . . . . . . . .. ... ...
Omitted Proofs of Section 5.6 . . . . . .. ... .. .. ..
Ancillary Technical Lemmas . . . . . . ... .. ... ...

6 Discussion and Future Directions

Bibliography

iii

91
91
93
94
98
104
107
108

109
109
114
115
117
124
132
138
154
162

167

169



v

List of Figures

2.1
2.2
2.3

4.1
4.2
4.3

CORRAL with UCB and LinUCB bases. . . . . . ... ... ....... 35
CORRAL with e-Greedy bases. . . . . . . .. ... ... ... ...... 38
e-Greedy vs UCRL2 vs PSRL in the River Swim environment. . . . . . 39
Regret Balancing vs UCB and OFUL. . . . .. ... ... ... ..... 98
Regret balancing and e—greedy, LinUCB and UCB. . . . . ... ... .. 102

Regret balancing and e-greedy, UCRL, and PSRL. . . . . . .. ... ... 103



List of Tables

2.1

2.2

3.1

5.1
5.2

Comparison of model selection guarantees for Stochastic CORRAL between
the EXP3.P and CORRAL master. . . . . ... ... ... ... .... 29
Regret guarantees for Stochastic CORRAL. . . . .. ... .. ... ... 52
Comparison of model selection guarantees between ECE and other model
selection algorithms. . . . . . . . . . .. L oo 62
Gap independent model selection regret guarantees for RBBE . . . . . . . 121

Gap-dependent regret guarantees for RBBE. . . . . . ... .. ... ... 125



vi

Acknowledgments

As the last year of my PhD comes to a close, I cannot avoid stopping to think
about all the experiences and the people behind them that have shaped me throughout
this time. First I would like to thank my parents and my sister for believing in me
and giving me the steadfast support that has propelled me throughout the years. I
wouldn’t be writing this thesis without it.

The years that I have spent during my PhD have been a fun and exciting ride, full
of stimulating intellectual discussions, and generally a jovial and friendly atmosphere.
I want to thank my advisors Peter Bartlett and Michael Jordan for structuring their
research groups in a way that not only helped me grow academically, but allowed for
a fair bit of comradery with other fellow students, fomenting research collaborations
and friendships that will hopefully transcend my time at UC Berkeley. I want to
particularly emphasize my gratitude towards Peter, who believed enough in the
proposition that I would be a good student to help me transfer to UC Berkeley barely
a few months after starting my PhD at a different institution. I am extremely happy
that transfer was possible. To Mike, thanks so much for letting me be part of your
group and for nudging all of us to pursue interesting research directions.

To Mark Rowland and Adrian Weller, thanks for giving me the opportunity to
collaborate with you when I was still quite new to the research world. It gave me
the confidence that in research a bit of persistence can go a far way. A particularly
warm thank you to fellow PhD student Niladri Chatterji not only for being a great
collaborator but also a great friend. The time we worked on ‘Online Learning with
Kernel Losses’ [17] was a particularly important growth experience. Despite being
quite raw, we came up with a research problem which we tackled, solved and published.
Very many thanks to to Krzysztof Choromanski, for the multitude of fun projects
and papers that we have worked on, and for introducing me to the other members of
the Klab such as Jack Parker-Holder and Yunhao Tang.

Great many thanks to the rest of the Berkeley crowd, Kush Bhatia, Yeshwanth
Cherapanamjeri, Ghassen Jerfel, Nicolas Flammarion, Yian Ma, Eric Mazumdar,
Juan Carlos Pedromo and Nilesh Tripuraneni for the many collaborations and fun
times during these years. I want to make a special mention of Jonathan Lee, who I
started collaborating with when he was an undergraduate student at UC Berkeley
and who is currently a PhD student at Stanford University. Jonathan’s diligence and
enthusiasm for research have been the basis of one of the most pleasurable research
collaborations that I participated in during my PhD. Another very special thank you
to Silvia Chiappa and Heinrich Jiang for introducing me to the world of ML Fairness.
I have had lots of great and interesting discussions with both of you. I hope we can
continue collaborating in the future.



vii

Among other collaborators I want to thank Yasin Abbasi-Yadkori, Emma Brun-
skill, Christoph Dann, Miro Dudik, Jakob Foerster, Claudio Gentile, Mohammad
Ghavamzadeh, Tor Lattimore, Thodoris Lykouris, My Phan, Robert Schapire and
Csaba Szepesvari. I have learned a lot from each and every one of you. I very much
appreciate all the time you have spent in our shared discussions. To everyone else
that I have collaborated with whose name couldn’t fit in this small note, thank you

so much.



Chapter 1

Introduction

Recent advances in machine learning and compute have made the presence of learning
algorithms ubiquitous in many aspects of modern life. The vast majority of internet
powered services ranging from social networks, email providers, marketplaces and
search engines rely on online algorithms to produce engaging content to users while
allowing to further learn about their preferences. The use of these algorithmic tech-
niques is not limited to the internet domain. In applications where machine learning
is starting to have a profound impact, such as computational biology, economics, or
robotics, the use of methods that allow to simultaneously learn about the system’s
objective while at the same time produce near optimal solutions has also become of
paramount importance.

The need for developing algorithms than can simultaneously learn while taking near
optimal decisions has led to the formalism of online learning and more specifically to
the study of Bandits and Reinforcement Learning problems. There is a vast literature
revolving around the objective of designing algorithms with provable regret guarantees
for Bandits and Reinforcement learning problems. The vast majority of these works
have focused on settings with specific model assumptions. This has given rise to a
rich literature that includes among others algorithms such as UCB [9] for the Multi
Armed bandit problem, OFUL [1] for linear bandits and UCBVI [10] for tabular
Reinforcement Learning.

In many applications, the appropriate model may not be known in advance by
the learner. For example, when faced with a contextual bandit instance with multiple
arms and changing contexts, the learner may be unaware if there is a linear reward
structure underlying the rewards or if these rewards instead follow a simpler multi
armed bandit model. In this case, selecting the appropriate algorithm adapted to the
true structure of the problem is of paramount importance. For example if the learner
was facing a problem over T time-steps with K arms and contexts of dimension d,
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and the problem structure was truly linear, the learner would greatly benefit from
using a linear bandits algorithm instead of a multi armed bandit one. This is true
for two reasons, first because the reward achievable by an algorithm leveraging the
linear structure of the contexts could be much higher than that reachable by an
algorithm that ignores it, and second because if the problem is truly linear a linear
bandit algorithm such as OFUL will accrue regret (up to logarithmic factors) of order
O(dv/T) whereas UCB would instead collect a regret of order O(v/KT), a quantity
that could be substantially higher than the former in case d < VK. Conversely, if
the problem does not satisfy a linear model, it may be prejudicial for the learner
to use a linear bandit algorithm because if the problem is not truly linear, a linear
bandit algorithm such as OFUL may incur a linear regret!.

It is thus important to develop methods that can deal with model uncertainty
by allowing to select in an online fashion among multiple algorithms the one that is
best adapted to the problem instance at hand. The problem of model selection in
contextual bandits and reinforcement learning focuses on this task. In this thesis we
shall focus on the study of the problem of model selection for stochastic contextual
bandits and reinforcement learning.

The algorithms we develop in this work follow the template of [5] where a ‘master
algorithm is placed on top of a couple of ‘base’ algorithms. At the beginning of each
round the master selects which base algorithm to ‘listen to’ during that time-step
effectively treating the base algorithms as arms to be pulled by the master. The
difficulty in using existing algorithms such as UCB or EXP3 [13] as a master lies in
the non-stationary nature of the rewards collected by a learning base algorithm. The
master needs to be sufficiently smart to recognize when a base algorithm is simply
performing poorly because it still in the early stages of learning from the case where
poor performance is the result of model misspecification.

The problem of model selection in online decision-making environments with
limited-information feedback (which includes both bandits and reinforcement learning),
has been an active area of recent research as witnessed by a proliferation of recent
works (e.g., [4, b, 7, 12, 18, 26, 27, 28, 43]). Broadly speaking previous works on
model selection can be split into two types of methods,

Y

1. Adversarial Master. Methods that make use of an adversarial algorithm
such as EXP3 to select the base algorithm to listen to.

2. Statistical Test. Methods that perform a statistical test to detect when a
base algorithm is misspecified.

"We henceforth refer to an algorithm that is not well adapted to the environment where it is
played to be misspecified.
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Adversarial Master. In the first group are the so-called corraling algorithms.
These algorithms satisfy regret guarantees of the form O(d®T?) for a > 1,8 < 1,
where d, depends on the complexity of the best model class or algorithm adapted to
the problem at hand. The original CORRAL Algorithm of [5] uses an adversarial
master algorithm that can be combined with many base algorithms (both stochastic
and adversarial) whenever these base algorithms satisfy a stability guarantee. Unfor-
tunately, in order to show that a base algorithm can be combined with the corraling
master to satisfy a valid model selection regret guarantee, it is necessary to verify
this stability condition is satisfied, something that has to be done on a case-by-case
basis. There exist other related approaches in the literature that use adversarial
corralling master algorithms to performing model selection. For example [7] make
use of a Tsallis-INF adversarial master in an algorithm they show is able to obtain
gap-dependent guarantees for stochastic bandit problems. Unfortunately the model
selection guarantees achievable by their approach depend not on the complexity of
the optimal model class, but on the size of the largest model class under consideration.
This means that whenever the rates of the input base algorithms are of the form
{d; T i]\il, where d; < --- < djy, their master algorithm satisfies a regret guarantee
scaling with dj; instead of d;,, a quantity that could be substantially smaller.

Statistical Test In the second group of approaches that use a statistical test to
detect misspecification, model selection regret guarantees have been shown under
strong eigenvalue conditions on the context distribution in the setting of stochastic
linear contextual bandits setting. When the contextual information is stochastic, [27]
obtain model selection guarantees of the form (’)(di/ 72/ %) under an action-averaged
eigenvalue condition, and [18] match the optimal guarantee when choosing between
multi-armed bandits and contextual bandits under a stronger universal eigenvalue
condition that ensures that contexts corresponding to all arms are sufficiently diverse.
The results of [27] leverage the fact that it is possible to estimate the optimal value
under the optimal model at a rate of \/3/ n finding the optimal policy under the
complex model (which has estimation error rate d/n). Both of these algorithms
work by keeping a collection of active base learners, and playing a low complexity
algorithm/model in the active set. When enough information is obtained to conclude
that a higher complexity model would be more adequate to describe the observed
data, they eliminate the low complexity model from the active set, and proceed to
play a more complex one.

Model selection in Reinforcement Learning. Though there has been some
work on offline feature selection and model selection for RL given a batch of data
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(see e.g. [24, 31, 35, 55]), there has been very little work specifically on online model
selection in reinforcement learning. Prior work provided PAC results for online feature
selection for factored tabular MDPs [30]. More recent work provides PAC bounds [48]
for model selection in online RL when the optimal value is known: however, unlike
contextual bandits [27, 40], there are no known algorithms for estimating the optimal
value faster than identifying the optimal policy in RL settings.

Main Results and Organization of the Thesis

The remainder of the thesis is organized into five chapters. The subject of the
first four is to introduce a variety of procedures for model selection that chart the
approach space outlined in the previous discussion. We propose and analyze four
model selection algorithmic techniques. The first of which, Stochastic CORRAL
allows to combine an adversarial master with multiple base algorithms satisfying high
probability regret guarantees. Two of the three remaining algorithmic approaches
proposed in this thesis, Explore-Commit-Eliminate and Regret Bound Balancing are
based on the principle of a statistical test to detect misspecification among the base
algorithms. The two of them use different exploration schedules. The remaining
approach, Simple Regret Balancing is an algorithmic technique that without the
need of an adversarial master nor an elimination procedure, yields model selection
guarantees among base algorithms with the same putative regret guarantee®. In the
last chapter we describe future directions of research. Below we provide an overview
of the results in each of the coming chapters.

Stochastic CORRAL In Chapter 2 we expand on the CORRAL algorithm from [5]
and introduce Stochastic CORRAL, an algorithmic approach that successfully com-
bines an adversarial EXP3 or CORRAL master with multiple stochastic bandit
algorithms. Our approach is flexible enough that it does not require the algorithm
designer to have any information about the inner workings of the base algorithms,
other than knowing they may satisfy (if not misspecified) a high probability regret
guarantee. In this chapter we also present two minimax lower bounds showing,

A) Tt is impossible to distinguish between logarithmic and square root base learners.
B) Knowledge of the target regret guarantee is necessary for perfect model selection.

Work in this chapter is joint with My Phan, Yasin Abbasi-Yadkori, Anup Rao, Julian
Zimmert, Tor Lattimore and Csaba Szepesvari. It is based on the paper [54].

2Just as in every other approach we propose, not all of these algorithms has to be well adapted
to the environment at hand.
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Explore-Commit-Eliminate In Chapter 3 we introduce the Explore-Commit-
Eliminate Algorithm (ECE). This algorithm makes use of a simple misspecification
detection procedure that allows it to weed out base algorithms that are not well
adapted to the problem at hand. In contrast with Stochastic CORRAL, the set of
‘active’ base algorithms shrinks as time progresses. ECE uses an exploration schedule
reminiscent of e—greedy approaches to the Multi Armed Bandit problem. The model
selection regret guarantees achievable by ECE recover the EXP3 rates of Stochastic
CORRAL. Additionally, ECE can be shown to achieve gap-dependent model selection
regret guarantees, a result that to our knowledge is not possible with Stochastic
CORRAL. Work on this chapter is joint with Jonathan Lee, Vidya Muthukumar,
Weihao Kong and Emma Brunskill. It is based on the paper [43].

Regret Balancing In Chapter 4 we describe an approach to model selection based
on the principle of regret balancing (equating the empirical regret guarantees of
multiple base algorithms). We show this idea can yield surprisingly simple algorithms
with meaninfgul model selection guarantees for stochastic contextual bandits and
reinforcement learning. We complement our results with a lower bound showing that
any ‘perfect’ model selection procedure must be doing a form of regret balancing.
Work on this chapter is joint with Yasin Abbasi-Yadkori and My Phan. It is based
on the paper [4].

Regret Bound Balancing and Elimination In Chapter 5 we expand on the
basic principle of regret balancing described in Chapter 4 and introduce Regret
Bound Balancing and Elimination (RBBE), an algorithmic procedure that makes use
of the same statistical test as ECE to eliminate misspecified base algorithms, but
that follows an exploration schedule dictated by a regret balancing condition. The
model selection regret guarantees achievable by RBBE recover the CORRAL master
rates of Stochastic CORRAL. Similar to ECE, RBBE achieves gap-dependent model
selection regret guarantees. We also show that when applied to the problem of model
selection for linear stochastic bandits RBBE is versatile enough to also cover cases
where the context information is generated by an adversarial environment. Work on
this chapter is joint with Christoph Dann, Claudio Gentile and Peter Bartlett. It is
based on the paper [53].

All of our algorithms recover meaningful model selection rates in several applica-
tions, including linear bandits and MDPs with nested function classes, linear bandits
with unknown misspecification, and OFUL applied to linear bandits with different
confidence parameters.



Chapter 2
Stochastic CORRAL

2.1 Introduction

Bandit algorithms have been applied in a variety of decision making and personaliza-
tion problems in industry. There are many specialized algorithms each designed to
perform well in specific environments. For example, algorithms are designed to exploit
low variance [8], extra context information and linear reward structure [1, 20, 44],
sparsity [2, 15], etc. The exact properties of the current environment however might
not be known in advance, and we might not know which algorithm is going to perform
best.

Model selection in contextual bandits aims to solve this problem. More formally,
the learner is tasked to solve a bandit problem for which the appropriate bandit
algorithm to use is not known in advance. Despite this limitation, the learner does
have access to M different algorithms {B;},, one of which B;, is promised to be
adequate for the problem the learner wishes to solve. We use regret to measure the
learner’s performance!. The problem’s objective is to design algorithms that would
minimize regret.

Adapted and misspecified algorithms We say that an algorithm is adapted
to the environment at hand if it satisfies a valid regret guarantee. Let’s illustrate
this with an example in the setting of linear bandits with finitely many arms. In
this problem the learner has access to K arms. Each arm i € [K] is associated
with a feature vector z; € R?Y, and the reward of arm i € [K] follows a linear
model of the form r; = (z;,60,) + & where §; is conditionally zero mean and 6, is an
unknown parameter. An algorithm such as LinUCB [19] achieves a regret guarantee

"'We will define regret more formally in the following section.
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of order O(y/dlog?(K)T) where O hides logarithmic factors in 7. In contrast, the

UCB algorithm [9] yields a regret guarantee of order O(v/KT). In this case, both
algorithms are well adapted to the problem of linear bandits with finitely many
actions, but LinUCB’s regret guarantee may be substantially smaller than UCB’s
regret upper bound if d is much smaller than K. If an algorithm is not well adapted,
we say it is misspecified. For the sake of exposition let’s assume we are in a similar
setting as above, where the learner has access to K arms each of which is associated
with a feature vector z; € R?. Instead of assuming a linear model as before, let’s
instead assume that r; = ((z;,6,))” + & is quadratic. In this case, there is no reason
to believe LinUCB can yield a valid regret guarantee since the underlying linearity
assumption of LinUCB is violated. We say that in this case LinUCB is misspecified.

Consider an instance of LinUCB that instead uses matrix features of the form z;z;".

In this case the quadratic reward is again a linear function of the feature vectors
since ((z,0,))” = (22 ,6,0]). Thus this version of LinUCB with quadratic features
is adapted.

We will assume that all algorithms B; for i € [M] are associated with a putative
regret guarantee U;(t,0) known by the learner and holding with probability 1 — ¢ for
all t € [N] if algorithm i is adapted to the environment at hand. If the learner knew
the identity of the best adapted algorithm i,, it would be able to incur regret of order
U;, (T, ) by playing B;,. The learner’s objective in the model selection problem is to
design a procedure that would allow a learner to incur in regret that is competitive
with the regret upper bound Uj;, (,0) of the best adapted algorithm among those in
{B;}M, so that the regret incurred by the learner up to time 7" scales as a function
of T, the parameters defining B;, and possibly M. From now on we will refer to each
of the M algorithms in B;, as a base algorithm. We will alert the reader if we have a
specific set of M algorithms in mind. In any other case, when we talk about the set
of base algorithms we simply mean a set of M algorithms the learner is hoping to
model select from.

The authors of [49] were perhaps the first to address the bandit model-selection
problem, with a variant of EXP4 master algorithm that works with UCB or EXP3
base algorithms. These results are improved by [5] via the CORRAL algorithm. The
CORRAL algorithm follows the master-base template that we discussed in Chapter 1.
It makes use of a CORRAL master based on a Log-Barrier Online Mirror Descent
algorithm controlling which of the base algorithms to play at any given round. Let p;
be the probability distribution over the M base algorithms given by the CORRAL
master. The learner will then sample an algorithm index j; € [M] with j; ~ p;. and
play the action prescribed by Bj, to collect a reward r,. All algorithms {B,;}, are
then updated using an importance weighted version of r; regardless of whether they
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were selected by the master or not.

Unfortunately, this means that in order to use a base algorithm in CORRAL, this
needs to be compatible with this importance weighting modification of the rewards.
For example, to use UCB as a base, we would need to manually re-derive UCB’s
confidence intervals and modify its regret analysis to be compatible with importance
weighted feedback. The authors show that a base algorithm can be safely combined
with the CORRAL master to yield model selection guarantees provided it satisfies a
stability condition (see Definition 3 in [5]). Verifying that an algorithm satisfies such
stability condition is a cumbersome process that requires a detailed analysis of the
algorithm’s internal workings. In this work we instead focus on devising a black-box
procedure that can solve the model selection problem for a general class of stochastic
contextual bandit algorithms.

Contributions. We focus on the problem of bandit model-selection in stochastic
environments. Our contributions are as follows:

e We introduce Stochastic CORRAL, a two step per round algorithm and an accom-
panying base ”smoothing” wrapper that can be shown to satisfy model selection
guarantees when combined with any set of M stochastic contextual bandit algo-
rithms that satisfy a high probability regret guarantee when adapted. We also
show model selection regret guarantees for Stochastic CORRAL with two distinct
adversarial master algorithms, CORRAL [5] and EXP3.P [13]. Our approach is
more general than that of the original CORRAL algorithm [5] because instead
of requiring each base algorithm to be individually modified to satisfy a certain
stability condition, our version of the CORRAL algorithm provides the algorithm
designer with a generic black-box wrapper that allows to do model selection over
any set of M base algorithm with high probability regret guarantees. Stochastic
CORRAL has another important difference with respect to the original CORRAL
algorithm: instead of importance weighted feedback, the reward r; is sent to algo-
rithm B;,, and only this algorithm is allowed to update its internal state at round
t. The main consequence of these properties of Stochastic CORRAL is that our
model selection strategy can be used with almost any base algorithm developed for
stochastic environments. When the optimal base regret is known, the CORRAL
master achieves optimal regret guarantees. Under certain conditions when the
optimal base regret is unknown EXP3.P can achieve better performance.

e We demonstrate the generality and effectiveness of our method by showing how
it seamlessly improves existing results or addresses open questions in a variety
of problems. We show applications in adapting to the misspecification level in
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contextual linear bandits [42], adapting to the unknown dimension in nested
linear bandit classes [27], tuning the data-dependent exploration rate of bandit
algorithms, and choosing feature maps in reinforcement learning. Moreover, our
master algorithm can simultaneously perform different types of model selection. For
example, we show how to choose both the unknown dimension and the unknown
mis-specification error at the same time. This is in contrast to algorithms that
specialize in a specific type of model selection such as detecting the unknown
dimension [27].

e In the stochastic domain, an important question is whether a model selection
procedure can inherit the O(logT) regret of a fast stochastic base algorithm.
We show a lower bound for the model selection problem that scales as Q(v/T),
which implies that our result is minimax optimal. Our master algorithm requires
knowledge of the best base’s regret to achieve the same regret. We show that this
condition is unavoidable in general: there are problems where regret of the best
base scales as O(T?) for an unknown z, and the regret of any master algorithm
scales as Q(TY) for y > x.

2.2 Problem Statement

Let d, denotes the delta distribution at a. For an integer n, we use [n] to denote
the set {1,2,...,n}. We consider the following formulation of contextual stochastic
bandits. At the beginning of each time-step t, the learner observes a context A,
coming from a set of contexts. After this the learner will select an action a; and
then collect a reward r, = f(A, a;) + &, a noisy quantity that will depends on the
context A;, and the learner’s action a;, a reward function f and a 1—subGaussian
conditionally zero mean random noise random variable &. In this Chapter we will
restrict ourselves to the case where contexts sets A; are all subsets of a context
generating set A. This is in fact a very general scenario that captures all types of
contextual bandit problems ranging from the case of changing linear contexts with
linear rewards, to more general contexts and reward sets studied in works such as [25].
For simplicity we will assume the contexts A4, C R? are parametrized as a subset
of action features. Our formulation allows for the action set to vary in size from
round to round and even to be infinite. For example, the finite linear contextual
bandit setting (where A; = A for all ¢) fits in this setting. Similarly it is easy to see
the linear contextual bandit problem with i.i.d. contexts and K actions can also be
written as an instance of our formulation. In the linear contextual bandit problem
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with K actions the learner is presented at time ¢ with K action-vectors A; = {a;} X,
with a; € R? and the (random) return r, of any action a € A satisfies r, = (a, 0,) +£.
In this work we focus on the setting of stochastic i.i.d. contexts. Let S be the

set of all subsets of A and let Dg be a distribution over S. We assume all contexts

A RS Dg and that f : S x A — R. Let X C A and denote by Ay to the space

of distributions over X'. For any policy 7 : X — Ay. Let’s denote by II as the

space of all policies with domain in Support(Dg). We abuse notation and denote

f(X,7) = Equr [f(X,a)]. Notice that in this case f(X,a) = f(X,d,) for all a € A.
In a contextual bandit problem the learner chooses policy 7; at time ¢, which takes

context set A; € S as an input and outputs a distribution over A;. The learner then

selects an action a; ~ m;(A;) and receives a reward ry such that r, = f(A, dq,) + &
We are interested in designing an algorithm with small regret, defined as

R(T) = maxE ZfAt, =) (AL (2.1)

If for example U;(T,6) = cd;n/Tlog(1/0) for all i € [M] we would like our
algorithm to satisfy a regret guarantee of the form R(7T) < (’)(Mo‘d’f; T'log(1/0))
for some a > 0,3 > 1 and where i, is the index of the best performing adapted base
algorithm B;,. Crucially, we want to avoid this guarantee to depend on other d; > d;,
(if any). From now on we will refer to the policy maximizing the right hand side of
the equation above as 7*. For simplicity we will also make the following assumption
regarding the range of f,

Assumption 2.2.1 (Bounded Expected Rewards). The absolute value of f is bounded
by 1,
<1
max |f(A, )| <
Throughout this work we assume the base algorithms we want to model select
from satisfy a high probability regret bound whenever they are well adapted to their
environment. We make this more precise in definition 2.2.1,

Definition 2.2.1 ((U,0,T)—Boundedness). Let U : R x [0,1] — R*. We say
an adapted algorithm B is (U,0,T)—bounded if with probability at least 1 — 6 and
for all rounds t € [1,T], its cumulative pseudo-regret is bounded above by U(t,d):

Sy F(AL ) — f(ALm) < U(,6).
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We assume that for all i € [M] the base algorithm B; is (U;, ¢, T)-bounded for
a function U; known to the learner?. For example in the Multi Armed Bandit
Problem with K arms the UCB algorithm is (¢y/ KT log(T/0),6,T)—bounded for

some universal constant ¢ > 0.

Original CORRAL

We start by reproducing the pesudo-code of CORRAL [5] (see Algorithm 1) as it will
prove helpful in our discussion of our main algorithm: Stochastic CORRAL. Recall
that CORRAL follows the master-base template that we discussed in Chapter 1.
As we have explained in the previous section we assume there are M candidate
base algorithms and a master algorithm which we denote as M. At time-step ¢
the CORRAL master M selects one of the base algorithms in {B;}¥, according
to a distribution p, € Ay by sampling an index j; ~ p;. The learner plays action
ar ~ mj,(Ay) and receives reward 1, = f(As, 6,,) + & An importance weighted
version of r; is sent out to all base algorithms, after which all of them update their
internal state.

Algorithm 1: Original CORRAL

1 Input: Base Algorithms {8;}}7,, learning rate 7.
Initialize: v =1/T,0 = eﬁ,m’j = n,p{ = 2M,p{ = ?,p{ = 1/M for all
- 1

J € [M].

3 Initialize all base algorithms.

4 fort=1,---,T do

5 Receive context A; ~ Dsg.

6 Receive policy m;; from B, for all j € [M].

7

8

9

N

Sample j; ~ p;.

Play action a; ~ m;,(Ay).

Receive feedback r, = f( Ay, d4,) + &

10 Send feedback ="-1{j = j;} to B; for all j € [M].

Pty

11 Update p¢, 0y, p, and p; to Pia1, Net1, Py and p;;1 via CORRAL — Update

2Recall that in this case the upper bound on the algorithm’s regret is satisfied only when B; is
well adapted to the environment.
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Algorithm 2: Log-Barrier-OMD (py, 44, 1;)

1 Input: learning rate vector 7, previous distribution p; and current loss ¢;
2 Output: updated distribution p;;

3 Find A\ € [min; ¢, ;, max; ¢, ;] such that

M 1 -1
Jj=1 i‘f’ﬁt,j(zt,]‘—)\)

t
4 Return py; such that - = L + N (lr; — N)

J
Pyt 2

Algorithm 3: CORRAL — Update

1 Input: learning rate vector 7, distribution p;, lower bound p, and current
loss ry

2 OQutput: updated distribution p;., learning rate 7, and loss range p;;1

Update p;11 = Log-Barrier-OMD (py, #jtejt7 7).

Set prr1 = (1 — 7)pesr + 777

w

I

5 for j = l,---,Mdo
6 | if p/ >p;, then
7 Set pl | = I%J]tﬂ,j = B,
8 else
9 t Set ]_)ZH = ]_?Z,ntﬂ,j = Nti-
10 Set p{H =L
L Pita
11 Return pyi1, meqa, P,y and P{H-

2.3 The Stochastic CORRAL Algorithm

In order to better describe the feedback structure of Stochastic CORRAL we abstract
the master-base interaction template discussed in Chapter 1 into Algorithms 4 and 5.
As we have mentioned before, one crucial difference between Stochastic CORRAL
and CORRAL is that in Stochastic CORRAL only the state of the base algorithm
whose action was selected is modified. In contrast in the CORRAL algorithm all the
base algorithms’ states are updated at every step.

To make this description more precise we introduce some notation. Each base
algorithm B; maintains a counter s;; that keeps track of the number of times it has
been updated up to time ¢. For any base algorithm Bj;, 7, ; is the policy B; uses at
state s. Let s, ; denote the state of base j at time t. If t; < ¢y are two consecutive
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times when base j is chosen by the master, then base j proposed policy 7, ;; at
time t; and policy Ty, 5 j during all times ¢; +1,..., %y where 54, ; = 54, ; + 1.

Algorithm 4: Master Algorithm

1 Input: Base Algorithms {B;}1, for t=1,--- ,T do

U A~ WN

Sample j; ~ p;.

Play j;.

Receive feedback r, = r¢ j, from playing the action prescribed by B;,
Update master using r;

Algorithm 5: Base Algorithm B;

1 Initialize state counter s =1 for t=1,---,7 do

Receive action set A; ~ Dg

Choose action a; ; ~ 75 ;(Ay)

if selected by master (i.e. j; = j) then
Play action ay;

Receive feedback r; = f( A, 6q,,) + &

© 0 N o A WN

Send 7, ; to the master
Compute gy ; using r ;
s s+1

Regret Decomposition. Let’s introduce the regret decomposition we will make use
of to prove our regret guarantees. This is a similar decomposition as the one appearing
in the proofs of Theorem 4,5 and 7 of [5]. We split the regret R(T") of Equation 2.1
into two terms (I and IT) by adding and subtracting terms {f (A, 7, , i) Hoy

R(T)=E

=K

- T
f Au (Ataﬂ-t)]
| t=1
T T
Zf(At,wW*) FlALm) | 4B D f(ALT) = f(AL T, )
| t=1 t=1

I 11 22)
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Term I is the regret of the master with respect to the optimal base B;,, and term II
is the regret of the optimal base with respect to the optimal policy 7*. Analysis of
term I is largely based on the adversarial regret guarantees of the Log-Barrier-OMD
in CORRAL and of the EXP3.P algorithm.

In order to bound term II we will have to further modify the feedback structure
of Algorithms 4 and 5. In Algorithm 8 from Section 2.4 we introduce a smoothing
procedure that allows any (U, d,T)-bounded algorithm to be transformed into a
‘smoothed’ version of itself such that its conditional expected instantaneous regret
is bounded with high probability during every even step. We name this procedure
‘smoothing’ because it is based on playing uniformly from the set of previously played
policies during the smoothed algorithm’s odd steps. We provide more details in
section 2.4. For now, the main property we are to use from this discussion is that
by smoothing a (U, d, T')-bounded algorithm it is possible to ensure the conditional

expected instantaneous regret of the smoothed algorithm is bounded above by Uit

[

during the /—th even step. The function % can be shown to be decreasing (as a
function of ¢) when U(¢,0) is concave in ¢. In Stochastic CORRAL the smoothing of
base algorithms takes the place of the stability condition required by the CORRAL
algorithm in [5].

Let’s sketch some intuition behind why this decreasing instantaneous regret
condition can help us bound term II. For all i € [M] let {p,...,p%} be the (random)
probabilities used by the Stochastic CORRAL master M (an adversarial master

algorithm) to chose base i during round ¢ and let p, = min, pi. Let’s focus on the

optimal algorithm 4, and assume U,(¢,0) is convex in ¢. Since @ is decreasing,

term II is the largest when base 1, 1s selected the least often. For the sake of the
argument let’s assume that p;* = D, Vt. In this case base ¢ will be played roughly T° P,
times, and will repeat its decisions in intervals of length z%’ resulting in the following

bound:

Lemma 2.3.1 (informal). If regret of the optimal base is (U, T, d)-bounded, then we
have that

1
—U.(Tp,,0)logT

=

E[II] <O (IE

+ 0T (log T + 1)) :

We demonstrate the effectiveness of our smoothing transformation by deriving
regret bounds with two master algorithms: the Log-Barrier-OMD algorithm in
CORRAL (introduced by [5]) which we will henceforth refer to as the CORRAL master
and EXP3.P (Theorem 3.3 in [13]) with forced exploration, a simple algorithm that
ensures each base is picked with at least a (horizon dependent) constant probability
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p which we will henceforth refer to as an EXP3.P master. We now state an informal
version of our main result, Theorem 2.4.11.

Theorem 2.3.2 (informal version of Theorem 2.4.11). If U.(T,d) = O(c(6) T*) for
some function ¢ : R — R and constant o € [1/2,1) and B, is (U, T, J)-bounded, the
regrets of Stochastic CORRAL with an EXP3.P and CORRAL masters are:

Master | Known o and ¢(5) | Known «, Unknown c(9)
EXP3.P | O (Tﬁc(é)ﬁ) 5 (Tﬁc(5)>
CORRAL |  O(T%c(5)) 0 (Tac(a)é>

The CORRAL master achieves optimal regret when « and ¢(9) are known. When
¢(6) is unknown and ¢(§) > T (which is T/ if a = 1/2 or @ = 1/3), then using
an EXP3.P master achievess better regret because O (Tﬁc((S)) <0 (To‘c(é)i).

We complement this result with a couple of lower bounds.

Lower bounds. Theorem 2.5.3 in Section 2.5 shows that if the regret of the best
base is O(T7), in the worst case a master algorithm that does not know x can have
regret Q(TY) with y > x. Theorem 2.5.2 shows that in general it is impossible for any
master algorithm to achieve a regret better than Q(v/T) even when the best base has
regret O(log(T")). When the regret of the best base is O(v/T), CORRAL with our
smoothing achieves the optimal O(v/T) regret.

The detailed description of the aforementioned smoothing procedure, its properties
and the regret analysis are postponed to Section 2.4. We also show some applications
of our model selection results in Section 2.6.

Master Algorithms

Let’s now review the different adversarial bandit algorithms that can be used as a
Master in Algorithm 4.
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CORRAL Master

We reproduce the CORRAL master algorithm below.
Algorithm 6: CORRAL Master

1 Input: Base Algorithms {B;}7Z,, learning rate 7.

2 Initialize: v =1/T,5 = eﬁ,nu =, pl = 2M,p{ = %,p{ = 1/M for all
- 1
je[M]. fort=1,---,T do
3 Sample i; ~ py.
4 Receive feedback 7, from base B;,.
5 Update py, s, b, and py 0 pri1, Meg1, D,y and p;11 using

CORRAL — Update Algorithm 3.

EXP3.P Master

We reproduce the EXP3.P algorithm (Figure 3.1 in [14]) below. In this formulation
we use n = 1,7 =28k and p = 7.
Algorithm 7: EXP3.P Master
Input: Base Algorithms {B; }j]‘il, exploration rate p.
2 Initialize: p] = 1/M for all j € [M].
sfort=1,---,T do
4 Sample i; ~ p;.
5 Receive feedback r; from base B;,.

=

6 Compute the estimated gain for each base j: 7 ; = ”’jl’;—fzﬂm and update
— J»
the estimated cumulative gain R;; = Zizl rs;. for j=1,--- M do
i exp R;,
7 Lpg“_(l_p)sz’:le—)ﬁ%er

2.4 Smoothed Algorithm and Regret Analysis

Non-increasing Instantaneous Regret

We introduce a ”smoothing” procedure (Algorithm 8) which, given a (U, §, T')—bounded
algorithm B constructs a smoothed algorithm B with the property that for some
time-steps its conditional expected instantaneous regret is decreasing. For ease of
presentation and instead of making use of odd and even time-steps in the definition
of B we assume each round ¢ is split in two types of steps (Step 1 and Step 2). We



CHAPTER 2. STOCHASTIC CORRAL 17

will denote objects pertaining to the ¢—th round step 7 using a subscript ¢ and a
superscript (7). The construction of B is simple. The smoothed algorithm maintains
an internal copy of the original algorithm B. During step 1 of round ¢, B will play
the action suggested by its internal copy of B. During step 2 of round ¢, B will
instead sample uniformly from the set of policies previously played by the copy of B
maintained by B during steps of type 1 from all rounds from the start to t.

Let’s define step 2 more formally. If algorithm B is at state s during round ¢,
at step 2 of the corresponding time-step the smoothed strategy will pick an index
q in [1,2, .., s] uniformly at random, and will then re-play the policy B used during
step 1 of round ¢. Since B is (U, 0, T')-bounded we will show in Lemma 2.4.2 that the
expected instantaneous regret of step 2 at round s is at most U(s,d)/s with high
probability.

Algorithm 8: Smoothed Algorithm

1 Input: Base Algorithm B;
2 Let 7, be the policy of B in state s.

Let %ﬁ”, 7 be the policies of B in state s during step 1 and 2 respectively.
Initialize state counter s = 1.

5 for t=1,---,T do

Receive action set Aﬁ” ~ Dg

Let %ﬁl) = 7, from B;.

6 Step 1 | Play action a/” ~ 7" (A4AW).

Receive feedback ri" = f(AM, 5a§1)) +e

Calculate 7,1 of B using rt(l).

=W

Receive action set A?) ~ Dg.

Sample ¢ ~ Uniform(0,--- ,s); Let 7 = 7, from B.
Step 2 | Play action a\” ~ 72 (AP).

Receive feedback ri? = f(AP, 5a§2)) +e8.

7 | Update B’s internal counter s <— s+ 1

It is easy to see that if algorithm B has been played ¢ times (including step 1 and 2
plays), the internal counter of B equals /2. We will make use of this internal counter
when we connect a smoothed algorithm with the Stochastic CORRAL master. We
now introduce the definition of (U, d, T®)—Smoothness which in short corresponds
to algorithms that satisfy a high probability conditional expected regret upper bound
during steps of type 2.



CHAPTER 2. STOCHASTIC CORRAL 18

Definition 2.4.1 ((U, 9, T®)—Smoothness). Let U : R x [0,1] — R*. We say a
smoothed algorithm B is (U, 8, T®)—smooth if with probability 1 —6 and for all rounds
t € [T], the conditional expected instantaneous regret of Step 2 is bounded above by

U(t,5)/t:

* 2\ T U(t7 6)
EA/;NDSJQ(Q):ﬂ’q s.t. g~Uniform(0,---,s) [f<"4'/’ n ) - f(A/7 7715 ))lﬂ—l] S

t

., Vt e [T].
(2.3)

Where Fi_1 —U({Ae ,7r€ ,7‘2 ,a,Z }get 1,ieq1, 2},U{A@ ,7r1Z ,rél),a§ )}> is the sigma

algebra generated by all contexts, rewards, policies and actions up to time t step 1.

During all steps of type 2 algorithm B replays the policies it played as a result
of encountering contexts AP, ...,Asl). In Lemma 2.4.2 we will use the fact that
all contexts are assumed to be generated as i.i.d. samples from the same context
generating distribution Dg to show that B is (U, d, T®)—smooth.

With this objective in mind let’s analyze a slightly more general setting. Let
B be a (U,§,T)—bounded algorithm playing in an environment where the high
probability regret upper bound U holds. Let’s assume that B has been played for ¢
time-steps during which it has encountered i.i.d. generated contexts Ajy,--- ,A; and
has played actions sampled from policies 7y, --- , 7. Similar to the definition of F; 4
in Definition 2.4.1, let’s define F;_1 = o ({Ag,%g,rg,ag}ge[t_l]), the sigma algebra
generated by all contexts, rewards, policies and actions up to time ¢ — 1. We define
the “expected replay regret” Replay(t|F;_1) as:

Replay(t[F;—1) = E. .. Z FOAL T — f(ALm) (2.4)

Where AY,--- | A} are i.i.d. contexts from Dg all of them conditionally independent
from F;. It is easy to see that the conditional instantaneous regret of a smoothed
algorithm B during round ¢ step 2 equals the expected replay regret Replay(t|.E 1)
of the B copy inside B. _

As a first step in proving that B is (U, §, 7®)—smooth in Lemma 2.4.2 we show
the replay regret of a (U, d,T)-bounded algorithm satisfies a high probability upper
bound.

Lemma 2.4.2. [f B is (U,d,T)—bounded with U(t,d) > 84 /tlog(%) and the rewards

satisfy Assumption 2.2.1, then with probability at least 1 —6 for allt € [T] the expected
replay regret of B satisfies:

Replay(t|F;_1) < 4U(t,0) + 20t.
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Furthermore, if § < \/LT then Replay(t|F;—1) < bU(t,0).

Proof. Let’s condition on the event & that B’s plays satisfy the high probability
regret guarantee given by U:

> HAL ) = f(ALm) < U, 6). (2.5)

For all t € [T] and where A;,--- , A; are the contexts algorithm B encountered up to
time t. Since B is (U, 0, T)—bounded it must be the case that P (&) > 1 — 4.

Let Af,- -+, A} be a collection of ¢ fresh i.i.d. contexts from Dg independent from
F;. We now use martingale concentration arguments to show that 3r_, f(A;, 7*) ~
S (AL and S, f(ALm) = S, f(Al,m). Consider the following two

martingale difference sequences:

{Mll :
{Ml2 :

(A7) = F(AL T}
(AL m) — f(A,m)},

Since by assumption max 4 . |f(A’, 7)] < 1 each term in {M}'} and {M}?} is bounded
and satisfies max (| M} |, [M?]) < 2 for all . A simple use of Azuma-Hoeffding yields:

8t2 8t log () 5
> — )| < el = =
IP( > > 8tlog<5)> _2exp< ” 12

t
> M
=1

Summing over all ¢, and all 4 € {1, 2}, using the fact that 3, , %+ < 2 and the union
bound implies that for all ¢, with probability 1 — 9,

f
f

t

D) = S| < sl () (26)
D) = A )| < st (%) (27)
(2.8)

Denote this event as &. We shall proceed to upper bound the replay regret. Let’s
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condition on & N &. The following sequence of inequalities holds,

Zf( L) = fAL ™) <Zf (A, %) = f(A,m) +
I=1
Z.f Ah - 19 *)

£2
< U(t,9) +24/8tlog (85 >

Zf Al,/ﬂl gaﬂ_l) +

For all ¢ € [T]. Inequality (i) follows by the triangle inequality while (ii) is a
consequence of conditioning on & N & and invoking inequalities 2.5, 2.6 and 2.6. We
conclude that with probability at least 1 — 26 and for all ¢ € [T],

;f( L) — (AL, m) U, 0) +2 8t10g(85>

Since we have assumed that U(t,0) > 8 tlog(%), averaging out over the randomness
in {A)}/_; yields that conditioned on &,

Replay(t|Fi—1) < 4(1 —25)U(t,0) + 20t < 4U(t,0) + 20t.
It is easy to see that in case § < \F then Replay(t|F;—1) < 5U(t,9). O

In Propositon 2.4.3 we show that if B is bounded, then B is both bounded and
smooth. We will then show that several algorithms such as UCB, LinUCB, e-greedy
and EXP3 are (U, 6, T)-bounded for appropriate functions U. By Proposition 2.4.3
we will then conclude the smoothed versions of these algorithms are smooth.

Proposition 2.4.3. IfU(t,0) > 8\/t10g( ), d < \F the rewards satisfy Assump-

tion 2.2.1 and B is (U, 9, T)—bounded, then B is (5U, 6, T®)—smooth and with proba-
bility at least 1 — 394,

ST AR ) = AP 1) < TU(R, 6) log (1),

=1 ic{1,2}

for all t € [T.
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Proof. Let & denote the event that B’s plays during steps of type 1 satisfy the high
probability regret guarantee given by U:

Zf AN 7y = fAD D) < U, 9). (2.9)

for all t € [T]. Since the conditional instantaneous regret of Step 2 of round ¢
equals the average replay regret of the type 1 steps up to ¢, Lemma 2.4.2 implies
that whenever & holds (see definition for & in the proof of Lemma 2.4.2) which
occurs with probability at least 1 — 0, the conditional expected instantaneous regret
satisfies: E[f(A’, 7%) — f(A, 7| Fiy] < 5U(t % for all t € [T]. This shows that B is
(5U,6, T®)—smooth.

It is easy to see that if we condition on & N &; the conditional expected instanta-
neous regret of steps of type 2 satisfy,

SCE[F(A, 7) — A, 7)) Fi] §Z5U 5U(L0)log(t)  (2.10)

For all t € [T]. We now show the regret incurred by B satisfies a high probability
upper bound. To bound the regret accrued during time-steps of type 2, consider the
following Martingale difference sequences,

(M = B A B - FAP 7))

=1

{07 = BIf(A. ) Fit) — SAP )}

=1

As a result of Assumption 2.2.1, |M}| < 2 for all i € {1,2} and therefore a simple use
of Azuma-Hoeftding’s inequality ,

t 8t2
. 8t2 8tlog () )
P M| >4 [8t] — <2 ) =
(o] e () oo (252 -5
Summing over all ¢, applying the union bound, using the fact that Zle t% < 2 implies
that for all t € [T], with probability 1 — 9,
* T * 8t2
SOEIFA. ) - S APl = FAD 70— FAR ) < o ()

<U(t6)  (2.11)
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Let’s denote as & the event where Equation 2.11 holds. If & N &3 occur, then
combining the upper bounds in 2.10 and 2.11 we conclude that,

> AP ) = FAP 7P) < 6U(t,6) log(t)
=1

combining this last observation with Equation 2.9, we conclude that for all ¢t with
probability at least 1 — 30,

ST AT ) = FAY, 7)) < TU(6,) log()

I=1 ic{1,2}
For all ¢t € [T]. The result follows. O

It remains to show how to adapt the feedback structure of the Stochastic CORRAL
master to deal with the two step nature of smoothed algorithms. We reproduce the
full pseudo-code of the Stochastic CORRAL master adapted to smoothed algorithms
below,

Algorithm 9: Smooth Stochastic CORRAL Master Algorithm

1 Input: Smoothed Base Algorithms {gj}jﬂil, bias functions {b; : N — R},

2 for t=1,--- T do

3 Sample j; ~ p;.

4 Play j; for Steps 1 and 2.

5 Receive feedback rt(l) and rf) from Steps 1 and 2 when executing gjt'

6 Let s;, be the internal step counter of algorithm Ejt as defined in
Algorithm 8.

7 Update p; using 27“,52) — b, (s5,)

For reasons that have to do with the analysis, Algorithm 9 has a few extra features
not present in the master-base template of Algorithm 4. First, whenever the smooth
stochastic corral master selects an algorithm j; it plays it for two steps, thus coinciding
with B;,’s two time step structure. Second, it updates its distribution p; using the
feedback 27“752) —b;,(sj,) instead of using the sum rﬁl) + Tt(Q). Most notably, the update
makes use of a bias adjustment to the reward signal that is not present in the original.

The reason behind this modification will become clearer in the regret analysis.

Applications of Proposition 2.4.3

We now show the smoothed versions of several algorithms satisfy Definition 2.4.1 by
showing they are (U, d,T)—bounded for an appropriate upper bound function U. We
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focus on algorithms for the k—armed bandit setting and the contextual linear bandit
setting.

Lemma 2.4.4 (Theorem 3 in [1]). In the case of changing and potentially infinite
contexts of dimension d, LinUCB is (U, 8, T)-bounded with U(t,8) = O(dv/tlog(1/9)).

Lemma 2.4.5 (Theorem 1 in [19]). In the case of finite linear contexts of size k and
dimension d, LinUCB is (U, 5, T)-bounded with U(t,5) = O(v/dt1log® (kT log(T)/5)).

Lemma 2.4.6 (Theorem 1 in [58)). In the k—armed adversarial bandit setting Exp3
is (U, 8, T)—bounded where U(t, ) = O(Vtklog ).

Lemma 2.4.7. In the stochastic k—armed bandit problem, if we assume the noise & is

conditionally 1-sub-Gaussian, UCB is (U, 8, T)-bounded with U(t,8) = O(v/tklog %).

Proof. The regret of UCB is bounded as Zi:Ai>0 (SAi + % log K—%) (Theorem 7 of

[1]) where A; is the gap between arm i and the best arm. By substituting the
worst-case A; in the regret bound, U(T, ) = O(v/Tklog ZE). O

For the remainder of this section we focus on showing that in the stochas-
tic k—armed bandit problem, the e-greedy algorithm (Algorithm 1.2 of [60]) is
(U, T,5)—bounded. At time ¢ the e-greedy algorithm selects with probability €, =
min(c/t, 1) an arm uniformly at random, and with probability 1 — ¢, it selects the arm
whose empirical estimate of the mean is largest so far. Let’s introduce some notation:
we will denote by g, - - -, s the unknown means of the K arms use the name ﬁ;t) to
denote the empirical estimate of the mean of arm j after using ¢ samples.

Without loss of generality let u; be the optimal arm. We denote the sub-optimality
gaps as A; = puy — p; for all j € [k]. Let A, be the smallest nonzero gap. We follow
the discussion in [9] and start by showing that under the right assumptions, and for
a horizon of size T', the algorithm satisfies a high probability regret bound for all
t < T. The objective of this section is to prove the following Lemma:

2
Lemma 2.4.8. If ¢ = %&Ts/ﬂg for some v € (0,1) satisfying v < %, then

e—greedy with € = § is (U, 0, T)—bounded for § < ?i where

30klog(L) (<~ A,
U(z,a):T5 ZA;+AJ- log(t 4 1).

3This choice of c is robust to multiplication by a constant.
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Proof. Let E(t) = & >",_, & and denote by T;(t) the random variable denoting the
number of times arm j was selected up to time t. We start by analyzing the probability
that a suboptimal arm j > 1 is selected at time ¢:

P(j is selected at time t) < % + (1 — 2) P (ﬁ(.TJ'(t)) > ﬁng(t))) (2.12)

Let’s bound the second term.

(T N A; Aj
P(ME.TJ(t))>/VL(T1 ><]P< T(t))ZMj+ 2)+]P’< Tl(t))glul_%)

The analysis of these two terms is the same. Denote by T*(t) the number of times
arm j was played as a result of a random epsilon greedy move. We have:

. A'
P (5 2+ ) = ZP( )= Land 70 = gy + )

Inequality a is a consequence of the Azuma-Hoeffding inequality bound. Inequality
b follows because Y 7, exp(—al) < Lexp(—aF). Term (1) corresponds to the
probability that within the interval [1,--- ,¢], the number of greedy pulls to arm j is
at most half its expectation. Term (2) is already "small”. Lets proceed to bound (1).

Let €, = min(c/t,1). with ¢ = %%Tgm for some v € (0, 1) satisfying v < A7, We'll
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show that under these assumptions we can lower bound E(t). If ¢t > %&TW

5log (T3 51og(T3/§ L1
kal g/v)Jr g(17/9) v !

AQ
* 1=log (T /)
S 5log(T?/y) | 5log(T®/v)log(t)
=T Az A2
o 5log(T%/)
> AZ

By Bernstein’s inequality (see derivation of equation (13) in [9]) we can upper bound
Tf(t):
P (TF(t) < E(t)) < exp(—E(t)/5) (2.13)

3
Hence for t > %%T/v):

v\ 2z
P (TR < B@) < (5)°
And therefore since E(t) <T and 3~ > 1 we can upper bound (1) as:

B (TR0 < [B0)) < (%) < 2

Now we proceed with term (2):

: @ 2 5. [T\ A2
A7 (—A2[B(t)]/2) < A7 O <_§10g ( : > Aé)

2 T3
A2 exp | —log 7

—A%(%Y’

(0)
< L
S 73
The first inequality (a) follows because E(t) > w Inequality (b) follows

because by the assumption v < 7 the last term is upper bounded by 75

By applying the union bound over all arms 7 # 1 and time-steps t > %%TBM,

we conclude that the probability of choosing a sub-optimal arm 7 > 2 at any time
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10k log(T"/7) 102(;3/ ) as a greedy choice is upper bounded by 2 < & In other

10k log(T2/v)
A2

time ¢ for ¢t >

words after t > rounds, with probability 1 — % sub-optimal arms are only

chosen as a result of random epsilon greedy move (occurrmg with probability €;).
A similar argument as the one that gave us Equation 2.13 can be used to upper
bound the probability that T7() be much larger than its mean:

P (TR(t) > 3E())) < exp(~E(1)/5)

Using this and the union bound we see that with probability more than 1 — k—:ﬂ- and for
all t € [T] and arms j € [k], T*(t) < 3E(t). Combining this with the observation that

after t > %&TSM) and with probability 1 — k% over all ¢ simultaneously regret is

only incurred by random exploration pulls (and not greedy actions), we can conclude

10k log(T3 /)
AZ

that with probability at least 1 — %TW simultaneously for all ¢ > the regret

incurred is upper bounded by:

10klog(T3/7) 1 < i

9
\

Term (7) is a crude upper bound on the regret incurred in the first %(QTSM) rounds
and (i7) is an upper bound for the regret incurred in the subsequent rounds.

Since E(t) < Mk’i—T” log(t) we conclude that with probability 1 — %—7 for all
t < T the cumulative regret of epsilon greedy is upper bounded by

k

30K log(T?/~) (Z % + Aj> max(log(t), 1),

=2

the result follows by identifying § = ~/T3.
O

Lemma 2.4.8 gives us an instance dependent upper bound for the e—greedy
algorithm. We now show the instance-independent high probability regret bound for
e-greedy:

Lemma 2.4.9. If c = IOkff D then e— greedy with ¢, = ¢ is (6,U,T)—bounded for
< ﬁ and:

1. U(t,8) = 164/log(3)t when k = 2.
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1/3
2. U(t,5) = 20 (k log(2) (zj.;? Aj)) 123 when k > 2.

Proof. Let A be some arbitrary gap value. Let R(t) denote the expected regret up
to round ¢. We recycle the notation from the proof of Lemma 2.4.8, recall § = v/T3.

= Y AE[T(0]+ > AE[T

A;<A Aj>A
<AL+ Y AE[T(1)]
A;>A
ELA
< At 30klog(T?/9) | D A—; A; | log(t)
Aj>A T

k
< At + 30k log(T2/~) Z
A;>A

*l\)

+30klog(T/y) log(t) [ D~ A; | (2.14)
A >A

When k =2, Ay = A, and therefore (assuming A < Ay):

klog(T3
R(t) < At + W + 30k log(T? /) log(t) Ag
2

30k log(T3/v)

< At+ A + 30k log(T* /) log(t) A,

A

< V/30klog(T3/~)t + 30k log(T* /) log(t) Ay
B

< 8V klog(T?/v)t

< 164/log (T3 /v)t

Inequality A follows from setting A to the optimizer, which equals A = 4/ w.
The second inequality B is satisfied for T" large enough. We choose this expression for
simplicity of exposition.

When k£ > 2 notice that we can arrive to a bound similar to 2.14:

k

A, -
R(t) < At+30klog(T*/) | Y <5 | +30klog(T*/7)log(t) | > A
A;>A A;>A

Where A, is substituted by A. This can be obtained from Lemma 2.4.8 by simply
substituting A, with A in the argument for arms j: A; > A.
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We upper bound ZAJ_ZA A; by Z;C:Q A;. Setting A to the optimizer of the

30k log(T° /7) (S8 _, A,
t

1/3
expression yields A = ( )) , and plugging this back into the

equation we obtain:

k 1/3 k
R(t) <2 (3% log(T? /) (Z Aj> ) 23 4+ 30k log(T® /~) log(t) (Z Aj>

=2 j=2
. . 1/3
<20 (kz log(T? /%) (Z Aj)> £%/3

j=2

The inequality £ is true for 7" large enough. We choose this expression for simplicity

of exposition.
]

Regret Analysis

In this section we go back to sketch the proof of Theorem 2.3.2 by explaining how to
bound terms I and II in the regret decomposition of Equation 2.2.

Bounding Term I. Recall that Algorithm 9 only sends the smoothed reward of
Step 2 to the master while the base plays and incurs regrets from both Step 1 and Step
2. We show in Section 2.7 that this does not affect the regret of the master significantly.

e[

40nInT"

For CORRAL with learning rate n, E[I] < O (\/ MT + % + Tn) - For

EXP3.P with exploration rate p, E[I] < O(VMT + % + MTp).

Bounding Term II. This quantity represents the regret of the base 4, when it only
updates its state when selected. We assume smoothed base algorithm B;, satisfies the
smoothness and boundedness in Definitions 2.2.1 and 2.4.1. For the purpose of the
analysis we declare that when a smoothed base repeats its policy while not played,
it repeats its subsequent Step 2 policy (Algorithm 8). This will become clearer in
Section 2.7. Since we select gi* with probability P, it will be updated every 1/ P

time-steps and the regret upper bound will be roughly 1% Ui, (TQZ, ,0).
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EXP3.P CORRAL

5(\/W+MTp+To‘paflc(5)> 9) (\/W—i—%—i—Tn%—Tc((F)énl?Ta)

O (VMT + M= T75e(9)77 ) | O (VMT + MoT' 2 + MeT*c(s))
O (\/W + M%Tﬁc((s)) 5] (W 4 MeT e Ml—aTac(a)é)

Table 2.1: Comparison of model selection guarantees for Stochastic CORRAL between
the EXP3.P and CORRAL master. The top row shows the general regret guarantees.
The middle row shows the regret guarantees when « and ¢(9) are known. The bottom
row shows the regret guarantees when « is known and ¢(4) is unknown.

Theorem 2.4.10. We have that E[II] < O (E [pi_ Ui(Tp., 8)log T] + 6T (log T + 1)).
Here, the expectation is over the random variable p,- IfU(t,6) = t%c(8) for some

a € [1/2,1) then, E[I] < O (Tac(a)E L}%} + 6T (log T + 1)).

Total Regret. Adding Term I and Term II gives us the following worst-case model
selection regret bound for the CORRAL master (maximized over p. and with a

chosen 7)) and the EXP3.P master (with a chosen p):

Theorem 2.4.11. If a base algorithm is (U,0,T)-bounded for U(T,0) = T%c(6) and
some « € [1/2,1) and the choice of 6 = 1/T, the regret of the Smooth Stochastic

CORRAL (Algorithm 9) where b;(s) = @ is upper bounded by:

2.5 Lower Bound

In stochastic environments, algorithms such as UCB can achieve logarithmic regret
bounds. Our model selection procedure however has a O(v/T) overall regret. In
this section, we show that in general it is impossible to obtain a regret better than
Q(V/T) even when the optimal base algorithm has 0 regret. In order to formalize this
statement, let’s define a model selection problem formally.

Definition 2.5.1 (Model Selection Problem). We call a tuple ({B;}M,, Env) a model
selection problem where {B;}M, is a set of M base algorithms and Env is a bandit
environment®.

4For example if M = 2 ({UCB, LinUCB}, MAB) is a valid Model Selection Problem
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Theorem 2.5.2. Let T' € N. For any model selection algorithm there exists a
corresponding model selection problem ({B1,Ba}, Env) such the regret of this model

T
log(T)

selection algorithm is lower bounded by R(T) = Q <

Proof. Consider a stochastic 2-arm bandit problem where the best arm has expected
reward 1/2 and the second best arm has expected reward 1/4. We construct base
algorithms By, By as follows. B; always chooses the optimal arm and its expected
instantaneous reward is 1/2. B, chooses the second best arm at time step t with
probability \/ﬁbg( 9 (¢ will be specified later), and chooses the best arm otherwise.

The expected reward at time step t of By is % — Wg(tﬁ)'

Let A* be uniformly sampled from {1,2}. Consider two environments v; and v,
for the master, each made up of two base algorithms gl, gz. Under v, gl and gz are
both instantiations of B;. Under vy, B4~, where A* is a uniformly sampled index in
{1,2}, is a copy of By and Bs_4- is a copy of Bs.

Let P;, Py denote the probability measures induced by interaction of the master
with 14 and v, respectively. Let By, denote the base algorithm chosen by the master
at time ¢. We have Py (A4, # A*) = 3 for all ¢, since the learner has no information
available to identify which algorithm is considered optimal. By Pinskers’ inequality
we have

Po(Ap # A™) > Py (A, # A7) — %KL(]PHHPz)

By the divergence decomposition [see 41, proof of Lemma 15.1 for the decomposition

technique] and using that for A < ; KL(i, 5 —A) < 3A% (Lemma 2.8.3), we have
1 11 c
KL(P,||Py) = KL
(P1]IP) Z;z (2 2 \/t+1log(t—|—1))

o0

B PR
T otlog(t)r T

Picking ¢ = /4 leads to Py(A; # A*) >
bounded by

%, and the regret in environment v, is lower

) > S Py(A, £
Z 24 7 A) = log(t+1)

c T 1 \/T
_4log(T+1);\/t—|——1:Q< )-
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]

CORRAL needs knowledge of the best base’s regret to achieve the same regret.
The following lower bound shows that this requirement is unavoidable:

Theorem 2.5.3. Let Alg be a model selection algorithm. There exists_a model
selection problem with two base algorithms where the best base has regret O(T*) for
some 0 < x < 1 such that if Alg has no knowledge of © nor of the reward of the best
arm, then there erists a potentially different model selection problem where the best
base also has regret O(T™) but the model selection regret guarantee of Alg is lower
bounded by QUTY) with y > x.

Proof. Let the set of arms be {a;,as,as}. Let z and y be such that 0 < x <y < 1.
Let A = T*~1+W=2)/2 Define two environment &, and &, with reward vectors {1,1,0}
and {1+ A, 1,0} for {ay, as, as}, respectively. Let B; and By be two base algorithms
defined by the following fixed policies when running alone in &; or &:

as w.p. 1 —T%1 as w.p. 1 —Tv1!
7r1 = r—1 7 7[_2 = *
as W.p. T

We also construct base B defined as follows. Let ¢; > 0 and €3 = (y — ) /4 be two
constants. Base B, mimics base By when t < ¢,T* ¥+ and picks arm a; when
t > coT* YFT1+e2 The instantaneous rewards of B; and B, when running alone are
ri=1—T"1 andr? =1—TY"! for all 1 <¢ < T. Next, consider model selection
with base algorithms B; and By in &;. Let T} and T, be the number of rounds that
By and B, are chosen, respectively.

First, assume case (1): There exist constants ¢ > 0, ¢ >0, p € (0,1), and Ty > 0
such that with probability at least p, Ty > ¢T* ¥+ for all T' > Ty,

The regret of base B; when running alone for 7 rounds is 7' - 7%~ ! = T*. The
regret of the model selection method is at least

p- Ty - Tyfl >p- CTxnyrlJre . Tyfl =p-c- Tate

Given that the inequality holds for any T" > Tj, it proves the statement of the lemma
in case (1).
Next, we assume the complement of case (1): For all constants ¢ > 0, € > 0,
p € (0,1), and Ty > 0, with probability at least p, Tp < cT* ¥+ for some T > Tp.
Let T be any such time horizon. Consider model selection with base algorithms
B, and B, in environment & for 1" rounds. Let 77 and 73 be the number of rounds
that B; and B are chosen. Note that B, and B} behave the same for ¢, 7 ¥T17¢ time
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steps, and that B, and B, never choose action a;. Therefore for the first co7*¥+1+e
time steps, the model selection strategy that selects between By and B in & behaves
the same as when it runs By and By in & . Therefore with probability p > 1/2,
Ty < coT* vH*e which implies T} > T'/2.

In environment &, the regret of base B! when running alone for 7" rounds is
bounded as

S5z—y

(A + Ty_l)CQTm_y—Fl—’—% = CQT 4

FaT < 2T
Given that with probability p > 1/2, T] > T'/2, the regret of the learner is lower
bounded as,

z+y

p(A+T"71)- T,

N N

y—x T
(Tx—l—i—T + T:c—l) X 5

<1
2

DN | —

>
which is larger than the regret of ) running alone because 3213/ < w—;y The statement
of the lemma follows given that for any T}, there exists T > T} so that the model
selection fails. ]

2.6 Applications of Stochastic CORRAL

Misspecified Contextual Linear Bandit

We consider model selection in the misspecified linear bandit problem. The learner
selects an action a; € A; and receives a reward 7; such that |E[r,] — a] 0] < e, where
0 € R? is an unknown parameter vector and e, is the misspecification error. For this
problem, [69] and [42] present variants of LinUCB that achieve a high probability
O(dv/T + €,/dT) regret bound. Both algorithms require knowledge of e, but [42]
show a regret bound of the same order without the knowledge of ¢, for the version
of the problem with a fixed action set A; = A. Their method relies on G-optimal
design, which does not work for contextual settings. It is an open question whether it
is possible to achieve the above regret without knowing e, for problems with changing
action sets. _

In this section, we show a O(d\/T +eNdT ) regret bound for linear bandit problems
with changing action sets without knowing €,. For problems with fixed action sets,
we show an improved regret that matches the lower bound of [41].

Given a constant E so that |e,| < FE, we divide the interval [1, E] into an
exponential grid G = [1,2,22, ..., 21°8(F)]. We use log(F) modified LinUCB bases, from
either [69] or [42], with each base algorithm instantiated with a value of € in the grid.
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Theorem 2.6.1. For the misspecified linear bandit problem described above, the regret
of Stochastic CORRAL with a CORRAL master using learning rate n = ﬁ and
LinUCB base algorithms with target misspecification level € € G, is upper bounded by
O(dVT +€,/dT). In the case of a fived action linear bandit problem with k arms and
Vk > d, the regret of Stochastic CORRAL with a CORRAL master using learning

rate n = ﬁ applied to a set of base algorithms consisting of one UCB base and one

G-optimal base algorithm [42] is upper bounded by 0] (min (gﬁ, dVT + e*\/ET>>.

Proof. From Lemma 2.4.7, for UCB, U(T,§) = O(VTklog %) Therefore from
Theorem 2.4.11, running CORRAL with smooth UCB results in the following regret
bound:

~ MInT Tk\?
O(\/MT+ nn +Tn+T(\/Elong) 77>+5T.

If we choose § = 1/T and hide some log factors, we get 9] (\/T + % + Tkn).

For the LinUCB bases in [42] or [69] or the G-optimal algorithm [42], U(t,0) =
O(dv/tlog(1/8) + eV/dt). Substituting § = 1/T into Theorem 2.4.11 implies:

4T M MInT p
< — _
R(T)_O(\/MTlog( 5 )+ 7 +Tn> ELlOnlnT 2pU(T/p,5)logT] + 0T

~ MInT T T
<O(VMT+ =22 1) —E|—L— —2p(dy| = log(1/8) + eVd—)log T
i 40nInT P )

~ MInT
<0 (\/MT—i— nn + Tn> “E [40n‘inT — 2d+\/Tplog(1/5) logT} +2¢VdT log T

Maximizing over p results in a regret guarantee of the form 0] <\/T + % +Td*n + E\/ET) .

For the misspecified linear bandit problem we use M = O(log(T")) LinUCB bases
with € defined in the grid, and choose n = ﬁ. The resulting regret for Stochastic

CORRAL is of the form O (\/Td + 6\/C_ZT>.

When the action sets are fixed, by the choice of n = ﬁ, the regret of Stochastic
CORRAL with a CORRAL master over one UCB and one G-optimal base equals:

6(min{ﬁ<d+§) ,\/Td+e\/&T}> .

If vk > d, the above expression becomes O (min <ﬁ§, VTd+ (—:\/ET)) O
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Observe that in the case of a fixed action linear bandit problem, the regret upper
bound we achieve for Stochastic CORRAL with a CORRAL master and a learning

rate of n = ﬁ is of the form O <min (%\/T, dVT + e*\/c_lT>>. The product of the

terms inside the minimum is of order (5(kT) This result matches the following lower
bound that shows that it is impossible to achieve O(min(vVAT, dv/T + ,/dT)) regret:

Lemma 2.6.2 (Implied by Theorem 24.4 in [41]). Let R,(T') denote the cumulative
regret at time T on environment v. For any algorithm, there exists a 1-dimensional
linear bandit environment vy and a k-armed bandit environment vy such that R, (T) -

Ro,(T) > T(k — 1)e2.

Experiment (Figure 2.1). Let d = 2. Consider a contextual bandit problem with
k = 50 arms, where each arm j has an associated vector a; € R? sampled uniformly
at random from [0, 1]¢. We consider two cases: (1) For a # € R? sampled uniformly at
random from [0, 1]%, reward of arm j at time ¢ is a; 6 41, where 7, ~ N(0,1), and (2)
There are k parameters u; for j € [k] all sampled uniformly at random from [0, 10],
so that the reward of arm j at time ¢ is sampled from N(p;,1). We use CORRAL
with learning rate n = ﬁ and UCB and LinUCB as base algorithm. In case (1)
LinUCB performs better while in case (2) UCB performs better. Each experiment is

repeated 500 times.

Contextual Bandits with Unknown Dimension

We consider model selection in the nested contextual linear bandit problem studied
by [27]. In this problem the context space A C R”. Each action is a D—dimensional
vector and each context A; is a subset of RP. The unknown parameter vector
0, € RP but only its first d, coordinates are nonzero. Here, d, is unknown and
possibly much smaller than D. We assume access to a family of LinUCB algorithms
{B;}}, with increasing dimensionality d;. Algorithm i is designed to ’believe’ the
unknown parameter vector 6, has only nonzero entries in the first d; entries. In [27]
the authors consider the special case when |A;| = k < oo for all £. In order to obtain
their model selection guarantees they require a lower bound on the average eigenvalues
of the covariance matrices of all actions. In contrast, we do not require any such
structural assumptions on the context. We provide the first sublinear regret for this
problem when the action set is infinite. Further, we have no eigenvalue assumptions
and our regret does not scale with the number of actions k.
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Arms with linear rewards. Arms with non-linear rewards.

Figure 2.1: CORRAL with UCB and LinUCB bases. Shaded regions denote the
standard deviations.

We use LinUCB with each value of d € [1,2,22, ...,2°¢(P)] as a base algorithm for
CORRAL and EXP3.P. We also consider the case when both the optimal dimension
d. and the misspecification €, are unknown: we use M = log(F) - log(D) modified
LinUCB bases (see the discussion on Misspecified Contextual Linear Bandits above)
for each value of (e, d,) in the grid [1,2,22,...,2"98(F)] x [1,2,22, ..., 218(P)],

From Lemma 2.4.4 and Lemma 2.4.5, for linear contextual bandit, LinUCB is
(U, 8, T)-bounded with U(t,§) = O(dv/tlog(1/§)) for infinite action sets and U(t, ) =
O(Vdtlog® (kT log(T)/6)) for finite action sets. Choose § = 1/T and ignore the log
factor, U(t,8) = O(dv/t) for infinite action sets and U (¢, ) = O(v/dt) for finite action
sets. Then U(t) = ¢(6)t* with o = 1/2 and ¢(6) = O(d) for infinite action sets, and
¢(8) = O(v/d) for finite action sets.

Now consider the misspecified linear contextual bandit problem with unknown d,
and €,. We use the smoothed LinUCB bases [42, 69]. Using the calculation in the
proof of Theorem 2.6.1 in Section 2.6, using CORRAL with a smooth LinUCB base

with parameters (d, €) in the grids results in 9) (}7 + Td*n + ex/c_iT> regret. Since d is
unknown, choosing n = 1/\/T yields the regret 9) <\/Tdi + ex/c_lT>. Using EXP3.P
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with a smooth LinUCB base with parameters (d, €) in the grids results in:
R(T) =0 <\/W + MTp+ }3 + %Ui(Tp, 5)) .
=0 <\/W+MTp+]%+% (d\/T_ere\/c_lTp)) .
-0 <\/W+MTp+¥+e\/§T> .

Since d, is unknown, choosing p = T3 yields a 5(T§d* + €,/dT) regret bound.
We summarize our results in the following table:

. . Misspecified linear
Linear contextual bandit contextual bandit
Unknown d,
Finite action sets Infinite action sets Unknown d, and e.
O(T2/3K3d%) or
27 ~ N/A N/A
127] O(kYAT3/* + VETd,) / /
— 1 p =
EXP3.P O(d2T?) O(d,T3) O(T3d, + e,V/dT)
CORRAL ) (d*\/T) 0 (dzﬁ) ) (ﬁdz n e*\/8T>

Non-parametric Contextual Bandit.

We study model selection in the setting of non-parametric contextual bandits.[29]
consider non-parametric stochastic contextual bandits. At time ¢ and given a context
r; € RP the learner selects arm a; € [k] and observes the reward f(ay, z¢) + &, where
& is a 1-sub-Gaussian random variable and for all a € [k], the reward function f(a, -)
is L—lipschitz in the context o € RP. It is assumed that the contexts arrive in an IID

fashion. [29] obtain a O (T%> regret for this problem. Similar to [27], we assume
that only the first d, context features are relevant for an unknown d, < D. It is

important to find d, because T% < T%. Stochastic CORRAL can successfully
adapt to this unknown quantity: we can initialize a smoothed copy of Algorithm 2 of
[29] for each value of d in the grid [b°,b', b, ..., b°&(P)] for some b > 1 and perform
model selection with CORRAL and EXP3.P with these base algorithms.

EXP3.P CORRAL

Nonparametric contextual | ~ ¢ 1bdey 1 ~ [ 1+42bd,
+bdx " 3(2+bdx) bd+

bandit with unknown d. 0 (T ) 0 <T o )
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Tuning the Exploration Rate of e-greedy

We study the problem of selecting for the optimal scaling for the exploration probability
in the e-greedy algorithm. Recall that for a given positive constant ¢, the e-greedy
algorithm pulls the arm with the largest empirical average reward with probability
1 — ¢/t, and otherwise pulls an arm uniformly at random. Let ¢, = ¢/t. It can
be shown that the optimal value for ¢, is min{1, g—lgt where A, is the smallest gap
between the optimal arm and the sub-optimal arms [41]. With this exploration rate,
the regret scales as (5(\/T ) for k = 2. We would like to find the optimal value of ¢
without the knowledge of A,. In this discussion we show it is possible to obtain such
result by applying CORRAL to a set of e-greedy base algorithms each instantiated
with a cin [1,2,22, ..., 218()],

Theorem 2.6.3. The regret of CORRAL using smoothed e-greedy base algorithms
defined on the grid is bounded by O(T"/?) when k = 2.

Proof. From Lemma 2.4.9, we lower bound the smallest gap by 1/T" (because the gaps
smaller than 1/T will cause constant regret in T time steps) and choose § = 1/T°.
From Theorem 2.4.11, the regret is O(T%/3) when k > 2 and O(T*/2) when k = 2
with the base running alone.

Next we show that the best value of ¢ in the exponential grid gives a regret that
is within a constant factor of the regret above where we known the smallest non-zero
gap A,. An exploration rates can be at most k7. Since Z—Ig > 1, we need to search
only in the interval [1, KT|. Let ¢; be the element in the exponential grid such
that ¢; < ¢* < 2¢;. Then 2¢; = vc¢* where v < 2 is a constant, and therefore using
2c1 = ~c* will give a regret up to a constant factor of the optimal regret. O

Experiment (Figure 2.2). Let there be two Bernoulli arms with means 0.5 and
0.45. We use 18 e-greedy base algorithms differing in their choice of ¢ in the exploration
rate ¢ = ¢/t. We take T = 50,000, 7 = 20/+/T and €’s to lie on a geometric grid in
[1,277]. Each experiments is repeated 50 times.

5The shaded areas around UCB and CORRAL are the std. The shaded areas around the e-greedy
bases are 0.1 of std. For small ¢, e-greedy has a very high variance because it either commits to the
optimal arm or the sub-optimal arm at the beginning, so plotting the whole std would make the
plot unreadable.
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Figure 2.2: CORRAL with e-Greedy bases with different exploration rates. °

Reinforcement Learning

We can instantiate Stochastic CORRAL model selection regret guarantees to the
episodic linear MDP setting of [38], again with nested feature classes of doubling
dimension just as in the case of the Contextual Bandits with Unknown Dimension.
Let’s formally define a Linear MDP,

Definition 2.6.4 (Linear MDP ( Assumption A in [38])). An episodic MDP (Denoted
by the tuple (S, A, H,P,r)) is a linear MDP with a feature map ® : S x A — R?, if
for any h € [H] there exist d unknown (signed) measures p, = (,ug), e ,uéd)) over

S and an unknown vector ), € R%, such that for any (s,a) € S x A, we have,

Ph<'|87 a) = <(I)(Sv a)? /J’h(')>’ rh(sv a) = <CI)(57 a), 0h>
The value function for a linear MDP also satisfies a linear parametrization,

Proposition 2.6.5 (Proposition 2.3 from [38]). For a linear MDP, and for any policy
7 there exist d—dimensional weights {WF, } ne(m) such that for any (s,a,h) € Sx Ax[H|
we have that the value function of policy  satisfies QF(s,a) = (®(s,a), w]).

For the purpose of studying model selection in the setting of linear MDPs we
assume access to D—dimensional feature maps ® : S x A — RP. For all policies 7 the
unknown parameters {wW} },c(m are all assumed to have unknown coordinates only in
their first d. dimensions. We assume access to a family of LSVI-UCB (Algorithm 1
of [38]) algorithms {B;}}, with increasing dimensionality d;. Algorithm i is designed
to ‘believe’ the unknown parameter vectors {w}, }re(m) has only nonzero entries in the
first d; entries for all policies 7.
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Figure 2.3: e-Greedy vs UCRL2 vs PSRL in the River Swim environment [61].

Theorem 2.6.6. Let M = (S, A, H,P,r) be a linear MDP parametrized by a feature
map {®: S x A — RP}. Let {®;(s,a)}M, be the family of nested feature maps such
that ®;(s,a) corresponds to the top d; entries of ®(s,a). Assume that for all policies
7 the unknown parameters {wWf }nem) have nonzero coordinates only in their first
d, dimensions and that there exists an index i, such that d, < d; < 2d,. Selecting
among different smoothed LSVI-UCB base algorithms corresponding to the feature
maps {®;}M, using Stochastic CORRAL with a CORRAL master and n = W

satisfies a regret guarantee: R(T) < O (\/ d3H3T>.

Proof of Theorem 2.6.6. When well specified the LSVI-UCB algorithm [38] satisfies

the high probability bound (5(\/ d3H?3T') where H is the length of each episode. The
result then follows from Theorem 2.4.11 by setting the CORRAL master learning
rate as n = #1/221{3/2 [

We also observe that in practice, smoothing RL algorithms such as UCRL and
PSRL and using a CORRAL master on top of them can lead to improved performance.
In Figure 2.3, we present results for the model selection problem among distinct RL
algorithms in the River Swim environment [61]. We use three different bases, e—greedy
@Q—learning with ¢ = .1, Posterior Sampling Reinforcement Learning (PSRL), as
described in [51] and UCRL2 as described in [34]. The implementation of these
algorithms and the environment is taken from TabulaRL (https://github.com/
iosband/TabulaRL), a popular benchmark suite for tabular reinforcement learning
problems Smooth CORRAL uses a CORRAL master algorithm with a learning rate
n= \f, all base algorithms are smoothed using Algorithm 8. The curves for UCRL2,


https://github.com/iosband/TabulaRL
https://github.com/iosband/TabulaRL
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PSRL and e—greedy are all of their un-smoothed versions. Each experiment was
repeated 10 times and we have reported the mean cumulative regret and shaded a
region around them corresponding to £.3 the standard deviation across these 10 runs.

Generalized Linear Bandits with Unknown Link Function

[45] study the generalized linear bandit model for the stochastic k-armed contextual
bandit problem. In round ¢ and given context z; € R**  the learner chooses arm
1; and observes reward r; = /L(.%;r .,07) + & where 6* € R? is an unknown parameter
vector, & is a conditionally zero-mean random variable and p : R — R is called the
link function. [45] obtain the high probability regret bound O(v/dT) where the link
function is known. Suppose we have a set of link functions I that contains the true
link function j. Since the target regret O(v/dT) is known, we can run CORRAL with
the algorithm in [45] with each link function in the set as a base algorithm. From
Theorem 2.4.11, CORRAL will achieve regret O(+/|L[dT).

Bandits with Heavy Tail

[59] study the linear stochastic bandit problem with heavy tail. If the reward
distribution has finite moment of order 1 + €, [59] obtain the high probability regret

bound O <T$> We consider the problem when €, € (0,1] is unknown with a

known lower bound L where L is a conservative estimate and e, could be much larger
than L. To the best of our knowledge, we provide the first result when ¢, is unknown.
We use the algorithms in [59] with value of e, in the grid [b'°8:(5) .. ' b°] for some
0 < b < 1 as base algorithms with n = 7-/2 for CORRAL. A direct application
of Theorem 2.4.11 yields regret O (T'7%%%). When €, = 1 (as in the case of finite

variance), O (T~ is close to O (T*%) when b is close to 1.

2.7 Omitted proofs of Section 2.3

Bounding term I

When the base algorithms are not chosen, they repeat their step 2’s policy to ensure
that the conditional instantaneous regret is decreasing. To ensure the decreasing
conditional instantaneous regret serves its purpose, when the base algorithms are
chosen by the master, we only send step 2’s rewards to the master as feedback signals.
This is to ensure that the sequence of rewards the master is competing against satisfies
the decreasing instantaneous regret condition. However, since the bases play and
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incur regrets from both step 1 and step 2 when they are chosen, we must account to
the difference between the reward of step 1 and step 2 (that the bases incur when
they play the arms), and 2 times the reward of step 2 (what the bases send to the
master as feedback signals).

Since we assume all base algorithms to be smoothed and satisfy a two step feedback
structure, we also denote by 7rt(] ) as the policy used by the master during round ¢,
step j. Term I, the regret of the master with respect to base i, can be written as:

2
=E sz D 70y — fAD, 7)) (2.15)
t=1 j=1

We cannot emphasize enough that the reader should keep in mind that the master
algorithm is updated only using the reward of Step 2 of base algorithms even though
the bases play both step 1 and 2. Let T; is the random subset of rounds When M
choose base B;, (i, = i) for all i € [M]. Adding and subtracting terms { f (A", (2)}t 1
we see that:

2
1=3> f( (AP, 7)) — F(AP 7))

T

—
.
[\

- sz t ’Wtz) At 77Tt ZZ t 77th> f(-At 77Tt )

teT;, j=1 teTe, j=1
3 i
T 2
(7) ) )
SN AP 7)) = fAY )+ Z Zf (AP, 72 — FAY 7))
teT;, j=1 teTs, j=1

I I

EYD AP 7 E) — FAD )+ Y FAD ) - AP,

=1 j=1 teTs,
N ~" s - ~~ >

Ia Ip

Equality (7) holds because term Iy equals zero and therefore Iy = I}, and in all
steps t € T¢, base i repeated a policy of step 2 so that I; = I;. Equality (iz) follows
from adding and subtracting term Ig. Term E [I4] is the regret of the master with
respect to base i. Term E [Ig] accounts for the difference between the rewards of step
1 and step 2 (that the bases incur) and 2 times the rewards of step 2 (that the bases
send to the master). We now focus on bounding E [I4] and E [I5].
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Biased step 2’s rewards. We introduce the following small modification to the

algorithm’s feedback by setting b,(s) = Yt=9) " This will become useful to control

E [Ig]. Instead of sending the master the unadulterated 27‘%) feedback, at all time
step t, all bases will send the following modified feedback:

: U(s:,0
r? =) Ysls1s:9) (2.16)

This reward satisfies:

Uj(81,4,6)

St,j

E [TE,Q]')/LE—J =E [f(A§2),7rt(2))|E_l] _

In the coming discussion we’ll show that this modification allows us to control term
I5. Since this modification is performed internally by all bases, we note that term
[4 corresponds to an adversarial master that is always fed biased rewards from all
bases and trying to compete against base ¢ also with biased rewards. This means
that any worst case bound of term 14 of an adversarial master will not be affected by
this modification of the reward sequence of all bases.

Term I is the difference between the (modified) rewards of step 2 and step 1 which,
due to the introduced modification, should intuitively be small because the cumulative
(modified) rewards of step 2 are designed to be smaller than step 1. We will show

that E [I5] < 8y/MT log(*5*) and therefore that E[I] < E [I4] 4 8y/MT log(*£H1) .

Since any base j sends the biased reward to the master when it is chosen, when it
is not chosen and repeats its step 2’s policy, the reward also needs to be modified in
the same way as in Equation 2.16. This is to ensure that the rewards of the base at
time ¢ do not depend on whether it is selected by the master at time ¢. We now discuss
how the bias modification affects term II. Note that this modification increases term
IT (which only depends on base i) at each time step ¢ by b;(s; ;) = W Since the
original instantaneous regret of base ¢ at step 2 is bounded by a term of the same
order, the modification increases term II by only a constant factor.

Bounding term E [I4]

As we explain above, since the modification of the bases’ rewards in Equation 2.16 is
internal within the bases, and the master is a k-armed bandit adversarial algorithm,
the worst-case performance of the master against any adversarial sequence of rewards
will not be affect when the sequence of rewards of the bases changes.
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CORRAL Master
Notice that:

Ell4] =E

T
S 2 (AP, 7 - 2742, r»]

t=1
We can easily bound this term using Lemma 13 from [5]. Indeed, in term 14, the
policy choice for all base algorithms {B,,}*_, during any round ¢ is chosen before

(2)
the value of ; is revealed. This ensures the estimates 27"; and 0 for all ¢ # i, are

indeed unbiased estimators of the base algorithm’s rewards We conclude:

E|-L
MlnT |:pi*:|
El4] < 4+ Tn) -

[A]_O( n * 77) 40nInT

EXP3.P Master

Since E [14] is the regret of base ¢ with respect to the master, it can be upper bounded
by the k-armed bandit regret of the master with M arms. Choose n = 1,7 = 2k in
Theorem 3.3 in [14], we have that if p < 5=, the regret of EXP3.P:

2k’

E[l4] <O (MT +

Bounding E [I3]
Notice that:

E[lp) =E ZfAt ) = fAR xY)

teTc

=E Zf t , (2) f(-At 77Tt )

teTy,

—E | Y AP 7P = fAP 7) + fAD, 1) — AL, 7))

teTs,

=E | Y FAP, ) — AP 1) + AN, 1) — FAD, xY)

teTe,
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Substituting the biased Step 2 rewards in Equation 2.16 back into the expectation
for E [I5] becomes:

B[S HAP ) — AP, 7 - Dalieal0)

S .
teTe, bt

FAD. ) — FAD, )
- ZE[Z FAP, 7)) = AP, 7) - Ui(se4,0)

8 .
j#ix  teT; £

PR, 7% = FAL, )]

<ZE[Zf t ’ﬂ—tj f(At ) *)+f( gl)vﬂ-*)_

j#i teT;

A 7] = Us(sr,4,9) (217)

Inequality (1) follows because by Lemma 2.8.1 applied to U,(t,0).

Observe that if the j—th algorithm was in its U;-compatible environment (also
referred to as its "natural environment”), then for any instantiation of T; and with
high probability:

(Zf 2wl = AP )+ fAD, ) — FALY, §?>)Uj<Tj(T>,6><

teT

teT

(ZfAil,* FAD, S})) U;(T3(T),8) <0 (2.18)

The first inequality follows because by definition f(A®, 7%) > f(A®, 7®) and the
last because of the high probability regret bound satisfied by gj.

When gj is not in its U;-compatible environment, this condition may or may not
be violated. If this condition is violated, we need to make sure g is dropped by the
master. Since it is 1mp0881ble to compute the terms f(.A!” RS ) — f(.At ,7T*) and
f( . ™) — f (At 7! ) directly, we instead rely on the follovvlng test:
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Base Test. Let T,(l) be the set of time indices in [I] when the master chose to play
base j. We drop base B; if at any point during the history of the algorithm,

Z i — i) > U(Ty(T),6) + \/2llog (47:5M) (2.19)

teT;(

The logic of this step comes because as a simple consequence of the Azuma-
Hoeffding martingale bound and Assumption 2.2.1, with probability at least 1 — § /M
and for all [ € [T7:

\_/

STHAD ) — fAY, 7 \/ 21 log (47:5M ) (2.20)
/=1
l

AT M
ST =l = AP 7)) - fAY ) \/2llog< 5 ) (2.21)
=1

~—

This means that whenever gj is in its Uj-compatible environment, combining Equa-
tion 2.17, with Equation 2.20 and Equation 2.21 we get, with probability at least
1—9¢ foralll e|[T:

( >, ril”)) (Z JAZ,m3) f<A§2>,7r*>+f<A£”m*>f<A§”m§}}>)

teT; (1) teT
/ 4TM
< 24/2llog < 5 >

Plugging in inequality 2.18, we conclude that if g] is in its Uj-compatible environment
with probability at least 1 — 0 for all [ € [T7:

4T M
Z 7‘%) _ 7“;1].) < Uj(s4,0) + \/2l log ( 5 )

teT; )

Therefore the violation of condition in Equation 2.19, means gj couldn’t have possibly
been in its U;-compatible environment. Furthermore, notice that in case Equation 2.19

holds (even if B, is not in its U;-compatible environment), then with probability at
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least 1 — 0 /M:

S AR 7)) = FAD )+ FAR 1) = FAD, 7)) < Us(sig, 0)+

teT; (1)

4\/2/T;(1)| log (4TM)
(2.22)

This test guarantees condition 2.22 is satisfied for all 7 € [M] and with probability at
least 1 — ¢, thus implying:

Ells) < Y 4y/2/T;|log (4TM) < 8\/MTlog (4T5M)

JFx

The last inequality holds because > ., /|T;| < vI'M.

Bounding term II

Recall term II equals:

Zf (A, ) — f(Ar T, >] (2.23)

We use ni to denote the number of rounds base i is chosen up to time ¢ for all
i € [M]. Let t;; be the round index of the [—th time the master chooses algorithm
Bi and let bl,i = tm - tl—l,i with toﬂ' = 0 and tn%-y-l,i =T+ 1. Let Tz - [T]
be the set of rounds where base i is chosen and T§ = [T]\T,;. For S C [T] and
J € {1,2}, we define the regret of the i—th base algorithm during Step j of rounds S
as RY(9) = Y ies AT 7y — F (AP, 7r§ ). The following decomposition of E [II]
holds:

E[ll] = E | RY(T;,) + RP(T,,) + RV(TS) + RP(TS) | . (2.24)

J/

-~

I

RS)(T“) consists of the regret when base 7, was updated in step 1 while the remaining

3 terms consists of the regret when the policies are reused by step 2.
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Biased step 2’s rewards

Note that we modified the rewards of step 2 as defined in Equation 2.16, both when
the base is chosen and not chosen. We now analyze the effect of this modification:

[T 2
=E |33 A w0 - fAY, m@)]

r 2 : N Ui, (s1.4.,0)
+E |3 fAP ) - (f(A,%”, mo) i)~ Lt ETE, or j = >)
< I — modified + II — modified

Where I — modified and II — modified are defined as,

T
[ — modified = E[ZZ (f(Agj)aﬂi‘f,)“,i*) C1(tEeTE orj=2) Ui, (54, 5)) B

Sti

t=1 j=1 ’*

. . UAt S »“5
(f(AﬁJ),wt(J)) - Yaltusa®) )> |

St
T 2 )
I - modified = E| Y- 3 (AP, 7)-

t=1 j=1

. . 7 % 76
(f(Aﬁj),wif)i ) —1(teT orj= 2)U<zt,* ))}

R -

We provided a bound for term I-modified at the beginning of Section 2.7. In this
section we concern ourselves with II—modified. Notice its expectation can be written
as:

E [II — modified] = E[II] + E

D

t=1 j

1(t € T; orj=2)

2
=1

Ui, (St,i*v 5)]

St,ix



CHAPTER 2. STOCHASTIC CORRAL 48

Now the second part of this sum is easy to deal with as it can be incorporated
into the bound of E [II] by slightly modifying the bound given by Equation 2.25 below
and changing 2b; — 1 to 2b; + 1. The rest of the argument remains the same.

Bounding E [II] when p. is fixed

From this section onward we drop the subscript i, whenever clear to simplify the
notations. In this section we show an upper bound for Term II when there is a
value p, € (0,1) that lower bounds pi,-- -, pf;,i with probability 1. We then use the
restartiﬁg trick to extend the proof to the case when p, is random in Theorem 2.4.10

Lemma 2.7.1 (Fixed p, ). Let p. € (0,1) be such that p% =p, < Py, Pl with
probability one, then, E[1I] < 4p; Ui(T/p;,,0)logT + 6T

Proof of Lemma 2.7.1. Since E [II] < E[1{E}I]+0T, we focus on bounding E [1{E}1].
since base i is (U, T, 6)—bounded, E [RS)(TZ»)I(E)] <E [U;,(6,n%)1(E)]. We proceed

to bound the regret corresponding to the remaining terms in Ilj:

nx+1

Elo1(E)] =E | Y 1} - DE [r) |17 ]
i 4] U;.(1,6/2M)
<E|) 1{&}(2h - )= (2.25)

=1

The multiplier 2b; — 1 arises because the policies pro(posed b(y the base algorithm
during the rounds it is not selected by M satisty 7Tt’1i)* = Wti)* = ﬂt(lzz for all [ <
nZ +1land t = t_1+1,---,t, — 1. The factorization is a result of conditional

independence between E [TEZQ)-*\.EH} and E [bl|ftl,1} where F;,_, already includes

algorithm Ei* update right after round ¢;_;. The inequality holds because B;.* is

(U, %, T @) —smooth and therefore satisfies Equation 2.3 on event £. Recall that

as a consequence of Equation 2.24 we have
B[] < E[R(T)1(E) + Up1{e}] + 0T

The first term is bounded by E [U;, (nk:, §)1(€)] while the second term satisfies the
bound in (2.25). Let u; = w By Lemma 2.8.1, Y;_, w; > U, (t,0/M) for all
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t, and so,
néf—l—l
E[1€U;, (nf,0)] <E | > 1€u| . (2.26)
=1
By (2.25) and (2.26),
néf+1
E[RO(T)1(6) + M1{e}] <E | 3 1}
=1

Let a; = E [b] for all [. Consider a master algorithm that uses p, instead of p. In

this new process let ] be the corresponding rounds when the base is selected, ﬁi‘,f be
the total number of rounds the base is selected, and ¢, = E [¢] — ¢]_,]. Since p, <py

for all ¢ it holds that 2{21 a; < Z{Zl ¢ for all j. If we use the same coin flips used
to generate t; to generate tj, we observe that t; C t; and nyp < np. Let f: R — [0, 1]

be a decreasing function such that for integer 4., f(i.) = u;,. Then Z?ZT*IH a;u; and
ﬁ_zﬁl ciu; are two estimates of integral [ f(z)dz. Given that ¢, C ¢, and 1 is a
=1 G g 0 1 l !
decreasing sequence in [,

niE+1 nE+1

Y Elti—tia]w < E [t —t_]w,
=1

and thus

41

E [Rg)(m*n(g) +Hol{€}] <EN B[t ]u.
=1

We proceed to upper bound the right hand side of this inequality:

g+ i +1

E|S wE[—t_,]| <E Z%

=1 =1 =

< 2p;, U;,(T/pi,,0)log(T).

The first inequality holds because E [t —t]_,] < 1% and the second inequality follows
by concavity of U;, (t,d) as a function of ¢. The pr*oof follows. O
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Proof of Theorem 2.4.10

We use the restarting trick to extend Lemma 2.7.1 to the case when the lower bound
p, is random (more specifically the algorithm (CORRAL) will maintain a lower
bound that in the end will satisfy p. ~ min, pi*) in Theorem 2.4.10. We restate the
theorem statement here for convenience.

Theorem 2.7.2 (Theorem 2.4.10 ).
E[II] < O(E [p;.. Ui, (T/pi.. 6) log T] + 6T (log T + 1)).

Here, the expectation is over the random variable p;, = max; = H. IfU(t,0) = t*c(9)

for some a € [1/2,1) then, E[II] < 4;2"-T¢(§)E (i ] + 5T(logT+ 1).

2T—a_7

Restarting trick: Initialize p, = ﬁ If pi* < p, ,set p. = % and restart the

base.

Proof of Theorem 2.4.10. The proof follows that of Theorem 15 in [5]. Let ¢y, -+, £y, <
T be the rounds where Line 10 of the CORRAL is executed. Let £y = 0 and g, 11 =T
for notational convenience. Let ¢, = [¢;_1 + 1,---,¢]. Denote by P4, the proba-

bility lower bound maintained by CORRAL during time-steps t € [ﬁl_i, -+ 4] and
Pine = 1/p, e In the proof of Lemma 13 in [5], the authors prove d;, < log(T") with

probablhty one. Therefore,

Mog(T)]
EM= Y Pd +1>0E [R§ Y(er) + R (en)|di, +1 > l}
Mog(T)]
<logT > PUD)E[4pi, (Ui(T/pi, e, O I1)] + 6T (log T + 1)

b;+1

Z 4/)1'*,[1 Ui* (T/pi,”[l ? 5)

=1

= log TE +0T(logT +1).

The inequality is a consequence of Lemma 2.7.1 applied to the restarted segment
[0—1, -+, 4]. This step is valid because by assumption . L < miNeer, . 0] Dt

il
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If U (t,8) = t*c(d) for some function ¢ : R — R*, then p; U(T/pi,,0) =
pi“T*c(d). And therefore:

E| > piaUi(T/piog.0)| <Tg(0)E Zpi:,;;]
=1 =1
< il T%(5E [pl—
S 551 C() [pi* }

Where & = 1 — . The last inequality follows from the same argument as in Theorem
15 in [5]. 0
Proof of Theorem 2.4.11
Proof. For the CORRAL master,

MInT E AT M
n +T> i

- MTlog(——
n 40771nT+8\/ o8 ) )

Engmuwmggo<

Using Theorem 2.4.10 to control term II, the total regret of CORRAL is:

MInT p
< — —
R(T)<O ( ; —|—T7]) E [4077111T 2pU(T/p, ) logT} + 0T+

s forriog T,

SO(MlnT+Tn) _E[
n
4T M

~ M 1 1-a
<O (\/MT—i— o +1n —l—Tc((S)ana) + 0T,

— 20177 %¢(8) log T T
09T p c(9) log ]+6 +

where the last step is by maximizing the function over p. Choose § = 1/7. When
both « and ¢(§) are known, choose n = %. When only « is known, choose n = 4=

Te
For the EXP3.P master, if p < i:

E[I] < E[l4] + E [I5] gé(MijL@Jr\/MTbg(%))
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EXP3.P CORRAL
O (\/W%—MTp—i—To‘pa*lc(é)) O <\/W—I— %+T77+Tc(5)é77177a
O (VMT + M= T7wc(9)77 ) | O (VMT + MOT'* 4 M'*T"c(9)
O (VMT + M=T7wc(6)) | O (VMT + MOT' 2 + M- Tc(6)+ )
Table 2.2: The top row shows the general regret guarantees. The middle row shows

the regret guarantees when a and ¢(0) are known. The bottom row shows the regret
guarantees when « is known and ¢(J) is unknown.

N——"

N——1

Q=

Using Lemma 2.7.1 to control term II, we have the total regret of EXP3.P when
d=1/T:

~ 1 1
R(T) = O(MT + MTp+ -+ U(Tp.5)) .
= O(VMT + MTp + Tp"c(6))

When both « and ¢(d) are known, choose p = T_%M_ﬁc@)ﬁ. When only « is
known, choose p = T 2=a M~ 7. We then have the following regret: [

2.8 Ancillary Technical Results

Lemma 2.8.1. IfU(t,6) = tPc(§), for 0 < 8 <1 then:

U(l, ) gZU

t=1

U(l,9)

QI’—‘

Proof. The LHS follows immediately from observing ( i decreasing as a function of

t and theretore > = e 1S a consequence of bounding
d theref 1 T > U0 — (1,5). Th RHS i f boundi

the sum by the integral fl U YLD gt substituting the definition U(t,8) = t%¢(8) and
solving it. O]

Lemma 2.8.2. If f(z) is a concave and doubly differentiable function on x > 0 and
f(0) >0 then f(x)/z is decreasing on x > 0

Proof. In order to show that f(z)/x is decreasing when x > 0, we want to show that
/ /
<m) = w < 0 when = > 0. Since 0f'(0) — f(0) < 0, we will show that

xT



CHAPTER 2. STOCHASTIC CORRAL 53

g(z) = zf'(x)— f(x) is a non-increasing function on = > 0. We have ¢'(z) = = f"(x)
0 when z > 0 because f(z) is concave. Therefore xf'(x) — f(z) < 0f(0) — f(0) <
for all > 0, which completes the proof.

<
0

U

Lemma 2.8.3. For any A < 1 : KL(3,3 — A) < 3A%

N

Proof. By definition kl(p,q) = plog(p/q) + (1 — p) log(i%i), SO

11 1 1 1
KL (5’5 - A) ~3 <1°g(1 “oa) Tlely +2A))

1 1 Liow (1482
= - _— = — 10 J—
2%\ 1T 4n2) T 298 1— 4A2
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Chapter 3

The Explore-Commit-Eliminate
Algorithm (ECE)

3.1 Introduction

Deep reinforcement learning has achieved impressive successes, yet often requires a
very large amount of interaction data. This result is perhaps unsurprising, as more
complicated function approximations often require more data to fit. Recent work on
theoretical reinforcement learning for some structured function approximation settings
has shown regret bounds that scale with a parameter characterizing the complexity
of a particular function class. For example, for a type of function approximation by
a d-dimensional linear model in Markov decision processes (MDPs), prior work has
provided bounds that scale as O(d*?) regret [38], which have been improved to O(d)
even given small inherent Bellman error [69]. When the dynamics can be expressed
using a matrix, O(d*?) regret bounds have also been provided [68]. The choice of
dimension d is important: on one hand, if d is too small, such regret bounds typically
either fail to hold or incur linear regret. On the other hand, if d is too large, the
above regret bounds are unnecessarily large. Thus, a natural goal is to use the most
compact representation suitable to encode the optimal policy for a domain (which we
denote as d,). This optimal representation is typically unknown a priori.

In this chapter we frame this as a model selection question among a set of
algorithms with model classes, parameterized by dimensions {d > 1}, that are nested
in their regret bound guarantees. We assume that at least one class can realize the
true underlying domain. We ask if there is an algorithm that can achieve regret
bounds that scale with the minimal realizable model class, given by d,. Doing so seems
subtle: provably efficient reinforcement learning algorithms typically rely heavily on
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strategic exploration, and using the wrong model class during learning may alias
states, resulting in performance that appears strong under the current (incorrect)
model class but is actually suboptimal. Conversely, forced exploration under more
complex classes mitigates this problem, but could introduce regret that scales with
the more complex model class dependence, even when a simpler model suffices.

Most prior work on model selection for online decision making has focused on
contextual bandit settings. Here, minimax-optimal guarantees were recently shown
under eigenvalue assumptions on the features by leveraging the special structure of
the stochastic linear contextual bandit setting [18, 27]. These results also assume
the knowledge of a good exploration policy, but such knowledge cannot be relied on
in the reinforcement learning setting, where some “high-reward” states may only
be observed under specific, initially unknown sequences of actions. Slightly weaker
model selection guarantees can also be obtained under far more general assumptions
by using a corralling framework that assumes access to a set of base algorithms, and
provides a meta-algorithm that aims to realize the best regret of the (unknown) best
algorithm [5, 7, 54] and Chapter 2.

Our contributions We tackle the challenge of model selection in RL under minimal
assumptions. Our main insight is to leverage the knowledge of expected regret that
is achievable under a particular model when it realizes the data. Thus, we propose an
algorithm in Section 3.3 that maintains a candidate set of model classes at every round,
and statistically tests whether each of them is well-specified, or not, by comparing
the observed returns under that model class to the regret we should expect from
a well-specified model. Model classes detected as misspecified at any round are
permanently eliminated there-after in a manner reminiscent of active-arm elimination
in the multi-armed bandit problem [23]; this is a significant simplification over previous
meta-algorithms for model selection that were based on adversarial bandit algorithms.
Our choice of action at every round carefully interleaves executing the candidate model
class of minimal complexity with executing algorithms using higher-order models.
This procedure is shown to automatically satisfy the needed exploration-exploitation
trade-off for model selection. In Section 3.4, we show the regret bounds exactly match
the model complexity of the unknown best model in d, (and the finite episode length
H in RL), and achieve a T%® rate when the underlying algorithms have a T/ rate
under minimal assumptions about the underlying dynamics process. This is similar
to recent model selection algorithms under general assumptions [54] which sacrifice
either a tight dependence on T or d,. We also demonstrate how our approach is
compatible with multiple recently introduced RL results, and provide specific bounds
for model selection in such settings. In addition to our algorithm being simpler than a
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recent model-selection approach [54], we provide new, significantly improved bounds
for instances in which there is a constant gap in performance between model classes in
Section 3.5. These guarantees are in part instance-dependent, as they scale inversely
with this performance gap. From a practical perspective, our wrapper algorithm can
be used given any input algorithms with regret guarantees that are nested, which
will allow it to directly inherit future advances in provably efficient reinforcement
learning. Finally, the computational complexity of our meta-algorithm only adds an
extra factor on the order of the total number of model classes over and above the
computational complexity of a single base algorithm.

3.2 Problem Statement

We consider the setting of an episodic Markov decision process (MDP) M =
(S,U,H,r, P,p), where S and U are state and action spaces, H € N is the length of
an episode, r = {ry(sy, uy)} is the per-step reward function with r,(sp, up) € [0, 1],
P = {Py(Sp+1|8n, un)} is the transition dynamics, and p(s) is a fixed initial state
distribution. A policy maps times and states to actions, 7 : [H] x § — U.

For a given h € [H] and s € S, the value function is the expected cumulative
reward following policy 7:

H
Vir(s) == E, Z T (Spry Upr )| S = s
W=h

where E; corresponds to the expectation over trajectories sampled according to policy
m. We suppress dependence on M from V,* to avoid notational clutter. Similarly
the action-value function is defined as the expected return from first taking action u
and then following policy m: QF (s,u) = r4(s, u) + Egp, (js,u) Vi1 (8"). The optimal
value function is denoted V;*(s) = sup, V;7(s). We write V™ := E,_,V"(s) and denote
the optimal value under p as V* = sup, V™. In this work we primarily evaluate the
quality of an algorithm A in an MDP M by its regret! with respect to the (unknown)
optimal policy value V* over T' episodes:

T
Regp(A; M) := ) V*— V™. (3.1)

t=1
We are interested in settings where the size of the state space S and/or action
space U could be very large. Hence, we focus on function approximation methods

I'Note that regret is here defined with respect to the optimal value. We will also consider
algorithms satisfying “best-in-class” regret guarantees in Section 3.5.
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for minimizing regret. A function approximation algorithm takes as input a model
class F to generalize across states and actions [6]. Several natural examples include
value-based classes where F : & x U — R is used to predict action-value functions Q™
and model-based classes where F : S x U x § — R is used to predict the transition
dynamics P and reward r. Concretely, linear MDPs [38, 68] model the transition
dynamics as (@(s, a), u(s')), where ¢ € R% and p is a d-dimensional vector of measures.

We let (A, F) denote the pair of algorithm A equipped with model class F. Recent
high probability regret (upper) bounds in this setting are sublinear in 7" and typically
depend polynomially on dx, H, and log(7T'/d), where dx is a measure of statistical
complexity of F and § € (0,1) is a failure probability. For example, if F is finite,
we often have dr = log |F| and if F is a class of linear functions of dimension d, we
have dr = d. However, provably sublinear regret bounds in 7" are generally only
known for algorithms under problem-specific assumptions for F—for example, there
exists f* € F such that the function approximation error is 0. If this condition holds,
we say that F realizes the MDP M. Conversely, if F does not realize M, then
it is masspecified. Since we consider settings where F may or may not realize M
and realizability is almost universally assumed among modern RL algorithms with
function approximation, we define a general notion of the regret of A using F under
realizability, following [54].

Definition 3.2.1. For an MDP M, let algorithm A be equipped with a model class
F. Let R be a known function that is poly(dx, H,log(T/d)). The pair (A, F) is said
to be R-compatible if F realizes M and we have

Reg,(A; M) < R(dr, H,log(T/6)) - Vt.

for all t with probability at least 1 —§. R is called a nominal regret coefficient® for
(A, F).

The rationale behind R-compatible algorithms is the following. For any (A, F),
we may have a regret coefficient R in mind (from a provable guarantee) that holds if
F realizes M. The regret R - v/t reflects what we hope to achieve if F does actually
realize M, and (A, F) is only defined to be compatible if this happens. We remark
that realizability is not necessary for a sublinear regret guarantee to hold, but most
RL algorithms using function approximation assume it holds, so it is convenient to
view both conditions together.

Note that Definition 3.2.1 requires that A be anytime, meaning the bound holds
at any arbitrary round index ¢t € [T] even though only the maximal number of rounds,

2Tt is not necessary that R depend only on these arguments; but these arguments are typically
of interest in RL regret bounds.
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T, may be specified. For algorithms without automatic anytime guarantees, this can
be remedied up to constant factors via the doubling trick [16]. We will later give
examples of how our model selection algorithm can be used with some recent single
task RL algorithms with formal bounds in the function approximation setting.

Problem Statement Here, our goal in model selection is to obtain a regret guar-
antee that adapts on-the-fly to the model class of minimal complexity that remains
competitive with the optimal value. That is, we wish to find the combination of
algorithm 4 and model class F, that is compatible in the sense of Definition 3.2.1,
with the smallest possible leading coefficient R(dz, -, ). We consider a setting where
we are choosing among a set of candidate algorithms Ay, As, ... A with model classes
{Fi}tici); known nominal regret coefficients {R;}ic[z), and complexities {d; }scr) where
d; == dx, and F; is the model class of A;. Without loss of generality, we assume the
algorithm-model class pairs can be ordered by their regret such that we have

foralli e [L—1], T,H € N, and § € (0,1). For example, if {4;} are all instances
of the same algorithm that use as input nested model classes {F;}, then (3.2) is
satisfied by ordering d; < ... < dy. This naturally captures, among other cases,
linear models with nested features [27]. We also assume® that at least one algorithm
is R;-compatible for its respective regret coefficient R;. Define i, = min{i € [L]
(A;, F;) is R;-compatible}.

We aim to design a meta-algorithm A that selects among {A;}~ | without knowing
ix a priori and, for some av > 0 and § € [1/2, 1), achieves a guarantee of

Reg,(A) = O (R, (d;,, H,1og(T/6)) - L*T") .

3.3 The Explore-Commit-Eliminate Algorithm

In this section, we present our model selection meta-algorithm, Explore-Commit-
Eliminate (ECE) and detail the simple statistical test underlying our approach. Our
meta-algorithm for model selection is described in Algorithm 10. At a high level,
the algorithm proceeds in the following way. It takes as input the base algorithms
and model classes, their nominal regret coefficients, and their model complexities;

3Note that for all other misspecified algorithms, their nominal regret bounds will, in general,
not hold. As regret is being measured with respect to V*, it will include the misspecification error
terms.
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mathematically, the input is given by {A;, i, Ri, d; }icir). The number of algorithms
L, episodes T" € N and failure probability ¢’ € (0,1/e) are also specified. First,
we set 0 = m. The meta-algorithm tracks a candidate algorithm index 7,
corresponding to pair (A, F,) that is believed to be R;-compatible at any given
time — as well as a set B; of indices of algorithms with more complex models. At the
start of each episode, the meta-algorithm determines whether to use the algorithm
A;, or explore using a randomly selected algorithm from the indices B;, based on the
outcome of a Bernoulli variable U, with success probability 1/t* where x € (0,1/2].
This random variable U; represents an indicator that model exploration will occur.
After executing the policy from the chosen algorithm, the data is fed back to the
algorithm to update, and a test is run to determine whether the algorithm should
reject A;. The test checks the following condition for each j € By:

gt(/l\taj) > W(HftlvR?t’dﬂ?d)

where for all i < j € [L], t € [T], T, is the set of times when A; is chosen up to ¢,
and G is a scaled estimate of the excess gap between models ¢ and j, given by

. T,
Gi(i, j) = # S g = g
7; | j / d
t'eT; teT,
and W is defined as
W(t, R,d,8) := Cy - R(d, H,log(T/5)) - V't

+ Cyy - Hy/Lt1+% - log(1/9)
+ Cyy - Hy/t - log(1/9)

for a sufficiently large constant Cy, > 0. The test is only valid after a minimal burn-in
period, t > Tnin(6) = Cin LTx logﬁ(l/é) for a sufficiently large C\in > 0, so this
condition is also checked. If these conditions are true for some j € B;, meaning that
the test fails, then ECE rejects A; and switches to A;, 1. This process repeats until
episode T

Note that although the algorithm uniformly explores among the algorithms in
By, it does not require any explicit uniform or directed exploration within episodes
that may be a tougher problem in RL settings than regret-minimization—one can
simply run the algorithms as they were prescribed. In fact, we can interpret our
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meta-algorithm as automatically leveraging the exploration already in-built in the
regret-minimizing base algorithms.

Algorithm 10: Explore-Commit-Eliminate (ECE)
InPUt {Aw ]:’b Ri7 di}iG[L]a L7 T7 5,7 Tmin(')a K

=

2 0 ¢ 10LT26,1032T7/Z\t 1,7 =0 foralli € [L], By = [2, L].
0 wp 1-—-=L
3 U, = w-p . U forallt e [T7].
a4 for t=1,...,T do
D U, =0
5 Set 7 = " ) '
Jt ~ Umf{Bt} Ut =1
o 7;j<_7;j_lu{t}and7;k<—7;’jlforallk’;éj.
7 Rollout policy m; from A;
8 Observe z; := (St1, U, - -, Ut i, Sty1) and g := Zhe[H] Tt,h
9 Update A; with ¢, z;, g,

10 if ¢t > Tin(0) and there exists j € By, such that
gt(/Z\DJ) > W(’,]?t|772’7ta d?ta 5) then

11 U1 <+ 1

12 Biy1 < B\ {41}

13 If 2341 = L, break and run Ay, to end of time
14 else

15 L Bt+1 < Bt

Statistical Test on Excess Gap

The ability of ECE to judiciously accept or reject base algorithms lies in the simple
statistical test at the end of each episode. The test can be viewed as a comparison
between the scaled expected return obtained by a “higher-order” algorithm, A;,
corresponding to index j € B; during exploration rounds; and that of the active
candidate algorithm Aj;, during all rounds of its usage. If we find that the return of A,
is significantly higher than that of A4;,, it suggests that switching to the more complex
algorithm A; would yield significantly higher return, despite the fact that A; has a
larger nominal regret bound and might have received much less data than A; (as it
is also competing for data with the other algorithms in B;). The requirement that
t > Tmin(0) and our special choice of exploration schedule ensures that the algorithms
in B, will have sufficient data to be useful in the test with high probability, while
still exploiting the candidate model A;, whenever possible.
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While we want ECE to reject lower-order models when they perform poorly, the
test cannot be too sensitive. Otherwise, it could reject the optimal 7, and choose some
unnecessarily large j > i,, leading to highly suboptimal model complexity dependence
in the regret bound. Our statistical test is designed to avoid this situation, as we
prove in Section 3.4.

To give some additional intuition behind the test, it is useful to view the expected
returns ﬁ Zsefnj gs as a noisy lower bound of the optimal value V*; meanwhile

the expected returns of Flzl 25677* gs plus the regret incurred, Reg(.A;, ), should be
an upper bound of the optimal value V* up to some noise as well, if (A;,,F;,) is
R;,-compatible. Thus, as long as these intervals intersect, the test should succeed
and 7, continues to be accepted. If the intervals separate, the current candidate is
rejected. This intuition is reflected in the three terms comprising the definition of W.
The first is the nominal regret one expects to see from A;, if it is compatible. The

last two follow from concentration of the averaging over returns of the algorithms.

3.4 Regret Guarantees for ECE

Our main result shows that the meta-algorithm automatically adapts to the regret
of the optimal pair (A;,, F;,) that is R;,-compatible. One of the main mechanisms
behind this result is ensuring the validity of the test. The following lemma shows
that ECE will never reject (A;,, F;,) with high probability.

Lemma 3.4.1. We have G;(i., j) < W(|T,"*|, Ri., di., ) with probability at least 1 — &'
for all j € [ix + 1, L] and t > Tyin(6'/10LT*1og, T).

Thus, since the meta-algorithm steps through the base-algorithms incrementally,
Lemma 3.4.1 shows that once it reaches (A;,, F;,), the first R, -compatible pair, an
algorithm with a more complex model class will never be selected. Our main theorem
combines this result with the fact that, if the ECE has not rejected a misspecified
algorithm (\A;, F;) with j < 4,, then the suboptimality of A; must not be significant.

Theorem 3.4.2. Let the model exploration parameter k = 1/3. Then, the model
selection algorithm ECE satisfies the regret bound

O (HLT*® + R, (di., H,log(LT/&")) - /> LV*T%/3) .
with probability at least 1 — &', where O hides logs and terms independent of T and R.

The regret bound of the meta-algorithm matches that of the optimal algorithm
in dependence on the complexity of its model class d;, and horizon H, i.e., the best
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] Alg. ‘ Env. ‘ Regret ‘

ModCB | CB | O (L%3%4;/°1%%)

0SOM | CB | O (&1

CORRAL | RL | O (LY?R2T11/?)

Exp3.P | RL | O (L'*R; T%3)

MM: O (L>/%R;, T%3)
~ 5/2793
Ours RL D: O <LA2?1* R;. T2 +LT2/3>

Table 3.1: We compare the theoretical guarantees of our algorithm to recent model
selection work: ModCB [27], OSOM [18], CORRAL [5, 54], and Exp3.P [54]. The
first two apply to the contextual bandit (CB) setting and leverage distribution
assumptions on the contexts to get nearly optimal regret. CORRAL and Exp3.P
apply generally, but are suboptimal and require modifying the base algorithms in
non-trivial ways. Our rate matches that of Exp3.P in the minimax (MM) setting
without significant assumptions or modifications to the algorithms. We also achieve
an improved instance-dependent (ID) rate when the gaps in performance between
base algorithms are constant with minimal gap Apin.

dependence if the optimal algorithm were provided a priori. We do incur a worse
dependence on T, which is now 723, compared to the nominal /T rate, and a
dependence of L'/, the total number of algorithms, and i,, the index of the optimal
algorithm. Note that this type of trade-off in the parameter optimality for model
selection is typical in recent results focused on contextual bandits, where methods
making less strong assumptions typically incur sub-optimality in either the dependence
on d;, or T. In particular, Theorem 3.4.2 matches the rate of Exp3.P [54] and does
so without non-trivially modifying the base algorithms. In addition to the minimax
guarantee of Theorem 3.4.2, we show in Section 3.5 that this can be improved to
instance-dependent bounds, in contrast to Exp3.P and CORRAL.

Proofs

All proofs of Theorem 3.4.2, when not provided here, are available in Section 3.8. In
this section, we prove Lemma 3.4.1 and provide a proof sketch for Theorem 3.4.2 to
illustrate the main idea behind handling pairs (A;, F;) that are not R;-compatible.
In both cases, we require that three events hold and will show that they do with high
probability. Define ¢, = g, — V™ and let 7; denote the first episode in which A; is
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chosen as the candidate 7;. If A; is never chosen then default to 7; = T'. Recall that

0 = Tore;

10LT?2logy T

1. Event Ey: For all j € [L] and all ¢ € [T] such that ¢ > 7,,(0), if t < 7;, then
LS <|TJ| < 4t'=s If t > 7, then [Ty <t — 71 +4t'"

2. Event E,: For all t € [T],
Sperie VI =V <Ry (di, H,1og(T/6))\/ T

3. Event Ej3: For all j € [L] and all t € [T7, |Zt,e7-tj ev| < Hy/2|T7|log(2/9)

The first event ensures that the exploration schedule yields sufficient data to all
the algorithms before they are chosen. The second states that the nominal anytime
regret guarantee holds for (A;,, F;,). The third handles concentration of the noisy
returns that the algorithm observes from deploying policies. The following lemma
shows that all three events happen with high probability.

Lemma 3.4.3. The event E = ﬂie{m,g} E; holds with probability at least 1 —
10LT?0log, T

Lemma 3.4.3 is proved in Section 3.8. The proof for the first event uses a Freedman
inequality (details in Section 3.9) to bound the sizes of all sets given that enough
time has passed. The second event holds with high probability under the assumption
that (A;,, F;,) is R;,-compatible. The third event can be shown to hold with high
probability using the Azuma-Hoeffding inequality with appropriate union bounds.

Proof of Lemma 3.4.1

We now prove the statement of Lemma 3.4.1 under the event E. Adding and sub-
tracting the sum of appropriately scaled value functions ), 7 V™ and ), eTi* VA
we can write Gy (i, 7) in terms of value functions and conditionally zero-mean errors:

Gi(ix, J) = \7" | Z g — > g

t/eTJ t/€7—;’*
17'7,'*
B ‘| : || > (VFte) = Y (VT te)
77 veTy e

<) (vr-Vvm) |Tz|zet,— > e

teT T; t’eTJ teT
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The last inequality follows as V* > V7™ for all ¢’ € [T]. If events F» and F3 hold then
Go(iv, J) < R (di,, H,log(1/8)) - /T

+ Hy/2|T;

* |2
;Jlog@/a)

log(2/0) + H

By event F; and the fact that j > i, and ¢ > 7,;,(0), |T]| > tl = > th . Therefore,
for the third term,

AT
77|
Applying this bound to the result in the previous display and given the definition

of W, it follows that G, (i.,7) < W(|T;*|,Ri.,d;,, ) for a sufficiently large constant
Cyy > 0, independent of ¢, d;,, H, and 4.

H

log(2/3) < H\/16L|T;" |1+ log(2/9)

Proof Sketch of Theorem 3.4.2

In bounding the regret of the meta-algorithm, there are three cases to handle: (1)
before the test becomes valid, (2) once the test is valid but i, has not been chosen
yet, and finally (3) once i, is chosen. We address the first and third cases before
addressing the second, which is more involved. We define 7, = 7;, for shorthand.

Case (1): When t < Tyuin(0), the test to determine switching among any of
the model classes is not yet valid. Here we simply pay the burn-in period giving
Reg,.,.. (1 < O(HL™r logT=(1/5)).

Case (3): If ¢ > 7., then the meta-algorithm has switched to 4;,. Under event
E the condition in Lemma 3.4.1 is met and so the test no longer fails. Therefore
(A;,, Fi.) which is R, -compatible is not rejected in the remaining episodes. The regret
during this phase scales as R, (ds,, H,1og(T/§)) - VT plus additional O(HLT*")
regret due to exploration of the remaining base algorithms in B;.

Case (2) is when T, < t < 7,—the test is eligible but the meta-algorithm is either
switching among misspecified models or unable to detect that they are misspecified.
Since the misspecification is not detected for any of the algorithms in B;, we know
Gi(7,12) < W(|T*|, Rs,, ds,, 0). That is, the average reward for As;, is not significantly
different from that of A;,. Since A;, is only played during exploratlon and t > Tyin(0),
its number of rounds played can be lower bounded by 7% /8L and thus its average
regret is at most roughly

5 (Ll/ZRi*(di*,H, log(T/5))> ‘

1—k

t o
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The success of the test suggests that the average reward of 4;, should be close to
this. Extrapolating over the rounds played by A;,, the regret for 7; will be

O (R (de. H.Jox(T/0)) - L7715

up to a constant shift by W(|T7?|, Rz, ds,,0). The shift is dominated by the above
display because R;, < R;, and k € (0,1/2]. Finally, since we must account for the
cumulative effect for all ¢ < 7,, Jensen’s inequality shows the sum of these terms is

bounded above by
O (Rs.(di., H,1og(T/5)) - i DT

This becomes the dominant term in the regret. Additional regret of O(H LT'~*+ Hi,+
HT%" log'/?(1/6)) is also paid for exploration, switching costs, and estimation error

of the averages. Summing these three cases and taking x = 1/3 proves Theorem 3.4.2.

3.5 Instance Dependent Bounds

We now prove a stronger “instance-dependent” guarantee on online selection over
more specialized base algorithms which have provable regret guarantees that are
sublinear in 7', but compared to the best policy within its respective policy class.
For example, for an algorithm and model class (A, F) using value-based function
approximation we might consider the greedy policy class:

H;z{(s,h)Hargmax f(s,u,h) : fE]-"}.

ueU

The regret with respect to the best-in-class is
Regy (A, Ilr; M) = maxzen, 3 e V7 — V™

To consider algorithms that may obtain sublinear regret with respect to this weaker
benchmark but not with respect to V*, we give a refined definition of R-compatible
algorithms.

Definition 3.5.1. The pair (A, F) is said to be R -compatible with respect to 11z
on the MDP M if we have

RegT(A7 H]:7 M) < RH]-‘(d}_’ H7 lOg(T/(;)) ’ \/E

for all t with probability at least 1 — 9.
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The value of max ¢y, V7™ is typically unknown because of the complex dependence
between Il and M, and because Ilr is often determined by F. Given a set of
algorithms with different policy classes, we would like to select the one with the
smallest regret compared to the optimal best-in-class value. Formally, we assume
there are given algorithms {(A;, F;)} with policy classes {II;} each having optimal
values V;* := max,ep, V™ and regret coefficients {R}"} such that for all i the pair
(A, F;) is Ri-compatible and R;(ds,-,-) < Riyi(dis1,-, ). Our goal is to select
ix € By := argmax;c) V;* that has the smallest complexity dependence i.e. i, =
argmin, g Rini(di, -,-). We emphasize that even if no algorithm is compatible in the
sense of Definition 3.2.1, we want the optimal best-in-class guarantee? in the sense of
Definition 3.5.1.

The difference between this setting and the last is that all algorithms are assumed
to be compatible with respect to their own policy classes now, but the differing 11,
mean that some can have lower V;*, which we want to eliminate. Note that although
the regret coefficients are ordered as in (3.2), the values {V;*} are unknown and not
necessarily ordered. Observe that i, = min B,, so that V;* > V;* for all i < i, and
Vit > V;* for all i > i,. Thus i, has the lowest regret for the best policy class. We
would like an algorithm A that bounds Reg, (A, I1;, ; M) with dependence on only
the complexity of F;,. The following result shows that Algorithm 10, without any
modifications, can obtain an instance-dependent regret guarantee based on the size of
the gaps A;;, = V¥ — VI for j < i..

Theorem 3.5.2. For a given M, let (A;, F;) be Ry -compatible with respect to TI;
for all i € [L]. Then, with probability at least 1 — &', ECE with k = 1/3 satisfies the
regret bound with respect to policy class 11;, :

6 (HLT2/3 + Rgz* ﬁ + L3/2(Rgz* )3 Z A_2>

1<ds T ylx
If k = 1/2, then it satisfies

O (HLVT + R VT + LRI ) S, A )

Comparing this result to Theorem 3.4.2, if ECE is run with the same x = 1/3 and
the gaps are constant, a significantly better rate is possible since the third term has
no dependence on 7. With a more aggressive exploration choice of Kk = 1/2, an even
stronger instance-dependent guarantee is possible, matching the optimal RZ’* VT

4In essence, the best-in-class guarantee needs to hold even under model misspecification. A
good example of a base algorithm satisfying this condition would be Exp4 in the contextual bandits
setting.
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rate of the best algorithm. However, this comes at the price of worse dependence
on the gaps and Rgi* factors, in the term that does not increase polynomially with
T. In either case, Theorem 3.5.2 shows that we can obtain optimal or near-optimal
dependence in T" and only suboptimal R? -dependence on terms that do not grow
with 7', as long as the gaps are constant. In Section 3.6, we show that these rates
can be even further improved with only minimal modifications to ECE if given access
to fast estimators of the gaps or V*.

3.6 Implications of fast rates of estimating V'*
and/or gap between policy classes

We previously discussed the recent results that prove PAC [48] and regret [54] results
for model selection in RL given knowledge of V*. We now show an analogous result
for our setting. We use the framework of Algorithm 10 but set the probability of
forced exploration to zero, i.e. set kK = co. Then, the test is modified to check the
following condition for eliminating model %;:

T, Re, s, 6)

Z % — gy > Wv*(

t/e7f’f
where
Wy+(A, R, d,8) = Cy - R(d, H,log(1/8)) - VA
+ Cyy - Hy/A -log(1/6)

for a sufficiently large constant Cyy,,. > 0. The test effectively measures the regret
of A;, up to noise in g; and rejects when we are confident that the regret does not
match the nominal.

Proposition 3.6.1. Given side information of the optimal value V* for MDP M,
the above model selection algorithm A guarantees regret

Regr(A) = O (R (d;., H,log(LT/3")) - VIT)

with probability at least 1 — ¢'.

Proof. The proof is identical to that of Theorem 3.4.2 except for the handling of
the misspecified case. For any model 5 < i, for which there is a time when the test
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succeeds,

Z VE—VT= Y (Vg + Z €

J J J
tETTjJrrl teTTjJrﬁl tETTjJrrl
T/ §
SWV*( ¢ ’,Rj,dj,é)‘i‘ €t

J
€T

-0 ((R - H10g1/2(1/5)> ' \/ﬁ)

Summing over all j < i, and using Jensen’s inequality again shows that the dominant
term remains O(R;,v/T) instead of O(R;, T??). O

This regret optimally matches the regret of the base algorithms in both R;, and
T, but a dependence on L is still included.

Unfortunately, it is unclear whether such an assumption of knowing V'* is realistic
in practice. An immediate alternative solution is to try to estimate V* without first
finding the optimal policy. The original test in Section 3.3 attempts this: the average
returns of the algorithms in B; act as a noisy lower bound of V*. The test, however,
is sensitive to the amount of exploration allocated to the base algorithms, and, since
we are comparing to the nominal regret, the flat dependence on R is unlikely to
improve. We hypothesize that better estimates of V* can significantly improve the
model selection guarantee.

In the following subsections, we consider the implications of having access to fast
estimators, either of the optimal value V* := V;* or gaps between optimal values
of different model orders, i.e. A;;:= V" — V. We employ our instance-dependent
analysis to show that improved regret rates can be obtained in both cases when
the gap between the value of the optimal policy class and others is relatively large
(i.e. constant). These consequences are demonstrated for the special case of linear
contextual bandits, where such fast estimators are known to be available [21, 39, 40,
65].

Implications for access to a fast rate of estimating gaps in
policy class optimal values

We first consider the possibility of fast rates in estimating the gap in optimal policy
values, i.e. A;; =V — V" for all i < j. In this section, we show that a modification
of our ECE algorithm with a direct estimator of the gap in maximal values would
yield improved model selection rates if there is a constant gap between all lower-order
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Algorithm 11: Explore-Commit-Eliminate With Fast Gap Estimator And
Forced Exploration Routines(ECE-Gap)

Input: {.AZ, -Zi, Fi, Vi, di}z’e[L}a T,d, Tmin(')’ at

=

2(5<—m,@el,ﬁf:@fom’e[L],Blz[Q,L]
0 wp. 1-—2%

3 U = Wb . U forallt e [T7].

4 for t=1,...,T do

5 if U, =0 then

6 LSetj(—/z\.

7 else
Sample J; ~ Unif{B,}
Setj<—Jt

10 T7 T, U{t} and T* « T}, for all k # j.

11 IF U; = 0: Rollout policy m; from A;.

12 ELSE: Rollout policy 7; from jj.

13 Observe z; := (S¢1, U1, - ., Ut H, Stps1) and g := ZhE[H] Teh

14 Update A; if U; = 0, else update ./Z(j with ¢, z;, g;

15 | if > () and there exists j € By such that A, ;(T7) > Z(|T?|, V)

then
16 L i1 < u+ 1 By By \ {41} U %41 = L, break and run Ay, to end
of time
17 else

18 L By = By

models and the true model, i.e. A;;, > 0 for all <. Along with the replaced estimator,
the radius of the statistical test is also modified according to the faster estimation
error rate in the policy gap. For the special case of linear contextual bandits, these
modifications will correspond ezactly to the ModCB algorithm proposed by [27].

Since our focus is on instance-dependent analysis, we carry over the assumptions
from Section 3.5, and further assume model nested-ness in the sense that V;* = V* for
j > 1.. Thus, we get A;, ; =0 for all ¢ > 4,, and A;;, > 0 for all ¢ < 7,. To estimate
the gap during exploration episodes, rather than running A; directly, we allow an
exploration algorithm A; to be run. In the case of [27] for contextual bandits, this
would be an exploration policy that picks an arm uniformly at random from the set
of K arms. Finally, we make the following assumption on the estimation error rate of
the gaps.
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Assumption 3.6.1. For any i < j, we define AET;) as an estimate of A; ; that is a
functional of the (context and reward) feedback obtained after running n exploration
episodes for A;. Then, we say that our estimate is V; := V(d;, H,log(1/0))-consistent
if, for some positive constant C' > 1, we have

o AV o

|A§J) — Al < TJ + \/—% foralln € [T] and i < j (3.3)
with probability at least 1 — 6. As with the earlier definition®, V; is poly and non-
decreasing in dj, H, |U|, and log(LT/?)).

The original estimator used in the ECE algorithm satisfies the above assumption
with V := R. In what follows, we want to exploit situations in which we have
available an estimator A;; with guarantee V < R; in particular, the dependence
of the function ¥V on dimension d could be significantly improved over any regret
bound. While constructing such estimators is in general an open problem in RL, we
do have one example for the linear contextual bandit problem where this is known to
be possible.

Example 3.6.2. [Linear contextual bandits.] Consider the stochastic d™-order linear
contextual bandits model as in [19], parameterized by K context distributions {3;}5
reward parameter 0 € RY, and o-sub-Gaussian noise in the rewards. Further,
we carry over the assumptions from [27] of T-sub-Gaussianity of the contexts and
Amin(X) > v > 0 where ¥ = % Zfil Y is the action-averaged covariance matriz.
We assume that T,v are universal positive constants. Then, Assumption 5.6.1 holds
with the choice of forced exploration A; that chooses arms uniformly at random from
the set [K| (regardless of round index t and model index i), with the choices C' = 2
and V;(d;,log(1/6)) scaling as 6(d3/4) for the estimator based on the square loss gap,
used in [27]. Meanwhile, the regret bound for the base algorithms (e.g. instances of
Exp4-1X) would give R; scaling as 6(6[;/2). Further, note that Algorithm 2 exactly
becomes the ModCB algorithm for this case.

We now described the modified ECE algorithm, ECE-Gap, to work with a plugged-
in estimate of A;; with the above guarantees. Note that the input now has extra
“exploration algorithms” .Zl/i, and what was earlier defined as regret bound leading
factors, i.e. R;, is replaced by V;, the leading factors in the gap estimation error.
Importantly, we are now using the fast estimator A, ;(¢) in place of the earlier

estimator Gy (7, Z)/|7;] |.

®Similar to R, the definition of V; can be general and include other problem dependent parameters
as well.
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Moreover, the threshold is now defined as:

-V
= Tn
Note that the threshold is always applied to the more complexr model d := d; for

t > j. The algorithm is stated formally in Algorithm 11. We derive the following
instance-dependent result for this algorithm.

Z(n,V)

Proposition 3.6.3. For a given M, let Assumption 3.6.1 hold and let {A;;, }i<i, be
the gaps. Then, with probability at least 1 — &', ECE-Gap in Algorithm 11 satisfies the
regret bound

" ix—1 2 ite
O (HLTH +RIVLIT + Y min{LT= VI A Tr, A,.J*T}) :

i=1
where regret 1s measured with respect to the optimal value V*.

Before proving Proposition 3.6.3, let us consider its implication for the linear
contextual bandits setting, ignoring dependence on K = |U| for now. Here, the
modified ECE algorithm will essentially correspond to ModCB.

By choosing x = 1/3 and using the gap estimator from [27], we can achieve an
instance-dependent result with lower d;, dependence than that of Theorem 3.5.2 for
the same setting of x under the assumption of constant gaps. Furthermore, in the
case the case of variable gaps, this result can immediately imply a minimax guarantee
that matches that of [27].

Corollary 3.6.1. For the linear contextual bandit problem, under the same setting
as Corollary 3.6.2, with probability at least 1 — ¢, Algorithm 11 with k = 1/3 and
constant gaps satisfies the instance-dependent regret bound

O (LT2/3 + /4, LT + L*2d)* Aﬁ) =0 (LT2/3 + di*LT> : (3.4)

1<l

Furthermore, for variable gaps, let Regp(A; M, {A; . }i) denote the regret as a function
of the gaps. Since min{L*?V3} Ai:?i, A;, Ty < LY2V; T%3, ECE-Gap also satisfies the
minimax regret bound

sup RegT(ECE—Gap;M,{A,-@}i):5<Ld}*/4T2/3+ di*LT).

Ai,i* >0 1<ix
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The equality in (3.4) uses d; < T for all 7 € [L] and the constant gap assumption.
If we knew a priori that the gaps are constant, the instance-dependent bound in (3.4)
can be improved by a more aggressive choice of k = 1/2, as in Theorem 3.5.2. We can
then achieve the desired regret rate of 5(\/di*T) regret if and only if the gaps are
constant. Again there is only sub-optimal d; -dependence on the term independent
of T

Corollary 3.6.2. For the linear contextual bandit problem under Assumption 3.6.1
with constant gaps {A;;, }i<i., let Vi, == O(d1/4) and R? = O(dl/z). Then, with

Tx Tx

probability at least 1 — &', Algorithm 11 with k = 1/2 satisfies the regret bound

9] (L\/T +/d;, LT + L*d;, ) A;i) =0 (L\/T + \/di*LT> :
i<ix

In summary, Proposition 3.6.3 not only recovers the minimax rate, but shows
an improved instance-dependent guarantee for more favorable cases when the gap
between optimal policy values is larger.

Let us now prove the proposition.

Proof. Let ﬁﬁj = 85']77') First, we show that under the intersection of the event of
Equation (3.3) and event E’ of Theorem 3.5.2, we will never reach %; > i,. For every
i > i, and all t > 1, Equation (3.3) gives us

R, <2
T VT
Thus, model order 7, is never rejected under this event, and higher order models have
no contribution to the overall regret.
Next, we bound the regret arriving from the misspecified models i < i,. We do
this by bounding the number of rounds during which model order ¢ < i, is used, given
by |77|. From Equation (3.3), we get

7\ Ay Vi
Ay, < Afl + O + —
VITE
Vi*
7

C ~
At
c—1 |7

— Ay, < +

oV,
(C = /IT

<
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where the last inequality follows because the condition in the test has not yet been
violated. More-over, since model 7, has not been selected yet, we have |7, > £ >

—K
8L —

%. This gives us
o 8(CL)?y;,
e A
LT= (V)™=

Thus, the total contribution to the regret from the misspecified model i is given
by

T'F + | T A + R?i\/ |7/
STV T A, + R? |77

The first term comes from the forced exploration, and the last term is equivalent
to the regret we would pay anyway if we knew 7, = 2 beforehand. Focusing on the
second term, the contribution to regret is upper bounded by

1/2v) \ Tor
min{AN-*T, (5 A}

Implications for a fast rate of estimating V'*

An alternative setting is one where we have access to an estimator of V* instead of an
estimator of the gap. Corollary 1 of [40] shows that an e-close approximation of V* is

possible in 9) (\/c_l/ E2> interactions in the disjoint linear bandit setting (where there

is a different parameter vector for each arm) under Gaussian assumptions. Whether
or not such fast estimators exist or are practical for other general settings is still
open, but future work on this problem could be applied to the instance dependent
results here.

We will retain the same problem assumptions as the previous subsection. We also
assume there is V; for each ¢ € [L]. Each estimator offers a high-probability guarantee
on the estimation error as a function of the number of exploration episodes using
corresponding exploration algorithms {A;}.
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Assumption 3.6.2. For alli € [L], we define the ‘//\;(n) wheren € [T as the estimator
of V¥ given n exploration rounds with A;. We assume with probability at least 1 — ¢,
for all v > 1., the estimator Vi(n) satisfies

VvV, V!

Vi < Ly S 3.5
| PSSt g (3.5)

where V; and V! are poly and increasing in d, H, |U|, andlog(LT/0)) and o, B € (0,1).

Let XA/Z-t = I//\;(WD. The algorithm will be of the same form as Algorithm 11, but
instead we leverage the following alternative test:

> V- gu < (T VLV (3.6)

teTt

where
Zi(t,V, V) 1= Cg (VLot 000 . LA-09% 4 [1\/1og(1/0) + RI" Vi)

for a sufficiently large constant C7z > 0. That is, if the above inequality holds, then
ECE continues to use 7;; otherwise, ECE switches to 7; + 1 for round ¢ + 1. First,
we prove an analogous result to Lemma 3.4.1, showing that the test will not fail
under the good event E”. Here, we let E” = E' N E; where E’ is the event from
Theorem 3.5.2 and event Ej is the following.

Event Ey: Let {V;} be the estimators from Assumption 3.6.2. For all ¢ > i, and
n € [T], equation (3.5) is satisfied.

Note that E, holds with probability at least 1 — 0 by assumption. Therefore E”
still holds with probability at least 1 — 10LT2¢ log,(T)).

Lemma 3.6.4. Given that event E' holds, then for all t > T and j € [i,+ 1, L], it
holds that 2, i V9 —gv < Zi (|T"], V5, V)

Proof. Since j > i,, we use the assumption on the estimator V; to write the difference
in terms of regret, estimation error and noise:

D Vi Y V-V -

t/€7?* t’E'Ei*
AL AT S,
T2 TP

T
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Then note that Zt,emi*l ep < Hy/2|T;|1log(2/8) and Zt'e\Tj*\ VE Ve < R? 77|
|7
8L

under event E’. Furthermore, under E’, we have || > t;;; > , which implies

1-(1-R)8 | 7 |77

S U< (ij@|7?*|1-“—”>& VLT log(2/6)+

T

R |77‘*\)

for Cz large enough. Therefore, it holds that ), e f/jt — g < Z;i (

7?'*|>Vjavgl‘)‘
O

The main proposition states that a better instance-dependent rate is available
under less restrictive assumptions on “realizability” by utilizing the test based on the
V* estimators.

Proposition 3.6.5. For a given M, let Assumption 3.6.2 hold some for «, 3 and
i > 1, and let k € (0,1/2]. Then, with probability at least 1 — &', ECE in Algorithm 10
with the modified test (Equation 3.6) satisfies the regret bound

O (HLT'™ + Ry VIT+

.
A X Lﬁy@,(:*“)“ Lﬁ]}i’* =P (RZH“ + Hlog"?*(LT/§"))?
'Z'* IIl X 9 )
7 = A5 A3

]7i*

jvi* j:i*

Proof. As discussed previously, the sufficient events occur with probability at least
1 —¢'. Similar to Theorem 3.5.2, we now show that the gaps A;; can be bounded by

using the estimation error of Vi and the concentration bounds from E’. Let ¢ be
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such that 7; = 7 and the test succeeds. Then,

N V. V! 1
S Vt + Z* + Z* _ i th/
|7;’L* B ’T]’ Zj
veT;
= V Vi
SV =+ €y
7|7 ITJ 2 90t =PI
te 7‘] tlefrtj
log(1/4)
< Oy [ Vi L7770 V! LB|7'J! (1=r) OTT]/
Vi V.. H log(1/0)
’ 717 77|
Again noting that |7, > t;; > mg;m, the above can be simplified to

2H log'/?(1/6) + R,
Aj,i* SO% (QVZ*LQ‘T]‘ (1- ,‘iOL_'_2V/ L6|T]’ (1- n),8+ 0g ( / >+ T

i
e /T8 1/2 Hz*
< 6CY, - max V.Z*L V’*L H log (1./5) + R,
= Yz |7;]|(17n)a7 |7;J’(171<;)B’ ‘7?‘1/2

where C7, = max{1,Cz}. Then, we can consider the three potential cases to upper
bound |7/|. Depending on the maximal term, one of the three possible cases occurs:

(6CLY, Lo\ T [6CLYL PN T
s (P s ()
AVTS AVES
) 2
7] < <6%<H10g1/2<1/5> +Ri“>>
t | >
Aj,i*

The regret during the misspecified phase becomes

Reg‘f‘min(é):T*
= O (HLT'™" + Hi, + R} VIT+

1 1 )
Lﬁ Vi(lfm)a Lﬁvl T=r)B (R?z* + H logl/Q(LT/(S/))Z
E A, max T ; ) - 2
b — A . .
Tt

. (1-rk)a T—r)B n),B
7<tx Aj,i* A] i
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The total regret is
o) (HL% log ™+ (1/8) + HLT'™" + Hi*> +0 (RH VIT+

1 1 .
Lmviil—“)“ Lﬁv’ =8 (RZH’* + _71Tlog1/2(LT/5’))2
Z A;;, max T , ) AZ

.. (1—k)a a—r)B n)[‘} i
7<tx Aj,i* A] i Jox

]

Consider again the implications of this bound in the contextual bandit setting. It
. 1/4
is possible that to estimate an upper bound of V* with rate O % + #), where

n is the number of samples and j > i, [27, 39]. However, this would only give a
one-sided estimation error bound. If a two-sided guarantee of the same form were
possible, we would have a = 1/2, § =1/4, and V;, = O (d1/4) Vi, =0(1). We now
state the following immediate corollary in this setting with constant gaps under the
hypothesis that such an estimator for this problem exists and is given.

Corollary 3.6.3. For the linear contextual bandit problem under Assumption 3.6.2
with constant gaps {N;; }ici., let a =1/2, =1/4, V;, = O(d 1/4) and V] = O(1).
Let the exploration parameter k = 1/2. Then with probability at least 1 — &', ECE in
Algorithm 10 with the modified test (Equation 3.6) satisfies the regret bound

(\/_+ d, T+ max{d, A7} AT di A} )z@(ﬁJr\/di*Teri*)

7<ix

where O hides dependence on the number of models L, the number of actions K = |U|,
and log factors.

For constant gaps, the scalings in d and T' are nearly same for this estimator
and the gap estimator of the previous section. The main difference arises in the
dependence on the gap, O(A, ) in this case compared to O (A7) in the previous

case. In this case, it is clearly suboptimal.

3.7 Applications of ECE

Though Theorem 3.4.2 is stated generally for any RL algorithms with nominal
anytime regret bounds, we can easily specialize it to several important problem
settings without knowing the optimal model class a priori. In this section, we expand
on the applications of Theorem 3.4.2 to paradigms of function approximation in RL.
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Linear MDPs Consider the setting of [38] which we mentioned as an example in
Section 3.2. In this setting, we assume access to a set of nested features ¢; : S x A —
R% for i € [L] such that d; < d;y, and the first d; components of ¢;,; are the same
as ¢;. These features generate linear model classes of the form

Fi = {(s,a) — (di(s,a),0) : 6€ Rdi} (3.7)

Nested-ness of the features ensures that F; C F;,; for all i. In accordance with the
setting of [38], we assume that there exists some minimal 7, such that for any F; with
i > i, there exist p(-) and w;y, € R% that predict exactly the transition probabilities
P and reward 7:

P(SIIS’U) = <¢i(sau)aui($/)>

ra(s,u) = (Pi(s,u), win) (3.8)

Here, p;(+) is a d;-dimensional vector of measures on S. Let {A;} be instances of
LSVI-UCB equipped with the doubling trick and model classes {F;}. We further
assume that the features and parameters for each of the models with ¢ > i, satisfies
the regularity conditions of Assumption A of [38], i.e. bounded ¢5 norms, r € [0, 1].

[38] guarantees that for i > i, and ¢t € [T] with probability at least 1 — dy,

Reg,(A;) = O(\/d?H‘% -log®(d;TH/d,)). Adapting this to the framework of ECE, we

let R, =0 (\/d?H‘1 : logz(diTH/é)), which ensures R; < R;41. A model selection

corollary immediately follows from Theorem 3.4.2.

Corollary 3.7.1. In the linear MDP setting of (3.8) with LSVI-UCB, ECE guarantees
with probability at least 1 — &'

Regy = O (\/ d? H*log*(d;, LTH/J') - L5/6T2/3>

[68] consider a similar setting of linear MDPs where the transition dynamics P
are linear. We again assume access to nested linear models but of the form

Fi = {(S,Uy Sl) — ¢i($’u)TMwi(S/) . Me Rdixd;}

where {¢; }icqr) and {t;}icr) are nested features of dimension d; and d} respectively.
[68] assume that there is some minimal 4, such that for any i > i,, there is M € R%*%
such that

P(s'|s,u) = ¢5(s,u) " Mp(s) (3.9)
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for all s,s' € S, u € U. We further adhere to the regularity conditions of As-
sumption 2 of [68], who guarantee the MatrixRL A; with model F; has regret

Reg,(A4;) = O (wdg’HE’t : log(diTH/(SO)) with probability at least 1 — 8. Letting
R;=0 <\/d§’H 5. log(d;TH/ 5)), we have the following model selection guarantee.

Corollary 3.7.2. In the linear MDP setting of (3.9) with MatrizrRL, ECE guarantees
with probability at least 1 — &'

Reg; = O (\/ d? H5log?(d;, LTH/J') - L5/6T2/3)

The final linear setting we consider is that of low inherent Bellman error studied
by [69]. We let F; be defined as it is in (3.7) and let B = {# € R% : ||0|| < D}
for some D > 0. Then assume there is a minimal ¢, such that for any ¢ > i, and
041 € B, there is 0, such that

<¢i<57 u)? 9h> - Bth—i—l(eh—i-l)(S, U) =0

for all s € S and u € U, where Qp,(0) is the linear action-value function parameterized
by 6 (with features ¢;) and By, is the Bellman operator with reward r,. In other
words, this condition asserts that F;, has zero inherent Bellman error. Under
the same regularity conditions, for ¢ > i,, [69] guarantees ELEANOR achieves
Reg,(A;) = 9) (dﬂ/ﬁ) with probability at least 1 — dy. Letting R; = O (dﬂ/ﬁ),
we have the following model selection guarantee.

Corollary 3.7.3. In the inherent Bellman error setting with ELEANOR, ECE guar-
antees with probability at least 1 — ¢’

Regy = O <di*\/H4 : L5/6T2/3>
where O hides polylog dependencies.

Low Bellman Rank Another class of algorithms using more general function
approximation considers the setting of MDPs with low Bellman rank [36]. In this
setting, a finite model class F : & x U — R realizes M if there exists f* € F such
that Q;(s,a) = f*(s,a), where Q* is the optimal action-value function for all h € [H].
For any f € F, define 7; as the greedy policy with respect to f, and the Bellman
error at h € [H]| as

E(f.mh) =K [f(s,ms(s)) —r(s,7p(s) = f(s", w4 (s))],
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where the expectation is over s from the state distribution of 7 at h and s ~
P(:|s,m¢(s)). In this setting, it is assumed that there is a Bellman rank M < |F|
such that for any f,g € F, we have E(f,m,, h) = (vn(g), &n(f)) for vi(g), & (f) € RM
and |[v[|[|€]| < (. We assume access to a set of finite model classes {F;};cqr) such
that there is at least one that realizes M, and the complexity of F; is a function
of its cardinality |F;| and induced Bellman rank M;. We consider instances of
the AVE algorithm {A;} of [22] with the doubling trick, which has nominal regret

9) (\/Mi2|LI|H4tlog3 |_7:Z|> Choose Rz, = O (\/Mi2|L{|H4 10g3(|]:i|)) and let i, be

the smallest index that realizes M. This yields the following corollary.

Corollary 3.7.4. In the low Bellman rank setting with AVE, the model selection
algorithm guarantees with probability at least 1 — ¢’

Reg,(A) = O (\/Mf* U|H* log® (| Fi) - L5/6T2/3) :

3.8 Omitted Proofs of Section 3.4

In this section, we collect proofs for Theorem 3.4.2 that were omitted from the
previous sections of the chapter.

Proof of Lemma 3.4.3

Here, we restate and prove Lemma 3.4.3.

Lemma 3.4.3. The event E = )
10LT?6log, T.

ie{12.3} E; holds with probability at least 1 —

Proof. We will show that each of the three events holds with high probability and
the apply the union bound.

Corollary 3.9.1 of Section 3.9 shows event E; holds with probability at least
1—4LT%*5log, T.

For event FEj, 7, is the index of the algorithm that is R;,-compatible and anytime.
Let Wéz) denote the policy played by A;, at the k' call to i,. For K € [T], these
properties guarantee its regret bound holds, with probability at least 1 — ¢,

S v V) < Ri(d;,, H,1og(T/0)) - VK

ke[K]
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Taking the union bound over all K € [T] shows that event Ey holds with probability
at least 1 — T79.

As in the previous case, we can view the process eél), e ,eéT) as the pre-drawn
differences between the observed and expected returns for the 1 through (at most) 7'
times of playing model A;. Applying the Azuma-Hoeffding inequality with |eék)| <H
and taking the union bound over all K € [T7,

1) €l < Hy/2K log(2/0)

ke[K]

with probability at least 1 — T'6. Taking the union bound over all models, event Ej3
occurs with probability at least 1 — LT.

Taking these events together and &' = 10LT?6log, T, event E holds with proba-
bility at least 1 — ¢'. H

Full Proof of Theorem 3.4.2

Here, we restate and complete the proof of Theorem 3.4.2.

Theorem 3.4.2. Let the model exploration parameter k = 1/3. Then, the model
selection algorithm ECE satisfies the regret bound

O (HLT*® + R, (di., H,log(LT/¥")) - /> LV>T%/?) .

with probability at least 1 — ', where O hides logs and terms independent of T and R.

Proof. Let 7, := 7;, denote the time that A;, is chosen as the candidate. Recall that

0= m. The analysis can be divided into three phases when conditioned on
the event E.

1. t < Timin(0): the test to determine switching to i, is not valid yet.

2. Tymin(0) <t < 7y the test is eligible but ECE is still switching among incompati-
ble algorithms.

3. t > 7.: ECE has switched to A;, .

Note that it is possible that 7, > T'. That is, the algorithm only uses incompatible
algorithms; however, we will show that this case still guarantees regret that adapts
to the optimal algorithm i,.
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Case 1: Invalid Test We require t > 7, (0) in order for the condition in
Lemma 3.4.1 to hold under £ when %; = i,. Therefore, we can view this period
t < Tmin(d) as an unavoidable burn-in period. The regret during this interval can
then be upper bounded in the worst case as

Tmin -1

ReB (1 = D V' = V™ < Hrn = O (HLT% log™(1/5) )

t=1

Case 2: Misspecified Case In the second phase, the test is valid, but ECE is
either utilizing algorithms below ¢, or switching among them in the event the test
fails. The regret can be decomposed across each set 77 of times playing A; up to
time 7,:

Reg‘f‘mm(é):n = Z Z Ve—ym

JElL] teTs,
SAH(L—i)rl 4y > vr-vT
j<i* t€7'7_jj+1

The second line follows from the fact that for j > i,, algorithm j is not selected yet
(if ever), so maximal regret is paid for those algorithms during exploration. Event E;
upper bounds the number of times that can be in 77 at time 7,, since the regret due
to j is only due to exploration. Furthermore, for j < i,, once j is rejected, it is never
used for exploration again, so we can replace 77 with 7?] ., for j <'i,. The third line
is necessary as no guarantee is given during episodes when a test fails and there can
be at most i, failing tests since the condition in Lemma 3.4.1 is always true under
event .

Then, we focus on bounding the right-hand term. Fix j < 7,. Observe that for
te Tij+1—1 the tests succeed for all comparisons including with i,:

Gr 103 8) SW(T2, 1l Ry, dj, 0)

for all ¢ > j. Therefore, since i, > 7, the definition of G can be used the bound the
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following;:
S R SEUEED >
teT’ 411 teTs 411 teTs i1
L
| J+1 | Z (V*—gt)+W(|T jH1— 1| R.77d]75) Z et
1=l T T,

T )
< P N (V= VT  W(TL LRy dy, 0)

’ TJ+1 1’t€T:_*+1 N

+ Z ]+1 1| Z €

J TJ+1 1| ix
teT) Tie1-1 teT> i1

Now we can use the fact that Ey and E3 hold to bound the regret and estimation

errors:

TJ |2
J+1 1
) W(TY Ta1—1h > dj, 0)

T]+1 1’

> vi-vm<o (R (di,, H, log(T}/5)) -

J
T

J

T 1 2
(H\/\T . 1| - log 1/5)> +0 (H\l |TiJ*H ‘| 1og(1/5))
Tj+1—1

(3.10)

Using F; and the fact that 7,,(0) < 7541 — 1 < 7, we have that

| | (Tj-‘rl ) | TJ+1 1|1 "
a1l 2 8L - 8L

Then the terms in (3.10) that contain \7;§*+rl| in the denominator can be upper

bounded:

TJJ“ P 2o (peR, H,log(T/$ B2
(LY2Ri. (A, H1og(T/8)) -T2, |5)

T]+1 1‘

@) (Ri*(di*,H, log(T'/6)) -

TJ 2 .
o (H\l+1 1og(1/5)) <0(HL1/2\T i k2 log1/2(1/5))

;] |
Tji+1—1
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The bound then becomes

Z V* -V S 0 <L1/2Ri* (dl*a H7 10g(T/5)) ’ |TZ']'+171|1+TH> +
teTl
G41
WTS, | Ry d,8) + O (HITS |72 log!2(1/9)) +

1+k

O (HL|T,, | - log'2(1/5))

Since R; < R;,, the regret for j in this case is

S Vv <O (LR (i, Hoog(T/0)) - T2, 15+
teTij+1—1

1+k

HEMAT] ' 10gM2(1/9))

Observe that ;. |7;i+1_1] < T and the right-hand side is a sum of concave functions

of each |7;i+1_1|. Using Jensen’s inequality with the uniform distribution over |7;i+1_1|

for 7 < i, and then upper bounding by T yields the bound:
Reg, . (s5)r. <O (HLT'™" + Hi,+
11—k 1+k
(Re.(d.. H.log(T/)) + Hlog"2(1/8)) - 0.2 LV2 . 1)

Case 3: Selecting A;, Starting at 7, + 1, A;, is selected. Note that the condition
in Lemma 3.4.1 holds under event E, so ECE will never reject 7,. Then

Reg,, 1.0 < Z H|T| + Z vi-vm

J€fix+1,L] teTx
< Y HIT+ 0 (Ra(di, H los(T/) - VT)
Jelis+1,L]

<0 (HLTl‘“ 4 Re(ds., H, log(T/6) - \/T)
Adding the terms from these three phases gives the final bound:
Regy = O (HLﬁ log™x (1/8) + HLT'™" + Hi,+
(Ri.(d.. H.10g(T/3)) + Hlog"(1/5) ) - T %)

Then we choose k = 1/3 to recover the statement in the theorem. [
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Proof of Theorem 3.5.2

Here, we restate an prove Theorem 3.5.2.

Theorem 3.5.2. For a given M, let (A;, F;) be Ri-compatible with respect to II;
for alli € [L]. Then, with probability at least 1 — ', ECE with k = 1/3 satisfies the
regret bound with respect to policy class 11;, :

(L1 RV A 52

1,0%

If k = 1/2, then it satisfies
9 (HL\/T + R VT + LARM Y, AP )

Proof. First we will show that the sufficient events to prove this result occur with
high probability. While the other events remain the same. we must modify event Fs
from Lemma 3.4.3 slightly because we are interested in the case when all algorithms
are compatible with respect to their own policy classes. Let EY denote the following
event: for all ¢t € [T] and ¢ € [L],

Spers Vit = VT <R(dy, H,10g(T/6))/|T/]
As in Lemma 3.4.3, this almost follows from Definition 3.5.1; however, we also union
bound over all algorithms. Thus E), occurs with probability at least 1 — LT9. Let
By = Ey and By = E3. Then E' = (¢, ,4 F; occurs with probability at least
1 —10LT?%5log, T, as before.

Recall that 7, = min B, where B, is the set of 1ndlces that achieve maximal value,
argmax; V;*. For shorthand, we will let R; R (dj, H,1og(T'/d)). We now verify
that the statistical test will not fail once ECE reaches some i, € B,. This is nearly
identical to Lemma 3.4.1, but we must verify it with respect to values that are not
the optimal value.

Lemma 3.8.1. Let (A;, F;) be an Ry -compatible algorithm with respect to I1; for
alli € [L] and let i, = min B,. Given that event E' holds and t > T (9), then, for
all j € [i. + 1, L], it holds that G (i, j) < W(|T*|, Ri., d;,, 0).

Proof. From the definition of G,

Giltn, ) = ’Tz | G2 g D ’TZ | > (Ve = 3 (V)

t’eT] tETH™ t’eTJ veT

<N (vi-vm) J| Zet - e

e teT? teT*
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where the last step uses the fact that V;* = max; V;*. Since (A;,,F;,) is RZ‘*
compatible, the remainder of the proof is identical to that of Lemma 3.4.1 by applying
the conditions in F'. O

As before, in the full proof we handle three cases: (1) before the test is valid,
(2) while ¢ < i, is chosen, (3) after i, is chosen. In the first case, we again pay the
burn-in period regret of Reg;... 51 = O(HTwin(9)). In the third, we showed that

the test will never fail once % = ¢,. Therefore, Reg_ ., = O (H LT %+ R, VT )

To bound the regret during the misspecified phase, we construct an upper bound
on the number of times A; can be played for j < ¢,. Let ¢t be a time such that
% = j < i, and the test succeeds. First, we bound the size of the gaps.

Note that by definition V;* > ﬁ Zt'eﬁj V7 and event E’ ensures that V;* <

Ri* 1 . !
|7;i*|1/2 + |7;z*| Zt/eth’L* V . Then,

Y /* *
Aj:i* - ‘/’i* - ‘/;

1 R; 1
<—— > vmw s T TS "
=07 . V +|7;z* 1/2 77| Z_Vt
teT tlvery
R 1 1
= —+ — E (g — €v) — — E (g0 — €v)
|7?* 1/2 |77* ol |7;J —~
€7, t'eT;
< (‘t| j] J )+ TR : et/+—j 7%
77 TR 2
tETH* t'eT;

And therefore,

A, < CW~< R, g, [16Llog(2/5) 21og(2/5)>

7717 |77 77
Ri 21log(2/9) 21og(2/9)
72 |7 |7/

where we have applied the definition of W and event E3 to bound the noise of the
returns. Let Cj,, = max{1, C)y}. Since i, has not been selected yet |7,"*| > t;;; >
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|7’j|1—n i
~r—- Then, since R; < R;,,

AL <Cl. (2\/8LRZ-* e 16L10g52/5))

N 7

Rearranging gives

| LT (R + Hlog1/2(1/6)>m
7| =0 3

I—k

j?i*

Now this bound can be used to bounding the regret with dependence on the gap.
The regret during this phase is again

Reg,,oyr < H(L—irl "+ 3" 3 v v

I<betet? |
< H(L—i)r™ *’~+Hz*+z >oovp-vm
J<ix teT?

‘r+11

As in the proof of Theorem 3.4.2, we focus on bounding the right-hand term. For
a fixed j < i, at time 7;,; — 1 we have that the test succeeds so G, _1(j,i.) <
W(\’Tﬁjﬂ_ll, Ri,,d;.,0). Then, applying the bound on the number of times j can be
played,

> VE VTS ALT

J
€T

T+1 1’+R ‘7;'+1 1’

L= (R + Hlog1/2(1/5)) =
<O . +

11—k
J5tx

1
R, [0 (R n Hlog1/2(1/5)> ”

1

I—k
jvi*
2

L% (Ri. + Hlog"*(1/8)) ™"

:O 14k
Al K

i
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Therefore, the regret in this phase can be upper bounded by

T 1
Reg (). < O (H(L — )TV o Hiy o+ LT (Ri, + Hlog!2(1/8)) ™" Y — )

j<in A;?
Combining these three phases, the total regret is
0 (HLﬁ log T (1/8) + HLT'™* + Hi,+
= 1
Lﬁ (Ri*+H10g1/2(1/5)>1 ZTJ—‘I_RZ*ﬁ
§<ix A;’;:

Choosing either K = 1/3 or k = 1/2 gives us the statements of Theorem 3.5.2. This
completes the proof. O

3.9 Anciliary Technical Results

In this section, we use a Freedman inequality to lower and upper bound with high
probability the number of times a particular algorithm is played both during explo-
ration and while it is chosen by the meta-algorithm (Lemma 3.4.3). First, we state a
variant of the Freedman inequality from [11].

Lemma 3.9.1 (Lemma 2, [11]). Suppose Xi,---,Xr is a martingale difference
sequence with | Xs| < b. We define

VarsXs = Var(XS]Xl, s ,Xsfl)

Further, let Vi = Zstl Var, X be the sum of conditional variances of X.s, and
or = \/Vr. Then we have, for any choice of 6 < 1/e and T > 4:

P (Z X, > 2max(207, by/In(1 /5))\/111(1/5)) < log,(T)é (3.11)

Recall that By denotes the indices of algorithms that have not been selected by
time s. Note that |Bs| < L. For all i € [L] and t € [T, define the event

171 = Yeg | < 44/ ety 37 108(1/9) 7>
[t] |Bs] [t]
1701 = et e — Loselrrrg (L= 0) [ < 4\/Zse[t] s log(1/0) 7 <t

it -
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Lemma 3.9.2. The event & = Nic(r)eim€ic holds with probability at least 1 —
4LT?*6log, T

Proof. Define

Sy XY

se(t’] sEt’+1,¢]
where Y ; ~ Ber <ﬁ) and 737i ~ Ber (1 — Siﬁ) Then define
1 — 1
1<y - i — T 1w [ YVei—(1——
=St (V) +20 (Ta (1-5))
s€(t]
1 — 1
ZZVarS Licyy  (Ysi——=—— )+ Ly - (Ysi—(1——
= ) B ’ 5"

where Var, denotes the conditional variance up to time s. By definition, {Z;(¢,t') }+>1
is a martingale sequence and Vi(t,t) < >° 4 <. By the Freedman inequality from
Lemma 3.9.1,

1
Pr | |Z;(t, )| > 4 Z;ﬁ-log(l/é)%—éﬂog(l/&) < 20log, T

sE(t]

Let this event be denoted by E (t,t') for each i € [L] and ¢,t" € [T]. Then, by the
union bound, the event (J;, , €i(t, ') holds with probability at most 4LT25 log, T
Therefore, (0, ;15 Ei(t, 1) holds with probability at least 1 — 4LT?§log, T', and this
event implies for all i € [L] and ¢ € [T], if ¢ > 7;, then

1T = |B:‘SK - > <1 — S_) | <4 Z—log 1/6) + 4log(1/6)

s€[T] s€lm+1,t] s€(t]

and if 7 < 75, then

T | — Z |B| | < Z log(1/6) + 41og(1/9)

s€t] s€ t]
[

Corollary 3.9.1. With probability at least 1 — ALT?*§log, T, for all i € [L] and
t € [T] such that t > Tyin(9), the following is true:
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1. Ift <, the

S <At
2. If t > 7;, then \77] <t -7+ 4t

Proof. Note that when ¢t < 7;, it is also the case that |By| > 1 for all s < t¢.
We condition on the event £ from above, which occurs with probability at least
1 —4LT?5log, T. Given this event, it follows that if ¢ < 7;, then

A 1 1
T =S SﬂB 4[5 oa(1/8) — 4108(1/0)
sE[t] 5 selt]

> Z — —32L1og(1/6)

sE[t
1
5T (¢! —2) — 32L1log(1/4)
tl*l{

— 4L
tl*lﬁ
8L

The second inequality uses the AM-GM inequality and that |B,| < L, which implies

Z -16L1og(1/0) < 21in+8Llog(1/5)

s€ [t] s€[t]

v

—32L1og(1/0)

>

The third applies the integral approximation of the sum. The last two follow from
2 1

the condition that ¢ > 7, (0) = Chin - L1+ logT+(1/6) for a large enough constant

Chin > 0. The other side follows similarly with

T < 3t + 321og(1/8) < 4t'~"

when t > (321og(1/ 5)) . Similarly, for ¢ > 7;, event £ guarantees

(1 - —) +4 Z—log 1/6) + 4log(1/6)

se[‘r} s€[Ti+1,t] SE[t]

<t -7+ 32log(1/d) + Z—

86 (7]
<t-—1+32log(1/9) + 3t "
<t — 7 44t

7] <

when t > Ty (). O
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Chapter 4

Simple Regret Balancing

4.1 Introduction

We study the problem of choosing among a set of learning algorithms in sequential
decision-making problems with partial feedback. Learning algorithms are designed to
perform well when certain favorable conditions are satisfied. However, the learning
agent might not know in advance which algorithm is more appropriate for the current
problem that the agent is facing.

As an example, consider the application of stochastic bandit algorithms in person-
alization problems, where in each round a user visits the website and the learning
algorithm should present the item that is most likely to receive a click or be purchased.
When contextual information (such as location, browser type, etc) is available, we
might decide to learn a click model given the user context. If the context is not
predictive of the user behavior, using a simpler non-contextual bandit algorithm
might lead to a better performance. As another example, consider the problem of
tuning the exploration rate of bandit algorithms. Typically, the exploration rate in
an e-greedy algorithm has the form of ¢/t, where ¢ is time and the optimal value of
constant ¢ depends on unknown quantities related to reward vector. The decision rule
of the UCB algorithm also involves an exploration bonus [9]. Choosing values smaller
than the theoretically suggested value can lead to better performance in practice if
the theoretical value is too conservative. However, if the exploration bonus is too
small, the regret can be linear. It is desirable to have a model selection strategy that
finds a near-optimal parameter value in an online fashion.

A model selection strategy can also be useful in finding effective reinforcement
learning methods. There has been a great number of reinforcement learning algorithms
proposed and studied in the literature [62, 63]. In some specialized domains, we
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might have a reasonable idea of the type of solution that can perform well. In
general, however, designing a reinforcement learning solution can be a daunting task
as the solution often involves many components. In fact, in some problems it is not
even clear if we should use a reinforcement learning solution or a simpler contextual
bandit solution. For example, bandit algorithms are used in many personalization
and recommendation problems, although the decisions of the learning system can
potentially change the future traffic and inherently we face a Markov decision process.
In such problems, the available data might not be enough to solve the problem using
an RL algorithm and a simpler bandit solution might be preferable. The complexity
of the RL problem is often not known in advance and we would like to adapt to the
complexity of the problem in an online fashion.

While model selection is a well-studied topic in supervised learning, results in
the bandit and RL setting are scarce. [49] propose a method for the model selection
problem based on EXP4 with additional uniform exploration. [5] obtain improved
results by an online mirror descent method with a carefully selected mirror map. The
algorithm is called CORRAL, and under a stability condition, it is shown to enjoy
strong regret guarantees. Many bandit algorithms that are designed for stochastic
environments (such as UCB, Thompson sampling, etc) do not satisfy the stability
condition and thus cannot be directly used as base algorithms for CORRAL. Although
it might be possible to make these algorithm stable by proper modifications, the
process can be tedious. To overcome this issue, [54] propose a generic smoothing
procedure that transforms nearly any stochastic algorithm into one that is stable.
Results of [5] and [54] require the knowledge of the optimal base regret. [27] study
bandit model selection among linear bandit algorithms when the dimensionality of
the underlying linear reward model, and thus the optimal base regret, is not known.
A related problem is studied by [18].

In this chapter, we propose a model selection method for bandit and RL problems in
stochastic environments. We call our method “regret balancing” because it maintains
regret estimates of base algorithms and tries to keep the empirical regret of all
algorithms roughly the same. All algorithms maintain an empirical estimator of their
regret computed as the difference of an optimistic estimator of the optimal policy’s
reward and the algorithm’s collected reward. The method achieves regret balancing
by playing the base algorithm with the smallest empirical regret. An algorithm can
have small empirical regret for two reasons: either it chooses good actions, or it has
not been played enough. By playing the algorithm with the smallest empirical regret,
the model selection procedure finds an effective trade-off between exploration and
exploitation.

The proposed approach has several notable properties. First, no stability condition
is needed and any base algorithm without any modifications can be used. Note that
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when applied to stochastic bandit algorithms, [5] and [54] modify the base algorithms
to ensure certain stability conditions. Second, our approach is intuitive and almost as
simple as a UCB rule. By contrast, many existing model selection approaches have
a complicated form. Finally, the approach can be readily applied to reinforcement
learning problems.

The proposed approach, similar to a number of existing solutions, requires the
knowledge of the regret of the optimal base algorithm. We show that, in general,
any model selection strategy that achieves a near-optimal regret requires either the
optimal base regret or direct sampling from the arms. We show that by adding a
forced exploration scheme, and hence direct access to the arms, the regret balancing
strategy can achieve near-optimal regret in a class of problems without the knowledge
of the optimal base regret. Further, we show a class of problems where any near-
optimal model selection procedure is indeed implementing a regret balancing method,
possibly implicitly.

As we will show, the regret of our model selection strategy is Q(T"), where T is
time horizon. This regret is minimax optimal, given the existing lower bound for the
model selection problem that scales as Q(v/T) [54]; Even if it is known that a base
algorithm has logarithmic regret, the fast logarithmic regret cannot be preserved in
general.

We show a number of applications of the proposed approach for model selection.
We show how a near-optimal regret can be achieved in the class of e-greedy algorithms
without any prior knowledge of the reward function. We also show how the proposed
approach can be used for representation learning in bandit problems. Further, we
show a model selection strategy to choose among reinforcement learning algorithms.
As a consequence for reinforcement learning, if a set of feature maps are given and
the value functions are known to be linear in a feature map belonging to this set, we
can use the regret balancing strategy to achieve a regret that is near-optimal up to a
constant factor. Finally, the proposed regret balancing strategy can also be used as a
bandit algorithm. We show how the approach is implemented as an algorithm for
linear stochastic bandits.

4.2 Problem Statement

For an integer A, we use [A] to denote the set {1,2,..., A}. A contextual bandit
problem is a sequential game between a learner and an environment. We consider a
set of learners [M]. The game is specified by a context space S, an action set [K] of
size K, a reward function r : S x [K] — [0, 1], and a time horizon T'. In round ¢ € [T,
the learner i € [M|] observes the context s; € S and chooses an action a, € [K] from
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the action set. Then the learner observes a reward r, = r(s;, a;) + 1;, where for a
positive constant o, 7, is a o-sub-Gaussian random variable, meaning that for any
A € R, E[e?] < ¢’*9"/2. In the special case of linear contextual bandits [41], we are
given a feature map ¢ : S x [K] — R? such that r(s,a) = ¢(s,a) ", for an unknown
vector 0, € RY Let p,, = E(max, r(s;,a)) be the expected reward of the optimal
action at time ¢, where expectation is taken with respect to the randomization in s;
and 7;. The goal is to have small regret, defined as C;r = Zz;l(/l*’t —ry). I {s}E,
is an IID sequence, then p,, is the same constant for all rounds and we use f, to
denote this value. The game is challenging as the reward function is not known in
advance. If S contains only one element, then the problem reduces to the multi-armed
bandit problem. If an action influences the distribution of the next context, then
the problem is a Markov decision process (MDP) and it is more suitable to define
regret with respect to the policy that has the highest total (or stationary) reward
(See Section 4.4 for more details).

A bandit model selection problem is specified by a class of bandit problems and
a set of bandit algorithms. Let M be the number of bandit algorithms (called base
algorithms in what follows). As defined above, C; 1 is the regret of the ith base in the
underlying bandit problem if the base algorithm is executed alone. In a bandit model
selection problem, the decision making is a two step process. In round ¢, the learner
chooses base i; from the set of M bandit algorithms, the base observes the context s;
and selects an action a; from the set of K actions, and the reward r; of the action is
revealed to the learner. Then the internal state of the base 7, is updated using reward
r;. The regret of the overall model selection strategy is defined with respect to ji. ;:

T
Regret; = Z(M*vt —T) .
t=1
Let i, be the optimal base with the smallest regret if it is played in all rounds,
i, = arg min; C; 7. We would like to ensure that Regret; = O(C;, r). A reinforcement
learning model selection problem is defined similarly (See Section 4.4 for more details).

4.3 Regret Balancing

At a high level, the main idea is to estimate the empirical regret of the base algorithms
during the rounds that the algorithms are played, and ensure that all base algorithms
suffer roughly the same empirical regret. This simple idea ensures a good trade-off
between exploration and exploitation: if a base algorithm is played only for a small
number of rounds, or if it plays good actions, then its empirical regret will be small
and will be chosen by the model selection procedure.
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Bandit Model Selection

In this section, we present the regret balancing model selection method. Consider a
bandit model selection problem in a stochastic environment. Let N;; be the number
of rounds that base ¢ is played up to but not including round ¢, and let R;; be
the total reward of this base during these N;; rounds. With an abuse of notation
we also use IV;; to denote the set of rounds that base ¢ is selected. Let S;; be all
data in the rounds that base i is played, S;; = {(s¢,ar,7) : t € N;;}. Let H be
the space of all such histories for all 7 and t. We use R, ;, N.;, and S,, to denote
the quantities related to the optimal base, which was defined earlier in the problem
definition. Regret of base ¢ during the NN;; rounds is G;; = zTeNM o r — Rir. We
assume that a high probability (possibly data-dependent) upper bound on the regret
of the optimal base algorithm is known: a function U : R x H — R is given so that
for any § € (0,1), with probability at least 1 — ¢, G;., < U(4, S.;) for any t.! For
example, for the UCB algorithm we have U(6, S, ) = O(y/Ktlog(1/)),2 and for the
OFUL algorithm we have U(3, S, ;) = O(log(det(V;)/0)/t), where V; is an empirical
covariance matrix [1]. Given that G;, ; is defined with respect to the realized rewards
R;, +, the regret upper bound U should be at least of order Q(V1).

Next, we describe the model selection strategy. In round ¢, let j; be the optimistic
base and b; be the optimistic value,

R,

_ U(6,Si4) R+ U(,Sj,.)
_ s O, p, — Lyt  Ojt)
Jo=alg ,%% Niy * Niy ’ ' Nj, ¢ " Nji.p

(4.1)

Variable b; estimates the value of the best action. Define the empirical regret of base
1 by R
Git = Niiby — Ry .
Recall the true regret defined by G;; = ZTEN“ . — Riy. Notice that we have
Nj,iby — Rj,+ = U(6,S;,+), i.e. b is chosen so that the empirical regret of the
optimistic base scales as the target regret of the optimal base. Throughout the game,
we play bases to ensure that the empirical regrets of all bases are roughly the same.
To be more precise, in time ¢, we choose the base with the smallest empirical regret:
1; = arg min @z . 4.2
! gie[M] . ( )
This choice will most likely increase the empirical regret of base i;. Next theorem
shows the model selection guarantee of the regret balancing strategy.

'We can use different probabilistic guarantees here, and any form used here will also appear in
Theorem 4.3.1.
2We use O notation to hide polylogarithmic terms.
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Theorem 4.3.1. If p.+ = ps for a constant u, regardless of time t, and if with
probability at least 1 -6, G;,+ < U(0,S;, +) for any t, then Regret; < M max; U(6, Sir)
with probability at least 1 — 6.

Proof. First, we show that b, is an optimistic estimate of the average optimal reward.
By (4.1) and the regret guarantee of the optimal base,

tht + U((5, Sjt,t) > R*Jg + U(d, S*,t) > ZTEN*,t /”L*ﬂ'

b pr— pr—
t > > Iy -
Nyt Ny, 1 at Ny Ny

(4.3)

Let i; be the base chosen at time ¢ and j; be the optimistic base. The cumulative
regret of base i; at time ¢ can be bounded as

Giz,t = Nit,tu* - Rit,t

< Nijibe — Ry ¢ By (4-3)
< Nj, by — Rj, 4 By definition of 7,
=U(6,S;,4) - By definition of j; and b, (4.4)

Let T; be the last time step that base i is played. Given that the instantaneous regret
is upper bounded by 1, by (4.4) the regret can be bounded as

M M M
Z G@T == Z Gi,Ti S Z U(5, SjTi,Ti) S Mmax U(6, Si,T) .
=1 =1 i=1

[]

The condition that p.; = p. for a constant ., regardless of time ¢ is needed
to ensure that b, > ZTENN psr/Niy for any base i. The condition holds in the
following model selection problems: choosing a feature mapping in a stochastic bandit
problem, and choosing the optimal exploration rate among a number of e-greedy
algorithms. The condition is also satisfied for choosing between multi-armed bandits
and stochastic linear contextual bandits, where p,; = E [maxie[;q qb(st,i)T@*} is a
time-independent constant value for IID context s;.

As we mentioned earlier, the regret upper bound U should be of order Q(\/T ).
Thus, our approach can achieve the regret of the optimal base as long as the optimal
regret is at least Q(v/T). This observation is consistent with the lower bound argument
of [54] who show that, in general, O(v/T) is the best rate that can be achieved by any
model selection strategy. Unfortunately, this lower bound implies that in a model
selection setting, we can no longer hope to achieve the logarithmic regret bounds that
can be usually obtained in stochastic bandit problems. Notice that such logarithmic
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bounds are shown for the pseudo-regret and not for the regret as defined above. The
pseudo-regret is the difference of the expected rewards of the optimal arm and the
arm played, and is not directly observed by the learner, and it can be estimated only
up to an error of order Q(v/T).

In fact we can show that a simple modification to the base selection strategy of
Theorem 4.3.1 yields a model selection guarantee with a sublinear dependence in the
number of models M.

Let p € (0,1] and let ¢; the base’s index defined in Equation 4.2. Define j; as in
Equation 4.1. Instead of always playing i, as above, we analyze a strategy that plays
algorithm ¢, if G;, ; < pGj, +, and j; if the opposite is true. The next theorem shows
the model selection guarantee of this strategy.

Theorem 4.3.2. If ., = p. for a constant p, regardless of time t, and if with

probability at least 1 — 6, G;, , < U(6, S;. 1) for any t, then if p = \/LM and U(0,8;+) =

c+/|Si4110g(|Si4]/8) for all i € [M], the refined regret balancing model selection
strateqy described above satisfies Regrety < 2cA/MT log(T/d) with probability at least
1—4.

Proof. Let [; be the base chosen at time t. Observe that whenever [; = i; the following
inequalities hold:

Glt,t - Git,t S a’it7t S pajt7t = /OU(57 Sjt,t) S pU((S’ t)
Similarly, when [; = j; the following inequalities hold:
Gla = Gy < Gy = U(3,55,4)

For any u € [M] let T,, be the last time step that base u has been played before and
including time 7. Let M, be the set of arms such that u € M; satisty I, = ir,.
Similarly let M be the set of arms such that u € M; satisfy I, = jp,. Notice that
M; UM; = [M]. The sum of regrets of u € M;:

ueEM;

The sum of regrets of u € M;:

Z Gu,T < Z U<57 SjTu,T>

ueM; ueM;

Notice that ZueMj Sir, v < T. Therefore if U(4,t) = c\/tlog(t/d), we get:
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Figure 4.1: Regret Balancing vs UCB and OFUL. Mean and standard deviation of
2000 and 20 runs.

> UG, Sjp, 1) < e/ MT log(T/5).

uEM‘j

Setting p = \/LM the result follows.

4.4 Applications of Regret Balancing

In this Section, we show some applications of the regret balancing strategy.

Regret Balancing for Bandits

The regret balancing strategy can be used as a bandit algorithm. To use as a
multi-armed bandit algorithm, we treat each arm as a base algorithm and we choose
U(6,t) = +/(t/2)1log(1/9) as the regret of the optimal arm a,. To see this, notice
that by the sub-Gaussianity of the noise, with probability at least 1 — 9, G, =
D reNa, M = Rat =3 en,, (e — e +m) = +/(t/2)10g(1/6). In Figure 4.1-Left,
we compare regret balancing with the UCB algorithm [9] on a 4-armed Bernoulli
bandit with means {0.1,0.2,0.3,0.4}. In regret balancing, we treat each arm as a base
algorithm and so we use U(t) = +/(t/2)log(1/6) with § = 0.1 as the target regret.
Next, we show the implementation of the strategy as an algorithm for the linear
stochastic bandits. Consider the following problem. In round ¢, the learner chooses
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action x; from a (possibly time varying) decision space that is a subset of the unit
sphere D; C S? and observes a reward y; = x} 0, + 1;, where 0, € R? is an unknown
parameter vector and 7, is a o-sub-Gaussian noise term.® Let z,. be the optimal
action at time ¢ defined as z;, = argmax,ep, x'0,. The objective is to have small
regret defined as Regret,; = Zthl(:ctT 0. —2]0,).

We state some notation before defining the bandit method. For a regularization
parameter A > 0, let V; = A\l + 22;11 zpz, be the empirical covariance matrix, and
let [|z]]y = V2TV 2z be the weighted (2-norm of vector z. Let 6, = V; ' S22 ap
be the regularized least-squares estimate. Let 5;(0) = O(y/dlog(t)) be as defined in
Section 4.7. Let y, = arg maxycp, = 0; + B:(0)[|z|[—1 be the “optimistic” choice in
round t. A UCB approach would take action y; next. Regret balancing, however,
uses the optimistic choice to estimate the empirical regrets of different choices. Let
by =y 0; + ﬂt(5)||yt||‘/;1, which will be shown to be an upper bound on the value of
the best action. In time ¢, we choose the action with the smallest empirical regret,

bt — .I'Té\t

Ty = arg min @m, éxt =
fel2

€Dy ’

Intuitively, b, — I'Té\t is an estimate of the instantaneous regret of action x and
1/[lz||? 1 is roughly the number of times that = is played.* Next theorem bounds the
t

regret of the regret balancing strategy.

Theorem 4.4.1. For any 6 € (0,1), with probability at least 1 — §, Regret; =
O(d*?\/T). Here O hides polylogarithmic terms in T, d, X, and 1/4.

Proof. By Theorem 4.7.1, for all ¢, xlﬁt + B (0) |zt sl = /.0, with probability at
least 1 — 9. In what follows, we condition on the high probability event that these
inequalities hold.

First, we show that b, is an optimistic estimate of a:tT .0.. By definition of y,

be =y, O + Bi(0) welly— > w0 + Bi(8)|weally - > 2.6, (4.5)

3This formulation includes the special case of linear contextual bandits with D; = {¢(ss,a) :
a € [K]}.
4In multi-armed bandits, where actions are fixed axis aligned unit vectors, 1/ ||ac||%/_1 counts the
t

number of times an action is played.
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We upper bound the instantaneous regret,

T T
Ty =T 0. — 7, 0,

<b, —ux, 0, By (4.5)
< b — 2/ 0 + Bu(8) |y By (4.10)
b — y, 0, .
< Be(0)|lzelly— + ||35t||%/;1 (W%) By definition of z;
B:(9)
= B (0)[|elly,- + HﬂftH%/;l ' H?JJT By (4.5) .
V-

Using the fact that Apax(V;) < trace(V;) = A + S04_% |lzg]|> < Ad + ¢, and hence
Amin (V1) = m > 1/(Ad +t), we get that ||y||%/t,1 > 1/(AMd+t) for any y € D;.
Thus,

Tt S ﬁt(é)th”V;l + Bt<(5>||l't”2t—1 V Ad +1.

Thus, by Cauchy-Schwarz inequality and Lemma 4.7.2,

T

Regrety = Y (5t(5)y|xtuvt_1 + B2, VA + t)

t=1

T

< Br(0) | | T lwell? s + 2d1og(1 + T/(Ad) VAL +T)

t=1

< Br(5) <\/2dT log(1 + T/(Md)) + 2dlog(1 + T/(Ad))V/Ad + T)) .

]

The regret bound in the theorem is slightly worse than the minimax optimal
rate of O(d\/T ), however and as we show next, regret balancing strategy can be a
competitive linear bandit algorithm in practice. In Figure 4.1-Right, we compare
regret balancing, as described above, with the OFUL algorithm [1] on a contextual
linear bandit problem with two arms: for i € {1,2}, let §; € R3 drawn uniformly at
random from [0, 1] at the beginning of the experiment. In round ¢, the reward of
arm i € {1,2} is 0 s; + & where £ ~ N(0,1) and context s; € R? is drawn uniformly
at random from [0, 1] with s,[0] = 1.
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Optimizing the Exploration Rate

Next, we consider the performance of regret balancing as a bandit model selection
strategy. First, consider optimizing the exploration rate in an e-greedy algorithm.
The e-greedy is a simple and popular bandit method. In round ¢, the algorithm plays
an action chosen uniformly at random with a small probability ¢, and plays the
empirically best, or greedy, choice otherwise. For a well-chosen ¢, this simple strategy
can be very competitive. The optimal value of ¢, however depends on the unknown
reward function: It is known that the optimal value of ¢ is min{1, 35;} where A is
the smallest gap between the optimal reward and the sub-optimal rewards [41]. By
this choice of exploration rate, the regret scales as O(v/T) for K = 2 and O(T?/3) for
K > 2.

We apply the regret balancing strategy to find a near-optimal exploration rate.
The result directly follows from Theorem 4.3.1. A similar result, but for a different
algorithm, is shown by [54].

Corollary 4.4.1. Let T be the time horizon. Let B = {1,2,...,|log(T)|}. For
i € B, let B; be the e-greedy algorithm with exploration rate ¢, = 2¢/t in round t. By
the choice of U(t) = t'/? for K =2 (or U(t) = t*3 for K > 2), the regret balancing
model selection with the set of base algorithms B achieves 6(\/7) regret for K =2
(or O(T?/3) for K > 2).

Next, we evaluate the performance of regret balancing in finding a near optimal
exploration rate. Consider a bandit problem with two Bernoulli arms with means
{0.5,0.45}. Consider 18 e-greedy base algorithms with exploration €¢; = ¢/t, where
values of ¢ are on a geometric grid in [1,27]. Apply regret balancing with the target
regret bound U(t) = /t, and the set of e-greedy base algorithms. The experiment
is repeated 20 times. Figure 4.2-Left shows the performance of regret balancing
strategy.

Representation Learning

The sublinear regret bounds of linear bandit algorithms are valid as long as the reward
function is truly a linear function of the input feature representation. Assume it is
known that the reward function is linear in one of the M feature maps {¢; : D; —
R? : 4 € [M]}, but the identity of the true feature map is unknown. By applying

5The shaded areas around UCB and CORRAL are the std. The shaded areas around the e-greedy
bases are 0.1 of std . For small €, e-greedy has a very high variance because it either commits to the
optimal arm or the sub-optimal arm at the beginning, so plotting the whole std would make the
plot unreadable.
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Figure 4.2: Left: Optimising the exploration rate with regret balancing (Mean and
standard deviation of 20 runs®), Middle and Right: Regret balancing to choose
between UCB and LinUCB (Mean and standard deviation of 500 and 200 runs).

Theorem 4.3.1 to M OFUL algorithms, each using one of the feature maps, we obtain
a regret that scales as O(Mdv/T).

As an application, we consider the problem of choosing between UCB and OFUL.
Contexts are drawn from the standard normal distribution, but the first element in
the context vector is always 1. The noise is £ ~ N (0,02 = 0.1). First, consider a
problem with K = 2 arms, each having a reward vector in R!® drawn uniformly at
random from [0, 1/3]'% at the beginning. We use regret balancing with target function
U(t) = v/2t to perform model selection between UCB and OFUL. Results are shown
in Figure 4.2-Middle. In this experiment, OFUL performs better than UCB, and
performance of regret balancing is in between. Next we consider a problem with
K =5 arms. Mean reward of arm i € [K], denoted by p;, is generated uniformly at
random from [0, 1] at the beginning. In each round, we observe a context s; € R, but
the expected reward of arm i in each round is p;. We use target regret U(t) = V/5t.
Figure 4.2-Right shows that in this setting UCB performs better than OFUL, and
performance of regret balancing is again in between.

Choosing Among Reinforcement Learning Algorithms

We consider the model selection problem in finite-horizon reinforcement learning
problems. The ideas can be easily extended to average-reward setting as well, but we
choose a finite-horizon setting to simplify the presentation.

A finite-horizon reinforcement learning problem is specified by a horizon H, a
state space S that is partitioned into H disjoint sets, an action space A, a transition
dynamics P that maps a state-action pair to a distribution over the states in the next
stage, and a reward function r that assigns a scalar value to each state-action pair.
The objective is to find a policy 7, that is a mapping from states to distributions on
actions, that maximizes the total reward.
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Figure 4.3: Regret balancing for model selection among e-greedy, UCRL, and PSRL.
Mean and 0.2 of standard deviation of 10 runs.

The model selection problem is defined next. In episode t, the learner chooses
base i; from a set of M RL algorithms, the base is executed for H rounds, and the
rewards of the actions are revealed to the learner. Let V, ; be the total reward of the
optimal policy in the underlying reinforcement learning problem. Quantities N;;, R; ¢,
Sit, i, U, etc are defined similar to the bandit case. For example, N;, is the number
of episodes that base i is played up to episode t. The regret balancing strategy is
defined next. In episode ¢, let j, = arg max;e | f,’i + U(;SV—SZ” be the optimistic base.
Let by such that N, b, — Rj,, = U(6,5;,,). Define the empirical regret of base i

by Cjiﬁt = N, by — R;;. In episode ¢, we choose the base with the smallest empirical

regret: 7, = argmin; G;;. The next theorem shows the model selection guarantee for
the regret balancing strategy. The analysis is almost identical to the analysis of the
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bandit model selection in the previous section.

Theorem 4.4.2. If V., = V. for a constant V, regardless of round t, and if for
any 6 € (0,1) with probability at least 1 — 0, G;. < U(9,Si,+) for any t, then
Regret; < M max; U(6, S;r) with probability at least 1 — 4.

In Figure 4.3, we perform model selection with base algorithms UCRL2 [34], a
Q-learning method with e-greedy exploration and € = 0.1, and PSRL [52] in the River
Swim domain [61]. Regret balancing adapts to the best performing strategy (PSRL
in this case).

As another application, consider the problem of choosing state representation in
reinforcement learning. Many existing theoretical results hold under the assumption
that a correct state representation (or feature map) is given. As examples, [3] show
sublinear regret bounds under the assumption that the value function of any policy
is linear in a given feature vector, while [38] show sublinear regret bounds for linear
MDPs, i.e. when the transition dynamics and the reward function are known to be
linear in a given feature vector. Given M candidate feature maps, one of which is
fully aligned with the true dynamics of the MDP, we can apply the regret balancing
strategy and by Theorem 4.4.2, the performance will be optimal up to a factor of M.

Corollary 4.4.2. Let M = (S, A, H,P,r) be a linear MDP parametrized by an
unknown feature map {®* : Sx A — R4}, Let F = {®;(s,a)}M, be a family of feature
maps with ®;(s, a) € RY and satisfying ®* € F. For regret balancing with target U(t) =
d32H32TY? and with a class of LSVI-UCB base algorithms [38], each instantiated

with a feature map in F', the regret is bounded as Regret; < O (M\/ d3H3T>.

[46, 47, 50] study a closely related but different problem where M state represen-
tation functions are given and with at least one such function, the resulting state
evolution is Markovian.

4.5 Lower Bound

In this section we show that for any model selection algorithm there are problem
instances where the algorithm must do regret balancing. For simplicity we restrict
ourselves to the case M = 2, and to a simple class of problem instances, although it
is possible to extend the argument to richer families and beyond two base algorithms.

Let M be a model selection algorithm with expected regret R(¢) up to time t.
We say an algorithm “model selects” w.r.t. a class of algorithms B if for any two base
algorithms A, B € B with expected regret R4 and Rp, there exists Ty > 0 such that
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for all T > T, R(T) < O(min(R4(T),Rp(T))). We say that algorithm M is regret
balancing for base algorithms (A, B) if for all § € (0, 1) there exists 7'(0) such that
for all T' > T'(9), with probability at least 1 — 4,

Ru(T) Ru(T)
log (max <7§B(T)’ 7%,4(T)>> < o(log(T)), (4.6)

where R4 (T') and R (T) are the empirical regrets of algorithms A and B, respectively.
The main result of this section is to show there exist problem and algorithm classes
such that any model selection strategy must be regret balancing.

Theorem 4.5.1. There exists two algorithm classes By, By with By C By such that
any model selection strategy M for class By must satisfy the condition in (4.6) for
all A, B € By whose regrets are distinct.

Proof. Let By, By be two classes of algorithms defined as follows: if B € B; then there
exists a value b such that B has a deterministic instantaneous regret of b during all
time steps. If B € By, then there is a time index ty and two values b; and b, such
that B has a deterministic instantaneous regret of by for all ¢ < ¢y, and a deterministic
instantaneous regret of by for all ¢ > .

Let A € By be an algorithm that for all time-steps ¢ € [T] plays a policy achieving
(deterministically) an instantaneous regret of - for some a € [0,1]. Similarly
let B € By be an algorithm that for all time-steps ¢ € [T] plays a policy with a
deterministic instantaneous regret of % for some b € [0, 1].

We proceed by contradiction. If M is not regret balancing for (A, B), then, there

exists an € > 0 such that with probability at least ¢,

max (}EA<T), %B(T>> > CT¢ (4.7)

Rp(T) Ra(T)

for some positive constants C, ¢ > 0, and for infinitely many 7' > T'(¢). Wlog the
condition in (4.7) implies that for infinitely many 7" > T'(¢) with probability at least
€/2,

RA(T) > CRp(T)T" . (4.8)

Call this event &p for any such T'. Let T4 and T be the random number of times
that algorithm A (respectively algorithm B) was called by M. In this case, by (4.8),
with probability at least 7,

CTy——T° < T, (4.9)

T1-b Tl—a ’
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This, in turn, implies T, > CT°T,T°°. Additionally, since T, < T, with probability
at least €/2 we have T}, < éT”a*b*C. We now proceed to show a lower bound for the
regret in each of two cases, a > b and b > a.

Case a > b: Let & = ELUEL where &) = {T, > %}QST and & = {T, < L} né&r.

Notice that max(P(E7),P(E7)) > <. In & we have R,(T) > L-. In £} we have

T, > T which in turn by (4.9) implies that T, > CT"****= and therefore in &7

it holds that R,(T) > CTc;b. Since R(T) = E[R4(T) + Ry(T)], we conclude that

R(T) > £ min (CE*’ T-").

2 02

Case b > a: Assume M has model selection guarantees (in expectation) w.r.t.
algorithm A. Therefore R(T) < C"T*. As a consequence of (4.9), with probability
at least §, it holds that T, < FT'He0=¢ = o(T).

This analysis shows that in case M does not satisfy regret balancing, then it must
be the case that:

Tc+b Ta
2 02

for some C' > 0, and thus precluding any model selection guarantees for M.

1. If @ > b, then M must incur an expected regret of at least §min <C

2. If b > a, then with probability at least § it follows that T, < éT”“*b*C for
some constants C', c. Furthermore, if M is assumed to satisfy model selection
guarantees, it must be the case that for T" large enough, with probability at
least ¢, T, > T'/2. We focus on this case to find a contradiction.

Two alternative worlds: Having analyzed what happens if a model selection
strategy does not do regret balancing with algorithms A and B, we proceed to show
our lower bound. Let (A, B) two base algorithms defined as above and let (A’, B') be
two base algorithms defined as:

1. A’ acts exactly as A does.

2. B’ acts as B does only up to time t’ = min(%TH“*b*c +1,7), and afterwards
it pulls the optimal arm deterministically.

Let T,, and Ty be the random number of times A" and B’ are played by M. Suppose
the model selection strategy M is presented with (A”, B”) sampled uniformly at
random between (A, B) and (A’, B’). Let b > a. Note that environment (A’, B') is
indistinguishable from environment (A, B) in the probability at least €/2 event that
T, < t'. This implies that in environment (A’, B), and with probability at least ,
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Ty < t' = o(T). In this same event and for T" large enough since T, + Ty = T' it must
be the case that T,y > T'/2 and Ty < %T“““*b*c, and therefore,

"o oY € ra
E(A//7B//)[R<T)‘(A 7B ) - (A ) B )] > T

8
Since for T' large enough the optimal regret for (A’, B') is T 707¢. 5 = 2T
and for T large enough, £7°7¢ = o(T), we conclude that M couldn’t have possibly
satisfied the model selection condition. O

4.6 Regret balancing without knowledge of the
optimal regret

In this section, we show that by adding forced exploration, and hence direct access to
the arms, the regret balancing strategy can achieve near-optimal regret in a class of
problems without the knowledge of the optimal base regret.

Let M denote the number of base algorithms, k* denote the best base, and Mj,;
denote the number of times base k is selected up to time ¢. We use K, 7%, and NV;,; to
denote the number of arms, the best arm, and the number of times arm 7 is selected.
Let p; and fi;+ denote the true mean and the empirical mean of arm 7 at time ¢. Let
Ry and G} be the reward and regret of base k up to time ¢. The model selection

algorithm is as follows: in the first phase, pull each arm (%)2/ ? times. In the second

phase, for each time step ¢t € {(TM)?*3K'/3 4 1,...,T}, play base k, = argmin, ék,t,
where Gy, = My by — Ry, by = [j,0 + ﬁ, and j; = argmax; ji;; + \/% The
regret from the initial exploration phase is (TM)?3K'/3. Next we analyze the regret
from the second phase. The cumulative regret of base k; at time ¢t when it is selected

can be bounded as,

(%) 1
Gk ,t:Mk ,t'u'*_Rk it SMk 4 ﬁ'*,t+ _Rk 4
t t T t t 1 \/m t
(i) (4i1)
< My, 1bt — Ry, 1 < M by — Ry g
(iv) . 1 () 2
= My | Bjop + ——=— | — Ry < Mg | g, + ——=—| — Ri=yt
( t Njy ¢ ' Nj ¢
('Ui) 2 Mk‘* t
< Mpsgo | phix + —=—= | — Rpry < My g - pje — Rpr g + ’
( Nj, ¢ Njy ¢
M« (vid)
— Gk*,t + k ot S Gk*,t + T2/3K1/3M71/3 5

th,t
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where inequality (¢) holds because pi;+ < Ji ¢ + \/% w.h.p by Hoeffding, inequality
i* .t

(17) is a result of the definition of by, (ii7) follows by definition of k;, (iv) follows again
by definition of b, (v) holds because i;, ; — \/% < pj, w.h.p by Hoeffding, (vi) is

satisfied because p;, < p;«, and the last inequality (viii) holds because M-, <t <T

and Nj, ; > (%)2/ ’ given the initial exploration phase. Let T} be the last time step
that base k is picked. The regret from the second phase can be bounded as,

> Grr=> Gin
k k

< Z(Gk*,Tk + T2/3K1/3M—1/3)
k

< Z(Gk*vT + T2/3K1/3M71/3)
k
= M(Gpep + T*PKVEM3Y

The total regret is at most
Regrety < 2T%3M*PKY3 + MGy 1 .

If Gy = Q(TY3KY/3M~1/3) then the total regret is the same as the regret of the
best base.

4.7 Ancillary Technical Results

We state a result on the error of the least-squares estimate.

Theorem 4.7.1 (Theorem 2 of [1]). Assume ||0.| < S. Let

575(5) = R\/log (det(‘/;t)l/2 3et()\l)l/2> + A2

For any 6 > 0, with probability at least 1 — &, for allt > 0 and any x € R,
7 (0, — 0.)] < Bi6) ]y, (4.10)

Lemma 4.7.2 (Lemma 11 of [1]). Let {X,}3°, be a sequence in R? and define
Vi= M+ Xu X[ for a reqularizer X > 1. If | X¢|| < 1 for all t, then

t
det(V})
X2, <21 < 2dlog(1 )
D 1Kl < 2log G < 2dlog(1 4/ (M)

k=1
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Chapter 5

Regret Bound Balancing and
Elimination

5.1 Introduction

Multi-armed bandits are a general framework of sequential decision making that
has in the last two decades received a lot of attention. The main aspect of this
framework is a sequence of T rounds of interaction between a learning agent and
an unknown environment. During each round, the learner picks an action from a
set of available actions on that round, and the environment consequently generates
a feedback (e.g., in the form of a reward value) associated with the chosen action.
Given a class of benchmark policies, the goal of the learning agent is to accumulate
during the course of the T rounds a total reward which is not much smaller than
that of the best policy in hindsight within the benchmark class. Multi-armed bandits
have found applications in a wide variety of domains, like clinical trials (e.g., [66]),
online advertising (e.g., [57]), recommendation systems (e.g., [44]), and beyond.

Since many bandit methods are often deployed at scale in industrial applications,
the complexity and diversity of the involved learning solutions typically require being
able to select among several alternatives, like selecting the best within a pool of
algorithms, or even alternative configurations of the same algorithm (as in, e.g.,
hyper-parameter optimization). Hence, the problem of model selection in bandit
algorithms has become chiefly important in order to simplify the development of
data processing pipelines at scale while simultaneously achieving improved statistical
performance.

In this chapter, we study the problem of online model selection among a set of
alternative learning algorithms, these algorithms being themselves bandit algorithms.
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Each such algorithm is designed to work well only when favorable conditions are
satisfied. Yet, the algorithm designer may not know in advance which one of them is
more appropriate for the problem at hand.

As a simple example, many known multi-armed bandit algorithms, such as UCB
(e.g., [41, Ch. T7]), rely on a confidence interval width as prescribed by a theoretical
recipe. However, it has been observed multiple times in practice that setting this width
smaller than theoretically suggested can lead to substantial performance improvements.
On the other hand, picking too small a width can lead to a dramatic degradation
in performance that may translate into a linear regret. It is therefore desirable to
design theoretically sound model selection procedures that can help us find an optimal
parameter setting in an online fashion.

Another simple example comes from trying to distinguish between a contextual
and a non-contextual environment. In e-commerce problems, even if contextual
information is available about users and the transaction at hand, it may prove more
beneficial to use a simple UCB style algorithm that ignores the context or that only
uses part of the context information. A model selection strategy that selects when or
to what extent making use of contextual information can lead to better performance
for contextual bandit algorithms.

Related Work and our Contribution

In this chapter we aim to develop a general purpose model selection master algorithm
(that is, aggregation approach) that can be combined with multiple base bandit
algorithms, and is able to obtain regret guarantees competitive with respect to the
best base algorithm.

The problem of online model selection for bandit algorithms has received a lot of
recent attention, as witnessed by a flurry of recent works (e.g., [4, 5, 7, 12, 18, 26, 27,
28, 43, 54)).

These previous works on model selection can be broadly split into two approaches:
(i) Approaches that make use of an adversarial master algorithm, and (ii) approaches
that rely on a statistical test which is able to detect when a base algorithm is
misspecified. Our approach, called Regret Balancing and Elimination, falls squarely
in the second camp.

Within the first category are the so-called corraling algorithms. These yield
statistical guarantees of the form O(d®T?) for some a > 1,8 < 1, where d, depends
generally on the complexity of the best model class or algorithm and other problem
parameters. The original Corraling Algorithm of [5] relies on an adversarial master
algorithm based on mirror descent that can be combined with many base algorithms
(both stochastic and adversarial), provided these base algorithms satisfy a stability
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guarantee. In this case, the base algorithms are fed with an importance-weighted
estimator of the reward, hence they have to be robust to potentially wide fluctuations
in the reward scaling, due to the evolving nature of the master algorithm’s distribution
over base algorithms. Unfortunately, in order to show that a base algorithm can be
combined with the corralling master to satisfy a valid model selection regret guarantee,
it is necessary to verify that the above-mentioned stability condition holds, something
that has to be done on a case-by-case basis. The model selection guarantee is of the

form O (\/ MT+ MR; (T )), where M is the number of base algorithms and R;, (7T')

is the regret guarantee of any of the base algorithms. Yet, this is achieved only if
the master’s learning rate is set as a function of R; (T'), a quantity which is typically
unknown.

Some of the shortcomings of the original Corralling Algorithm have been addressed
by the more recent work of [54] (see Chapter 2). The authors propose a generic model
selection procedure to combine stochastic bandit algorithms with an adversarial master.
As opposed to the corralling algorithm of [5], the Stochastic CORRAL method in [54]
allows the use of any stochastic bandit algorithm in stochastic contextual environments
(the contexts are i.i.d.), provided it satisfies a high probability regret guarantee, thus
relaxing the stability condition in [5]. [54] obtain the following model selection
guarantees: When the base algorithms have a regret bound of the form {d; 7%},
Stochastic CORRAL achieves a regret guarantee of O(y/ MT+MaT1*a+M1*aTadg*/a)

when using a Corralling Algorithm as master, and a rate of (5(\/ MT + MzaT7a d;,)
under a forced exploration EXP3 (e.g., [41, Ch. 11]) master. Despite these advances,
it remains unclear how to avoid the v MT cost of a corralling approach. Our
approach recovers and improves on the guarantees obtained by [5] and [54] in two
ways. First, we propose a general purpose stochastic master algorithm that can be
used in combination with any set of stochastic bandit algorithms. As opposed to the
adversarial master algorithms of [5] and [54], ours is much more interpretable and
transparent. Second, due to the stochastic nature of our master algorithm, we are
able to prove gap-dependent bounds, thereby departing from the inherent /7' limit
of adversarial master approaches. Furthermore, the memory requirements of [54] are
very onerous, since their algorithm requires to store all the policies played by the
base algorithms. Our algorithm’s memory requirements are minimal in comparison.

There exist other related approaches in the literature that make use of an ad-
versarial corralling master algorithm as a means of performing model selection. [7]
propose an approach based on a Tsallis-INF adversarial master, which is able to
recover gap-dependent regret guarantees for stochastic bandit problems. Nevertheless,
their approach suffers from the drawback that whenever the rates of the input base
algorithms are of the form {d;7°}*,, where d; < --- < dy, they obtain a regret
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guarantee for their master algorithm of the form d;,T%, a quantity that could be
substantially worse than the regret achievable by the optimal base algorithm d;, T,
since d;, might be much smaller than d,;. In contrast, our approach achieves a
rate of d T*. Other related approaches that make use of a Tsallis-INF adversarial
master have also been proposed, e.g., [26] achieve optimal rates for selecting the
the misspecification level in the setting of contextual linear bandits. In the setting
of stochastic linear bandits with adversarial contexts, our approach can be seen to
achieve the same model selection rates as [26] for the problem of selecting the best
level of misspecification.

As for the approaches that rely on a statistical test to perform model selection,
minimax-optimal guarantees have been shown under strong eigenvalue assumptions
on the context distribution by leveraging the special structure of the stochastic linear
contextual bandit setting [18, 27]. These algorithms work by maintaining a set of
active base learners, and playing a low complexity algorithm/model within the set. If
enough information is gathered to conclude that a higher complexity model better
describes the observed data, they eliminate the low complexity model from the active
set, and proceed to play a more complex one. Unlike those papers, we are able to
get results for the nested linear class problem (initially studied by [27]), but without
resorting to eigenvalue assumptions on the context distribution, and without relying
on the finiteness of the action space.

In the more general task of selecting among different stochastic bandit algorithms
operating in a stochastic environment (with i.i.d. contexts), the recent work [4] has
taken some steps towards proposing a stochastic master algorithm that can combine
multiple stochastic base bandit algorithms, and obtain regret guarantees of the same
nature or better than Stochastic CORRAL. [4] introduce an intriguing new technique
for model selection referred to as Regret Balancing. At a high level, the main idea is
to estimate the empirical regret of the base algorithms during the rounds that the
algorithms are played, and ensure that all base algorithms suffer roughly the same
empirical regret. As opposed to [18, 27] the Regret Balancing approach of [4] does
not eliminate any base algorithm.! Unfortunately, in order for this approach to work,
the exact scaling of the target optimal regret guarantee is required, which is again
typically unknown. Our approach to model selection expands on the fundamental
insights of regret balancing but, in contrast to [4], we are able to obtain results when
model selecting among multiple base algorithms with different regret guarantees.

In [43] the authors propose ECE (Explore Commit Exploit), a model selection
algorithm on stochastic contextual bandit algorithms. ECE can be thought of as

!Technically speaking the methods in [18, 27] do not eliminate base algorithms, but reject a
statistical hypothesis on the base algorithms’ model complexity.
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an epsilon-greedy approach to the problem of model selection. Correspondingly,
the regret guarantees of ECE have a dependence on T of the order of 723, in
contrast to our typical T2 dependence. A regret of the form 72/3 is the same as
the one achievable by a forced exploration EXP3 master in [54]. [43] also present
gap-dependent guarantees under the same assumptions as in [7] (see also [12]): each
algorithm satisfies a valid regret guarantee w.r.t. its own policy class. Our work
does not rely on this restrictive assumption, in that we only require the optimal
algorithm to be well behaved and satisfy its theoretical regret guarantee. This is
because we admit the presence of regret-misspecified base algorithms in the pool,
and compete against the best among the well-specified ones. When the rates of the
base algorithms are of the form {d;7*}}, and in the regime where 7" is much larger
than d;, our approach strictly dominates ECE’s rates. Other works provide model
selection results for specific bandit models, most notably, [28] consider the problem
of selecting over nested feature structures and an unknown parameter norm in the
case of contextual linear bandits over a sphere. Our results recover model selection
rates for these problems without requiring restrictive assumptions on the nature of
the contexts.

Content of the Chapter

Building on Chapter 4, we study a general regret bound balancing and elimination
algorithm (Section 5.3) for selection among a pool of base bandit algorithms, each
coming with a presumed regret bound that may or may not hold. The master algorithm
does not know a priori the identity of the base algorithms whose regret bounds hold.
Under these general assumptions, we show that this master algorithm enjoys general
regret guarantee (Section 5.4) that can be specialized to either the gap-independent
or the gap-dependent case. Then, we specialize to relevant application examples with
nested model classes (Section 5.5) that consider linear contextual bandits or linear
Markov decision processes as base learners). We also consider therein the unknown
misspecification case, as well as the practically relevant problem of optimally tuning
linear contextual bandit algorithms like OF UL. Finally, we specifically focus on the
nested linear contextual bandit setting, and extend our balancing and elimination
technique to the case where the context information is generated adversarially (Section
5.6). Despite we do not show this explicitly, similar extensions can be exhibited for
Linear Markov Decision Processes with Nested Model Classes, Linear Bandits and
MDPs with Unknown Approximation Error and tuning the confidence parameter in
OFUL.

In the next section, we introduce our basic setup and notation for stochastic
contexts. For the adversarial context case, further elements of the setup will be given
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in Section 5.6. Most of our proofs are provided Sections 5.7 and 5.8.

5.2 Problem Statement

We consider contextual sequential decision making problems described by a context
space X, an action space A, and a policy space IT = {m : X — A}. At each round ¢,
a context z; € X is drawn? i.i.d. from some distribution, the learner observes this
context, picks a policy m; € I1, thereby playing action a; = m;(z;) € A, and receives
an associated reward r; € [0,1] drawn from some fixed distribution D,, ,, that may
depend on the current action and context.

Base learners. Our learning policy in fact relies on base learner which are in turn
learning algorithms operating in the same problem (X, A, II). Specifically, there are
M Dbase learners which we index by i € [M] = {1,..., M}. In each round ¢, we select
one of the base learners to play, and receive the reward associated with the action
played by the policy deployed by that base learner in that round. Let us denote by
T;(t) € N the set of rounds in which learner i was selected up to time ¢ € N. Then
the pseudo-regret Reg, our algorithm incurs over rounds k € T;(¢) due to the selection
of base learner 7 is

Reg,(t) = Z (maxE[rk\ﬂ’(:vk),:vk]—]E[rk|7rk($k),xk]) , (5.1)

w'ell
keT;(t)

and the total pseudo-regret Reg of our algorithm is then Reg(t) = Zf\il Reg, (t).

Candidate regret bounds. FEach base learner ¢ comes with a candidate regret
(upper) bound R;: N — R, which is a function of the number of rounds this base
learner has been played. This bound is typically known a-priori to us, and can also
be random as long as the current value of the bound is observable, that is, we assume
R;(n;(t)) is observable for all i € [M] and ¢t € N, being n;(t) = |7;(t)| the number of
rounds learner ¢ was played after ¢ total rounds. Without loss of generality, we shall
assume each candidate regret bound is non-decreasing, and increases by at most 1
from one play to the next, i.e.,

0<Ri(n)—Ri(n—1)<1, (5.2)

for all number of rounds n € N and base learner i € [M], with R;(0) = 0.

2This assumption will actually be relaxed in Section 5.6.
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Well- and misspecified learners. We call learner ¢ well-specified if Reg;(t) <
R;i(n;(t)) for all t € [T], with high probability over the involved random variables (see
later sections for more details and examples), and otherwise misspecified (or bad). A
well-specified base learning i is then one for which the candidate regret bound R;(+)
is a reliable upper bound on the actual regret of that learner.

For a given set of base learners and corresponding regret upper bounds, we denote
the set bad learners by B C [M], and the set of well-specified ones by

W = {i € [M]: Vt € [T] Reg,(t) < Ri(ni(t))} = [M]\ B .

Notice that sets VW and B are random sets. As a matter of fact, these sets do also
depend on the time horizon 7', but we leave this implicit in our notation. We assume
in our regret-analysis that there is always a well-specified learner, that is W # &. We
will show that in the applications we consider, this happens with high probability.
The index i* € W (or just x in superscripts) will be used for any well-specified learner.

Consistent with the previous notation, we denote the total reward accumulated
by base learner ¢ after a total of ¢ rounds as

Uz(t) = Z T,

keT;(t)

and the total sum of rewards as U(t) = Zie[M] ZkeTi(t) r,. The expected reward of
the optimal policy at the context x; at round ¢ will be denoted by

py = max E [r|n’(x;), ]
w'ell
and, when contexts are stochastic, the expectation of u; over contexts simply as
w* = E, [p7] which is a fixed quantity and independent of the round ¢.

Problem statement. Our goal is to perform model selection in this setting: We
devise sequential decision making algorithms that have access to base learners as
subroutines and are guaranteed to have regret that is comparable to the smallest
regret bound among all well-specified base learners despite not knowing a-priori which
base learners that are.

5.3 Regret Bound Balancing and Elimination

Our main algorithm follows the basic principle of regret bound balancing. The
algorithm chooses the base learner in each round so as to make all presumed regret
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bounds evaluated at the number of rounds that the respective base learner was played
to be roughly equal. To see why this achieves good total regret, assume for now all
base learners are well-specified, so that they all satisfy their presumed regret bounds.
Then, because the regret accrued by each base learner is bounded by its presumed
regret bound, and these regret bounds are approximately equal, the total regret our
algorithm incurs is at most M times worse than had we only played the algorithm
with the best presumed regret bound:

Reg(T) = Z Reg,(T) < Z Ri(ni(T)) ~ M min R;(n;(T)) < M min R;(T) .

i€[M] i€[M]

Yet, the above only works if all base learners are well specified, which may not be the
case. Besides, if we know all such learners are well specified, we could simply single
out at the beginning of the game the learner whose regret bound is lowest at time T,
and select that learner from beginning to end. Our task becomes more interesting in
the presence of learners that may violate their presumed regret bound, when we do
not know the identity of such learners. In this case, a reasonable goal for our policy
would be to compete in the regret sense against the best well-specified base learner.

In order to handle this more involved situation, we pair the above regret bound
balancing principle with a misspecification test to identify and eliminate misspecified
base learners. This test compares the time-average rewards U; () /n;(t) and U;(t)/n;(t)
achieved by two base learners ¢ and j, and relies on the following concentration
argument. While U;(¢) is random and observable, the optimal average reward p* is
deterministic and unknown. We consider the event where, for each base learner 7 and
each round ¢, the difference between U;(t)/n;(t) and p* is close to the corresponding
regret:

G= {\ﬁ € [M], Vt € N: |ni(t)u* — Us(t) — Regy(t)] < CW“) i M) 1n6”i<t> } |

We show in Lemma 5.7.1 in the appendix that for an appropriate absolute constant c,
this event has probability 1—4. This holds because, for each fixed ¢, U;(t) concentrates
around 3y oy B [re[me (), zx), while 35, g () maxwen E [rg|7' (), 2x] concentrates
around n;(t) pu*, since contexts xy are generated in an i.i.d. fashion. Now, since the
pseudo-regret Reg, cannot be negative by definition, the conditions defining G yield a
lower-bound on p* based on the rewards of each learner ¢ :

LU0 \/ln(Mlnni(t)/cS) | 5.3
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When the provided regret bound Reg;(t) < R;(n;(t)) for learner ¢ holds (that is, when
i is well specified), then G also yields an upper-bound for p*:

L Uit In(M1Inn;(t)/6) = Ri(n(t))
g Sni<t>+c\/ o m (54)

Thus, if at any round t the upper bound for p* from learner i contradicts the
lower-bound from any other learner j,

Uil |, \/ln(Mlnni(t)/é) Rin(t) _Uyt) \/m(Mlnnj(t)/a)

n;(t) n;(t) n;(t) n;(t) 7

then we conclude that the upper bound on p* provided by learner 7 is false, thereby
showing that ¢ is misspecified, and can safely be eliminated. Conversely, this also shows
that no well-specified learner ¢ € W can be eliminated. Combining the elimination
criterion with regret bound balancing yields our main algorithm, whose pseudocode
is presented as Algorithm 12. The algorithm is an action elimination scheme that
maintains over time a set Z; of active learners/actions at time ¢, and undergoes an
elimination procedure as described above. The way base learner #; is selected at each
round guarantees the regret bound equalization we alluded to at the beginning of
this section.

5.4 Regret Analysis

We first derive a general upper-bound on the regret of Algorithm 12 that depends
on the ratios % of how often a learner ¢ has been played compared to the best
base learner. We will later bound this quantity for specific forms of candidate regret
bounds R; and provide simpler and more interpretable regret bounds.

Theorem 5.4.1. With probability at least 1 — ¢, the total regret of Algorithm 12 is
bounded for all rounds T as follows:

Reg(T) < 3 Ru(na(t) + 3 Zii; Ru(ny(t:) + 20
i=1 ieB N
+ QCZZ; (1 + Zi’ii) \/ni(ti) In M?T : (5.5)

where t; is the last round where learner v passed the elimination test, x € W is any
well-specified learner, and ¢ is a universal positive constant.
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Algorithm 12: Regret Bound Balancing and Elimination Algorithm (RBBE)

1 7, + [M]; // set of active learners
2 U;(0) =n;(0) =0 for all i € [M]

3 for roundt=1,2,...,T do

Pick the base learner as i; € argmin;ez, R;(n;(t — 1))

Play learner #; and receive reward r;

Update base learner ¢ with r,

Update n;(+) and U;(-):

- Uzt(t) <— UZt(t — 1) + 7

10 It+1 — T,

11 | foreach active base learner i € 7, do

© 000 N O ok

12 Test for misspecification by checking
U, (t) R;(n;i(t)) In(M Inn;(t)/5) ) U;(t) In(M Inn;(t)/d)
B o T T T T < MaXen gy — ¢ (0
14 if above condition is triggered then
15 LI,H,l <— It+1 \ {Z}

In order to prove this statement, we first show that Algorithm 12 indeed keeps all
candidate regret bounds approximately equal (Lemma 5.4.2) and that the regret of
any learner that has not been eliminated can be upper-bounded in terms of R,(+),
the smallest regret upper bound among the well-specified learners (Lemma 5.4.3).

Lemma 5.4.2 (Regret Bound Balancing). In Algorithm 12, the regret bounds of all
active learners are balanced at all times, i.e.,

Ri(ni(t)) < R;(n;(t)) + 1
for alli,j € T, and t € NU{0}.

Proof. At t = 0, the regret bound for all learners is 0 and the statement holds. For
the sake of contradiction, assume now the claim is violated for the first time in round
t, i.e., there is a i, j € Z; such that R;(n;(t)) > Rj(n;(t)) + 1. Then i,j € Z, 1 and i
must have been played in round ¢. Further, by assumption on the candidate regret
bounds
Ri(ni(t — 1)) = Ri(ni(t)) — 1> R;(n;(t)) = R;(n;(t — 1)),

where the strict inequality follows from the violated claim and the equality holds
because j was not played at time ¢. The resulting inequality R;(n;(t—1)) > R;(n;(t—
1)) contradicts the claim that i was played at round t¢. O
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Lemma 5.4.3. In Algorithm 12 For any active learner i € Z;.1 and well-specified
learner x € W, the regret of i is bounded in event G as

Reg,(t) < 1+ (Z—E?) + 1) R.(n.(t)) + 2¢ (1 + Z((?)> ni(t) In M;nt  (5.6)

where ¢ is a universal constant.

Proof. 1f i € 7,1 remains active, then it must have passed the misspecification test
in round t and satisfy, for all®> x € W,

vt |, \/ln(Mlnni(t)/d) L Rn) U0 \/ln(Mlnn*(t)/é) |

n;(t) n;(t) ni(t) n(t) N, (t)

Subtracting p* from both sides and rearranging terms gives

LU \/ln(Mlnni(t)/é) Rint) _ . UD) \/ln(Mlnn*(t)/é).

n(t) T oM T ()

Applying the definition of G, we obtain an inequality in terms of pseudo-regrets:

Reg,(t) \/ln(Mlnni(t)/d) Rini(t)) _ Reg(t) o \/ln(Mlnn*(t)/(S) |

n;(t) n;(t) () T (1) n.(t)

Multiplying both terms by n;(t) and rearranging terms gives

n;(t) [ Mlnn,(t) [ni(t)
) Reg, (t) + 2c/In 5 n(l)

We now upper-bound the RHS by (i) replacing Inn,(t) < Int in the log-terms, (ii)
using the fact that x € W is well-specified to replace the pseudo-regret Reg,(-) by
R,(-), and (iii) use the balancing condition from Lemma 5.4.2 to replace R;(n;(t)) by
R, (n.(t)) + 1. This yields

021 (1 20 i o T (1285

which is the claimed bound. O

M In n; (t)

Reg;(t) < 2c¢y/In 5

ni(t) + Ri(n;(t)) +

3Recall that, under G, any » € W will remain active.
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We are now ready to prove Theorem 5.4.1.

Proof of Theorem 5.4.1. Let t; be the last round where learner i passed the elimina-
tion test. Then the total regret can be bounded as

M
Reg(T) = Y Regi(T) <> Ri(ni(T)) + ) Reg,(t:).
i=1 iew i€eB
Applying Lemma 5.4.3 on Reg,(t;) for all i € B and the balancing condition from
Lemma 5.4.2 on the regret-bound for ¢« € W gives the desired bound. Finally,
Lemma 5.7.1 in Section 5.7 shows that event G has probability at least 1 — §. O

The general regret bound contained in Theorem 5.4.1 will be instantiated to
more concrete cases for certain classes of candidate regret bounds. This will lead
us to explicitly control the ratios n;(t;)/n«(t;). We do so in turn in the subsequent
discussion.

Gap-Independent Regret Bounds

The regret guarantees in this section hold whenever there is a well-specified learner.
These guarantees are independent of how much misspecified learners violate their
presumed regret bounds (“gap” of the learner). In the next section, we will show
that tighter guarantees can be achieved in cases where the gap is large, that is, when
misspecified learners exceed their presumed bounds by a significant amount.

The first class of candidate regret bounds we consider is 77 with 8 € (0, 1]. More
concretely, each learner comes with a candidate regret bound of the form

Ri(n) = d;Cn® An. (5.7)

where d; > 1 is some parameter and C' > 1 is some term that does not depend on
n or ¢. Note that the minimum with n is without loss of generality as any learner
satisfies the regret bound n by our assumption on rewards being in [0, 1]. Consistent
with our assumptions from Section 5.2, this minimum ensures that the regret bound
can increase by at most 1 in each round. For candidate regret bounds of this form,
we can show the following regret bound:

Theorem 5.4.4. If Algorithm 12 is used with candidate regret bounds in FEqua-
tion (5.7), then its total regret is bounded with probability at least 1 — § for all T

as
5= = MInT
Reg(T') < <M + 2B 47 1) d,CT? +5d% cy/ BT In 5“ +2M,




CHAPTER 5. REGRET BOUND BALANCING AND ELIMINATION 121

Presumed Bounds R; | Regret Guarantee of Algorithm 12 Proof

d;,Cn'/3 (M + B¥3d2)d,CT"/3 + d¥*BT  Theorem 5.4.4
d;,Cn?/3 (M + BY3\/d,)d,CT?? + d*/BT Theorem 5.4.4
d;C/n (M ++/Bd,)d,C\/T Theorem 5.4.4
d;C\/nIn % (M + VBd,)d.C\/TIn % Theorem 5.7.6
en+ Cyn M (e, T+ CVT) + MC? Theorem 5.4.5

Table 5.1: Summary of our gap-independent regret guarantees In all bounds but the
one in the 4th line, log factors are omitted for readability. In green is the regret
guarantee of the best well-specified learner.

where x € W is any well-specified learner and B = |B| is the number of misspecified
learners.

The first three entries in Table 5.1 summarize this result in the relevant cases
where [ = %,% and % When 8 > 1/2, our regret bound can recover the best T rate.
In particular, the bound of Theorem 5.4.4 recovers the regret bound guarantee of 1the
best well-specified learner up to a multiplicative factor of the form M + B'~#d} 71.
On the other hand, when § < 1/2 our bound scales sub-optimally as VT. This is not
surprising since the lower bound by [54] indicates a Q(v/T) barrier for model-selection
based on observed rewards without additional assumptions.

We further show in the appendix that this result can be generalized to the case
where the candidate regret bounds scale with additional logarithmic factors in the
number of rounds; e.g. vnlnn as opposed to just v/n — see Theorem 5.7.6 in Section
5.7.

We defer the full proof of Theorem 5.4.4 to Section 5.7, but provide a brief
sketch of the main argument for the special case of § = % The general case follows
analogously.

Proof sketch of Theorem 5.4.4. The first term of the general regret bound from The-
orem 5.4.1 can be written as Zf\il Ri(n.(t;)) < MR.(T) < MCd T, the first
inequality using the monotonicity of the candidate regret bound. This yields the
first term in Theorem 5.4.4. The second term in Theorem 5.4.1 can be controlled as
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follows:

f_‘

zz:ﬁz»& g

168

(i)
< Od, /Zml<GLMWf<W2w
i€B

where step (i) applies the definition of the candidate regret bound, step (ii) uses
Cauchy-Schwarz inequality and step (i) follows from the fact that the total number
of plays at round ¢; is ¢; and a bound on the sum of play ratios ), = - (t ) < 2Bd?,
which we will show below. This yields the second term in the desired regret bound.
The remaining terms can handled in a similar manner.

To derive the bound on the play ratios, consider first the case where n;(¢;) is so
large that R;(n;(t;)) < ni(t;). Then, by the balancing condition from Lemma 5.4.2,

(iv)

d;C/ni(t;) = Ri(ni(t;)) < Re(ny(t;)) +1 < 2R, (ny(t;)) < 2d,C/ny(t;

where (iv) holds because no learner can be eliminated before each learner has
been played at least once and thus R,(n.(t;)) > 1. Rearranging this inequality
vields n;(t;)/n.(t;) < 2d%/d?. Analogously, we can show that if n;(¢;) satisfies
n;(t;) = Ri(ni(t;)), then n;(t;)/n.(t;) < 2. This follows from n;(t;) = R;i(ni(t;)) <
2R, (n,(t;)) < 2n4(t;). Thus, the sum of play ratios is bounded as

(. 2
Z”Z(tl)< avals <opg

]

Linear regret base learners. When we instantiate Theorem 5.4.4 to the case
where candidate regret bounds are linear in n (5 = 1), then the total regret of
Algorithm 12 is of order 5(]\/[ Cd,T), which is only a factor M worse than the regret
bound for the best well-specified learner. The follow result shows that this is still
the case when candidate regret bounds come with an additional \/n term common
to all learners under the additional assumption that no misspecified algorithm has a
larger candidate regret bound than the best well-specified learner. This will be useful
when Algorithm 12 is used with contextual bandits or linear MDP algorithms with
misspecified function classes (see Section 5.5).
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Theorem 5.4.5. Let the candidate regret bounds for all M base learners be of the
form

Ri(n) = Civ/n + €,Cyn A n, (5.8)

where €; € (0,1] and C1,Cy > 1 are quantities that do not depend on €; or n. Then,
probability at least 1 — 0, the total regret of Algorithm 12 is bounded for all rounds T

as
Reg(T) = O (MC’l\/T\/ln M?T + MCye. T4/ In M?T +BC’12) :

where x € W is any well-specified base learner such that €; < €, for all misspecified
learners i € B.

Proof. This statement is proven analogously to the generic bound in Theorem 5.4.4,
but it makes heavy use of a case-by-case analysis of the different regimes of candidate
regret bounds provided in Lemma 5.7.9 in Section 5.7. O]

Gap-Dependent Regret Bounds

The regret guarantees in the previous section only depend on which learners are well-
or misspecified and their presumed regret bounds. In particular, a misspecified learner
may violate their presumed regret bound at any time by any amount. However, in
many relevant practical cases, a base learner is either well-specified or violates their
presumed regret bound by a significant amount. For example in contextual bandits
where each base learner has access to a restricted policy class, a learner achieves
good VT regret when the optimal policy is contained in its policy class, but has
otherwise to suffer linear regret. We now provide tighter guarantees for Algorithm 12
in such cases. Specifically, we assume that if a learner j is misspecified, its regret is
lower-bounded by

Regj(t) > Ajng(t)

for all ¢, where A; > 0 and « is strictly larger than both % and the presumed regret
rate § in Eq. (5.7). Since the regret of j grows significantly faster than its presumed
regret bound and the regret of the best well-specified learner (that is, Reg; has a
large gap), we can show that the elimination test in Algorithm 12 is triggered after
playing learner ¢ for a certain number of times. This allows us to prove the following
gap-dependent regret-guarantee:
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Theorem 5.4.6. Assume Algorithm 12 is used with candidate regret bounds in
Equation (5.7) and that the pseudo-regret of all misspcified learners j € B is bounded
for allt from below as Reg;(t) > Ajn;(t)*, for some constants A; > 0 and o > sV
Ifo< p< % then total regret is bounded with probability at least 1 — ¢ for all T as

1\ [2 MInT] %7
Reg(T) = O | Md,CT’ +) C ((Qd*)éW(zclvw +d*df“1> { 0C ), Mn ] ,
ieB A 0

where x € W is any well-specified learner. If instead 5 > %, then the total regret is
bounded with probability at least 1 — & for all T as

5
it+3is 8 B
Reg(T') = O (Md*CTﬁ +) Cy/In M?T (df“‘ﬁ + d*d;‘5> {QOQ} ) ‘

i€eB

Although the argument of eventually eliminating base learners with a large gap is
similar to a gap-dependent analysis is multi-armed bandits, it is important to note
that the notion of gap here is a property of the base learner and not (necessarily) of
the action space at hand.

Table 5.2 contains a summary of the guarantees in Theorem 5.4.6 for the special
case where o =1 and § = %,% and % Comparing Theorem 5.4.6 to Theorem 5.4.4
(or Table 5.2 to Table 5.1), we see that the multiplicative factor in front of the best
well-specified regret bound is only M, as compared to the presence of extra d, factors
without a gap-assumption. Further, while the additive term in Table 5.2 may have a
dependency on a potentially large d;, this term only scales with T" as InInT', and is
thus virtually constant. Importantly, this yields the optimal scaling in T" even when
B < % (see the first line of Table 5.2) so that the additional v/T-term occurring in
Table 5.1 can be avoided. This result is in contrast with existing approaches such

as [54], where the /T dependence cannot be avoided.

5.5 Applications of RBBE

Let’s start by reviewing the OF UL Algorithm.

Brief Review of Contextual Linear Bandits and the OFUL
Algorithm

One important application of the methods we presented in Section 5.3 and Section 5.4
is the setting of contextual linear bandits, which we now briefly review. To keep
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Bounds R; | Gap-Dependent Regret Guarantee of Algorithm 12 Theorem

d;Cn*/? Md,CTY? 4 Y,y e dedi) 1y MInT 5.4.6
GCn? | MA,CTP 4+ 3,y SO ed) ,/ 5.4.6

d;C\/n Md,CNT + Y5 dgd* \/In 5.4.6

d;C\/nIn % | Md,C\/TInt + 3, < dgid* )ln3/4MTln3/2TT 5.7.8

Table 5.2: Summary of our gap-dependent regret bounds when each misspecified
learner has linear pseudo-regret (o = 1). Some constant factors are omitted for
readability. In green is the regret guarantee of the best well-specified learner.

consistency with previous sections, we shall assume here that contexts are drawn
i.i.d. from some distribution over context space X. Yet, the algorithmic solutions
we present (specifically, the OF UL algorithm) actually work unchanged even in
the more general fixed design or adaptive design scenarios. This will be useful in
Section 5.6, when dealing with the adversarial contextual bandit setting.

In the contextual bandit setting, context x; determines the set of actions A; C A
that can be played at time . When the bandit setting is linear the policies we consider
are of the form my(x;) = arg max,ec 4, (as, 0), for some § € R and the class of policies
IT can then be thought of as a class of d-dimensional vectors II C R?. Moreover,
rewards are generated according to a noisy linear function, that is, r, = (as, 0x) + &,
where 6, € Il is unknown, and &; is a conditionally zero mean o—subgaussian random
variable. We denote the time-t optimal action as a; = argmax,cy4,(a,0,). The
learner’s objective is to control its pseudo-regret:

T

Reg(T) =Y (a}.0.) — {as,0.) .

t=1

OFUL Algorithm. We now recall the relevant components of the OFUL algo-
rithm [1] shown in Algorithm 13. Instances of this algorithm will play the role of
base learners in subsequent sections. The OFUL algorithm proceeds by computing a
regularized least-squares (RLS) estimator 0, of the true parameter 6, using the data
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Algorithm 13: OFUL [1]

Input: regularization parameter A > 0, confidence scaling S, fa, . ..
for roundt=1,2,... do

1
2
3 Update regularized least-squares estimator 0, and covariance matrix X
4
5

Receive context x;/action space A,
Play optimistic action:

a; € argmax max(a, ) = argmax (6, a) + 3/ al|g
acA;  9€C a€A; ‘

Receive reward 1y = (as, 04) + & -

collected so far:

t—1 t—1
0, = ¥t (Z ap ’I"g) where X, = A+ Z CLgCLZ . (5.9)
=1

(=1

Here, 3, is the regularized covariance matrix of the played actions up to the beginning
of round ¢ with regularization parameter A, and I denotes the d x d identity matrix.
Using 0; and ¥;, OFUL proceeds by computing a confidence ellipsoid

Co=1{0: 1|0 -0, <8 (5.10)

that should contain the optimal parameter ,. We will discuss a choice of the (possibly
data-dependent) scaling factor 5; € R, below that ensures that this happens in
all rounds with high probability. Algorithm 13 now plays any action that achieves
highest expected return in what we refer to as the optimistic model

0, = argmax max(a, 6) . (5.11)
gec, oA

This choice of action is equivalent to picking a; € argmax,¢ 4, (B;,a) + Bellalls--
We define the event that the above-mentioned ellipsoidal confidence set C; contains
0* at all times t € N as
E={0.€C, VteN}. (5.12)

In this event £, the optimistic model 5,5 indeed gives rise to an optimistic estimate of
the expected reward in each round

(ay,6,) > max(a,6,) = (a},0,) . (5.13)

ac A
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[1] show that the following choice for S, is sufficient to make £ happen with high
probability:

Lemma 5.5.1 (Theorem 1 in [1]). For any 6 € (0, 1), let the confidence scaling be

1/2 ~1/2 2
8, = \/202 In (det(zt) ;iet()\f) ) +VAS < \/azdln (#) +V\S

(5.14)

where S is a known bound on the parameter norm maxger ||0||2 and L is a known
bound on the action norm in all rounds, i.e., maxqe 4, ||a|l2 < L for all t. Then 60, is
contained in the confidence ellipsoid with high probability, i.e., P(£) > 1 —14.

In event &, one can show that the regret of Algorithm 13 is bounded for all ¢ € [T
as

L? d\+tL
< -
Reg(t) < Zﬁmax\/dt (1 + ;) ) In o

where Bpa.x = maxgep fr. We reproduce a slightly more general version of the
standard proof for this regret bound in Lemma 5.9.1 in the appendix. The right side
of the above inequality will play the role of our presumed regret bound R(n;(t)) when
OFUL is used as a base learner.

In the rest of this section, we present a number of applications of our balancing
and elimination machinery to the case where the base learners are instances of the
OFUL algorithm.

Linear Bandits with Nested Model Classes

We can apply our regret bound balancing algorithm to linear bandits where the true
dimensionality d, of the model 6, is unknown a-priori. In this standard scenario,
considered by many recent papers in the model selection literature for bandit algo-
rithms [e.g. 27, 54], the learner chooses among actions A; € R of dimension dyyayx
but only the first d, dimensions are relevant (that is, (6,); = 0 for i > d,).

One can learn in this setting as follows: We use log, dyax instances of OFUL as
base learners®. Each instance i first truncates the actions to dimension d; = 2¢ and
then only computes the least-squares estimate and confidence ellipsoid in R%. Based

4We here assume that d, and dmay are powers of 2 for convenience but our results also hold
generally up to a constant factor of 2.
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on the OFUL regret guarantees in the previous section, we use R;(n) = d;Cy/n An
as putative regret bounds, with constant C' set to

2 2
C’z?(a—i—\/XS) \/<1+L7)1n(1+7(;L /A>1n)\+/\TL.

For convenience, we here assume the time horizon 7' is known and In7T" terms can
therefore be absorbed into the constant C' common to all base learners, but any-time
versions are also possible by setting n = T" above at which the regret bound scales as
v/nlnn (see Theorem 5.7.6 in appendix). By the regret guarantee of OFUL discussed
in the previous section, with probability 1 — M, any base learner i such that d; < d,
will be misspecified, while all remaining ¢ are well specified.

More specifically, we have M = O(In dy.y)-many base learners, out of which
B = O(Ind,) are misspecified. Then a direct application of Theorem 5.4.4 with
B =1/2 gives

Reg(T) = O ((m i + d*M) d*C\/ZF) ~ 0 ((m i + d*M) d,/Tn T>

where the second expression only retains dependencies on T, d, and dyax-

If further all misspecified learners suffer linear regret Reg,(t) > An;(t) for some
A > 0 (e.g. since they cannot represent the observed rewards, they may converge to
playing a strictly suboptimal action for most contexts), then applying Theorem 5.4.6
yields

In —

A 4]

2 74
Reg(T) = O <1n(dmax)d*0\/f in(dy) L% 1“T>

d*Ind,
mO(ln(dmax)d*\/TlnT—l— *;l (1nT)2\/lnlnT) ,

where the second expression again only shows dependencies on T, dy, dy.x and A.

Notice that, as T grows large, the main term of the above bound becomes d,/T, up
to log factors. This is precisely the bound we would achieve had we known in advance
dimension d,, and just played the associated base OFUL from beginning to end.

Remark 5.5.2. A standard goal in model selection is to obtain sub-linear regret
bounds even in the case where the model complexity of the target class is allowed to
grow sub-linearly with T' — see, e.g., the discussion in [27]. In our case, this would
be obtained by regret bounds of the form d® T~ for some a € (0,1), for example a
bound of the form /d,T. It is worth observing that in the setting considered in this
chapter this is an impossible goal to achieve since, unlike [27], we are dealing with
infinite action spaces, and the best one can hope for in this case is indeed d,\/T (see

Section 2 in [56]).
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Linear Markov Decision Processes with Nested Model
Classes

We can instantiate the regret bound in Theorem 5.4.4 (8 = 1/2) to the episodic
linear MDP setting of [38], again with nested feature classes of doubling dimension.
Here, each round ¢ of Algorithm 12 corresponds to one episode of H time steps in the
MDP, and contexts z; are the initial state of the episode in the MDP. [38] prove that
their LSVI-UCB algorithm achieves regret O(H?*Vd3K In(dK/d)) after K episodes
when used with a realizable function class of dimension d. We deploy M = O(In dyax)
instances of LSVI-UCB as base learners with presumed regret bounds

Ri(n) = Hn A H*\/d>nIn(dmaT/6).

Since the total reward per episode (= round) is in [0, H] instead of [0, 1] in this
setting, we scale the regret bound as well as the constant ¢ in Algorithm 12 by H.
By Theorem 5.4.4 the total regret of Algorithm 12 after T episodes is bounded as

Reg(T) = O <<\/dETd* +In dmax) H?\/&T ln(dmaXT/6)>

with probability 1 — M{. Similar to the contextual bandit setting above, we can
achieve a tighter bound if all misspecified learners suffer linear regret Reg;(t) > An;(t)
for some A > 0. Then applying Theorem 5.4.6 yields

HAdS T
Reg(T) = O (H2 BT 10 (o) In(dyna T/8) + Ad* ln(dmaxT/é)Z\/lnnT>

which, up to log factors and lower order terms, again coincides with the regret bound
of the best base learner in hindsight.

Linear Bandits and MDPs with Unknown Approximation
Error

[69] presents an algorithm for learning a good policy in episodic MDPs where the
value functions are all close to a linear feature space of dimension d. Their algorithm
admits a high-probability regret bound of order® O(Hdv/T 4+ H+/deT) for all T when
a bound € on the inherent Bellman error is known a-priori. For details of the setting
and the exact definition of inherent Bellman error see [69]. Unfortunately, in most

5The O notation is similar to the O-notation but hides poly-logarithmic dependencies.



CHAPTER 5. REGRET BOUND BALANCING AND ELIMINATION 130

practical applications, one does not know e ahead of time and picking a conservative
value (large €) makes the algorithm over-explore and suffer large regret.

We can address this limitation by applying Algorithm 12 with several instances
of their algorithm as base-learners, each associated with a certain value of the
inherent Bellman error ¢; = % and the putative regret bound R;(n) = (CHd\/n +

CH \/86171) A Hn for an appropriate value C' that depends at most logarithmically
on d,T or H. Tt is sufficient to use M = [1+ 3 log,(T/d?)] base learners since the

putative regret bound of learner 1 (with e; = 1/v/d and Ry(n) > Hn) always holds,
while the putative regret bound of learner M is at most Ry (T) < 2CHd~/T, which
is a constant factor worse than the regret when e = 0.

By Theorem 5.4.5, the total regret of Algorithm 12 with these base learners is

MInT
)

Reg(T) = O (MCH(d\/T +Vde,T)y/In + B(J2H2d2)

-0 (Hd\/T + HVde, T + H2d2)

with probability 1 — M¢. Hence, up to at most logarithmic factors and a lower-order
additive term, our model-selection framework can recover the best regret bound
without requiring knowing the inherent Bellman error ahead of time. Notice also that
the special case H = 1 recovers the standard linear bandit setting and the algorithm
by [69] reduces to OFUL with a confidence ellipsoid that accounts for ¢;. In this
bandit case €, is the absolute approximation error of expected rewards.

Recently, [26] have shown that an adaptation to unknown approximation errors
€, 1s possible in contextual bandits, but their model-selection approach requires base
learners that work with importance weights, and whose importance-weighted regret
admits a favorable dependency on ¢;. Here we have shown that a similar result
(up to logarithmic factors) can be achieved with standard optimistic base learners
such as OFUL. Our result also matches the regret-guarantee by [54] but does not
require their smoothing procedure for base-learners. Importantly, our result proves
that an adaptation to unknown approximation errors ¢, is also possible without any
modification to base learners in the MDP setting where base-learners that achieve
the importance-weighted regret guarantee required by [26] are (still) unavailable.
Note also that our framework is not specific to instances of the algorithm by [69] as
base learners. Our model selection algorithm can, for example, also be used with
approximate versions of LSVI-UCB by [38] and achieve similar regret guarantees in
their setting and for their notion of approximation error.
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Confidence parameter tuning in OFUL

A standard problem that arises in the practical deployment of contextual bandit
algorithms like OFUL is that they are extremely sensitive to the tuning of their
upper-confidence parameter ruling the actual trade-off between exploration and
exploitation. The choice of confidence parameter from Lemma 5.5.1 ensures high-
probability regret guarantee but is often too conservative. This can for example be
the case when the actual noise variance is smaller than the assumed o? variance.
While there are concentration results (empirical Bernstein bounds) that can adapt
to such fortunate low-variance noise for scalar parameters (e.g., in unstructured
multi-armed bandits), such adaptive bounds are still unavailable for least-squares
estimators. Empirically, choosing smaller values for (,..., 37 can often achieve
significantly better performance but comes at the cost of losing any theoretical
performance guarantee. Our model-selection framework can be used to tune the
confidence parameter online and simultaneously achieve a regret guarantee.

We will now look at ways to compete against the instance of the OFUL algorithm
which is equipped with the optimal scaling of its upper-confidence value, in the sense
of the following definition:

Definition 5.5.3. Denote by 3, the confidence-parameter choice from Lemma 5.5.1
and let k € Ry be a scaling factor. Further, let Og(k) and Sg(k) be the iterates of
least squares estimator and covariance matriz obtained by running OF UL with scaled
confidence parameters (kf3)ien on a subset of rounds S C [T]. Then, for a given
range [Kmin, 1], the optimal confidence parameter scaling for OFUL is defined as

B ] HQS(KJ) — G*HZS(K)_I
Ky = min max = :
K€ [Fmins1] SCT] Bis|

In words, the optimal s, is the smallest scaling factor of confidence parameters
that ensures that no matter to what subset of rounds we would apply OFUL to, the
optimal parameter 6, is always contained in the confidence ellipsoid. Observe that s,
is a random quantity, i.e., K, is the best scaling factor for the given realizations in
hindsight. Lemma 5.5.1 ensures that P(x, < 1) > 1 — § and empirical observations
suggest that k, is much smaller in many events and bandit instances.

Now, Lemma 5.9.1 in Section 5.9 ensures that OFUL with confidence parameters
kB admits a regret bound of the form® Reg(n) < kdy/nln(n) A n if K > k,. Since
Ky is unknown, we run Algorithm 12 with M instances of OF UL as base learners,

SFor simplicity of presentation, we set here A = 1 and disregarded the dependence on other
parameters like L, S, and o.
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each with a scaling factor x; = 2'7% i = 1,..., M, and putative regret bound
R;(n) = k;dIn(T)\/n A n. Note that it is sufficient to use M =1+ log, —— .

min

Then, by Theorem 5.4.4 (with § = 1/2 therein), the regret of Algorithm 12 is
bounded with probability at least 1 — ¢ as

R.(T

Kmin) ( )

:()(( Fe i e g >m*d1n(T)\/T>.
Kmin Rmin Rmin

Note that this is a random and problem-dependent bound because so is k.. In cases

where r, < | /m(f/‘“—ﬂm», this bound strictly improves on the standard OFUL bound

relying on confidence scaling x = 1, which is often way too conservative in practice.

R

Reg(T) < (M—{—\/E

5.6 Extension to Adversarial Contexts

In this section, we show that the regret balancing and elimination principle can also
be used for model selection when the contexts x; are generated in an adversarial
manner. This requires slightly stronger assumptions on the base learners, which
hold in many settings when we select between a hierarchy of optimistic learners
such as OFUL or LSVI-UCB. For the sake of concreteness, we present our extension
of the regret balancing and elimination algorithm to adversarial contexts for the
setting, but our technique for adversarial contexts can be easily adapted to all other
bandit applications discussed in Section 5.5 and likely to episodic MDP settings with
adversarial start states as well.

Let us briefly recall the setting of Linear Bandits with Nested Model Classes.
We consider the problem of linear bandits and are given M instances of OFUL as
base learners. Each instance i considers only on the first d; = 2¢ dimensions of the
actions, with d; < dy < --- < dj;. Since the entries of the true parameter 6, are
0 for all dimensions above d;,, where i, € [M] is an unknown index, all learners
1,15 + 1,... M are well-specified with high probability. We focus our analysis on
the event & where this is the case. Unlike in the preceding discussion on Linear
Bandits with Nested Model Classes where contexts are assumed to be drawn i.i.d.,
we here consider the setting where contexts x; (corresponding to the action set A,
at round t) are generated adversarially. Since each base learner operates only in a
lower-dimensional subspace, we allow the bounds on the action norm L;, the bound
on the parameter norm S; and the range of expected return R}** to vary per base
learner i (potentially depend on the number of dimension d;) but for the sake of
simplicity, we assume that all learners use regularization parameter \ = 1.
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Algorithm 14: EpochBalancing

Input: set of learners 7
for roundt=1,2,... do
Receive context x;
foreach learner i € 7 do
L Ask learner ¢ for a lower bound B, ; on the value of its proposed action

[, NV VS

Sample i; ~ p le forieZ (see Equation (5.15))
Play learner #; and receive reward r;

Update base learner i; with r,

Test for misspecification by checking

Z[Ui(t)%-Ri(n,( )] +q/t1 —t < HzleemIXZB;“

€T
10 if above condition is triggered then
11 L Return ; // At least one learner must be misspecified

© 0w N O

Algorithm 12, which assumes stochastic contexts, compares upper- and lower
confidence bounds on the optimal return value p* obtained from learners that were
executed on two disjoint subsets of rounds to determine misspecification. This strategy
does not work with adversarial contexts since the optimal policy that an algorithm
could have achieved depends on the contexts in the rounds that it was played.
One algorithm may only have seen "bad” contexts with low p}, while another may
only encountered favorable contexts with high uy. A direct comparison is therefore
meaningless.

To be able to handle adversarial contexts and address this challenge, we modify
our regret balancing and elimination algorithm in two ways: (1) we randomize the
learner choice for regret balancing and (2) we change the misspecfication test to
compare upper and lower confidence bounds on the optimal policy value of all rounds
played to far. The resulting algorithm is presented in Algorithm 15 which operates in
epochs where the subroutine in Algorithm 14 is executed. We start by discussing the
regret balancing subroutine in the next section before presenting the main algorithm
and its regret guarantee afterwards.

The Epoch Balancing Subroutine

This subroutine in Algorithm 14 takes in input a set of active base learners 7 =
{s,s+1,..., M} and ensures by randomized regret bound balancing that its total
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regret is controlled for all rounds until it terminates.

In addition to the putative bound R; on its regret, Algorithm 14 requires that
each learner ¢ can also provide a lower-confidence bound on E [r|a; ;, 7¢], the expected
reward of the action it would play in the current context x;. Since each base learner
7 is an instance of OFUL, we can choose these bounds at round ¢ as

Rilni(0) =2 3 (Builanalls;: A BE™) and

keT;(t)

Byi = (B ar) = Buillanlls, ) v — R

where R € [1, L;S;] is the range of expected returns’ and L; > max; ||a; ;|| and
S; > [|6*]] are the norm bounds used by the OFUL base learners. Further, @,i, Yt
and [3;; are the parameter estimate (Eq. 5.9), the covariance matrix (Eq. 5.9) and the
ellipsoid radius (Eq. 5.11) of base learner i at time ¢, respectively. In similar spirit,

at; € al"gmax<0t,i; ay + 5@1”%1”2—1
acAg b
denotes the action that base learner ¢ would take at time t. Note that we mean here
the truncated actions and covariance matrix in R% and R%*%,

At each round ¢, Algorithm 14 first requests these bounds from each base learner
to be later used in the misspecification test. The algorithm then selects one of the base
learners in Z by sampling an index i; ~ Categorical(p) from a categorical distribution
with probabilities

bhi=———7_:
ZjeI l/ZJ

Since the regret of OFUL scales roughly at a rate of v/z/T, this learner selection
rule approximately equalizes the regret of all learners in expectation. The algorithm
proceeds by playing the action proposed by i#;, gathering the associated reward r,
and updating 4,’s internal state.® Finally, Algorithm 14 performs a misspecification
test and terminates if this test triggers. We refer to the execution of Algorithm 14 as
an epoch.

Unlike the misspecification test in Algorithm 12 which considers the hypothesis
that a specific learner i is well specified, the misspecification test in Algorithm 14

where z; = (d} + d;S7) (R A L) forieZ. (5.15)

"We specifically assume that E [r;|a;, 7;] € [~ RP®, +R™M2%] where % is the smallest base learner
whose model class contains the optimal parameter 6,.

8We may also pass on the observation all base learners when base learners can accept off-policy
samples (which do not necessarily come from the proposed action), as is the case for OFUL.
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tests the hypothesis that all active learners are well-specified. If all OFUL learners
1 € 1 are well-specified, in the sense that their ellipsoid confidence sets contain 6, for
all rounds ¢ so far, then each B,; is also a lower-bound on the optimal value in round
t, since

By < E|[ri|at;, v¢] < maxE[ri|a, z¢] = ;.
ac At

Hence, the right-hand side of the misspecification test in Algorithm 14 is a lower-bound
on the optimal value of all rounds to far, that is, it satisfies max; ez 2221 By; <
ZZZI wy. Similarly, when all learners are well-specified and satisfy their putative
regret bounds, then the left-hand side of the misspecification test is an upper-bound
on 22:1 iy. We can see this as follows. First, by basic concentration arguments, the
realized rewards cannot be much smaller than their conditional expectations with

high probability, that is, > ,c; Ui(t) > >4, E [rilas, 2] — cy/tIn 28 This implies

that

;[Ui(ﬂ 4+ Ri(ni()] + eyt @

t

> Elrlagz] + ) Rini(t) => | > Elrias, ] + Ri(ni(t))

k=1 i€Z ieT | keTi(t)
> Z Z [re|as, z:] + Reg;(t) Z Z iy, = Zﬂlm
1€L | keTy(t) 1€L keT;(t

where the last inequality holds because R;(n;(t)) > Reg,;(t) when i is well-specified.
Thus, if all learners are well-specified, the misspecification test cannot trigger (with
high probability). The following theorem formalizes this argument:

Theorem 5.6.1. With probability at least 1 — 9, Algorithm 1/ does not terminate if
all base learners are well-specified and their elliptical confidence sets contain 0* at all
times.

Therefore, if the test does trigger, at least one learner in Z has to be misspecified,
that is, either their putative regret bound R; or a lower bound Bj; does not hold.
However, until the test triggers, the condition in the test is sufficient to control the
regret as the following theorem formalizes.

In this result, we assume that the base learner regret bounds z; (see Eq. (5.15)) are
sufficiently apart, i.e., 2z; < z;11 holds for all i € Z\ {M}. Note that this assumption
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can always be ensured by first filtering the base learners. This filtering can increase
the regret by at most a factor of 2.

Theorem 5.6.2. Assume that Algorithm 14 is run with instances of OFUL as base
learners that use different dimensions d; and norm bounds L;, S; with 2z; < z;11 (see
Eq. (5.15)). All base learners use expected reward range R =1 and A = 1. Denote
by x the smallest index of the base learner so that all base learners j € T with d; > d,
are well-specified and their elliptical confidence sets always contain the true parameter.
Then, with probability at least 1 — 20, the regret is bounded for all rounds t until
termination as

Reg(t) < O ((du + V&S, + |T1) (d. + V/d.5)V1)

Here, we highlighted the regret bound of the single best well-specified learner
in green. We here assumed that the range of expected rewards is known and 1. If
this is not the case and we have to rely on the expected reward range induced by the
vector norms L; and S;, then we have an additional lower-order term:

Theorem 5.6.3. Assume that Algorithm 14 is run with instances of OFUL as base
learners that use different dimensions d; and norm bounds L;,S; and R = L;S;
with 2z; < zi41 (see Eq. (5.15)). Denote by x the smallest index of the base learner
so that all base learners j € I with d; > d, are well-specified and their elliptical
confidence sets always contain the true parameter. Then, with probability at least
1 — 20, the regret is bounded for all rounds t until termination as

Reg(t) < O ((d*L* +/d. S, L, + \I]) (di + VA S)LNE+ Y Li&-) .

1€

The proofs of Theorem 5.6.3 and Theorem 5.6.2 are similar to the proof of
Theorem 5.4.1 but requires a randomized version of the standard elliptical potential
lemma that we prove in Lemma 5.9.4.

Main Algorithm

We now show how to obtain a robust model selection algorithm for adversarial
contexts with the help of the Epoch Balancing subroutine from the previous section.
Since Theorem 5.6.2 guarantees that the regret of Epoch Balancing is controlled in
each epoch, all that is left it to ensure that the number of epochs is small. When
Algorithm 14 terminates, we know that one of the base learners must have been
misspecified but we do not know which one. We here use the hierarchy of base
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Algorithm 15: Regret Bound Balancing and Elimination with Adversarial
Contexts
1 fors=1,...,M do

L EpochBalancing ({s,s + 1....,M}) in Algorithm 14

learners: It is safe to remove the learner i,,;, = min;c7 d; with the smallest dimension
as its model class is a subset of the model classes of other base learners. Thus, if there
is a model class that fails to contain #*, this must also be the case for i,,;,. Therefore,
our main algorithm shown in Algorithm 15 calls Epoch Balancing (Algorithm 14)
repeatedly and removes the smallest index from the active learner set each time.

Note that once d; > d, for all i € Z = {s,s + 1,..., M}, Epoch balancing will
not terminate with high probability because all remaining learners are well-specified
and their bounds hold (see Theorem 5.6.1). Therefore, there can only be i, < M
epochs where d;, = d, and the total regret Reg(T") of Algorithm 15 is just the sum
of the regret in each epoch up to the total number of T" rounds. We denote by
t)(T") the total number of rounds in the first s epochs after a total of 7" rounds.
Note that ¢*)(7T') are stopping times. The regret in the s-th epoch is referred to as
Reg™ (t&)(T) — t=1(T")) where ¢®)(T) —t=1(T) is the number of rounds in episode
s. Therefore, we can write the total regret as

Reg(T') = i Reg™ (t®)(T) — t=V(T)) . (5.16)

The regret incurred within each epoch can be bound using Theorem 5.6.2, which
yields the main result of this section:

Theorem 5.6.4 (Model Selection for Adversarial Contexts in Stochastic Linear Ban-
dits). Assume that Algorithm 15 is run with instances of OFUL as base learners that
use different dimensions d; and norm bounds L;, S; with 2z; < z;41 (see Eq. (5.15)).
All base learners use reqularizer A\ = 1. With probability at least 1 — 3(M + 1)0 the
total regret of Algorithm 15 is bounded for all rounds T € N as

Reg(T) = O ((VBd, + VBAS, + VBM) (d + /A SIVT)

iof base learners use a common expected reward range R*™* = 1. Here, B are the
number of base learners that use a misspecified model that cannot represent 0, If base
learners use instead R = L;S;, then the regret bound is

Reg(T) = ((\/_dL ++/Bd,S,L, +\/_M> (d, ++/d,S,) Lf+BZLS> .

i€l
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Proof. First, we consider the event where all learners with d; > d, are well-specified
in the sense that their elliptical confidence intervals contain 6, at all times. This
happens with probability at least 1 — Md by Lemma 5.5.1. Further, only consider
outcomes where Theorem 5.6.2 and Theorem 5.6.1 hold in all epochs.? By a union
bound, all these assumptions hold with probability at least 1 —4M. We now consider
the decomposition in Eq. (5.16) and bound

M Tx
S S S— Z) S s S—
Reg(T) = > Reg® (1)(T) — 1¢-9(T)) £ 3" Reg®) (1)(T) — 1¢~(T))
s=1 s=1

(i) & 5.2M In(2T
<>y C(s)\/t(s)(T) —teD(T) +8.12 Y R™ I 2:2M 2T)

5
i€Z(®)
5.2M In(2T
<max C® | i Y (#O(T) — t6-0(T)) + 8.12i, Y RP™ 1n¥
SE[Z*] o—1 ieI(S)
5.2M In(2T
= max O \/i,T +8.12i, S RM™ Iy -2 n(2T)
Se[i*] (5

i€Z(s)

where (i) follows from Theorem 5.6.1 and (i) from Theorem 5.6.2 with epoch-
dependent factor C®) < O ((d* +d, S, + M) (d, + \/d_*S*)) or Theorem 5.6.3 with
epoch-dependent factor C'®) < O ((d*L* +d, S, L, + M) (dy + \/d_*S*)) L, O

5.7 Omitted Proofs of Section 5.4

Lemma 5.7.1. There is an absolute constant ¢ such that the event

G- {w € [M], Vi € N: [ns(t)* — Us(t) — Reg,(1)] < ¢ lnwm(ﬂ}

has probability at least 1 — ¢

9We note that both theorems hold for arbitrary sequences of contexts and therefore also when
the s-th instance of Epoch Balancing is started after a random number of rounds ¢~ (T).



CHAPTER 5. REGRET BOUND BALANCING AND ELIMINATION 139

Proof. Consider a fixed ¢ € [M] and write the LHS in the event definition as

ni(t)p* — Ui(t) — Reg;(t) (5.18)
= Z (M* —rp— rr}aﬂcE [re|7’, zp] + E [rk|7rk,xk])
keT (1) me
= Z (M*—g’lealz[(]E[TkhT/,xk]) + Z (E [Tk|7Tk,£Ek] —Tk). (519)
keT;(t) keT;(t)

Consider the first sum and let F; be the sigma-field induced by all variables up
to round t, i.e., (Zy, xk, ig, ag, 7k )p<t. Note that 7,1, the learner chosen at ¢t + 1 is
Fi-measurable. Hence, X = 1{iy = i}(u* — maxpen E [re|n’, 2]) € [—-1,+1] is a
martingale-difference sequence w.r.t. F,. We will now apply a Hoeffding-style uniform
concentration bound from [33]. Using the terminology and definition in this article,
by case Hoeffding I in Table 4, the process S = Z?Zl X is sub-yy with variance
process Vi, = Zle 1{i; = i}/4. Thus by using the boundary choice in Equation (11)
of [33], we get

S < 1.7/ Vi (Inln(2V4) + 0.721n(5.2/9))
= 0.85v/n;(k) (Inln(n;(k)/2) + 0.721n(5.2/5))

for all £ where V. > 1 with probability at least 1 — . Applying the same argument
to —S gives that

Z (u* — max E [r|7, xk]) < 3V 0.85v/n(k) (Inln(n;(k)/2) + 0.721n(10.4/6))

w'ell
keT;(t)

holds with probability at least 1 — 9 for all ¢.

Consider now the second term in (5.19) and let F; now be the sigma-field generated
by 0((Zg, Tk, ik, Ok, Tk ) k<t, Lt+1, Tea1, bt41, Qg1 ), 1.6. all variables up to the reward at
round ¢ + 1. Then X, = 1{iy = i}(E [rg|mp, vx] — 7%) € [—1,+1] is a martingale-
difference sequence w.r.t. F, and we can apply the same concentration argument as
for the first term to get with probability at least 1 — ¢ for all ¢

> (B [relm, 2] — )| < 3V 0.85y/ni(k) (Inln(n;(k)/2) + 0.721n(10.4/5)) .

kET;(t)

We now take a union bound over both concentration results and i € [M] and rebind
9 — 0/M. Then picking the absolute constant ¢ sufficiently large gives the desired
statement. [
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Lemma 5.7.2 (Sufficient Condition for Elimination). If the psuedo-regret of learner
1 exceeds for any » € W the following bound in round t,

it (0 73y
Reg;(t) > R;(ni(t)) + ) R, (n,(t)) + 2¢ (1 + n*(t)> n;(t) In 5 (5.20)

then learner i fails the misspecification test of Algorithm 12 in event G and is elimi-
nated.

Proof. After dividing Equation 5.20 by n,(t), this condition implies in event G,

Reg, () - R,(nl(t)) Reg* Mlnt/5 [In Mlnt/(S
ni(t) ni(t) \/ n;(t n(t

and by G, this implies

_U®) R;(n;(t)) ULt . In(M1Int/d) . In(M1Int/5)
T ) o ) B T (3 B Vo 1) R VR Oy R
Rearranging terms yields
Ui(t) / Mlnt/5 (1) iy /In(M Int/é)
nz(t) ni(t (1) N (1) '

Hence, since t > n;(t) and t > n,(t), the misspecification test in Algorithm 12
fails. O

Special Case with 7° Candidate Regret Bounds

We here provide the proof of our gap-independent result which we restate here for
convenience:

Theorem 5.4.4. If Algorithm 12 is used with candidate regret bounds in FEqua-
tion (5.7), then its total regret is bounded with probability at least 1 — & for all T
as

MInT

Reg(T) < <M + 2B Bl ) d,CTP +5d?" cy/ BT In +2M,

where x € W is any well-specified learner and B = |B| is the number of misspecified
learners.
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Proof. We start with the general regret bound from Theorem 5.4.1 given by

3 im0+ 2 2 nn 225 (10 20) g T

ieB

(5.21)
and bound the terms individually. We begin with

ZR (n(t;)) +2M < MR(T) +2M < Md,CT’ + 2M,

where we only used the monotonicity of regret bounds and the definition of R,. We
continue with the first part of the last term which we control as follows

MlnT MInT MInT
262\/7% t;) <20\/Bln 5 ieZBni(ti)S% BT In 5

where we first applied Cauchy-Schwarz inequality and then used the fact that the
total number of rounds played by all base learners is at most 7. Similarly, we can
bound the other part of the final term in (5.21) as

n;(t;) \/ MInT n;(t;) MInT
2c ; () n;(t;) In 5 20\/;€B () Tln 5

L MInT
< 2v2¢d? | BT In 5n ,

where the final step follows from Lemma 5.7.3 with

nz(tz) dl/ﬁ 1/5
> ) <2y 7 < 2Bd! (5.22)

e *\? ieB

It only remains to bound the second term (5.21). Here again we make use of the
pull-ratio bound from (5.22) to bound

wlt) ) o Wt
Z”*(tz')R*( (00 _Cd*iezg ("*(tz')) )

ieB

nt)\ ’
(i) (Z)

< Cd, (2BdY?)' " 18 < 20 B P AT,
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where the first inequality follows from Holder’s inequality. Combining all bounds for
the individual terms yields the desired statement. O

Below, we prove technical results for the slightly more general candidate regret
bounds that can have different exponents 8. Specifically, we consider candidate regret
bounds of the form

Ri(n) = n A Cdin™, (5.23)
where 3; € (0,1], d; > 1 and C' is a term that does not depend on i or n.

Lemma 5.7.3 (Play ratio bound). If Algorithm 12 is used with candidate regret
bounds of the form in Equation (5.23), then

Bj

n;(t) 7

1
i

nlh) ) (2%)°

holds for all t and active learners i,j7 € I; that have been played at least once.

Proof. By Lemma 5.4.2; the regret bound of ¢+ and j are balanced at ¢, which means
that

Ri(ni(t)) < Rj(n;(1)) + 1 < 2R;(n;(t)) .

When n;(t) < (alZ-C’)ﬁ the regret bound R; is still in the linear regime. The balancing

condition gives in this case n;(t) < 2R;(n;(t)) < 2n;(t) and hence Z—((g < 2. Consider
J

now the case where R; is in the n;(t)% regime. Then the balancing condition implies
dlCnZ(t)ﬁl S deCTL]‘ (t)Bj.

Reordering terms yields
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Gap-dependent guarantee: We now provide the full proof for our main gap-
dependent guarantee which we restate her for convenience:

Theorem 5.4.6. Assume Algorithm 12 is used with candidate regret bounds in
Equation (5.7) and that the pseudo-regret of all misspcified learners j € B is bounded
for all't from below as Reg;(t) > Ajn;(t)*, for some constants A; > 0 and o > £V 3.
Ifo<pg< % then total regret is bounded with probability at least 1 — § for all T as

20C . MInT T
— B 5t FmaD =
Reg(T) O(MdC’T +ZE€BC(2d) +d.d; ) |:Ai In 5 } ) ,

where x € W is any well-specified learner. If instead 5 > %, then the total regret is
bounded with probability at least 1 — & for all T as

Reg(T) = O (Md*C’TB—{—ZC lnM;nT <dﬁ+a P 4 dde > [220] ) ‘

i€B

Proof. Just as for the gap-independent guarantee in Theorem 5.4.4, we start with
the general regret bound from Theorem 5.4.1 given by

ZR*”* *ZZT ”“MWZ(” n*(éi)))%i(ti)lnMLnT,

i€B
(5.24)

and bound the terms individually. We begin with
ZR n.(t;)) +2M < MR,(T) + 2M < Md,CT® + 2M,

where we only used the monotonicity of regret bounds and the definition of R,. All
remaining terms only consider misspcified learners ¢« € B. In the following, we bound
the contribution from each such learner individually. We have

) p 1) + (1+ m(zfi)) \/m(ti)lanénT

< cu, <”"<t”)>1_6 ni(t)’ + (1 T ”l‘“”) %i(ti)ln M

n*<ti> n*(tz)

MInT
5 Y

< Cd,Z""Pni(t;)° + 2\/ Zn;(t;) In (5.25)
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1
where Z =2V 2% ’ Further, using the gap-assumption, Lemma 5.7.4, which
is proved below, yields an upper-bound on the number of times the learner can be

played

1
B a—1/2

[2Cd;
OZ(1+2Z)} %

i

IN

T (1+vZ)

1
a—1/2

8 MInT
—C\/Z In -

<
- A )

(5Cd;, e
A
LA } Y

We consider now two cases.

1

Case I: §>1/2. Then n;(T) < [%Z] 7 and (5.25) can be bounded as

MInT MInT
<

Cd, 2 Pn,(t;)P + 2\/Zni(ti) In 5= 3C'1/In 5

B8
[ MInT 5Cd; a7
< 1 =7 .
< 3C4/In 5 d |:Ai }
_B_

When Z = 2, this expression is bounded from above as 6C'y/In Wd* [wA—%] e
When Z > 2, then we bound this quantity instead as

d*Zl_ﬁni(ti)ﬁ

MnT Ls
3C/In Tnd*(zd*)lf

B8
5Cd; (24.\"7]7F _ [ MINT i [200 &p
A; d; - ) * A; ’

Hence, the total regret is bounded is case as

8
14 1 B £
e (Md*OTﬂ yoyn (df T d*df‘ﬁ) FXC} ) .

i€B

Case II: 5 < 1/2. To simplify the final bound, we here use the somewhat crude
bound on n;(T):

1
a—1/2

50@ p \/m MInT

(T) <
nilT) < | =1 5
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This allows us to upper-bound (5.25) by

1/2
a—1/2

MInT MInT

4]

5C’d,~Z I MnT

< 1-p
<3Cd,z In A 5

?)Cd*Zl_B \/nz(tz) In

1/2
When Z = 2, this expression is bounded from above by 6Cd, [NT% In W] S

When Z > 2, then we bound this quantity instead as

1/2
a—1/2

MInT

304d,(2d,) 7 1/In 5

504d; (2@)1”3 \, MInT
n

1/2
. InT] 172
<20(2d,)? {ZC’ (24,)% In M]

7

Hence, the total regret is bounded is case as

1L 1\ [2 MinT 15T
Reg(T) = O <Md*C'Tﬁ + ZC ((2d*)6+5<2a1> + d*dz?"1> [ XC In 511 } ) .
i€B ‘

]

Lemma 5.7.4 (Gap-dependent elimination bound). Assume Algorithm 12 is used
with candidate regret bound of the form in Equation (5.23). If the pseudo-regret of
base-learner i satisfies Reg;(t) > A, (£)* for all t for a fized A; > 0 and o; > 5V 3;,
then, in event G, learner i is played at most

1
a;—1/2

(2

204, am [ 4e MInT
) < =
ni(T) < { X (1+22)] v [Ai <1+\/Z> In—

1

B, Bx
times where Z =2V <2fli—*_> K N (t;) Pi Yand x € W is any well-specified learner.

Proof. Lemma 5.7.2 yields the following sufficient condition that learner ¢ is eliminated
at round ¢:

ny(t) n;(t) Mint
Reg;(t) > Ri(ni(t)) + n*(t)R*(n*(t» + 2c (1 + n*(t)) n;(t) In 5 (5.26)
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We now upper-bound the RHS of this sufficient condition using Lemma 5.7.3 as

Ri(n;(t)) + n;(t) R, (n.(t)) + 2¢ (1 + Zi((g) n;(t) In M;nt

ni(t) n;(t) Mnt
<R;(ni(t)) + Qn*(t) Ri(n;(t)) + 2¢ (1 + m) n;(t) In 5
Mlnt
)
Mlnt
5

< (1+22) Ri(mi(t)) + 2¢ (1+VZ) ymi(t) In

<(1+22) Cdin;(t)” + 2¢ (1 - ﬁ) n;(t) In

Using this upper-bound on the RHS of (5.26) and A;n;(t)* as a lower-bound on the
LHS of (5.26), we can conclude that learner ¢ gets eliminated if the following two
conditions are met:

%ni(zﬁ)‘” > 2¢ (1 + ﬁ) n;(t) In
%nz(t)al > (]. + QZ) Cdﬂlxt)ﬁz

MlInt
)

Rearranging each condition yields

1

4¢ Mlnt|* 204, e
n;(t) > A (1 +\/§) In 5 ] and  n;(t) > [ A (1 —1—22)} :
[
Special Case with v/T'InT Candidate Regret Bounds
Consider the regret bound for all M base learners to be of the form
Ri(n) = d;,C/nlni(n/d)) An (5.27)

where In, (z) = In(z V e) and d; > 1 is some parameter (not necessarily an integer
dimension) and C' > 1 is some term that does not depend on n or i. To prepare for
proving the main regret guarantee, we first show a bound on the play ratio between
two active learners:
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Lemma 5.7.5. For the choice of candidate regret bounds in Equation (5.27), the

following bound
n;(t) z t
<7l1lVv 1 4eln -
n;(t) — ( dz) n+(en5>

holds for all t and active learners i,j € L, 1 that have been played at least once.

Proof. By Lemma 5.4.2, the regret bound of ¢ and j are balanced at ¢, which means
that

Ri(ni(t)) < Rj(n; (1)) + 1 < 2R;(n;(1)) -

When R; is still in the linear regime, this implies that n;(t) < R;(n;(t))+1 < n;(t;)+1
and hence ";Etg < 2. Consider now the case where R; is in the /- -regime. Then the

balancing condition implies

diC \/ ). ") < 2djc\/ (1) . ")

and thus

n;(t) Iny (ni(2)/9) d;
\/ (O T (ny(£)0) ~ 2d;°

Reordering this inequality gives:

ni(t) Jln+(n]( )/5> a; n.(n d_JZ n
n;(t) <45 2o (n,(1)/8) = 4 1 +(n;(¢)/9) §4d?1 (t/6) . (5.28)

We now refine this crude bound by considering two cases:

Case I: If \/n;(t) < Cdj\/Ini(n;(t)/6), then R;(n;(t)=n;(t) and the balancing

condition gives n;(t) < 2n;(t) Plugging this in (5.28) yields

7li(t)

= Ty ((0)/9)

d?l +(2n,(t)/0) <4 32] (2e) < 7—-

<.

—~
-

N—
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Case II: In this case, R;(n;(t)) = Cd;\/n;(t) and we use (5.28) with reversed roles
of i,7 to get n;(t) < 42—2 In(t/§)n;(t). Plugging this back into the middle term of
(5.28) yields

mlt) 432 In (e4d; /d5 In(t/0)).

When d3/d; > 1, then "((tg < 4 ln+(e4 In(t/§)) follows immediately. Otherwise,

2/ 12 dj 2/ 12 d;
1 n, (edd; /d;In(t/d)) < 4$ In(d;/d5) + 4? In(edIn(t/9))

7 1

<4
< g + 41In(edIn(t/6)) < 4In(41n(t/9))

]

Theorem 5.7.6. If Algorithm 12 is used with candidate regret bounds in FEqua-
tion (5.27), then its total regret is bounded with probability at least 1 — & for all T
as

Reg(T) < <M+d*\/Bln+ (llln )) d,C\/TIn (T/6) +2M
+ 8cd, In (%) vV BT

where x € W is any well-specified learner and B = |B| is the number of misspecified
learners.

Proof. We start with the general regret bound from Theorem 5.4.1 given by

> R, +ZZ L) L) +2M +2¢) <1+ Ziii) \/ni(t,»)lnM?T :

=1 i€B
(5.29)

and bound the terms individually. We begin with

ZR n.(t;)) + 2M < MR,(T) 4+ 2M < Md,C~/Tn(T/8) + 2M,
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where we only used the monotonicity of regret bounds and the definition of R,. We
continue with the first part of the last term which we control as follows

MlnT MlnT MInT
2 i(t:) <2, |Bl i(ti) < 2¢y/BT'1
eyt \/ 2 TS ) < 20/ BT 2

i€eB

where we first applied Cauchy-Schwarz inequality and then used the fact that the
total number of rounds played by all base learners is at most 7. Similarly, we can
bound the other part of the final term in (5.29) as

(T MInT MInT
QCZ nl(tz)\/ni(ti)ln 12 <o an(t) Tl

1 (t;) pe N () 4]

< 6(:\/Bln+ <4eln§>d*,/T1nMg“T,

where the final step follows from Lemma 5.7.5 with

dz t; T
<1 v ;) In, <4€ In gz) < 7d°Bln, (46 In E) (5.30)
zeB i€eB "

It only remains to bound the second term (5.29). Here again we make use of the
pull-ratio bound from (5.30) to bound

n*(t )

< O/l (T76), |y ”Z / ) < 30d2\/ BT In, (T/5)1n, (46111 )
GB ZGB

where the first inequality follows from the Cauchy-Schwarz inequality. Combining all
bounds for the individual terms yields the desired statement. O]

Gap-dependent Regret Guarantee: We now prove a gap-dependent regret
bound for Algorithm 12 when used with candidate regret bounds in Equation (5.27).

Lemma 5.7.7 (Gap-dependent elimination bound). Assume Algorithm 12 is used
with candidate regret bound of the form in Equation (5.27). If the pseudo-regret of
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base-learner i satisfies Reg,(t) > Am;(t)* for all t for a fivzed A; > 0 and o; >
then, in event G, learner v is played at most

1
27

ni(T) < {QZd (142Z)+/Iny (MT)/0) m,

2
times where Z =7 <1 vV %) In, (46 In %) and x € W is any well-specified learner.

Proof. This statement can be proved in full analogy to Lemma 5.7.4. [

Theorem 5.7.8. Assume Algorithm 12 is used with candidate regret bounds in
Equation (5.27) and that the pseudo-regret of all misspcified learners j € B is bounded
for all t from below as Reg;(t) > A;n;(t)* for some o > 1V B and A; > 0. Then
total regret is bounded with probability at least 1 — & for all T as

Reg(T) < Md,C\/Tn,(T/8) + 2M (5.31)
TN” /. MT\” [424,C] 7 4\
+9Cd, Y In, (4eln3) (m+ : ) { A } (wd—i) .

i€eB

for x € W is any well-specified learner and p = ;

Proof. Just as for the gap-independent guarantee in Theorem 5.7.6, we start with
the general regret bound from Theorem 5.4.1 given by

N T

i€B

and bound the terms individually. We begin with
M
> Ri(ni(ti) +2M < MR(T) +2M < Md,C+/Tn,(T/5) + 2M,

where we only used the monotonicity of regret bounds and the definition of R,. All
remaining terms only consider misspcified learners ¢ € B. In the following, we bound
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the contribution from each such learner individually. We have

m(ti)R (na(t:)) + <1+ (tz)> \/ni(ti)lannT

N 1 () J

\/ YT (ma (6)/9) + <1+ ()>\/i(ti)lnM1nT

1 () 0
< Cdyr/Zni(t) Ing (T]0) + (1 + ﬁ) \/ni(ti)ln M7

o
/ T MInT
S C’d* an(tl) ln+ — 4+ 2v Z\/nz(tl) In ;l

< BCd*\/ZnZ( t;)In, ]\/‘gT

< dd,

where Z =17 (1 \Y > In, (46 In < ) Further, using the gap-assumption, Lemma 5.7.7

yields an upper—bound on the number of times the learner can be played

1
a—1/2

201, 62Cd;
ni(T) < { Ny A,

420 d? T =i
<[ () (o) Vi)

We use this upper-bound to control the term

(1+22) ln+(MT/6)1 o [ ln+(MT/5)}

)

3C’d*\/an( t;)Iny ]\{ST

d, T\ 2% MT\ 2251 [420 &
<9C4d, (1\/d—i) In, (461113) (ln+ 5 ) |:A1 (d \ dz):|

Combining all bounds of individual terms yields the desired bound

Reg(T) < Md,C~\/TIny(T/5) +2M+
1 2
T §+2a—1 MT 2 2& 1 42d;C 2& 1 dy Hoa
9Cd, g Iny <4e In 5) (ln+ 5 > [ A, ] <1 \% dz)

i€B

]
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Special Case with ¢,CyT + C1V/T Candidate Regret Bounds

Lemma 5.7.9. Assume all base algorithms use regret bounds of the form (5.8) in
Theorem 5.4.5. Let i € Zyq be an active learner and x € W be a well-specified learner
with €, > €;. Then in event G

4 o

MlInt Mlnt
+ 8¢y /ni(t) In 511 + 807 + 2C1\/ny(t) + 8cCiy/In 5n )

Proof. First, we can assume without loss of generality that Cye, < 1 because the
regret bound is vacuous otherwise. Since ¢ is in the active set and * is well-specified,
we can apply Lemma 5.4.3 which gives

Reg;(t) < 1+ 10R.(n.(t)) + 2¢,Cy (1 + —1/In @> n;(t)

Reg(1) < 1+ Ru(na(1)) + 2y fmi(t) ln 20 :((2 Ru(na(1)) + 20 \/ 2(8)2 M0
(5.32)

We now simplify the expression on the right hand side using the specific form of the
regret bounds R;. This form can be split into three phases:

Ri(n)=n for v/n < < G Phase I
- CQEJ
Cy
Rj(n) € [C1v/n,2C1v/n] for <+/n < Phase I
1-— 02 ] QEJ
R;(n) € [Caejn, 2C5¢;n] for C <+/n Phase 11
2€;

We now give a regret bound for learner ¢ based on which phase its regret bound is in.

Regret bound of ¢ in Phase I: We first consider the case where * is in Phase I.
Then the balancing condition from Lemma 5.4.2 R;(n;(t)) < 2R.(n.(t)) implies that
n;(t)/n.(t) < 2 and thus

Reg,(t) < 1+ 3R.(n.(t)) +2(1 + v2)ey/ni(t) In M;nt.
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If * is in Phase II, then by the balancing condition n;(t) < 4C}+/n.(t) which implies
that m < 4C. Plugging this into (5.32) yields

Ml t t lt
Reg,(t) < 1+ Ru(n.(t)) + 2cy/mi(t) In ——0 ”’<()t 20, + 8¢Cyy/In —
Ty

/ Mlt lt
<1+ Riu(ng(t)) + 24/ ny(t - +8Cz+8cC’1 -

If % is in Phase III, then by the balancing condition n;(t) < 4Cse.n,(t) and, hence,
n; (t)

O < 4C%¢, < 4. Here, we have used that Cye, < 1 as otherwise the regret bounds
hold trivially. Plugging this into (5.32) yields

Reg;(t) < 1+ 5R. (n.(t)) + 6cy/ny(t) In M;nt

Regret bound of ¢ in Phase II: We here distinguish between two cases. If

n.(t) < Cii , then R,(n.(t)) < 2C14/n(t). Then by the balancing condition
< 9. Plugging this into (5.32) yields

n; (t

Reg,(t) < 1+ 10R,(n.(t)) + 8c ()mM;nt

Consider now the case where y/n.(t)
bound (5.32) directly as

Reg, (1) < 1 + 26.Ch(na(t) + mi(t)) + 2¢y/mat) In M;‘” + zccéf* ns(t)1/In h%t
1

In MlInt

c Mint
< 1+26.Cy n*(t)—l—ni(t)%—T&m(t) +2¢q/ni(t) In 5“.
1

cgi «(ns(t)) < 2€,Cyn,(t). Here, we

Regret bound of 7 in Phase III: First, consider the case where \/n.(t) > Cfi
Then we can directly write 2

D R.(n,(t)) = €,Cyn;(t) and bound 1/4/n,(t) < &&=

= ¢y
Plugging this into (5.32) yields

MlInt « Mlint
Reg;(t) < 14 R.(n.(t)) + €.Cony(t) + 2cq/n;(t) In =4 Cae 2y /In ——n,
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It remains to bound the regret when /n.(t) < Cgi . Since 7 is in Phase III, we also

have /n;(t) > C’CTle > C(’;—i The balancing condition yields €;Con;(t) < 4C1\/n.(t)
and thus

Plugging this into (5.32) yields

Reg;(t) <1+ R.(n.(t)) + 4cy/n(t) In M;nt + Zi((?) 201/ (1)
<14 Ri(na(t)) + 4ey/ni(t) In M;nt + 2C1\/ni(t).

5.8 Omitted Proofs of Section 5.6

Epoch Balancing Termination (Proof of Theorem 5.6.1)

Theorem 5.6.1. With probability at least 1 — §, Algorithm 14 does not terminate if
all base learners are well-specified and their elliptical confidence sets contain 6* at all
times.

Proof. Since all learners are well-specified and their lower-confidence bounds L, ;
satisfy L;; < E[rac;, ] < pj, the right-hand side of the misspecification test
satisfies

t t
*
max > By <Yk
JET
k=1 k=1

for all ¢ € N Further, with probability at least 1 — d, by Lemma 5.8.2, the left-hand
side of the misspecification test satisfies for all t € N

;[Ui(t) + Ri(n;(1))] + cy/tln@ > ;HZ

Thus, the misspecification test never triggers and Algorithm 14 does not terminate. [
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Lemma 5.8.1. Let 0 € (0,1) and consider the event

Z Ul(t) - Z E [Tk|(lk, l‘k]

€L

Q:{‘v’tEN:

where ¢ > 0 is an absolute constant. Then P(G) > 1 — 4.

Proof. Let Fy = o(x1,191,a1,71, -+« Tp—1,04—1,Qr—1,T¢—1, T—1, b4—1, G;—1) be the sigma-
field induced by all variables up to the reward at round ¢. Hence, Xy = 1y —E [ry|ax, z]
is a martingale-difference sequence w.r.t. F;. We will now apply a Hoeffding-style
uniform concentration bound from [33]. Using the terminology and definition in this
article, by case Hoeffding I in Table 4, the process Sy = Z?Zl X is sub-¢y with
variance process Vi = k/4. Thus by using the boundary choice in Equation (11) of
[33], we get

S < 1.7/ Vi, (Inln(8V4) + 0.721n(5.2/9))
= 0.85y/k (InIn(4k) + 0.721n(5.2/9))

for all k£ with probability at least 1 — §. Applying the same argument to —Sj, gives
that

t

> (rk — Elrgla, i])| < 0.85y/t (Inln(4f) + 0.721n(10.4/5))

k=1

holds with probability at least 1 — ¢ for all t. Since >, Ui(t) = S ;_, 7%, the
statement follows. Note that this concentration argument holds for all ¢ uniformly
and therefore also when ¢ is random. O]

Lemma 5.8.2 (Upper-confidence bound on optimal reward). In event G from
Lemma 5.8.1, the following holds. If at time t all learners i € T are well-specified,
then the left-hand side in the misspecification test of Algorithm 1/ is a lower-bound
on the optimal rewards, i.e.,

> [U(t) + Ri(ni(t))] + cy/tln@ > ;u;.

1€



CHAPTER 5. REGRET BOUND BALANCING AND ELIMINATION 156

Proof. By Lemma 5.8.1, in the considered event, we have

S 00 + Rna(0)] + /10 A0

i€z
¢
> ZRZ(nz(t)) + ZE (7| ak, Tx] (by Lemma 5.8.1)
i€T k=1
¢
> Z Reg,(t) + » E[r|a, zk] (each learner is well-specified)
i€T k=1
= Z Reg,(?) Z (7% |ak, k]
i€T keT)(t
= Z Z i = Z L (by definition of regret)
€L keTy(t k=1

[]

Regret Bound for Epoch Balancing (Proof of Theorem 5.6.2)

Theorem 5.6.2. Assume that Algorithm 14 is run with instances of OFUL as base
learners that use different dimensions d; and norm bounds L;, S; with 2z; < z;11 (see
Eq. (5.15)). All base learners use expected reward range R =1 and A = 1. Denote
by x the smallest index of the base learner so that all base learners j € T with d; > d,
are well-specified and their elliptical confidence sets always contain the true parameter.
Then, with probability at least 1 — 20, the regret is bounded for all rounds t until
termination as

Reg(t) < O ((d + V.S, +[T1) (d + V/d.5.) V)

Proof. We apply Theorem 5.8.3 which immediately yields the desired bound

Reg(t) ((d+\/_S+|I|> d, +/d,S,) )
O

Theorem 5.6.3. Assume that Algorithm 14 is run with instances of OFUL as base
learners that use different dimensions d; and norm bounds L;,S; and R = L;S;
with 2z; < zi41 (see Eq. (5.15)). Denote by x the smallest index of the base learner
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so that all base learners j € I with d; > d, are well-specified and their elliptical
confidence sets always contain the true parameter. Then, with probability at least
1 — 26, the regret is bounded for all rounds t until termination as

Reg(t) < O ((d*L* +/d,S,L, + |I|) (de + VA S)LNE+ Y L@) .

1€

Proof. We apply Theorem 5.8.3 which yields

1€T

Reg(t) < O ((d*L* +/d.S.L, + |I|) (de +VdS)LVE+ Y LiS;In ln(t)) .

]

Theorem 5.8.3 (General Regret Bound of Epoch Balancing). Assume that Algo-
rithm 14 1s run with instances of OFUL as base learners which use different dimensions
d;, Si, L, R and regularization parameter X = 1. Denote by % the index of the
base learner so that all base learners j € L with d; > d, are well-specified and their
elliptical confidence sets always contain the true parameter. Then, with probability at
least 1 — 26, the regret is bounded for all rounds t as

5.2|7 1n (2¢)
5

Reg(t) < (|Z]v/Z + 2V M)a(t)vi + 8123 R™In In(t)

1€L
< V(@ + A ST (R A L) V2 + 2¢)a(t)
+ (d? + d,S?) (R™™ A L,)* V M2 + 2¢)x(1)
5.2/7) In (2t)
5 )

+2cr\/tn

+8.12) R In
i€
where M = |Z| for general z; and M = 2 when z; are exponentially increasing (i.e.,
22; < 241 for alli € T). Here x(t) = O(In Lmex 4+ In In(RD2XE A Lypaxt)

max

Proof. Since learner i, is well-specified and its elliptical confidence set contains 6*, it
holds that

t

t t
ZMZ < Z max [<0k,*7 a) + Bk,*”aHE;l] = Z<0k,*a ak,*) + 619,*”@/@*”2;1‘
k=1 1 A " "

k=1
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Thus, we can write the total regret up to round t as

t

Reg(t) = [k — E[relax, z]] Zuk ZE [rilak, zi]

k=1
<Z“k ZU ni(t)) + c tln%

€L

where the inequality holds in event G of Lemma 5.8.1. If Algorithm 14 does not stop
in iteration ¢, then the misspecification test does not trigger for any learner, and in
particular for learner 7,. This implies that

S0+ R0 +eyf 750 = 5 B,

1€

Rearranging terms and plugging this inequality back into the regret bound from
above yields

Reg(t) Z — B+ > Ri(ni(t)) + 2¢4/tIn ? (5.33)

i€

We bound the first term in Equation 5.33 as

M“

[MZ - Bk,*]
k=1

0 ! ~ 0,
= 3[R (s 1) + Breallanalls) = (RIS (B a1e) = Brllanal))]

Rmax
*
ﬁt,*

t
< [ R™ 25&*”%,*“2;1} < 2B« Z [
k=1

A gl

where (i) follows from the definition of By ; and the fact that the ellipsoid confidence
set of x contain the true parameter and (ii) applies the Cauchy-Schwarz inequality.
We now apply a randomized version of the elliptical potential lemma which we prove
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in Lemma 5.9.4. This yields

5.21n(2b2t v 2) det 2y,
o det 20,*

k=1 *

1
td, 21In(20%t V 2)(d A, + tL?
) ) B2V DA +112)

< 48,
=~ ﬁt, Dy * 5d*)\*

Z [/LZ - B*,k] < 4@57*\/%(1 + bz) n

where b, = Rﬁr*jax A \f/\L For the second term in Equation 5.33, we apply Lemma 5.8.4

with o = 6§ as

max 5.2|Z|1n (2t) 9 d;i\; + tpiL?
Z Ri(n;(t)) < 8.12 Z Ry In =5 42 Z Brir| 3dipit (1 + %) In —
1€ i€l 1€
Combining the terms for both bounds, we arrive at the regret bound
td, 5.21n(262t V 2)(d A, + tL2)
< 2 * *
Reg( ) 4615*\/13* ( b ) (5d*)\*
di\i + tp; L?
2 7
+2 Z ,Bt,,-\/sd,-pit (1+02)In o
i€
ax 1 D-2|Z| In (2t) In(t)
+8.12ZRi In === 4 20y [tn ==
i€l
< x(t), i rY Vzpit+812> R In 5'2|I’51n(2t) +2¢y/tIn ln(gt)
Px i€z i€z
where
= (02d; + NiS2)dy(1 + b2) < 2(d? + d;S?) (R™™ A L;)? and
1 tL2 i 5 21n(20%t Vv 2)(d;\; + tL?
z(t) = 12max 4 /In UL/ n(2b; Jdidi + L)
i€l 5dz/\z

i€l )

2 max . 2
§12max\/ (”tL) 10.41n(2 (R A L) t)(1 + tL?)

10.4(1 -+ 113,,) In(2 (RS A L) 1)

<12Iln
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We now use the definition of p; o Zi and bound

|Z| Z|
VZiDi = = 21V
ZGZI zeZI zEI % A / zEI z; V Z*_l

where the inequality uses the fact that x € Z. Further

\/EZZ* ZLSZ*\/|I|
P+ iez

holds for any z; but if we know that z; < 229 < 4z4... Mz, then

[z, / 1
— =2, — < 2z,.
DPx ’LEZZ Zi

Thus, we can bound the total regret as

Reg(t) < (IZ1y/Z + 2V A )a(t)Vi + 8123 Rpox1y 22EINE0

0
1€T

< @+ ST (R A L) VA2 + 20)a()
(2 + d,S?) (R™™ A LY V2 + 20)a(t)

2|Z|n (2t
+8123 " RF I W
i€l

2c

160

In(t)
S

where M = |Z| for general z; and M = 2 when z; are exponentially increasing. Note
that since this bound holds in the penultimate round of Algorithm 14 and the regret
in the final round can be at most 1, this bound holds for all rounds ¢ played by

Algorithm 14, including the last.

]

Lemma 5.8.4 (Regret bounds are balanced). Let o € (0,1) be arbitrary but fized.
With probability at least 1 — «, the sum of regret bounds satisfy in all iterations t of

Algorithm 1/ the following upper-bound

5.2|Z|In (2t Nid; + 3t iL2
> Ri(ni(t)) <8.12)  R™In ||an() +2 Zﬁt,i\/?)dipit (1+5?)In i

1€l 1€T 1€T

max
L

R
where b; = —2&’1, A T
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Proof. By the choice of regret bounds we have

Ri(n;(t)) = Z [25k,i||ak,i||zgj A R;nax}

keT;(t)

max R;:Ilax
< R"™n(t) A 2B Z <||ak,i\|2;§ A 26, )
keT(t) ’ b0

Rmax 2 L2
max 2 ) 7
< R 12 ) 3 (1o (557 05

keT;(t)

Ai

S Rﬁnaxni (t) V 25,5’1' \/dml (t) (1 + bZQ) ln

max
Ri

where b; = ST \Lﬁ and the last inequality follows from of Lemma 5.9.3. To
control the the number of times each learner was chosen, we use Lemma 5.8.5.
This gives with probability at least 1 — « for all iterations ¢ simultaneously n;(t) <
3tp; V 8.121In M This yields a regret bound of

Rl(nz(t)) S 8.12R2max In X\

2|Z|In (2t

Summing over R; and plugging in 3;; yields

s 5.2|7] In (2t i + 3tp; L2 /d;
> Rin0) <8123 R i 22 2;ﬁt,i\/3dip@-t (1+82) i 2L

]

Lemma 5.8.5. The number of times each a learner i € T has been played in Algo-
rithm 1/ after t iterations is bounded with probability at least 1 — & for allt € N and
1€Z1 as

5.2|Z| In (2t) 5.2Z| In (2t)

< 3tp; V8.121In ;

3

Proof. Fix ani € Z and consider the martingale difference sequence X; = 1{i; = i} —p;
with variance. The process S; = >_;_, X}, with variance process W; = tp;(1 — p;)
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satisfies the sub-¢p condition of [33] with constant ¢ = 1 (see Bennett case in Table 3
of [33]). By Lemma 5.9.5, the bound

Sy < 1.44\/(1/[4 vV m) <1.4lnln 2(Wi/m V1)) +In %)

L 2
+ 0.417 (1.4lnln (2(Wy/mV 1)) +In 57)

holds for all ¢ € N with probability at least 1 — d. We set m = tp; and upper-bound
the RHS further as

2 2
Sy < 1.44\/tp2- (1.4111 In (2¢) + In 57) +0.41 (1.41n In (2¢) + In %)

. 2
< % +1.45 (1.41nln(2t) +1n57> :

where used the AM-GM inequality in the final step. We therefore get that with
probability at least 1 — ¢, the following upper-bound in the number of times learner i
was selected by time ¢ holds for all © € Z and t € N:

2 2|7 In (2t
”i(t)ﬁgtpi—i—Z.Q <1.4lnln(2t)+l 55| ’) <2t i +4.06In w

We can now distinguish between two cases: When %tpi < 4.061In w, then

5.2|Z)1n (2¢)
5

and otherwise n;(t) < 3tp;. O

ni(t) < 8.121n

5.9 Ancillary Technical Lemmas

Lemma 5.9.1 (Regret Bound for OFUL). Assume OFUL (Algorithm 13) uses
reqularization parameter X > 0 chooses the each action as

a; € argmax(fy, a) + B |lal[,—

acA

where 0; 1s a parameter estimate, 5, € R is a confidence width and V; = )\I+Zl 1 alal
1$ a covariance matriz. In the event that the true parameter 0, was contained at
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all times in the confidence ellipsoid, that is, |0, — 0,|v, < B for all t € [T, the
(pseudo- )regret is bounded as

L2 d\ + TL?
< -
Reg(T) < 2ﬁmax\/dT (1 + 3 ) In o

where Bmax = maxe(r) B¢ 18 the largest confidence width during all rounds and L =
maX,e|, 4, ||all2 be a bound on the action norms.

Remark 5.9.2. This regret bound for OFUL holds for any, possibly random, sequence
of confidence widths as long as the true parameter is contained in the confidence
ellipsoid. It does not assume any specific form or monotonicity or B; > 1. It also does
not prescribe that the covariance matriz exactly matches A\l + Z;j aja; . This makes
this regret bounds applicable to the case where 0, includes additional observations
besides the ones from previous rounds played by the algorithm.

Proof. The immediate regret at time ¢ (defined as the difference of the expected
reward of the optimal action choice a; € argmax, 4, (6., a) and the action a; taken by
the algorithm) is bounded as

(ONPN
(O, a7 — ar) < (0, a7) + Billag [y, = (0x; )

< @a) + Bl — (00

(iii) (iv)

< 2Bllaclly, < 2Billargr,

where ¥, = M + 31— aja; . Step (i) follows from ||6, — 0,|lv, < B, step (ii) from the

algorithm’s action choice and step (44) again from the confidence ellipsoid ||6, —6,|y, <

B;. Finally, step (iv) follows from the assumption that V; = AI + Zf;i aa = ;.
Since L is a bound of the action norm and ¥; > A, we have ||at||2;1 =

||Zt_1/2at||2 < % Thus, we can bound the regret as

T
Reg(T) <2 Billally,
t=1

T T
<2 Zﬁf Z lac|l? (Cauchy-Schwarz)
=1 =1 '
T
12
< 2ﬁmax TZT/\ ||atH§;*1
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And therefore,

2 et ¥
Reg(T) < 25max\/ Zet glﬂ (Lemma 5.9.3 below)
L2 d\ +TL?
< 25max\/ T

]

Lemma 5.9.3 (Elliptical potential). Let xy,...,7, € R and V, = Vy + 22:1 zr]
and b > 0 then

detVn detvn
bA 1 <(1+b)1 .
Z ”‘”t“vl—ln(bﬂ) B ey, = O

Proof Sketch. The proof is identical to the usual elliptical potential lemma [41,
Lemma 19.4] where b = 1 except that we need to argue that for any b > 0

bAu<cln(u+1)

holds whenever ¢ > ; (1 - Since In(1+-) is strictly concave and strictly monotonically
increasing, it is sufficient for us to check that this inequality holds at the critical point
u = b which is the case. 0

Lemma 5.9.4 (Randomized elliptical potential). Let 1, 2o, -+ € R? and I}, I5,--- €
{0,1} and Vo € R4 be random variables so that B [Iy|xy, Iy, ..., xp_1, Te_1, 21, Vo] =
p for all k € N. Further, let V, = Vi + 22:1 Lwsx] . Then

det V,
det Vg

2 2

g b A ||xt||v_1 < 1\/29b (1.41n1n(2bn\/2)—|—1n%> +-(1+b)In
p

=1

4 In(2bn v 2)5.2det V,,
=—(1+0b)1
p( +h)n ddet Vg

holds with probability at least 1 — d for all n simultaneously.

Proof. We decompose the sum of squares as

n

Zb/\ ]l = —Z (bIe A [HLeel3, ) + Z(p L)(OA ) (5.34)

t:l
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The first term can be controlled using the standard elliptical potential lemma in
Lemma 5.9.3 as

n

1 & 1 1 det V,
- bl A || Lyl -0) < = bA | Lal2-0) < = (1+0b)1 "
p;( | tl'tHVt_ll) < p;( A tht||Vt_11) < p( +b) ndetVo

For the second term, we apply an empirical variance uniform concentration bound.
Let Fio1 = o(Vo, 21, L4, ..., 21, I;_1, ;) be the sigma-field up to before the i-th

indicator. Let Y; = %(p — 1) (Mlil[? -1 A b> which is a martingale difference sequence
i—1

because E [Y;|F;_1] = 0 and consider the process S; = Zle Y; with variance process

t t 1 9
W= S ENFEL] =Y 5 (||:cz-||2i:11 A b) E [(p - 1| Fii]
=1 1

1=

1-p¢ ( ) 2 b b
LS (el h0) < 25 (o a0) < 2
5 Zl (B pZ (K e )

Note that Y; < b and therefore, S; satisfies with variance process W, the sub-¢p
condition of [33] with constant ¢ = b (see Bennett case in Table 3 of [33]). By
Lemma 5.9.5 below, the bound

Sy < 1.44\/(M/t vV m) <1.4lnln 2(Wi/m V1)) +In %)

2
+0.41b (1.41n In(2(W;/mV 1)) +In 57)

holds for all ¢ € N with probability at least 1 — §. We set m = % and upper-bound
the RHS further as

b d 5.2
1.44 ) <1 vy (b A ||:vz-||2vi11)> (1.4lnln (2bt V 2) + In T)
=1

1 0.41b <1.4ln In (26t V 2) + In %)

1 ! 2
<3 (1 vy (bA ||xi||%/i:1l)> + 1.452 (1.4lnln (2bt V 2) + In 57) ,
=1
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where the inequality is an application of the AM-GM inequality. Thus, we have shown
that with probability at least 1 — §, for all n, the second term in (5.34) is bounded as

%Z(p—lt)(b/\nxt!\?,t %(1\/Z<||xz||2_1 /\b))

where Z = 1.45% (1.4Inln (2bn V 2) + In %2). And when combining all bounds on the
sum of squares term in (5.34), we get that either > " <||xz|| -1 A b) <lor

n

2 det V,
I Ab) <27+ 2 (1+0)1 n
;(nxn S AD) S 274 (L h)In o
4 In(2bn Vv 2)5.2det V,,
—(1+b)In
p( +b) 0 det Vg
which gives the desired statement. O

Lemma 5.9.5 (Uniform empirical Bernstein bound). In the terminology of [35], let
Sy = Zf.:l Y; be a sub-yp process with parameter ¢ > 0 and variance process W;.
Then with probability at least 1 — 0 for allt € N

Sy < 1-44\/(Wt vV m) (1.41n1n <2 (% vV 1)) +1In %)
m
+0.41c (1.4lnln (2 (% v 1)) 4 E)
m 5

where m > 0 s arbitrary but fized.

Proof. Setting s = 1.4 and n = 2 in the polynomial stitched boundary in Equation (10)
of [33] shows that u.s(v) is a sub-1)¢ boundary for constant ¢ and level § where

Ues(V) = 1.44\/(v V1) (1.41n In(2(vVv1)+In %)
+1.21¢ (1.4111 In(2(vV1)+In %) )

By the boundary conversions in Table 1 in [33] u./3 s is also a sub-¢»p boundary for
constant ¢ and level §. The desired bound then follows from Theorem 1 by [33]. [
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Chapter 6

Discussion and Future Directions

In this thesis we have introduced a variety of algorithmic approaches to the problem
of model selection in stochastic contextual bandits and reinforcement learning. All
of our approaches allow for the combination of multiple base algorithms satisfying
the condition that if they were to be deployed in their natural environments, they
would satisfy a high probability regret guarantee with respect to their putative regret
bounds.

In Chapter 2 we introduced the Stochastic CORRAL algorithm that successfully
combines an EXP3 or CORRAL adversarial master with a wide variety of stochastic
base algorithms for contextual bandits and reinforcement learning. We improve the
results of the original CORRAL approach [5] that requires the base algorithms to
satisfy a stability condition not often fulfilled by even the simplest stochastic bandit
algorithms such as UCB and OFUL.

In Chapter 4 we devise a simple model selection strategy based on the principle of
equating empirical regret bounds which we call regret balancing. In Chapters 3 and 5
we introduce two distinct stochastic master algorithms Explore-Commit-Eliminate
(ECE) and Regret Bound Balancing and Elimination (RBBE) based on the principle
of a statistical test to detect misspecification. ECE and RBBE recover the rates of
Stochastic CORRAL under an EXP3 and a CORRAL master respectively. All of our
algorithms recover meaningful model selection rates in several applications, including
linear bandits and MDPs with nested function classes, linear bandits with unknown
misspecification, and LinUCB applied to linear bandits with different confidence
parameters. Moreover, unlike Stochastic Corral we show that when applied to the
problem of model selection for linear stochastic bandits, ECE and RBBE are versatile
enough to also cover cases where the context information is generated by an adversarial
environment. We also present three lower bounds showing A) it is impossible to
distinguish between logarithmic and square root base learners, B) knowledge of the
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target regret guarantee is necessary for perfect model selection and C) all algorithms
achieving ‘perfect’” model selection regret guarantees must be performing a version
of regret balancing. Several questions pertaining to the potential refinement of the
aforementioned approaches remain open. We detail them below.

Leveraging shared structure in meaningful ways. Perhaps due to their general
purpose nature, all the algorithms we propose in this thesis do not make use of the
fine grained structure of the problem at hand. For example, Stochastic CORRAL
with a CORRAL master and RBBE can recover a rate of the form O(d?v/T) for the
nested linear class problem!, where an oracle rate of O(d,/T) is possible when the
learner has knowledge of the optimal model class. It remains an open question to
show if these model selection rates are not improvable for this problem or if there
exists an algorithm that successfully leverages the linearity of the contexts to achieve
a model selection guarantee with the same order as the oracle rate. The same question
applies to all other settings where there may exist a structural relationship between
the different models to select from.

Extension to adversarial bandits. The results of this thesis apply only to the
setting of stochastic contextual bandit problems and reinforcement learning. In
contrast the original CORRAL algorithm [5] can be deployed in an adversarial bandit
environment provided one of the base algorithms has a valid regret guarantee and
can be shown to satisfy CORRAL’s stability condition. Although this condition is
often satisfied for adversarial base algorithms, it remains open to show if a simpler
and more interpretable approach to model selection such as the ones used in ECE,
Simple Regret Balancing and RBBE can be sucessfully combined with these types of
algorithms and yield valid model selection regret guarantees. Additionally, it may be
possible to show that a version of the empirical regret balancing strategy introduced
in Chapter 4 can be used as an approach to adversarial bandits distinct and more
interpretable than existing techniques based on mirror descent.

IStochastic CORRAL with an EXP3 master and ECE achieve a rate of the form O(d,T2/3)
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