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Résumé.

Cette thése traite des domaines suivant en Apprentissage Automatique: la théorie des Ban-
dits, I’ Apprentissage statistique et I’Apprentissage par renforcement. Son fil rouge est I'étude
de plusieurs notions d’adaptation, d’un point de vue non asymptotique : a un environnement
ou & un adversaire dans la partie I, a la structure d’un signal dans la partie II, a la structure
de récompenses ou & un modele des états du monde dans la partie III.

Tout d’abord nous dérivons une analyse non asymptotique d’un algorithme de bandit
a plusieurs bras utilisant la divergence de Kullback-Leibler. Celle-ci permet d’atteindre,
dans le cas de distributions a support fini, la borne inférieure de performance asymptotique
dépendante des distributions de probabilité connue pour ce probléme. Puis, pour un bandit
avec un adversaire possiblement adaptatif, nous introduisons des modéles dépendants de
I’histoire et traduisant une possible faiblesse de ’adversaire et montrons comment en tirer
parti pour concevoir des algorithmes adaptatifs a cette faiblesse.

Nous contribuons au probléme de la régression en montrant 1'utilité des projections aléa-
toires, a la fois sur le plan théorique et pratique, lorsque I’espace d’hypothéses considéré est de
dimension grande, voire infinie. Nous utilisons également des opérateurs d’échantillonnage
aléatoires dans le cadre de la reconstruction parcimonieuse lorsque la base est loin d’étre
orthogonale.

Enfin, nous combinons la partie I et II : pour fournir une analyse non-asymptotique
d’algorithmes d’apprentissage par renforcement; puis, en amont du cadre des Processus Dé-
cisionnel de Markov, pour discuter du probléme pratique du choix d’un bon modéle d’états.






Abstract.

This thesis studies the following topics in Machine Learning: Bandit theory, Statistical learn-
ing and Reinforcement learning. The common underlying thread is the non-asymptotic study
of various notions of adaptation: to an environment or an opponent in part I about bandit
theory, to the structure of a signal in part II about statistical theory, to the structure of states
and rewards or to some state-model of the world in part III about reinforcement learning.

First we derive a non-asymptotic analysis of a Kullback-Leibler-based algorithm for the
stochastic multi-armed bandit that enables to match, in the case of distributions with finite
support, the asymptotic distribution-dependent lower bound known for this problem. Now
for a multi-armed bandit with a possibly adaptive opponent, we introduce history-based
models to catch some weakness of the opponent, and show how one can benefit from such
models to design algorithms adaptive to this weakness.

Then we contribute to the regression setting and show how the use of random matrices
can be beneficial both theoretically and numerically when the considered hypothesis space
has a large, possibly infinite, dimension. We also use random matrices in the sparse recovery
setting to build sensing operators that allow for recovery when the basis is far from being
orthogonal.

Finally we combine part I and II to first provide a non-asymptotic analysis of reinforce-
ment learning algorithms such as Bellman-residual minimization and a version of Least-
squares temporal-difference that uses random projections and then, upstream of the Markov
Decision Problem setting, discuss the practical problem of choosing a good model of states.






Foreword: To the layman reader.

One difficult exercise in research is to explain what we are actually doing to, say, “the guy in
the street”; i.e. someone who is not an expert of the field and maybe not even a scientist. In
this introductory chapter, we try to explain and motivate what this thesis is about.

Mathematics, Computer Science, and “Informatics”.

This thesis lies somewhere at the frontier between two very exciting domains. The first one
is Mathematics, the second one is Informatics. Beyond the very naive separation between
these two domains saying that Mathematics are interested in theorems® and proofs and that
Informatics are interested in computers, algorithms and complexity (that is roughly speaking
time and memory performance of algorithms), it is generally not so obvious to tell what is
what, especially since these two first definitions are quite narrow.

Here, I intentionally use the word “Informatics” rather than the more common word “Com-
puter science”. The reason is that “Computer science” is a misleading word, as suggests the
following quote attributed to Edsger Dijkstra: “Computer science is no more about com-
puters than astronomy is about telescopes.” The french translation of Computer Science is
“Informatique” and thus conveys a different meaning: that this is a science interested in in-
formation, or better said the information conveys by some objects, and not only in computers
or algorithms. Moreover the word Informatics already exists, although being generally used
in combination with other words, like in Bio-informatics.

More precisely, what I call “Informatics” here studies 1) how information is created or
processed, 2) how information is transferred or altered between objects and 3) how to manage
the objects of interest and retrieve information from them. For instance from a conventional
Computer Science perspective, this is well handled by the abstract notion of a computer
program that manages memory cells (bits) thanks to computer instructions written in some
programming language and that produces a so-called trace - like a text, an image or the
solution to an equation. Thus the study of programming languages and of semantics, a
specific field of theoretical computer science, are clearly important in order to understand
Informatics. But now the word Computer Science is not only misleading but also restrictive,
as the previous example can be seen as the result of applying Informatics to some specific
objects that are here memory cells (bits), while Informatics apply to more generic objects of
interest and are thus much broader than what Computer Science suggests. Let us consider
some random examples:

8In all this section, words in italics are technical precise meaning should not prevent the reader from
words. There are not assumed to be known and their understanding the global message.
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e For instance, let us consider that we apply Informatics to objects that are theorems.
Then how we create information corresponds to the analysis of azioms, that are the
basic statements assumed to be true and used as a starting point for reasoning. How
information is transferred corresponds to the ways we combine theorems and make
proofs: that is basic logic or inference. Now how we retrieve information from theorems
is linked to deeper notions of logic that involve technical things like A-calculus and
decidability, with some famous difficulties pointed out by Godél in the 30’s.

e For a more applied example, let us consider the result of applying Informatics to objects
like proteins. This opens a very exciting field of research, directly linked with Biology.
Indeed studying how proteins are created is one main question underlying genomics
(before translation of DNA) and part of proteomics (after). Then the way they interacts
with each other is studied by proteomics. Finally fields like e.g. Virology or Pharmacy
study how one can manipulate them in order to build specific biological functions.
More generally, applying Informatics to other “biological units” like neurons, cells or
ecosystems, etc. results in the development of a new very active field of research called
“Bioinformatics”.

e For a last example, let us assume that the objects we consider are the rights of people,
that is one important aspect of Law. Then one can use Informatics in order to study
the creation of laws, the interaction between the rights by means of contracts and then
the effects of the modifications of laws on the behavior of people. The study of such a
complex dynamical system that consists of many interacting objects of different types
- people, contracts, ownership, etc. - is definitely not easy.

What informatics bring Of course the benefit of Informatics here is the power of for-
malization, together with the development of powerful tools coming from Graph or Domain
theory for instance, and the possibility to derive proofs, which is why the frontier between
Mathematics is fuzzy. Actually it is even not important to tell what is what, if Informatics
are a sub-field of Mathematics or if Mathematics are a sub-field of Informatics, the important
thing is that Informatics enable us to analyze, understand and proof properties that concern
a large diversity of topics, especially the not formalized one, and is thus a very helpful tool
for the growth of precise knowledge.

The informatics of “learning” Now in this thesis, we are interested in the vague notion
of learning. In order to apply Informatics to such a notion, we need some underlying object
of interest. One way is to consider “data” or maybe sensors. Actually the underlying object
of interest does not matter here since the notion of learning is itself a bit fuzzy. What is
interesting is that with such objects, we roughly recover various aspects of the very broad
field of research that is naturally called “ Machine learning”, and that is directly relevant to
this thesis (the following words in italics refer to some key words in Machine Learning): For
instance understanding how data is created or acquired is immediately identified as sampling
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or sensing, and detecting structure in the data is the object of clustering, coding theory,
or graphical models. The way data is altered and retrieved is addressed by problems like
regression or denoising. Finally what happens when we manage the data, or act on sensors
lies under the scope of what is called active, sequential and reinforcement learning.

Machine Learning, Artificial Intelligence and Statistical Theory.

As the last paragraph suggests, at a high level this work is interested in learning and more
precisely in designing machines that can learn. For that reason, it is under the scope of
Machine Learning, a field of research that is directly linked to the better known framework
of Artificial Intelligence, and at the same time of Statistical Theory.

Artificial intelligence is challenging The difference with Artificial Intelligence, if there
any, is that in Machine Learning, we want to design a machine that learns something, which
means that the goal is given beforehand, and is fixed during all the learning process. On the
other hand in Artificial Intelligence, we also would like the machine to be able to adapt on
the fly to a change of the initial goal, thus to detect when we ask for a different goal, and
to reuse, while continuing to learn, its past knowledge to target a new goal; this also means
that we may want to measure how close is a new goal from previously identified goals. This
is far more challenging than the questions classically addressed by Machine learning, and,
naturally, a large amount of questions in this setting have not been answered so far. That
said, this definition of Artificial Intelligence is only one amongst many (see Legg and Hutter
(2007)), and some people may consider this distinction perhaps less relevant.

Statistical theory is exciting Machine Learning is also linked to Statistical Theory, for
this field of research studies what can be deduced from observations. We will focus on de-
signing and studying decision mechanisms for a machine, that we call decision algorithms.
These algorithms form the “brain” of the machine and we need mathematical tools in order
to design an analyze them carefully. More precisely, from a mathematical point of view, I
here consider Machine Learning as being exactly non-asymptotic statistical theory, i.e. un-
derstanding what can be deduced when we are only allowed to get finitely many observations.
Since there are many important things to understand from a non-asymptotic point of view,
this second aspect of Machine Learning makes it a tremendously interesting field of research.

Reinforcement learning.

One important step towards addressing the challenge of Artificial Intelligence comes, to my
mind, from the sub-field of Machine Learning called Reinforcement Learning, that enables
to formalize many aspects of this challenge and to design algorithms that are theoretically
sound. Reinforcement learning is based on three important notions: states, actions, and
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rewards. The states and the rewards are determined by the environment, while the learning
machine tries to choose the best actions in some sense.

O O O
O o O O
O O O O

Figure 1: A set of states, and an example of a current state in orange.

States More precisely, in this setting, the relevant pieces of information about the machine
at some time t are gathered into something called a state. A state is for instance the position
of a robot in a room, or the configuration of the board at some instant at chess. There is
generally a set of possible states (see Figure 1), and we can only be in one state at a time,
that we call here the current state. For the sake of simplicity, the set of possible states - here
the shape of the room, or the set of all possible board configurations - is generally assumed
to be known, as well as the current state - thus we know our current position, or the current
configuration. But in some practical applications, these two assumptions may be too strong,
and one has to either deduce its own position if the set of states is known but not the current
state, or even worse to infer a sensible set of states. The first situation typically appears
when the robot is in a maze.

Actions and rewards The machine interacts with some environment by outputting ac-
tions and by receiving some rewards from the environment each time it plays an action;
the reward measures the quality of the action. For the robot, the actions are typically go
north /west/south/est, and a reward can be 3ml of oil if it moves towards a goal, 1ml if it
moves almost towards it, an nothing else. An action for chess is for instance push pion D2 to
D3, and a typical reward for an action can be: 1 if your action do mat, —1 if your opponent
do mat right after your action, and 0 for all other situations.

O

N
W AE
O O
Figure 2: A current state, with 3 possible actions: W/N/E

The effect of playing one action is to move from the current state to another one. Note
that a change of state can only appear when an action is played - this is actually a good
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property for a state, and also that in general playing one action in some state may lead the
machine to the very same state, in which case there is no move.

The environment The way a reward is given to a machine when it plays some action a
in a state s is a property of the environment. This is the structure of rewards. Similary, the
way we move from one state s to another one s after playing some action a is also a property
of the environment. We call it the structure of transitions between states. See figure 3 for
an example of such structures.

Figure 3: A possible structure of transition in red, and structure of rewards in blue.

Best actions Now, when the machine plays a sequence of actions, it moves at each time-
step from one state to another and receives for each output action some reward. It thus
receives a sequence of rewards that depends on the sequence of actions played as well as the
initial state. We measure the quality of a sequence of actions by the sum of these rewards.

The goal of the machine is to learn, for each initial state, one right sequence of actions
to choose in order to receive the highest sum of reward when playing the chosen sequence of
actions. This is generally not easy especially when the structure of rewards and of transitions
are not known in advance.

This Ph.D. dissertation is about the theory of Reinforcement Learning, with the goal to
provide theoretically sound and numerically efficient decision-algorithms for that setting. Let
us now give more practical applications for this important field of research.

Reinforcement learning: what for?

When discussing with people about your Ph.D., you are almost always asked, what is the real
application of your thesis in the real-world? What is it for? Here I give some possible answers
to this difficult and important question. When we talk about Reinforcement Learning, one
naturally thinks about robots, which is indeed one direct application, although it also sounds
like science fiction, fantasy, utopia etc. But actually, applications of Reinforcement Learning
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go far beyond this scope, and I now present some of them that I consider to be important,
maybe from the most obvious to the most surprising one.

Robot control on Mars. In this decision-making scenario, a planetary rover must explore
a number of sites during a period of time without stopping to establish communication with
Earth (Bernstein and Zilberstein (2001)). Using only information about its resource levels,
and about the goals of the mission (rewards), the rover must decide which activities to perform
and when to move from one site to the next (actions). Here the states gather information like
the time remaining in the day, the current site and the successful activities performed in this
site. Limited resources and non-deterministic action effects make the problem nontrivial.

Board game player. In this problem, the learning agent must learn how to play to some
board game, like chess, backgammon or go. One example of action is for instance to move
a pion at chess. The learning agent classically receives at the end of each game against an
opponent a reward 1 if it wins, —1 it if loses, and 0 else. For instance, thanks to reinforce-
ment learning, there exist now algorithms that can defeat all human beings at backgammon
(Tesauro (1995)), achieve international level at chess (Baxter et al. (2001)) and some other
games. The current challenge of the community is the game of Go. Indeed, for this game,
if some algorithms do achieve national level on a small board 9 x 9, computers reach a level
that is still way below the level of professional go-players on the full board 19 x 19. See
Coulom (2007), Gelly and Silver (2007) for interesting research on this topic.

Elevator group control. In this setting, a system of elevators is controlled using a group
of reinforcement learning algorithms, with one learning algorithm per elevator, and the goal
is to minimize the waiting time of people when they call for a lifter. The team of elevators
receives a global reward signal which appears noisy to each agent due to the effects of the
actions of the other agents, the random nature of the arrivals and the incomplete observation
of the state. This has been studied in Crites and Barto (1996) and tested in practice. Despite
the difficulty of the task, the system was able to predict after few weeks of learning how to
place elevators appropriately, anticipating some interesting features like where and when rush
hours may occur.

Hydraulic Stock gestion. We consider a power supply system, like EDF for instance,
based on thermo-hydraulic electricity production. In this problem, we need to produce pre-
cisely as much electricity as the consumer demand, using either hydraulic stocks, which is
cheap but limited or thermic complexes, which is expensive but less limited in order to pro-
duce electricity. Our goal is to determine whether it is better to use the water stock now, or
to keep it for a possible high consummation demand in the future. Thus, we need to manage
the hydraulic stock in an efficient manner in order to maintain low costs while producing the
amount of electricity required. See Aid et al. (2003) for some application.
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Web advertisement. Displaying advertisements on a web page is one direct application
of the sub-field of reinforcement learning known as Bandit games named after slot machines
in casinos, see chapter 1. In this problem, the learner has to decide which ad to display,
amongst a given set that corresponds to the possible actions, on a web-page in order to
maximize the probability that the Internet surfer clicks on it. This problem suscited many
works in the community, see Lu et al. (2010),chun Wang et al. (2005), or Chakrabarti et al.
(2008) for sparse examples.

Drug-allocation strategies. In this setting, a physician must find what is the best drug
amongst many possible to administrate to a patient infected with some disease in order to
cure him. This seemingly easy problem is actually old (Thompson (1933)) and is the one
that led to the development Bandit game theory. Powerful algorithms have been designed to
handle such problems thanks to the theory developed over years. In chapter 4, we consider
natural extensions of this setting to adaptive viruses. Indeed, designing medical treatments
for patients infected by adaptive viruses such that the Human Immunodeficiency Virus (HIV)
is challenging due to their ability to mutate into new viral strains that become, with time,
resistant to a specific drug Ernst et al. (2006).

Orientation at school. A less obvious application of reinforcement learning that is not
currently addressed up to my knowledge is its use for orientation at school. In this problem,
the goal is to find the subjects that maximize the probability of success of a student. This
not only depends on marks and social environment, but also on the motivation of a student
for a specific subject as well as on hidden variables. This goal is quite challenging for at least
three reasons. First, the subjects typically evolve from one year to another one: a subject
that is taught at a low level at school, e.g. maths at elementary school, is generally very low
correlated with what is taught at a much higher level, e.g. maths at university. Thus, it is
difficult to have a long term prediction. Also, the skills of the individual evolve with time,
previous experience and training, personal events, etc. Finally, at the beginning of school, a
student has access to various subjects, yet taught at a very low level. But after a student has
discarded some subject by making choices, at high school or university, he/she has generally
no easy opportunity to train again in another domain.

Thus we only have an approximate evaluation of the future success or failure of one
student. But there is hope: One one hand, there are not so many possible choices - about
a few hundreds for all possible outputs of the education system. On the other hand, for
one student, we can have precise evolution of his success thanks to marks (but we also have
to take into account other variables, like personal motivation). Moreover, there is a huge
number of students that can give direct or indirect feedback after school about their degree
of happiness or success. Thus we can probably exploit this three remarks to provide, thanks
to machine learning, better orientation advices to students as well as precise modifications
of the education system to improve success at school and right after school.
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Economy and politics. Finally, let us consider the problem of ruling a state with the help
of reinforcement learning. Thus, in this problem, we are the government. Our goal, from a
country-wise perspective, is to manage the resources of all the country while maximizing the
“happiness” of people.

By managing the resources, e we will consider that we have a given budget each year, and
that we are allowed to modify the resources allocated to each class of business. We can use
either a coarse notion of class, like “culture”, “education’,”industry‘, etc. or we can use a very
fine notion class, like “companies of more than 15 people that produce vehicles and respect
the chart number 12345 on eco-friendly production line”. The two extreme situations are
the following one: on the one hand we consider just 1 class corresponding to all companies,
institutes and organisms, in which case we do not manage resources at all. On the other
hand we consider that each company is one class, which results in something like 10% or 10°
many classes for a standard country. In this case, we control the resources of all companies.
Of course between these two extremes, there is a trade off, and specific levels of details that
enable to maximize the long term happiness of people and resources of the country. Finding
an optimal categorization for resource allocation is not easy and can benefit from machine
learning.

Now about the happiness, we consider that each individual has a specific objective - that
may be not explicit - and that the more he/she succeeds, the happier. Note that the goal
of a specific individual may be very different from the goal of the government, and of other
individuals. The goal of two individuals can be for instance incoherent, which means that
there exists no way to satisfy both. But although the goal of a specific individual is not
known, we can have access to a rough estimation of the degree of happiness of people, simply
by frequently asking to a small sample of the population how well one likes his/her job,
salary, life, etc.

Due to the poor information we have, the possibility that people may change their goal,
and the fact that the actions we take (allocation of resources) have only indirect effect on
people, this task is highly difficult. Yet it seems that machine learning can provide important
insights and be beneficial to this challenging problem. Up to my knowledge, I am not aware
of the use of machine learning in that way for any current government.

Some challenges of reinforcement learning

In order to give more motivation to this thesis, we now consider the following possible artificial
intelligence system - this is only one example amongst many. It already addresses a variety of
challenging questions from the general agenda of Artificial Intelligence that goes far beyond
what can answer up-to-date research and enables us to put reinforcement learning in context,
enlightening some of, what I believe are, the major future challenges in the field.
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Get observations from sensors. Let us consider an agent evolving in some real or virtual
world. This agent has a bunch of sensors, like for instance sensors for temperature or pressure
on your skin, one cell of your retina, etc. We will also consider without loss of generality that
the sensing frequency is upper bounded, and thus that the time ¢ = 1,2, ... is discrete. Each
sensor s € S outputs at time ¢ € N a real value oy, that we assume to be in [0, 1], and that we
call an observation. Now, since at some time step %y, we may not be able to memorize all past
observations (0s¢)ses.<t,, We focus on the most recent part, say the last 7 observation steps,
and compress the remaining part. We thus introduce the object Oy = (0s4)se8.t0—r+1<t<to
that we call the matrix of observations at time ¢y, and consists of all the observations from
the time step ¢t =ty — 7+ 1 to the current time step ¢y, and the object C},_, that consists
of the compression of the past observations not received after time step tq — 7. At the next
time step tp + 1, the observation matrix Oy, consists of almost the same elements of O,:
it contains all the observations from time step tg — 7 + 2 to ty, only the observations at time
step to — 7 + 1 are dropped and observations at time step ¢y + 1 are added. Now our goal
will be to apply reinforcement learning, thus we need for that purpose states, actions, and
rewards.

Build states from observations. We begin by identifying “states”. A good property for
a state is that it should not change if the agent does not do any action. Unfortunately,
the observations may be subject to modifications independent from the learner actions, at
any time step. One possible way to build states is to separate the observations into two
parts, one part that is almost fixed when the learner does not perform any action, and a
second one that evolves according to some unknown dynamic and that we will consider as
a perturbation. For instance, consider you look at some scene, where someone is walking.
Then the moving person will be considered as a perturbation, and you may not want to
consider its complex behavior to define your current state, but you will prefer to define your
state by the non-moving part, i.e. the background. This tells you for instance where you are.
One way to perform such a decomposition is to apply a technique known as low-rank matriz
decomposition (see Candés et al. (2009)) to the observation matrix O;,. This composition
results in two objects, one with “low-rank” that roughly corresponds to the non moving part,
we write it S,, and a second perturbation part, that we write P,,. Note that provided we do
not perform any action, one may also want to consider that the data corresponding to S,
for various ty is generated according to some underlying process in a similar way - we say
identically and independently distributed or i.i.d. - and thus apply a universal code encoder
that generates a symbol s;, that is a compressed representation of the observations and thus
can play the role of an internal state. Note that in practice, it may be better to consider the
data is generated by different i.i.d. signals mixed together, and thus try to learn a partition of
the observations into several i.i.d signals that is the most effective in terms of coding theory.
On the other, the perturbation part P, can be seen hand as a complex process, that may
be interesting to understand, but evolves according to its own complex dynamic. Thus it is
natural to consider this perturbation as something “else”, different than states. We can say
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this defines generally an other agent.

Learn transitions between states. Now that we have a notion of states, we need to
understand the way we jump from one state to another one when we perform some action.
In other terms, we need to learn the transition probabilities of the state structure. Indeed,
performing some action will create a modification of the signal received, and thus of S; for
some t > ty. Of course this modification may also appear in the perturbation signal P; for
some t > tg as well, but it does not concerns our states then. We can learn the transition
probabilities using standard reinforcement learning algorithms, provided the states are built
such that they have some (Markov) property. Note that there may be in practice a possible
delay between the time when the decision to perform some action is taken and the time when
it is really performed, and also some so-called trembling hand effect which is an additional
difficulty that is seldom considered from a theoretical perspective. A trembling hand effect
is just the fact that we choose one action but instead another one is performed.

Identify reward signals. So far, we have not talked about rewards. But in order to apply
the reinforcement learning theory and algorithms, we need to identify some reward signal.
Fortunately, there are actually many ways to identify such a signal. We present here three
ways that enable to define plenty of possible reward functions.

One direct way in order to identify a reward function is to look at the observations
received from sensors and consider that one or several of our sensors provide(s) us with a
reward signal. Our goal is thus to identify such a signal, since a reward signal has some
specific structure. For instance, let us consider we have a set of energy sensors £ C S, and
say that each sensor e € E measures the energy level of some source of energy like a battery.
Now consider that when we perform one action a we use some energy corresponding to the
source measured by e, and thus e decays; when the energy level is 0, we can no longer perform
action a. Each time we play this action, the decay is roughly the same, and thus it should
be able to automatically identify this signal as being a negative reward. Identifying which
sensor(s) provides us with rewards seem not to be a well studied problem. It seems there are
ways to infer detect signals satisfying “good” reward properties, although this is a bit tedious
since there is not always a ground truth. Now once a reward signal is identified, one may
want to use this knowledge and thus redefine states accordingly, which shows that reward
identification problem creates a variety of not theoretically-dressed interesting questions.

Another way to identify rewards is to look at the perturbation signal, for we may con-
sider this corresponds to the observation of some other agent that evolves in the world, and
tries to achieve some goal. The problem that consists in inferring a reward function from
the observation of an agent has received some interest, and is known as Inverse reinforce-
ment learning (see Ng and Russell (2000), Ramachandran and Amir (2007), Abdeslam et al.
(2011)). However this a really challenging problem that is not completely formalized and
thus known results are pretty weak.

Finally, there is at least a third way to define a reward function. The idea is that
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some actions may enable to better understand the world and thus build more accurate and
compressed internal representation than others. This compression progress can be quantified
and measured, and thus can be used as a reward signal. It corresponds to the notion of
intrinsically motivated rewards that is for instance developed in Schmidhuber (2009).

Solve a reinforcement learning problem. Now that we have identified states, tran-
sitions, and that we can consider some reward function, we can learn how to act almost
optimally with respect to this reward function and this representation of the world.

More precisely, we can use the formalism of Markov Decision Process (MDP) and then use
all the known literature of reinforcement learning to solve this problem (see for instance Auer
and Ortner (2006), Boyan (1999), Lazaric et al. (2010a), Scherrer (2010)). Note, however,
that we here have to deal with an approximate MDP due to the identification of states and
rewards; fortunately, extending the notion MDP to other setting is a problem that receives
increasing interest (see for instance Chakraborty and Stone (2010)).

Target many goals. Finally, in this red-line example, as it is the case in practice, we have
the choice to target many different goals, i.e. problems defined by one reward function, either
inferred from an other agent, identified from our sensors, or defined internally. Thus we need
to have a decision procedure to select which goal to follow, at a high level. For instance,
some problems may be learned quickly, others may more difficult but may also help to solve
a lot of other problems, and we generally do not know in advance the intrinsic complexity
of a problem. Thus this question is challenging (this is actually A.l.) and goes beyond the
scope of classical reinforcement learning.

Of course, one way to address this question would be to reduce the problem to reinforce-
ment learning by introducing an additional high level reward, but it is difficult to say one
kind of meta-reward is well-suited and thus, this is now a philosophical question. From a
philosophical point of view, we may consider at least three different (very) high level goals.

e “I do not want to die”. Due to energy consumption, the agent has to act in order to get
energy and thus avoid that its energy falls to zero. Note that since performing some
action that is immediately energy consuming may increase its lifetime on the long run,
this goal may lead to not trivial behaviors. The first naive goal is thus to maximize the
lifetime of the agent.

e “I want the world to remember me”. Since actions have effect in the future, and some
may have effect in the long run, this means that the lifetime of the learner is lower than
the time during which it has an impact on the environment, that we call the “impact”
time. Thus, it makes sense to try to maximize its impact time. This is the second goal.
Note that trying to have a long life may be an interesting sub-goal in order to have
enough time to perform high-impact actions. Note also that, if we consider the set of
all actors, i.e. all agents that may act on the environment, an other natural sub-goal
in order to maximize its impact time is to perform some action that directly makes the
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other agents modify their behavior. Indeed, this way, the initial agent still has some
indirect impact on the environment.

e “I want to promote life”. Since there is a priori no reason why the agent should be
considered differently than other agents, it makes sense to consider the set of all agent
as being one big agent including the agent itself. In this case, the natural goal of the
agent is to maximize the life expectancy of the big agent, i.e. act in order to make
sure that there will be still agents in the future able to act on the environment. For
instance, this can be done by performing actions that may bring energy to other agents
in the future. This is somehow linked to the first two goals but we here just care about
the big agent, not really about which part of the agent survives longer.

Which one of these three goal is “better” is highly debatable, but it is clear that none of
those are easily achievable, even for human beings, and that we will surely have to wait one
or several other decades in order to be able to formalize these questions for machines. Thus
we are not going to address this question in this thesis, nor the many others that surround
this general example, but we instead focus on the reinforcement learning part for which a lot
has to be understood, and leave them for a future work.
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Roadmap

Before starting the main matter of this Ph.D. dissertation, we now propose a general
roadmap in order to help the impatient reader. It is summarized in figure 4 below.

Cho1

Ch02 Ch11

Ch03

N\

Ch04

\ L/

Figure 4: General reading roadmap for this Ph.D dissertation

Figure 4 reads as follows. The entry points of these dissertation are indicated by the two
input arrows. These are (obviously) chapter 1 and also chapter 5 as they correspond to two
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general surveys that present the background material needed to understand the setup and
context of the questions addressed in this Ph.D. dissertation.

Now the chapters of this dissertation are gathered into three main parts. Each part is
indicated by a rectangular box on the figure. In each part, we suggest starting to read the
first chapter of the part - these are respectively chapter 1, 5 and 9 - and then follow the
proposed natural ordering of the chapters. Since one may also want to jump directly to a
specific contribution, and also for clarity purpose, we indicate the structure of dependency
between chapters via wires.

The meaning of a wire starting from chapter n and going to chapter m is that chapter m
uses some concepts that are presented or explained with more details in chapter n. Moreover,
the darker the wire, the stronger the dependency. Thus for instance according to figure 4, it
is strongly advised to read chapter 1 before reading chapter 4, and similarly chapter 6 before
chapter 10. On the other hand, chapter 3 makes use of some concepts of chapter 5, but only
very scarcely.

Interestingly, one can see from the figure that the concepts of chapter 5 are used in all
other chapters, making this chapter seemingly the most important. Actually this can be
understood since this short chapter gathers most of the statistical tools used here and there
in the other chapters. It is thus important because of technical details, but actually does not
provide as much intuition about the rest of this dissertation as chapter 1 for instance. This
is also the reason why the wires going out from chapter 5 are lighter.

Finally, we do not report in this figure the important fact that part III can be seen as the
result of combining the concepts that underlie part I and part II.



Contributions.

Cette section est 'occasion de présenter un résumé des différentes contributions de cette
these dans les domaines de recherche des jeux de bandit, de 'apprentissage statistique et de
I’apprentissage par renforcement.

Partie 1.

La premiére partie se concentre sur le cadre des Bandits, cadre a la fois fondamental pour
comprendre 'apprentissage par renforcement et également intéressant en lui-méme.

Le monde des bandits: Exploration et Exploitation.

Le chapitre 1 présente une revue (non exhaustive) de la littérature incroyablement vaste
concernant les bandits. Nous présentons ensuite trois contributions a la théorie des Bandits,
depuis le cadre le plus standard des bandits dits stochastiques au cadre plus ambitieux des
bandits adverses, jusqu’au cadre difficile des bandits adaptatifs que nous introduisons dans
le chapitre 4.

Chapitre 2: Bandits a plusieurs bras utilisant la divergence de Kullback-Leibler.
Le chapitre 2 concerne le probléme des bandits a plusieurs bras dits stochastiques. Son but
est de fournir une analyse, a la fois en temps fini et dépendante de la distribution de lois
sur chaque bras, d'un algorithme que nous prouvons étre optimal en un certain sens, ce qui
répond & une question ouverte il y a longtemps par les travaux de Lai and Robbins (1985)
et plus tard de Burnetas and Katehakis (1996).

Nous analysons le cadre des bandits a plusieurs bras stochastiques et plus précisément
I’écart qui apparait entre, d’une part, les bornes asymptotiques qui furent prouvées dans
Lai and Robbins (1985) puis dans Burnetas and Katehakis (1996) et qui font apparaitre la
divergence de Kullback-Leibler entre les distributions des bras, et, d’autre part, les bornes
non-asymptotiques qui furent prouvées pour des algorithmes du type UCB dans Auer et al.
(2002) puis plus tard dans Audibert et al. (2009), Audibert and Bubeck (2010), Auer and
Ortner (2010) etc. et qui font apparaitre seulement le premier ou le deuxiéme moment des
distributions de chaque bras.

Les premiéres bornes atteignent la borne inférieure asymptotique de performance, mais
sont seulement asymptotiques et ne concernent que des classes de distributions spécifiques
(certaines distributions paramétrées de dimension finie), tandis que les secondes sont non-
asymptotiques et concernent des distributions arbitraires (de support inclus dans [0, 1]), mais
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malheureusement ne permettent pas d’atteindre la borne inférieure asymptotique. De plus,
comme cela est mentionné dans les études expérimentales menées par Filippi (2010) ou Honda
and Takemura (2010a), les algorithmes utilisant la divergence de Kullback-Leibler atteignent
des performances significativement meilleures que celles des algorithmes du type UCB.

Nous comblons partiellement cet écart en étudiant un algorithme utilisant la divergence
de Kullback-Leibler pour le probléme des bandits stochastiques a plusieurs bras dans le cas de
distributions a support fini (i.e. avec un nombre fini d’atomes), dont le regret asymptotique
correspond a la borne inférieure de Burnetas and Katehakis (1996), et dont on fournit une
analyse non asymptotique.

Chapitre 3: Algorithmes de bandit pour ’apprentissage en ligne dans des envi-
ronnements adverses Lipschitz.

Le chapitre 3 s’attaque au probléme de bandit dit adverse, en information compléte, lorsque
un grand ensemble de bras est considéré, ainsi qu’a ses applications a l'apprentissage en
ligne. Nous dérivons, sous certaines hypothéses géométriques et topologiques faibles, des
bornes de performance pour un algorithme ainsi qu'un schéma d’approximation numérique
efficace utilisant des techniques de Population Monte-Carlo.

Puisque le cadre de I'information compléte permet de traiter un grand nombre de bras,
nous abandonnons ’hypothése d’un ensemble fini de bras A au profit d’un sous-ensemble de
R?, ce qui permet d’appliquer les bandits au probléme de I'apprentissage en ligne lorsque
Ienvironnement est un adversaire. Pour de grands ensembles, il faut supposer une cer-
taine régularité des fonctions de récompense afin de controler le terme regret. La difficulté
principale, cependant, est de fournir une implémentation numérique efficace, ce qui requiert
généralement de faire des approximations de I’algorithme théorique naturel.

Ici nous considérons le probléme de l'apprentissage en ligne face & un environnement
adverse lorsque les fonctions de récompense choisies par 'adversaire sont supposées étre
Lipschitz. Ce cadre étend des travaux précédents sur 'apprentissage en ligne dans un cadre
linéaire (cf. Dani et al. (2008a), Abernethy et al. (2008b), Cesa-Bianchi and Lugosi (2009),
Kakade et al. (2008)) ou convexe (cf. Zinkevich (2003), Hazan et al. (2006)). Nous étudions
une classe d’algorithmes dont le regret cumulé est borné supérieurement par O(y/dT In())),
ou d est la dimension de ’espace de recherche, T" est ’horizon temporel, et A est la constante
de Lipschitz.

Nous discutons la question importante de fournir une implémentation numérique efficace
et utilisons des méthodes particulaires dans ce but. Notons qu’un travail récent de Narayanan
and Rakhlin (2010) montre qu’avec '’hypothése plus forte de fonctions de récompenses con-
vexes, la méthode d’échantillonnage particulaire peut étre légérement simplifiée (en utilisant
un échantillonneur de Gibbs pour les mesures log-concaves) en conservant un algorithme a la
fois sain et numérique efficace. Les applications que I’on considére regroupent des problémes
d’apprentissage supervisé en ligne en information compléte ainsi qu’en information partielle
(bandits), pour une large classe de régresseur/classificateurs comme par exemples les réseaux
de neurones.
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Chapitre 4: Bandits adaptatifs: vers la meilleure strategie dépendant de I’historique
Dans le chapitre 4, nous considérons le cas d’un probléme de bandits multi-armé en infor-
mation partielle lorsque I'environnement est possiblement adaptatif & 'apprenant, sans étre
forcément le pire environnement possible. Nous introduisons une définition de regret perme-
ttant de capturer une telle notion, et nous montrons comment un algorithme peut bénéficier
de cette notion et ainsi étre adaptatif en un certain sens a la complexité de ’adversaire.

La raison pour ne pas considérer uniquement le pire adversaire est qu’en pratique, un
algorithme n’affrontera pas nécessairement un tel adversaire, et qu'un algorithme concgu
uniquement pour le pire cas ne profitera pas nécessairement des faiblesses de ’adversaire.
Concevoir des algorithmes adaptatifs a la faiblesse de I'adversaire est un défi.

Nous introduisons ici un modéle de contraintes ©, fondé sur des classes d’équivalence de
I'historique commun (i.e. linformation partagée par le joueur et l'adversaire), qui définit
deux scenarii d’apprentissage: (1) L’adversaire est contraint, i.e. il fournit des récompenses
qui sont des fonctions stochastiques des classes d’équivalence définies par un modéle 6* € ©,
et 'on mesure le regret par rapport a la meilleure stratégie dépendante de I’historique. (2)
L’adversaire est arbitraire, et I’on mesure le regret par rapport a la meilleure stratégie parmi
toutes les fonctions allant des classes vers les actions (i.e. la meilleure stratégie basée sur les
classes d’historique) pour le meilleur modéle dans ©. Ceci permet de considérer des modéles
d’adversaires (cas 1) ou de stratégies (cas 2) incluant ceux a mémoire finie, périodiques, les
bandits stochastiques standards et bien d’autres situations.

Lorsque © = {0}, i.e. un seul modéle est considéré, nous dérivons des algorithmes
numériquement efficaces dont le regret (au temps T) est finement borné par O(vVTAC),
ou (' est le nombre de classes de 6. A présent, lorsque plusieurs modéles sont disponibles,
tous les algorithmes connus atteignant une bonne borne O(v/T) sont malheureusement non
numériquement efficaces et s’étendent difficilement & un grand nombre de modéles |0|. Notre
contribution ici est de fournir des algorithmes numériquement efficace ayant un regret borné

par T%3C31og(|6])"/2.

Partie II.

Aprés la premiére partie consacrée a quelques variations autour du probléme des bandits, que
I’on peut voir comme un probléme purement en ligne en comparaison du probléme général de
I’apprentissage par renforcement, nous étudions dans une deuxiéme partie quelques questions
importantes liées a 'apprentissage par lot, c’est a dire lorsque on nous donne un ensemble et
non un flux de données.

L’apprentissage par lot: Randomisation et Echantillonnage.

Le chapitre 5 présente un apercu général des outils de théorie statistique que 1’on regroupe ici
pour des raisons de clarté, puisque la plupart des théorémes qui y sont présentés sont utilisés
ici et 14 dans ce manuscrit de theése.
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Chapitre 6: Régression linéaire utilisant les projections aléatoires.
Dans le chapitre 6, on s’intéresse a 1'utilisation de matrices aléatoires dans le cadre de la
régression en design aléatoire. Si les outils nécessaires pour établir les bornes de perfor-
mance des estimateurs proposés ont été popularisés assez récemment en raison des nombreux
développements pratiques et théoriques auxquels a mené le sujet des matrices aléatoires au
cours des derniéres années, il est intéressant de réaliser que 1'idée d’utiliser les projections
aléatoires, ou les représentations aléatoires telles qu’elles sont nommeées dans Sutton (1996),
est déja ancienne dans des domaines davantage appliqués, tels que la robotique ou la synthese
de texture par exemple, ce qui donne plus de motivation pour les comprendre. Par exemple,
Richard Sutton étudiait expérimentalement les effets de la randomisation dans les réseaux
de neurones déja dans Sutton and Whitehead (1993), et mentionne que le Perceptron de
Rosenblatt en 1962 était originellement utilisé avec une couche initiale de randomisation afin
d’améliorer les performances.

Nous étudions une méthode de régression qui construit, a partir d'un espace de fonction
F donné de grande dimension (possiblement infinie), par exemple Ly([0,1]%;R), un sous
espace Gp C F de dimension finie P généré aléatoirement. Gp est défini comme l'espace
linéaire engendré par P éléments aléatoires, eux méme obtenus par combinaison linéaire de
fonctions de base de F pondérées par des coeflicients aléatoires gaussiens iid. Nous présentons
une motivation pratique pour utiliser cette approche, détaillons le lien que partagent ces
projections aléatoires avec la théorie des RKHS et des objets Gaussiens, établissons, en
design déterministe et également aléatoire, des bornes sur 'erreur d’approximation lorsque
I’on cherche la meilleure fonction de régression dans Gp au lieu de F, et dérivons des bornes
d’excés de risque pour un algorithme de régression spécifique (régression par moindre carrés
dans l'espace Gp). Ce papier mets 1'accent sur la motivation pour étudier de telles méthodes,
ainsi ’analyse développée reste simple a des fins de meilleure explicitation, et laisse la place
a de futures extensions et améliorations.

Chapitre 7: Echantillonnage Brownien pour la reconstruction de fonctions parci-
monieuses.
Dans le chapitre 7, nous considérons une autre utilisation des matrices aléatoires de maniére
plus traditionnelle, en lien avec le probléme de reconstruction d’une fonction parcimonieuse.
Spécifiquement, nous montrons comment l'utilisation d’opérateurs d’intégration aléatoires
permet de relacher des hypothéses classiques de (quasi) orthogonalité du dictionnaire sous-
jacent, en transformant le probléme de reconstruction en un simple probléme d’intégration.

Le chapitre précédent montrait le bénéfice qu’il y a a utiliser les matrices aléatoires pour
s’attaquer au probléme de prédire aussi bien qu’une fonction cible inconnue. Ici, nous nous
intéressons au probléme de reconstruction, ou le but est de reconstruire le paramétre de
décomposition de la fonction inconnue. Ce probléme est généralement plus difficile puisque
reconstruire ce parameétre entraine naturellement une faible erreur de prédiction par rapport
a la fonction cible.

Plus précisément, nous considérons le probléme de reconstruction du paramétre de dé-
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composition o« € RX d’une fonction f supposée parcimonieuse dans une famille de fonctions
connue {¢x}1<r<x (i-e. le nombre de composantes non nulles du vecteur « est petit par rap-
port au nombre total de composantes K) , a partir d’évaluations bruitées de f sur un ensemble
bien choisi de points d’échantillonnage. Nous introduisons un processus de randomisation
supplémentaire, appelé Brownian sensing, reposant sur le calcul d’intégrales stochastiques,
ce qui géneére une matrice d’échantillonnage Gaussienne pour laquelle on démontre de bonnes
propriétés de reconstruction, indépendamment du nombre de point N et lorsque les fonctions
de bases sont arbitrairement non orthogonales. Sous I’hypotheése que f est Holder d’exposant
au moins 1/2, on propose un estimateur & du paramétre tel que || — alla = O(||n|l2/V'N),
ou 7 est le bruit d’observation. La méthode utilise un ensemble de points uniformément
distribués selon une courbe de dimension un sélectionnée en fonction des fonctions de base.
Nous rapportons des résultats d’expérience numérique qui illustrent notre méthode.

Chapitre 8: Apprentissage multi-vue: Complexité versus Consensus.
Enfin dans le chapitre 8, bien qu'un peu déconnecté du reste de ce manuscrit, nous analysons
la complexité de Rademacher d'un probléeme dit d’apprentissage multi-vue.

Nous considérons le probleme de la classification multi-vue semi-supervisée, ot chaque
vue est supposée correspondre & un Espace de Hilbert & Noyau Reproduisant. Nous étudions
un algorithme utilisant des méthodes de co-régularisation utilisant des termes de pénalité
supplémentaires reflétant des propriétés de continuité et de consensus entre les vues. Ce
travail fournit & la fois une borne supérieure et inférieure explicite sur la complexité de
Rademacher de la classe d’apprenant correspondant, pour un nombre arbitraire de vues.
Nous montrons également le comportement asymptotique des bornes lorsque le terme de co-
régularisation augmente, rendant ainsi explicite la dépendance entre la consistance entre vues
et la réduction de I'espace de recherche. Nous appliquons cet algorithme a plusieurs exemples
jouets incluant un nouvel exemple non trivial. Enfin, nous prenons parti pour une méthode
de sélection de paramétres basée sur une notion de stabilité inspirée par le clustering et des
arguments de localisation. Nous fournissons des bornes explicites sur la variance de la classe
et proposons un algorithme de sélection.

Partie III.

Dans la derniére partie, nous combinons le monde des bandits et de I’apprentissage par lot,
afin de s’attaquer a des problémes d’apprentissage par renforcement.

Vers le monde réel(?): Modélisation et Planification.

Les trois derniers chapitres traitent trois questions différentes en apprentissage par renforce-
ment, liés aux Processus Décisionnels de Markov (PDM).
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Chapitre 9: Analyse en temps fini de ’algorithme de minimisation du résidu de
Bellman.
Dans le chapitre 9, on analyse la minimisation du résidu de Bellman: il s’agit d'un algorithme
naturel dans le cadre des PDM actualisés lorsque I'on a recours a un modéle génératif, i.e. que
I’on peut échantillonner n’importe quand une action a partir de n’importe quel état, par
opposition au cadre ol on ne peut qu’échantillonner une action a partir de 1’état courant.
Nous considérons ’approche par minimisation du résidu de Bellman pour résoudre des
problémes décisionnels de Markov actualisés, ot I'on suppose qu'un modéle génératif de la
dynamique et des récompense est disponible. A chaque étape d’itération sur la politique,
une approximation de la fonction valeur de la politique courante est obtenue en minimisant
un résidu de Bellman empirique défini sur un ensemble de n états tirés de maniére i.i.d a
partir d'une distribution u, des récompenses immédiates et des états suivants échantillonnés
a partir du modeéle. Notre résultat principal est une borne de généralisation pour le résidu
de Bellman dans des espaces d’approximation linéaires. FEn particulier, nous démontrons
que le résidu de Bellman empirique approche le vrai résidu de Bellman (quadratique) en
norme-; avec une vitesse en O(1/y/n). Ce résultat implique que minimiser le résidu de
Bellman empirique est en effet une approche bien fondée pour la minimisation du vrai résidu
de Bellman, ce qui garantit une bonne approximation de la fonction valeur pour chaque
politique. Enfin, nous dérivons des bornes de performance pour 'algorithme d’itération sur
les politiques approché résultant de cette méthode, en terme du nombre d’échantillons n et
d’une mesure de complexité indiquant la capacité de ’espace de fonctions & approcher les
fonctions valeurs successives.

Chapitre 10: Différences temporelles par moindre carrés avec projections aléa-
toires.

Dans le chapitre 10, nous analysons une version d’un algorithme appelé différences tem-
porelles par moindre carrés, ot I'on utilise des projections aléatoires telles que présentées
dans le chapitre 6, dans le but de tirer parti de la réduction de dimension. Cet algorithme est
congu pour des PDM actualisés lorsque 'on n’a pas accés a un modéle génératif et donc que
I'on est donc forcé d’échantillonner depuis I’état courant, en suivant une seule trajectoire. Il
est intéressant de constater que, du point de vue de la théorie statistique de ’apprentissage,
le probléme d’estimation de la fonction valeur correspondant & cet algorithme peut étre vu
comme un probléme de régression en design Markovien, ou la fonction cible ne peut étre
échantillonnée directement comme d’ordinaire, mais est définie au contraire comme point
fixe de I'opérateur de Bellman que 'on doit estimer.

Nous considérons le probléme d’apprentissage par renforcement dans des espaces de
grande dimension lorsque le nombre de fonctions de base est plus grand que le nombre
d’échantillons. En particulier, nous étudions ’algorithme de différence temporelle par moin-
dre carrés (LSTD) lorsque un espace de petite dimension est généré par projection aléatoire a
partir d'un espace de grande dimension. Nous fournissons une analyse théorique compléte de
I’algorithme LSTD avec projections aléatoires et dérivons des bornes de performance pour cet
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algorithme. Nous montrons également comment 'erreur de LSTD avec projections aléatoires
se propage a travers les itérations d’un algorithme d’itération sur la politique et fournissons
une borne de performance pour 'algorithme d’itération sur les politiques par moindre carré
(LSPI) correspondant.

Chapitre 11: Sélectionner la représentation des états en apprentissage par ren-
forcement.

Enfin le chapitre 11 pose quelques pierres vers la solution au probléme important de sélec-
tionner un modele d’états pour l'apprentissage par renforcement. En effet, en pratique, il
peut étre difficile de définir une bonne notion d’états, et il peut donc y avoir ainsi plusieurs
modélisations possibles. Nous construisons notre analyse au-dessus de l'algorithme UCRL2
congu pour des PDMs non actualisés, et considérons un cadre philosophiquement relié au
chapitre 4 qui traite la question difficile des bandits adaptatifs.

Dans ce chapitre, plusieurs modeéles (fonctions allant des observations passées vers un
ensemble fini) d’observations sont donnés, et I’on sait que pour au moins un de ces modéles,
la dynamique résultante est en effet Markovienne. Sans connaitre ni lequel de ces modeles
est le bon, ni quelles sont les caractéristiques probabilistes du PDM résultant, le but est
d’obtenir autant de récompenses que la politique optimale du bon modéle (ou du meilleur
modeéle, s’il y en a plusieurs). Nous proposons un algorithme qui atteint cet objectif, avec un
regret de I'ordre T%? ott T est I’horizon temporel.






Part 1

The World of Bandits: Exploration and
Exploitation.






In this first part, we focus on the setting of Bandits that is both fundamental in order to
understand Reinforcement learning and interesting by itself.

Why the setting of Bandits is important. Artificial Intelligence is interested in de-
signing artificial agents that evolve in an environment. These agents sequentially observe the
environment through sensors, learn, adapt, and take decisions, i.e. output actions.

The setting of Reinforcement Learning is a way to formalize what we mean by agent, by
making decisions, and what the agent should learn; in this setting, it is assumed that the agent
receives a reward to the action he/she has output, that is a real value. The reward measures
the quality of this action. The basic goal of the agent is to learn how to output actions so as
to maximize the sum of received rewards. Note that decisions are taken sequentially at each
time step, and the environment and reward functions may evolve with time.

An informal definition of the multi-armed Bandit setting is that a learning agent is facing
a bandit, i.e. a casino slot machine with a finite set of arms A. At each time step t the learner
can pull one arm a; € A , and with each arm a € A is associated an unknown and fixed
probability law 1, on the output rewards. Thus the learner receives one reward distributed
according to v,, after he/she chooses a;. The game is repeated 7' times and the goal is to
maximize the sum of received rewards up to time 7.

The first reason to study bandits is that it can be seen as a base stone to understand an
important notion in reinforcement learning known as Markov Decision Processes (MDP). In
a nutshell (see Part III for more precise definition), a MDP models the environment thanks
to states, and from any state, when an action is chosen, we move to another state according
to a generally not known transition kernel. The reward function is a function of the states
and actions, which means that the agent not only has to learn which action to output, but
better learn a strategy, i.e. a decision rule that defines which action to output in which state.
The goal is now to output a strategy that is optimal, i.e. that enables to receive the maximal
sum of rewards whatever the initial state. Now a bandit can be seen as a MDP with only
one looping state, thus studying this first problem in details, which is already not that easy,
is an important tool towards solving the MDP problem: one idea is to decompose a MDP
into different bandit problems and then combine them in a careful way.

The second reason to study bandits is that even more than fifty years after it was formally
introduced by Robbins (1952), there are still many fruitful extensions one may consider to the
original setting for practical purpose, together with many practical and theoretical opened
questions that go much beyond the setting of reinforcement learning. Actually one can say
that a real theory of bandits has emerged from these developments, with its own difficult
questions and its own real-life applications.

Contributions. We present in Chapter 1 a general (not exhaustive) survey of the incredibly
huge literature about bandits. Then we present three contributions to the bandit theory, from
the most standard setting of so-called stochastic bandits to the more challenging setting of



adversarial bandits and then to the difficult case of adaptive bandits that we introduce in
the last chapter.

Chapter 2 is about the stochastic multi-armed bandit problem and aims at providing a
finite-time distribution-dependent analysis of an algorithm that we prove to be optimal in
some sense, which fills a gap opened long ago in Lai and Robbins (1985) and later in Burnetas
and Katehakis (1996).

In Chapter 3, we are interested in the so-called adversarial bandit problem when a large
set of arms is considered, and in its application to online learning. We prove performance
bounds for an algorithm under some weak geometrical and topological condition on the
problem, together with a numerically efficient approximation scheme that uses Population
Monte-Carlo technique.

Finally in Chapter 4, we consider the case of a bandit problem when the environment
is considered to be possibly adaptive to the learner, but may be different from the worst
possible environment. We introduce a definition of regret that enables to capture such a
notion, and show how an algorithm can benefit from this notion and be adaptive in some
sense to the complexity of the opponent.



CHAPTER 1

Multi-armed Bandit Games.

This introductory chapter is about a sequential decision problem called Bandits, named
after the casino slots machines. We first introduce the setting and present a general
overview of the standard results and algorithms, then we present many fruitful extensions
of the initial setting together with pointers to the corresponding works. In the third part
we consider the general class of decision makers known as Exponentially-weighted
forecasters, for which we give some geometrical interpretation. Finally, we briefly discuss
the limitations of bandits and show the need to consider other settings.
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3.3 Adversarial rewards with full information . . . .. ... ... . ..... 29
3.4 Stochastic rewards with partial information . . . . . . ... .. .. ... 31
4 Limitations of the bandit setting . . ... ... .. ........... 35

1 The standard stochastic multi-armed Bandit setting

In this section, we detail the original bandit problem, which enables to fix some notation,
define the notion of regret and present the main algorithms that solve this problem.
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Origin. The term bandit refers to the name of casino slot machines: the player uses a
coin, then pulls the arm of the machine and receives a random amount of money (reward).
Since there is only one arm (action), this is also called a one-armed bandit problem. The
multi-armed bandit problem corresponds to the case when the player faces a machine with a
finite number of arms, or equivalently a finite number of machines with one arm, and selects
sequentially, by using one coin at each time step the arm with which he/she wants to play.
Then the player receives the corresponding random reward and the goal is to earn as much
money as possible.

Motivation. The historical motivation for this setting directly comes from medical trials,
as introduced in Thompson (1933) for the comparison between two treatments, and then
in Thompson (1935) for the more general case of finitely-many treatments. In this prob-
lem, there is a set A of drugs available in order to cure one specific disease. Patients come
sequentially and it is assumed that each drug acts in the same way on each patient (i.i.d. as-
sumption). The success of a drug on a patient is modeled by a Bernoulli random variable
whose parameter depends only on the drug. Since each trial involves a human, we want to
make as few mistakes as possible while focusing as soon as possible on the best drug.

1.1 Setting

More precisely, this problem has been formalized quite a long time ago by Robbins in Robbins
(1952). In its original formulation, one considers a finite set A of A many arms. Each arm
corresponds to a source of random variables independent and identically distributed (i.i.d.)
according to an unknown probability distribution over the unit interval [0, 1].

The game is sequential and goes as follows: at each round t > 1, the player first picks an
arm A; € A and then receives a stochastic payoff Y; drawn at random according to v4,, and
only gets to see the payoff Y;. We then define the cumulative reward of the forecaster up to

T
time T to be ZYt'

t=1
The goal of the forecaster is to maximize its expected cumulative reward up to the time

horizon T'. The forecaster may or may not know in advance the horizon. When the forecaster
does not know in advance this horizon, we say the strategy is anytime.

Regret definition. For each arm a € A, we denote by pu, the expectation of its associated

distribution v, and we let a* be any optimal arm, i.e., a* € arg max i, .
acA
We write p* as a short-hand notation for the largest expectation u,+~ and denote the gap of

the expected payoff u, of an arm a € A to pu* as A, = p* — .. In addition, the number of
times each arm a € A is pulled between the rounds 1 and T is referred to as Ny (a),

T
Nr(a) €D Liaa
t=1
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Stochastic multi-armed bandit

Unknown parameters: |A| unknown probability distributions on [0, 1]
Known parameters: the set of arms A, the number of rounds T
Foreachround t =1,2,...,T

(1) the learner chooses A; € A according to its own strategy.

(2) the learner incurs and observes the reward Y; S v4, independently from
the past given Aj.

Figure 1.1: The stochastic multi-armed bandit game.

Now the quality of a decision strategy is evaluated via the notion of regret that we define
precisely now.

Definition 1.1 (Expected regret) The expected regret, or just the regret, at round T > 1
1s defined as

def

Ry =E =K

T
T =YY,
t=1

where we used the tower rule for the first equality. Note that the expectation is with respect
to the random draws of the rewards according to the distribution v4, and also to the possible
auxiliary randomization to which the decision-making strateqy is resorting.

T,u* - Z,UAt] = ZAaE[NT(&)} ) (11)

acA

The meaning of this definition is that we measure the regret of the forecaster for not
playing optimally. Indeed, the strategy of the oracle, i.e. when all the distributions are
known, would be to constantly select the arm with the highest mean reward. Thus, in order
to measure the performance of a specific forecaster, we compare its mean cumulative reward
to the mean cumulative reward of the oracle strategy.

Lower bounds. It is important to know what kind of regret is possible to reach. For that
purpose, we are interested in lower bounds on the expected regret for the best decision-maker.
We consider two kind of bounds:

(1) Distribution-free lower bounds, i.e. bounds that do not make appear quantities specific
to the law of the arms. They are important in order to known what are the best
performances one can hope for in the worst case, or uniformly over the classes of
distributions.

(2) Distribution-dependent lower bounds, i.e. bounds that makes appear quantities that
depend on the law of of the arms. They are important in order to know what are the
best performances one can hope for one bandit problem.
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In the case of distribution-free lower bounds (also called minimax lower bound), we have
the following result from Auer (2003).

Theorem 1.1 (Minimaz regret lower bound) Let sup represents the supremum taken
over all stochastic bandits with support in [0, 1] and inf the infimum taken over all forecasters,
then the following holds true:

1
inf sup Ry > 50 —VTA

Now in order to introduce distribution-dependent lower bounds, let us first remind some
useful notion from information theory.

Kullback-Leibler divergence. We denote by P([0, 1]) the set of probability distributions
over [0, 1]. For two elements v, k € P([0,1]), we write v < x when v is absolutely continuous
with respect to k and denote in this case by dv/dk the density of v with respect to k. We
recall that the Kullback-Leibler divergence between v and & is defined as

dv dv )
—log —dk it v < K;
K(v, k) = oy de T dr (1.2)
+00 otherwise.

We first state the following Theorem, adapted from Lai and Robbins (1985) for the case
when all the distributions are Bernoulli distributions:

Theorem 1.2 (Regret lower bound for Bernoulli distributions) Let us consider a con-
sistent forecaster, i.e. such that for any stochastic bandit, for any suboptimal arm a and any

B >0, E(Np(a)) = o(T?). Then for any stochastic bandit with Bernoulli distributions, all

different from a Dirac distribution at 1, the following holds true:

1 f / )
o in logT 2 K(B ( )

a:Ag>0
where B(p) stands for a Bernoulli distribution with parameter p.

Actually Lai and Robbins (1985) showed a slightly more general result that holds for all
one-dimensional parametric distributions. However, the main extension has been performed
in Burnetas and Katehakis (1996), in which the authors consider the case when the unknown
distribution belongs to a known finite-dimensional parametric class of distributions P. We
introduce for that purpose the following quantity:

Kint(Va, 1) = inf{K(va,v); v € P with mean p > p* },

with the convention that KCin¢(v,, p*) = 0 if the set {v € P;u > p*} is empty.
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Theorem 1.3 (Distribution-dependent regret lower bound) Let us consider a set of
probability distributions P C P([0,1]) and a forecaster consistent with P. Then for any
stochastic bandit with distributions in P, the following holds true:

llifrri>l£f log AZ>0 /Cmf(ya, )
The intuition for this improvement comes from the goal that we want to achieve in bandit
problems; it is not detecting whether a distribution is optimal or not (for this goal, the
relevant quantity would be K(v,,v*)), but rather achieving the optimal rate of reward p*,
i.e. one needs to measure how close v, is to any distribution v € P whose expectation is at
least u*.

Let us also provide some additional intuition to explain why the right notion of closeness
is a Kullback-Leibler-like divergence instead of other notions such as the Hellinger or Wasser-
stein distance. This comes from the proof where by definition of the regret it is enough to
look at E(Nr(a)) for each suboptimal arm a. For such an arm, we build a modified bandit
problem where the distribution v, € P is replaced with a distribution v} € P that has a mean
bigger than p* and satisfies v, < v}, while other distributions remain the same. Now in this
transported problem, a is the unique best arm, thus since we consider consistent algorithms,
all the other arms are pulled o(T”) times for every 3, and thus N/.(a), the number of pulls of
arm a in the modified problem, is small with small probability w.r.t. v>. We then naturally
control the number of pulls of arm a in the original problem by making use of a transport
equation. The following one is used

E(x,ucnmi f ({Xi i) = Bxigicnmmaf (Xibicn) exp (= na(va, 7))

~ 1 & dv
for some positive function f, where IC,,(v,, v}) P 2 Z log 7 Z (X;) is the empirical Kullback-
n v
i=1 a
Leibler divergence between the initial and the transported distribution and asymptotically
converges to K(v,,v}). Due to this transportation cost, we loose a little, but still it can be
shown that Np(a) < ,Cl?yg(?*) asymptotically happens with vanishing probability. This gives
an explanation for the final term, since v} can then be chosen such that IC(v,, v}) is arbitrarily

close to King(va, 1*). We refer to Burnetas and Katehakis (1996) for specific details.

1.2 Historical algorithms

In this section, we now present some important historical algorithms that are designed in
order to achieve performances that tempt to match the lower bounds on the expected-regret.

Asymptotically optimal strategies. In their seminal paper, Lai and Robbins (1985) pro-
vided an algorithm based on the Kullback-Leibler divergence that was proved to be asymp-
totically optimal for the case of some one-dimensional parametric distributions. This work
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has been extended by Burnetas and Katehakis (1996) to an algorithm based on Ki,g; this is
still asymptotically optimal since the number of pulls of any sub-optimal arm a satisfies

1

E[NT(G,)] < <m + O(1>> log(T) .

The result holds for finite-dimensional parametric distributions under some assumptions,
e.g., the distributions having a finite and known support or belonging to a set of Gaussian
distributions with known variance. Recently Honda and Takemura (2010a) extended this
asymptotic result to the case of arbitrary distributions P with support in [0, 1] and such
that p* < 1; the key ingredient in this case is that Kie(v,, 1*) is equal to K (Va, 1*) et
inf,cp.p)>pu KC(Va, V). Unfortunately, all these results provide asymptotic bounds only.

The Upper confidence bound (UCB) algorithm. The upper confidence bound (UCB)
algorithm has been introduced by Auer et al. (2002), together with some important variants
like UCB2, and enables to get non-asymptotic upper bounds. The main idea of the algorithm
is detailed in Figure 1.2 and is to select at time ¢ the arm a corresponding to the best empirical
mean /i, n,(q) Penalized by some quantity 6,(t). This quantity is typically a high probability
upper confidence bound on the mean p, of arm a, thus justifying the name of the procedure,
and is given by results from concentration inequalities.

Parameters: Penalty unctions 6, : Nx N — R forallae A
Initialization: Pull each arm of A once

For rounds t + 1, where t > |A|,

— compute for each arm a € A the quantity

Bt—l—l,Nt(a) ((I) = ﬁa,Nz(a) + 6a(t +1, Nt(a))

1

where //,ZmNt (a) = m

s<t: As=a

— in case of a tie, pick an arm with largest value of fi, n,(a);

— pull any arm Ay 41 € argmax By y,(a)(a) -
acA

Figure 1.2: The UC B-strategy.

The penalties 0, of the initial algorithm UCB1 by Auer et al. (2002) are based on Hoeffd-
ing’s inequality. A refined analysis have been performed in the same paper with the goal to
get closer to the asymptotic distribution-dependent lower bound obtained by combination of
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the result of Lai and Robbins (1985) together with Pinsker’s inequality. Later in Audibert
et al. (2009), Bernstein type inequalities with empirical variance estimate are used instead
of Hoeffding’s inequality. Finally, in Audibert and Bubeck (2010), another penalty is used
with the goal to match the distribution-free lower bounds.

In order to give more intuition about these algorithms, we now provide a simple proof of

the UCB algorithm, that corresponds to using the (non-optimal) penalty d,(t, s) = %gs(t).

The other results follow by some refinements using different penalties and are mentioned
after.

We first need to introduce some notations. We consider the filtration (F;), where for all
t > 1, the o—algebra F; is generated by Ay, Y1, ..., Ay, Y. In particular, A;;; and thus all
Nit1(a) are Fy-measurable. We denote by 7,1 the deterministic round at which a was pulled
for the first time and by 7,9, 7,3, ... the rounds ¢ > |A| + 1 at which a was then played;
since for all k > 2,

Tor =min{t > [A|+1: Ny(a) =k},

we see that {Ta,k = t} is F;_i1—measurable. Therefore, for each k£ > 1, the random variable
Tok 1S a (predictable) stopping time. Hence, by Chow and Teicher 1988, Section 5.3, the
random variables Xa,k =Y, ., where £ =1,2,... are independent and identically distributed
according to v,.

Then we define the empirical mean of arm a as fi, s = — Z )?a,k

Theorem 1.4 (Distribution-dependent regret bounds for UCB) In the stochastic multi-
armed bandit game, the UCB algorithm strategy satisfies the following performance bound.

6 2
Rr< ) [A—log(THAq]

a;Aq>0 a

Proof: Hoeffding’s inequality state that for s i.i.d. random variables X; € [0, 1] with mean
1, we have

ZX e and P(- ZX < —e) e,

Thus, by application of this inequality to the random variables {)Z'a,k}kzl,,s, we deduce that
by definition of the penalization,

P(Fas + 0a(t, s) < pta) <70 and P(fas — 0a(t, s) = pa) <72,

Let us consider at time t the following event for a given arm a and a*,

(a) _ 5 (b)
{,ua* — 0o (t, Ni—1(a*)) < Tlar Ny 1 (ar) a0d flaN, 1 (a) < fa + Oa(t, Nt_l(a))} . (1.3)
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Then if a is a suboptimal arm chosen at time ¢, then it means that B, n, ,a)(a) = B n,_,(a*)(a”)
for any optimal arm a*. Thus, we deduce from (1.3) that u, 4+ 20,(t, Ni—1(a)) = g, ie.
N. (Cl) < 6log(¢)
t—1 =X Az
Let us consider some integer u. We have:

T
Nr(a) < u-+ Z {a; = an Ny_i(a) > u}
t= u+1
g u+ Z ]I{Bt Ni_1( Bt Ny_ 1(0«*)( *> N Nt,1<a) > U/} .
t=u+1
Now, {B; n,_,(a)(@) = Byn,_,(a+)(a*)} implies that either N;,_;(a) < 612%(” or (1.3) is false.
Thus, we set u = 612% and deduce that either (a) or (b) is false. Since each of this event

happens with probablhty less than ¢73, we deduce that by taking a union bound and the
expectation in the previous expression, we get:

E(Nr(a)) < 61052 Z Z £ +Zt

a =u+1l s=u+l
6log(T') 7r2
= A2 3

O

We now detail the penalty functions ¢, that corresponds to the algorithm called UCB-q,
UCB-V introduced in Audibert et al. (2009) and MOSS introduced in Audibert and Bubeck
(2010). An upper bound on the pseudo-regret of these algorithms has been derived both
for the distribution-free and distribution dependent case; they are gathered in the next two
theorems. Note that if the MOSS algorithm nicely fills the gap with the distribution-free
asymptotic bound, whereas UCB-a and UCB-V do not, there is still a gap between the
proposed distribution-dependent bounds and the distribution-dependent asymptotic lower
bounds. Also, in the following formulation, it has to know the time horizon T

Theorem 1.5 (Distribution-dependent regret bounds for UCB strategies) In the stochas-
tic multi-armed bandit game, the UCB algorithm strategies satisfy the following performance
bounds.

Let ¢;(a) =1+ m(%) . Then provided o > 1, UCB-« satisfies:

2
Rr < Z A—alog( )+ Ay (@) .

a;Ag>0 a

Let co(a) =2+ log(a+1)(i1)2' Then provided o > 1, UCB-V satisfies:

+2)log(T) + Agea(a) .
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Upper Confidence Bound (UCB) algorithms
Parameter: a > 0
For the arm a, define the quantity d,(¢,0) = oo, and for s > 1:

UCB penalty: da(t,s) = %i(t)

UCB-V penalty: 6,(t,s) = |/ 22¥elelos(®) 4 3, logt

S

T
MOSS penalty: Sa(t,s) = w

Figure 1.3: Upper Confidence Bound algorithms

Let A = minga,>0Aq. Then MOSS satisfies:

23A 1107 A?

RT < T lOg (maX(T

Theorem 1.6 (Distribution-free regret bounds for UCB) In the stochastic multi-armed
bandit game, the UCB algorithm strategies satisfy the following performance bounds.

Provided that o > 1, UCB-« satisfies:

10%) .

Ry < VTAQalog(T) + c1(a)).
Provided that o > 1, UCB-V satisfies:

Ry < /TA(24alog(T) + ca(a)) .
Finally, MOSS satisfies:

Ry < 24VTA.

Kullback-Leibler Divergence based algorithms. In order to match the distribution-
dependent lower bounds, we reanalyze in Chapter 2 the algorithm introduced by Lai and
Robbins (1985) and later extended by Burnetas and Katehakis (1996) for which only asymp-
totic analysis was provided, and we thus provide a finite-time analysis for this algorithm.

The main idea is to focus on the empirical distribution itself instead of the empirical mean
only, and use Kullback-Leibler divergence to compute an estimate of the distance to the best
distribution.

This algorithm is detailed in Figure 1.4 and makes use of the empirical distribution of the

S
~ 1 ~
first s rewards from v,, v, s = 5 E ) [ instead of 114 .
k=1
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Games.

Parameters: A non-decreasing function f: N — R
Initialization: Pull each arm of A once

For rounds t + 1, where t > |A|,

— compute for each arm a € A the quantity
B+
where Va,Ny(a) = oy, ;

sgt As=a

— in case of a tie, pick an arm with largest value of i, n,(q);

— pull any arm A1 € argmax B,
acA '

a,t = Max {q S [O,H : Nt(a) IClnf( Va,Ni(a)» ) < f(t)}’

Figure 1.4: The strategy KCius.

The upper bound on the regret has been derived in the important case of distributions
with a discrete support with finitely many points (see Chapter 2 for the precise statement).
This result includes the special case of Bernoulli distributions and can also be extended to the
case of one-dimensional exponential families. Note that the bound matches the corresponding

asymptotic lower bound already derived in Burnetas and Katehakis (1996).

Theorem 1.7 (Regret bound for the K;;-strateqy) Assume that v* is finitely supported
with support denoted by S* and expectation p* € (0,1) and that all all distributions v, are

finitely supported. The expected regret of the Kiyg-strateqy, run with f(t)
any € >0

1nf Vaa,u*) w +e

a:Ag>0

where c,(€) is an explicit constant.

2 Many extensions to the Bandit setting

(1+¢) logT 1 1 a o a2
A, 1 - - 1)IS* g=ke
E +ca(€)+€2 0g<1_ - )g:l(k+ ) le

= logt, satisfies for

|

The simple multi-armed bandit problem has been extended in many ways since its introduc-
tion by Robbins (1952). These extensions may concern different features of the bandit game,
which sometimes involve specific analysis and theory. We now present these features, and
then most of the known extensions to the stochastic multi-armed bandit setting according to

those features.
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For convenience, the general multi-armed bandit game is defined in figure 1.5. Let t refer
to the time and A to the set of actions. We write A; C A the set of available actions at time
t and r; for the reward function provided by the environment at time ¢. At a high level, the
game consists of choosing a sequence of actions a; indexed by the time ¢ in an online way, i.e.
sequentially with time, according to observations received from the environment at each time
step. The goal is to maximize some objective function that depends on the reward functions
ry sequentially defined by the environment.

General multi-armed bandit game
At time t, simultaneously:

e the learner chooses action a; € A; C A.
e the environment defines a reward function 7, : A — RT.

then the learner outputs ay, sees an information i(r¢, a;) from the environment,
and receives (but may not see) a reward r¢(ay).

Figure 1.5: General multi-armed bandit game

Let us first present briefly the different features. We then detail each feature, providing
motivations, algorithms and known results for most of them.

e The power of the environment: it refers to the way the environment is allowed to evolve.
In the standard setting, the environment is considered to be a fix set A of sources of
i.i.d. random variables. Now some natural extensions to the standard setting consider
the case where the sources of i.i.d random variables are no longer fixed but may evolve
with time. The way the source are allowed to evolve leads to different bandit settings
(see the paragraphs about Adversarial bandits, Oblivious bandits, Restless bandits and
Cooperative bandits below).

e The information received: it refers to the information received by the learner after
playing arm a;. In the standard setting, this information is r;(a;) and is thus equaled
to the received reward. In the case when we are only allowed to passively received
information, natural extensions to this so-called Partial information setting include the
settings of Full information, Side information and Trembling hand information. Now
if we are able to actively grasp the information we want, other settings include the
Label-efficient game, Budgeted learning and Slates bandit. Note again that this is not
an assumption on the reward given to the learner, but only the information received
about the reward function ;.

e The topological structure of actions and rewards: it refers to the structure of the arms
and of reward functions. In the standard setting, we consider a finite set of arms, and
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uncorrelated reward functions. However in a lot of practical applications, the reward
received after playing a specific arm gives some information on the value of the reward
function on some other arms. This is particularly useful in order to deal with a large
number of arms, including continuous set of arms, and different assumptions lead to
very different settings. See paragraphs on Multi-armed bandit, Many-armed bandit,
Convex bandit, Linear bandit, Lipschitz bandit and Topological bandit below.

e The availability of actions: it refers to the set of possible actions the learner is allowed
to select an action from. In the standard setting, all actions are available at each
time steps, thus we call this an awake bandit setting, however in many applications,
it appears that not all actions are available at each time step but only a subset A; of
A. This leads to important extensions on bandits. See Sleeping bandits, and Mortal
bandits.

e The regret definition: it refers to the definition of the measure of performance, i.e.
the regret. In the standard setting, we simply consider the cumulative pseudo-regret
with respect to best constant strategy in hindsight. Many other assumptions may
be considered, see paragraphs about External and Internal regret, Switching regret,
Constrained regret, Simple, Maximum and Discounted regret below.

2.1 Power of the environment

If we consider the bandit problem from a game theoretical perspective, the hypothesis that
the environment consists of A different fixed sources of i.i.d. random variables may appear as
an arbitrary restriction on the power of the environment, that is seldom justified in practical
situations such as games where the environment is a learner itself. This is the reason why
people have considered different assumptions, and considered so-called non-stochastic ban-
dits. However, allowing for a more powerful environment will generally make the standard
notion of regret less justified, to the point that it may be preferable to consider the prob-
lem from a Reinforcement Learning (RL) perspective. We leave this philosophical point for
Section 4 where we highlight some intrinsic limitations to the bandit approach, and we here
focus on some variations around the standard stochastic bandit problem.

Adversarial bandits. The use of the word “adversarial” in the literature on bandit theory
is a bit fuzzy. People generally refer to adversarial bandit to any case of bandit problem in the
case when the rewards of the arms do not come from a fix distribution, but from a distribution
evolving with time, and possibly adaptive to the learner. This means that in full generality
the opponent is allowed to do virtually anything. Now in order to prevent confusion, we will
talk of oblivious bandit when the opponent is not adaptive and of adversarial bandit when
it is explicitly adaptive.

In order to prevent the opponent from learning our strategy, another class of algorithms
has been introduced that differs from the deterministic UCB-based algorithms. Indeed being
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deterministic against an adaptive opponent can lead to arbitrary bad performance. These
algorithms are random algorithms in the sense that they define at each time step a probability
distribution over the arms, then sample an arm according to this distribution and pull it.

Many definitions of regret can be considered for this setting. The most direct extension
of the definition of the regret from the stochastic bandit setting is the cumulative regret with
respect to the best constant strategy in hindsight, and is called the External regret.

Definition 1.2 (External regret) The external regret for the adversarial bandit setting is
defined by

o=y () (3o

t=1 t=1
where the expectation is taken w.r.t. the possible randomization of the algorithm.

Note that in this definition, 7;(a) is a shorthand for r(h.;,a), where h.; is the history of
actions and rewards previously played up to time ¢. Thus we do not compare the cumulative
reward obtained by the learner to the cumulative reward that would have been obtained by
a player playing constantly the same action (and thus producing a different history iz<t). On
the other hand, we keep the same history h; in both terms of the difference, which is the
meaning of the words “in hindsight”.

The Exp3 algorithm (see Figure 1.6 in Section 3) introduced by Auer et al. (1995) manages
to guarantee regret bounds of order O(y/ AT log(A)) with respect to the best constant action
in hindsight.

Note that it makes sense to define a regret reflecting the changes of the law of the rewards
in the adversarial case. For instance, one may want to compete against the best sequence of
actions instead of the best constant one. However, in this general case, it may be impossible
(see Ryabko and Hutter (2008)) to learn the best sequence of actions to play. Now under
certain conditions, we show in Chapter 4 how it is possible to achieve low regret against the
best sequence of actions in hindsight.

Oblivious bandits. The setting of oblivious bandits considers the case when the rewards
come from a distribution possibly evolving with time, but independently on the learner.
Equivalently, one may consider that the rewards r;(a) for all time-step ¢ and actions a are
defined beforehand, i.e. before the beginning of the game. This means that the opponent is
allowed to do anything but adapt to the learner.

In such a setting, the previous definition of (external) regret for the adversarial setting
has clear interpretation, which gives an important motivation. Moreover, there are practical
cases for which it is natural to consider that the environment is not adapting to our strategy,
like in the stock market, provided that we trade sufficiently small amounts of money.

The Exp3 algorithm of Auer et al. (1995) also applies to this setting and give an upper
bound of order O(y/AT log(A)). The main difference with the adversarial case is when
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we want to consider a regret in high probability instead of a regret in expectation. The
Exp3 algorithm has to be modified to guarantee high probability bounds in the adversarial
case, by mixing the proposed probability distribution with a uniform distribution in order to
guarantee sufficient exploration, while its genuine version is suitable for the oblivious case.

Restless bandits. The restless bandit is an attempt to compete with the changes in the
law of the rewards in the oblivious case. Indeed one may consider that the probability laws
on each arm evolves according to some internal (non observed) state structure. See Guha
et al. (2007b) or Guha et al. (2007a) for further details.

One practical motivation for this setting is when we want to transmit some information
on a canal, and that it is shared with other users. This has been studied extensively in Guha
et al. (2007a) or Filippi (2010) for instance.

The regret that people consider for this setting is a strong notion. Actually, the com-
parison class considers the best sequence of actions and not just the best constant strategy,
which is far more challenging. In Filippi (2010), it is proved that one may achieve a regret

of order O((log T')'/3T%/3).

Cooperative bandits. Finally, an interesting feature that receives now increasing atten-
tion is that the opponent may not always be a foe. This appears for instance in so-called
cooperative games, where the opponent and the player try to agree on some strategy. In such
a setting, the opponent may try to help the learner get the minimal regret, but the opponent
may not be fully cooperative due for instance to incomplete or noisy information received
about the learner or the game. Thus it has a certain (unknown) degree of friendliness, and
we want to be adaptive to this degree.

A practical motivation for this setting appears for instance in Brain Computer Interfaces
(BCI), where the learner is an algorithm that observes the brain activity of a human (oppo-
nent). The human wants to cooperate with the learner in order to define meaningful symbols
that he will use in order to pilot tasks using his mind only. Thus in this problem, the learner
has to consider the environment as friendly, but since the human has no precise knowledge of
the algorithm, he/she thus makes mistakes, even if he/she tries to be as friendly as possible.

This setting shares some links with the teaching theory Zilles et al. (2011) if we consider
the viewpoint of the environment (teacher), and also with what is called learning with priv-
ileged information Pechyony et al. (2010), Vapnik and Vashist (2009) from the point of view
of the learner. However, to the best of our knowledge, the results for this setting are quite
limited.

2.2 Information received

So far, we have considered that the information given to the learner at time ¢ is the reward
of the selected action only, i.e. 7;(a;); this corresponds to the so-called partial information
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setting. We present now other settings for which i,(r, a;), the information received by the
learner at time ¢ after playing action a;, may be different from r;(a;).

2.2.1 Passive information retrieval

In the case of passive information retrieval, i.e. when the learner does not choose the infor-
mation received, we can consider the following settings.

Full Information. The full information setting corresponds to the case when the infor-
mation given to the learner at time ¢ is the reward of all actions, i.e. r(a) for all a € A, and
not only the reward of the action chosen.

In the case of stochastic multi-armed bandit with finite arms with full information, there
is no information retrieval challenge, thus for that reason the full information setting is
generally considered in an adversarial setting, and/or when the set of arms is large, like for
instance a convex subset of R,

Since we receive more information than in the case of the partial information setting,
it is not surprising that the upper and lower bounds on the regret for the partial and full
information setting significantly differ. Indeed in the case of the adversarial multi-armed
bandit setting with full information, it can be shown that the lower bound on the cumulative

pseudo-regret is of order O(y/T'log A) (see Cesa-Bianchi et al. (1993)), instead of O(vVTA)

in the Partial information setting (see Auer et al. (1995)); for that reason, the factor , /@

is called the price for information in Dani et al. (2008a).

The weighted majority algorithm, introduced by Littlestone and Warmuth (1989), is the
main tool to get a matching upper bound in the adversarial setting, and is better known as
the Hedge algorithm, which is a variant introduced in Auer et al. (1995).

Side information. The side information setting (aka Contextual bandits) corresponds to
the case when the information given at each round is the reward of the selected action a,
together with some other information x; € X'. We compare the forecaster to the best fixed
hypothesis h : X — A in a class H. See for instance chun Wang et al. (2005), Lu et al. (2010)
or Lazaric and Munos (2009) for further details.

The motivation comes from the fact that in many practical problems, we have additional
information on the information received. For instance, in the web-advertisement problem,
where the goal is to select one add a; € A to display on a web-page, we know for instance
what other information is displayed on the web-page, or some features about the human
being surfing on this page thanks to cookies, or navigation history; one naturally wants to
use this knowledge in order to adapt ones strategy to the human being.

Classical measures of the complexity include the Vapnik-Chervonenkis (VC) dimension
and the Littlestone dimension of the class H. In (Lazaric and Munos, 2009, p.9), there
is a nice summary of the known results on the performance (regret) for this setting when
considering different assumptions.
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Trembling hand information. This setting corresponds to the case when the information
given at each round is not the reward of the action a; proposed by the learner, but the reward
of a different action that is chosen by a third player. See Maillard and Munos (2011) and
Chapter 4. In game theory, this is called a trembling hand effect.

A theoretical motivation for this apparently strange setting comes from the problem of
learning using learner advices, instead of experts, for which a meta algorithm considers many
learners in a partial information setting: at time ¢, each learner [ proposes an action a!, but
after seeing the propositions the meta algorithm proposes a; instead, and get the reward
r¢(a}). Then the meta algorithm gives this information to each of the subordinate learners
that are thus facing a bandit problem in the trembling hand information setting.

The corresponding notion of regret measures the performance of the algorithm that pro-
poses at time t the distribution p; but in the game where the action a; ~ ¢; is played instead.
Without any further assumption on the learners, the performance depends on the ratios be-
tween the probability p;(a;) of choosing arm a; defined by the learner, and the probability
q:(a;) of choosing arm a; defined by the meta player. See Chapter 4 for further details as
well as regret bounds.

2.2.2 Active information retrieval

In the case of active information retrieval, i.e. when we allow the learner to actively grasp
information, we can consider at least the three following settings.

Label-efficient game. In this game, we consider that asking to see information is costly,
which is motivated by practical implementations, and thus at each round, the forecaster
chooses whether to see the reward(s) or not. We refer for instance to Cesa-Bianchi et al.
(2005) or Allenberg et al. (2006) for important works in this domain.

In such a setting, we compare the cumulative reward of the algorithm to the cumulative

(1/ TALe@) where m is the average
m

reward of the best of A experts. The regret is of order O
number of experts whose reward is revealed per round. Note that a value of m equal to A
(resp. 1) corresponds to the full information (resp. partial information) setting. In the more

general case when the learner can not choose to see the reward(s) more than m times over

the T rounds i.e m = %, the label-efficient regret is typically bounded by O(T AI%M)).

Budgeted learning. A closely related problem is called budgeted learning. In this setting,
it is assumed that each information revealed is costly, with cost ¢;(a) at time ¢ for arm a,
and that additionally we have a total budget B that is limited.

One motivation comes from clinical trials, where each arm corresponds to one treatment,
different treatments have different cost and we only have a limited budget to treat a patient.
Thus, since some treatments may be very expensive, we do not want to use them too much
unless they are very efficient.
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However, it seems that there is little work on the problem for general costs functions, and
most of the works only consider the case when ¢;(a) = 1, see for instance Guha and Munagala
(2007), while it would seem natural to consider different costs for different actions, or the
more general case when ¢; is only revealed at time ¢ but otherwise arbitrary.

Slates bandit. In this setting, the learner is allowed to choose not only one but p > 1
arm per round. At each round the learner selects the set of p arms for which information is
asked. This assumption modifies a lot the original bandit problem. It has been studied in
Kale et al. (2010) and is a special case of the more general online linear optimization with
bandit feedback problem (see Awerbuch and Kleinberg (2008) or Bartlett et al. (2008) for
instance).

2.3 Topological structure

The information that the learner can infer about the all set of rewards {r:(a)},: depends
not only on the information effectively received by the learner, but also on what we call the
topological structure of the problem, that basically states how far is some r4(a) from r;(b) for
any s,t,a,b. Such assumptions on the problem may drastically change the achievable regret
bounds.

Multi-armed bandit. The multi-armed bandit problem corresponds to the case when the
set of arms A is finite, as considered from the beginning of this chapter. This situation
naturally appears in a lot of problems, when we consider a production chain for instance. In
this setting, there is generally no a priori relation between the rewards of arm a and rewards
of arm b, except if we assume some correlation structure.

The multi-armed bandit problem with dependent arms has been addressed for instance
in Pandey et al. (2007). They give a theoretical optimal policy and then provide a feasible
algorithm that selects clusters of correlated arm before choosing one arm in this cluster.

Many-armed bandit. In this setting, we consider that the number or arms A is greater
than the possible number of experiments and possibly infinite.

Typical applications for this setting include for instance labor markets, when a worker
has many opportunities for jobs, or path planning in which the learner has to decide between
a route that has proved to be efficient in the past (exploitation), or a known route that has
not been explored many times (sampling), or a new route that has never been tried before
(discovery).

A classical assumption in this context is that the distributions of rewards belong to a
known parametric class, see Berry et al. (1997) and Poland (2008), and that the forecaster
has a prior on the parameters of the arms. However in Wang et al. (2008), the authors make
the weaker assumption that each arm has a probability £? of being e-optimal, and then derive
tight bounds depending on f.
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Convex bandits. In this setting, we consider that the set of actions A is a (compact)
convex subset of R%, and that the reward functions given by the opponent are convex.

In online convex optimization r; is assumed to be a convex (Zinkevich (2003), Narayanan
and Rakhlin (2010)) or o-strongly convex (Hazan et al. (2006)) function of a. The resulting
upper bounds are of order Cv/T and C%o~! In(T"), where C' is a bound on the gradient of
the functions, which implicitly depends on the space dimension. Other extensions have been
considered in Bartlett et al. (2007), Shalev-Shwartz (2007), Flaxman et al. (2005) and a
minimax lower bound analysis in the full information case is provided in Abernethy et al.
(2008a). These results hold in a bandit information setting where either the value or the
gradient of the function is revealed.

Linear bandits. In this setting, we consider the case when the functions r; are linear,i.e.
ri(a) = Ly - a; for some L, € R% This setting has recently received increasing interest due
to the link with practical applications, see e.g. Dani et al. (2008a), Abernethy et al. (2008b),
Cesa-Bianchi and Lugosi (2009), Kakade et al. (2008) in the adversarial case, Auer (2003),
Dani et al. (2008b) in the stochastic case, and also Auer (2003), Awerbuch and Kleinberg
(2008), Abernethy et al. (2008b), Dani et al. (2008b), Rusmevichientong and Tsitsiklis (2010).

The resulting upper and lower bounds on the regret are, up to logarithmic factors, of order
VdT in the case of full information, d*?2+/T in the case of bandit information Abernethy et al.
(2008b), and dv/T in the good cases, seeDani et al. (2008a) for details.

Lipschitz bandits. In this setting, we consider the weaker assumption that the reward
function are Lipschitz functions with constant A. This has been considered in Kleinberg
et al. (2008), Bubeck et al. (2008) for the stochastic bandit setting, and in Maillard and
Munos (2010b) for the adversarial setting. See also Chapter 3.

One motivation for this setting is that the assumption that the reward functions are
convex is often too strong in practice. The weaker Lipschitz assumption enables to apply the
bandit setting to non-convex problems, like for instance online regression with non convex
regression functions (e.g. feed-forward neuron-networks).

The regret bound in the partial information setting is O()\ﬁ T%) where d is the pseudo-
dimension of problem, defined for instance in Bubeck et al. (2008). In the full information
adversarial bandit setting one can derive a bound of order /dT In(AdT") that is achieved
by some variant of an exponentially weighted forecaster, see details in Maillard and Munos
(2010b) and chapter 3.

Metric bandits. Finally in the stochastic setting, we can even relax the Lipschitz assump-
tion. In Bubeck et al. (2008), it is only assumed that the set of arms A is a metric space
and that the mean-payoff function that maps each arm to the average payoff one receives
by pulling this arm is weakly Lipschitz around its maximum (see Bubeck et al. (2008) for
precise definition). The regret bounds in this case scales with the near-optimality dimension
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d' of the mean-payoff function as O(T%) Note that d' is typically much smaller than the
ambient dimension d.

2.4 Availability of actions

So far, we have assumed that all actions a € A are available at each time step. In many
practical situations it appears that only a subset A; C A is available at time ¢. This may
happen for example in the case when the arms correspond to experts and that one expert is
not available at some point. This modifies the standard definition of the regret as well as the
standard algorithms and analysis.

Sleeping bandits. The sleeping bandit setting considers the case when an expert a is awake
from time to time, say when ¢t € I(a) C {1,...,T}. See Kleinberg et al. (2008) and Kanade
et al. (2009). Three main situations are considered, Deterministic availability, Stochastic
availability and Adversarial availability, according to whether I(a) is defined deterministically,
chosen according to some distribution, or depending on the learner.

In Kanade et al. (2009), the authors propose a (tractable) algorithm that achieve a regret
bounded by O((T'A)*/?log(T)) in the case of stochastic availability.

One may note that this problem can be recast in the setting of classical (all awake) bandits
by considering that one arm in the modified problem is one permutation of the arms of the
initial problem, which leads to a standard bandit problem with A! all awake many arms.
Thus there exist algorithms that achieve /7T log(A!) regret bounds, but unfortunately, due
to the transformation considered, the final algorithm is not tractable. Thus the major issue
in this setting is to address the tractability problem. Actually, it is still an open question to
know if one can design tractable algorithms with performance of order O(v/T).

Mortal bandits. A special case of sleeping bandits is when we assume that each expert
can only be awake for a total amount of time that is bounded, and then dies, see Chakrabarti
et al. (2008). This case is for instance motivated by web-advertisement, where the goal is to
display one add amongst many possible with the goal to have the displayed add clicked and
where in practice, a publicist will sign a contract selling some amount of d(a) displays for
the add a. Thus after the add a has been displayed d(a)-many times, it can not be displayed
more, which motivates this setting. Due to the mortality of arms, deciding when to display
an add or not becomes a quite complicated task.

2.5 Other regret definitions

Finally the definition of the regret may also vary.

External and Internal regret. The notion of internal regret (see Foster and Vohra
(1996)) compares the loss of an online algorithm to the loss of a modified algorithm that
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consistently replaces one action by another, and has been also considered in many works
Hart and Mas-Colell (2000), Stoltz (2005), Cesa-Bianchi and Lugosi (2003), Foster and Vohra
(1999). In Blum and Mansour (2005), the authors propose a way to convert any external
regret minimization algorithm into an algorithm minimizing an extended notion of inter-
nal regret, using the so-called modifications rules that are functions h,a — b, where h is a
possible history, and a and b are actions.

Best switching strategy regret. In Auer et al. (2003), the authors extend the class
of comparison strategies to piecewise constant strategies with at most S switches. The
corresponding Exp3S (aka ShiftBand) algorithm achieves a regret of order \/ TSAlog(T3A),
provided that T is large enough.

Best constrained strategy regret. In Maillard and Munos (2011), we consider general
classes of strategies that are defined as mappings from equivalence classes of histories to
actions, based on some equivalence relation ¢ (see Chapter 4). With this notion, we can
define a corresponding regret with respect to the best such strategy. For instance, using the
trivial equivalence relation such that all histories belong to the same class, we recover the
standard notion of regret, but such a definition captures more expressive notions of regret,
from classical regret to the regret w.r.t. the best (possibly switching at each time step)
strategy in hindsight.

A lower bound on the regret is of order VT AC where C'is the complexity of the opponent,
defined as the number of classes of equivalence of histories he uses.

We develop in Chapter 4 efficient algorithms that match this lower bound in the case when
the model ¢* of the opponent is known and with bound of order (T'4)*3C/3log(|®|)*/? in
the case it is unknown and we use a finite set ® of possible models.

Simple, Maximum and Discounted regret. In some problems, we may not be inter-
ested in the cumulative regret, but in some other notion. For instance, in the setting of online
learning, we only care about the final proposed action ar at time T', whatever the actions pre-
viously taken. The corresponding notion of regret measures the performance E(r(ar)—r(a*))
at final time 7', as opposed to the cumulative sum over all time steps, and is also known as
the simple regret, see Bubeck et al. (2009).

More generally, one may want to consider a discounted cumulative regret, with discount
factor v € [0, 1], where the cumulative performance is now

T

Z v (),

t=1

which enables to both recover the cumulative regret (with v = 1) and the simple regret
(with v = 0). One may also want to consider the performance criterion to be the maximal
instantaneous regret along all time steps, i.e. max;<i<r E(r(ay) — 7(a*)).
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Beyond regret. Finally, let us mention that in Rakhlin et al. (2010), the authors study
a very general notion of regret that generalizes all previously defined notions. Their goal
is to study the notion of regret from a minimax point of view and not from an algorithmic
point of view. They define a nice notion of sequential complexity and show how a control
of this complexity may lead to a tight control on the corresponding notion of regret. They
derive minimax optimal bounds accordingly, although these derivations, as pointed out in
the article, do not lead to numerically efficient algorithms. Despite this numerical problem,
I believe this opens a very nice area of research for the future of bandit theory.

Conclusion. The previous classification of the bandit literature is already big, but unfor-
tunately can not handle the huge variety of problem variations around the standard bandit
problem - there are actually several thousands publications about bandits (!). For instance, I
did not talk about Bayesian approaches to the bandit problem, with probabilistic procedures
such that the now famous Gittins’ indices, see Whittle (1980), Gittins et al. (1989).

3 Exponentially-weighted decision-makers

In this section, we now focus on a class of algorithms known as exponentially-weighted
decision-makers (aka exponentially-weighted forecasters). These algorithms was initially de-
signed to handle the setting of adversarial bandits and thus are robust to an arbitrary bad
opponent in some sense. We here explain this phenomenon first in the partial information
setting, and then provide exact computation of the performance bound in the case of full
information. Finally we show that one can also design a similar algorithm that achieves a
good performance within the setting of stochastic bandits, which was not expected according
to popular belief.

First of all, we introduce the notion of exponential families that plays an important role
in the interpretation of exponentially-weighted forecasters.

3.1 Exponential families
In this section, we write P(.A) the set of probability distributions on the set A.

Definition 1.3 (Exponential families) The exponential family generated by the set of
functions (Fy)r<x and the reference measure vy on the set A is

g((Fk)kSK;VO) = {V@ S P(A), = exp ZQka )) RS RK}

where z(0) o log/ exp ZHka Ywo(da) is the normalization function of the exponential

family. The vector 0 is called the vector of canonical parameters.
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An interesting property of exponential families is the following straightforward identity:
K(ve,,v9,) = (01 — 02, Eany (F(a))) — 2(61) + 2(62) , (1.4)

where F(a) € RE is the vector with kth component Fj(a). In particular, the vector
Eqvp, (F(a)) is called the vector of dual (or expectation) parameters. It is equal to the
vector 2'(61).

Let us remind also that in the general case, i.e. not only for the special case of exponential
families, the Kullback-Leibler divergence can always be written in its variational form as

1
K(vi,va) = sup{/ odvy — log/e“DdVQ; ¢ € C([0,1])},
0

where Cp([0, 1]) is the set of continuous and bounded functions on [0, 1].

3.2 Adversarial rewards with partial information

In the adversarial setting with partial information, at each round ¢ the learner pulls one arm
a; and only gets to see the reward of the chosen arm. The following algorithm described in
Figure 1.6 enables to guarantee high performance bounds.

Parameters: Increasing sequence {n:}1<¢t<7 For all t = 1..T,

e Define the losses
~ def 1—ry(a)

ls(a) o) [las = al.

e Define the distribution

def _exp(—1e Yoy ls
>y exp(—m Yoot 1s())

Pt (a)

e Seclect the arm a; ~ pyp, -

Figure 1.6: The Exp3 algorithm

An interesting point of view is to consider that the probability distributions p;,, defined
at each round t by the Exp3 algorithm belong to the same (random) exponential family
E((ls)1<s<r ); we introduce the parameter

9,5:9,5(77,5) déf (—nt,...,—nt,(),...,()) ERT,
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with ¢ — 1 non zero values, and we get the rewriting

Pea(a) = po,(a) = eXP Z‘gt — z(6; ))

where z(0) = log Z exp Z 0[ ) is the normalization function of the exponential family.

acA
Note that since 6; =0 € ]R , pgl is the uniform distribution; we rewrite it U for convenience.

Now by direct application of equation (1.4) we have the property that:

1

Ul

t—1 . Z(et)
K(pamp@t +]Ea~U Z s —777
s=1 ¢

) 96 2(0)==(0u(m)

which justifies the introduction of the function ®;(n s

Before deriving the upper bound on the regret of the Exp3 algorithm, we need the follow-
ing second order Taylor approximation, which is the the key stone of the proof of the next
theorem, see also insights from Section 2 of chapter 5 about PAC-analysis.

Lemma 1.1 Let X be a positive random variable, and Mx(—n) = Exe "X be its moment
generating function. Then for alln = 0:

los(Mx (~n)) < —nB(X) + TE(X?).

Proof: This directly follows by definition of My, together with the fact that for all z > 0,
then e < 1 —x + 2?/2, and log(z) <z — 1. O

Theorem 1.8 (Regret bound for Exp3) Provided that for all t, n, = ny1, then the fol-
lowing holds true:

RT log Z M-

Proof: The proof is divided in five steps.
Step 1. Rewrite the regret term to make appear the decision probability p;. Since
Eanpy,li(a) =1 = r(a;) and Eq,p, , li(a) = 1 —r(a), we deduce that for all a € A:

Mq

rt - rt at Z EaNpt,nt Zt(a’) - Z Eat"’pt,ntit(a) :

t=1 t=1 t=1

Step 2. Since we are interested in the random variable X = it(a), where a is distributed
according to p,,, conditionally on the other random variables, we introduce M (n;[;) the
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moment-generating function of X, i.e. M(n;l;) = Ex(e"¥) = Earpy y, (e"@). Since X is a
positive random variable, Lemma 1.1 applies; we deduce that

Bap (1)) <~ T0B(M(=1510) + 5 Banpy, (1(a)).
t

Step 3. In order to compute the term log(M(—n;1;)), we use the definition of the
probability distribution p;,, in terms of exponential family; we have

S pen € o1 mils(a)
S en € Sz mels(a)
Thus, by definition of the function ®,;, we deduce that:

T
Zanpt - lt Z‘I)t 1(1:) — (1) Z% a~pt nt i(a)?). (1.5)

Step 4. We bound each term.
First, since the reward function is bounded by 1 we have:

~ 1
EU/‘V t l a 2 < .
P,,nt( t( ) ) pt(at)

Then, since ®(n;1) = 0, we can rewrite the first sum on the left hand of equation (1.5) as

log(M (—;; 1)) = log ( > = 2(0u(m)) = 2(0u(m-1)) -

T-1

Z‘Dt 1(ne) — Pe(me) = —Pr(nr) + Z‘Pt(nm) — ®y(me) -

t=1

Now using the fact that the sum of positive terms is bigger than any of its term, —®7(nr)
is bounded for all a € A by:

lo
—Or(nr) = tog(4) log ZeXp ZnTlt

nr

< log

IIMH

Now in order to take care of the remaining term, we look at ®;(n;11) — P+(1:). Since
the sequence (1) is by assumption decreasing with ¢, it suffices to show that for all ¢, the
function @, is non decreasing ; by definition of ®; and then by application of equation (1.4)
we have

oi(n) = —[{E(0n), 0 (m) n+ 2(0) — 2(6:(n)]

t—

[~Eawpr, (Y 1s(a) )0+ 2(0) = =(6,(n)]

s

—_

Il
i

K(pt,m U) 0.

3= = e
Y
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Step 5. We conclude by taking the expectation over all the remaining random variables,
noticing that ]E( wer ) A ; we get:

T

Ry = E(Z a~pt

t=1

T

log(A A
at~pt < g( )+_Z77t-

—1 nr 2 t=1

tgﬂ

~

OJ

Of course there are many extensions to this simple algorithm and analysis. For instance
one may get regret bounds not only in expectation but also in high probability, see the
algorithm Exp3.P by Auer et al. (2003), or may also want to replace Hoeffding’s Lemma
with the following Bernstein version,

log(Mx(=n)) < (e = DE(X),

and get the corresponding regret bound that maybe useful in the case when one the optimal
arm has rewards very closed to 1. Following Peter Bartlett, we state it here for the simple
case when 7, = n for all ¢:

S

log(A) L

Ry <
T\l_e_77

(T — max ri(a
1-— 6_77 acA p—

3.3 Adversarial rewards with full information

In the adversarial setting with full information, we now assume that there is a set of (un-
known) reward functions (r;),<;<r defined before the game. At the end of each round ¢, we
observe the full function r;. The following Hedge algorithm enables to achieve high perfor-
mance bounds in the worst case scenario. Note that here the set A does not need to be finite.
In the case A is finite, the reference measure vy is simply the counting measure, while in the
general case it is chosen so that vg(.A) < co. However in the later case, the following algo-
rithm is only theoretical for it may not be possible to sample exactly from the distributions
proposed p;. This is discussed for instance in Narayanan and Rakhlin (2010) and in Maillard
and Munos (2010b).

A regret analysis similar to the partial information setting can be done for this algorithm,
and using standard tools from convex analysis, we can extend both algorithm and analysis
to provide very powerful results for online prediction that we do not report here (see for
instance Bartlett et al. (2007), Stoltz (2005)). Note, however, that the optimal value for the
parameter 1 = 7, is still an opened question, as explained for instance in chapter 3 of Stoltz
(2011), where it is shown that a data-dependent value for 1 exhibits much better behavior in
practice than the standard data-independent optimal value (yet with no theoretical analysis).

The following theorem shows another nice property of this algorithm. and was mentioned
in Narayanan and Rakhlin (2010). Here, we derive this result using exponential families.
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Parameter: n > 0, reference measure g
For all t =1..T,

e Define the distribution

exp(—n i) rs(a)) .
fAeXP 7723 17”5( ))vo(db)

pi(a) =

e Select the arm a; ~ py .

Figure 1.7: The Hedge algorithm

Theorem 1.9 (Full information performance bound for Hedge) Let A be a random
variable with distribution q, and consider the algorithm Hedge. Then we have the following
equality,

T T T

E[Z re(ar) — Zrt(A)] ="' (K(g,m) = K(g,pr1)) +07" Z K(pt, prs1)-

t=1 t=1 t=1
Proof: We write p; = pe, () and thus see p; as a member of the exponential family generated
by (7¢)i<r, with parameter
0,(n) = (-n,...,—n,0,...,0) € RT.

By direct application of equation (1.4), we have that

KD,y Poca ) = MBanpy,,, (1e(@)) = 2(6:(n)) + 2(0r41(n)

thus we deduce that

T

Y By, (ri(a)) = % > Koy Poaon) + %[2(91 (m) = 2(0r+1(n))] -

t=1

Now by definition of the normalization function z, we have for all a € A,

(00 (0. (1) = tog (P20 ) ans

Pe () (@)

Thus, by taking the expectation over ¢ and reorganizing the terms, we get:

T

anq(z Ts(“)) - %[]C(vaﬁ(ﬁ)) - IC(Q7p9T+1(77))] + %[2(91 (77)) - Z(GT—H(U))] )

s=1
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which concludes the proof. O

This Theorem is interesting especially since it provides an equality and not only an in-
equality on the performance of the algorithm, also due to presence of the target distribution
q. For instance, the external regret corresponds to the case when ¢ is a Dirac distribution. In
a more general case, this result is the basis used in Narayanan and Rakhlin (2010) in order to
prove a regret bound for this algorithm when the reward functions are assumed to be linear.
See chapter 3 for an analysis of this algorithm in the case when the reward functions are
assumed to be only Lipschitz.

3.4 Stochastic rewards with partial information

The exponentially weighted algorithms have been introduced to handle the adversarial bandit
setting, which fundamentally differs from the stochastic bandit setting, and thus it is generally
thought that they are not suitable for the stochastic setting. However, it appears that,
interestingly enough, one can actually define such an algorithm using exponential weights to
get high performance bounds in the stochastic setting as well. This is what we show in the
following analysis, where we introduce the algorithm that we call the exponentially weighted
stochastic algorithm, or simply EwS.

Forall t =1..T,

e Define the empirical gaps

At ¥ max g -1
at — wea HKa! N¢(a') — Ha,Ni(a) -

e Define the distribution

~

)déf eXP(—QNt—l(a)Ag,tq)
>ben eXp(—2Ne (b)Ag,t—ﬂ

pt((l

e Select the arm a; ~ p;.

Figure 1.8: The exponentially weighted stochastic (EwS) algorithm

Theorem 1.10 (Regret bound for EwS) For all c, > 0, the expected number of times the
Ezponentially-weighted stochastic algorithm (EwS) pulls arm a satisfies
o (1+c,)?log(T) 1

E[Nr(a)] < oA + 7 + 14 Clca),
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where

A1+ ¢,)? 32|A[(1 + ¢,)?
(bl | 21A0+ e
AN Y
Note that the constant C(c,) in the above Theorem is not optimized and a more careful

analysis may lead to better constants. The interesting part is the leading term that depends
on log(T). Indeed, Pinsker’s inequality entails that the lower bound K(v,,v*) > 2A? is an

C(ca) <

is the right

. .. . log(T)
dependency. Note also that by optimizing over c,, we get exactly the leading term = A2

(with constant 1) and a second order term O(log(7T")%/3).
Proof: Step 1. First, using the definition of the initialization step, for all u > 0 we have

optimal (first-order) approximation and thus the asymptotic behavior A2

T
E[NT(G)} < u+t E(Z ]I{At:a and Ntl(a)>u}>
t=1

1 T—1
< u+ W + E(;H{Atﬂza and Nt(a)>”}> .

Then, we also have the following inclusion of events

e g m R, <2l e fp ez LBe
M 5\?682{”&]\71&(&) at X =\ Ma,Ni(a) Ha = Er-

1+¢ 1+4+c¢
A, ~
Indeed, on the first event, we have that Tro > Ay — €+ g — [la,N,(a)- Therefore, we deduce
that
T-1
E[Nr(a)] < u+ A + Z]P’{u* —e> Igléﬁ(ﬁm]\ft(a) and Ny(a) >u and Ay = a}
T-1 - A
+ ]P){//i\a,Nt(a) — g = 7 —l—ac —¢ and A;q = a and Ny(a) > u}
I
+ ]P){Awt > 7 :C and A1 = a and Ny(a) > u} . (1.6)

Step 2. The third sum in (1.6) is handled by definition of the algorithm, since by
definition of p;, 1, we have that

and N;(a) > u} < exp(—2u( = )2);

]P{A —a|A,,; >
t+1 @| it 1+e

1+c¢

def (1+4c)2log(T

now by choosing u = T) we deduce that
Tlp{ﬁ > 24 and Ay = a and Ni(a) > } < T (—2(1+c)210g(T)( = )2>
a,t ]_—|—C an t+1 — @ al tla u NS exp QAE 1te

t

Il
=)

< 1.
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Step 3. The second sum in (1.6), can be rewritten using the notations of Section 1.2.
By introducing the stopping times 7,5 and the random variables X, = Y7, ,, then on the
event {N;(a) = k}, we have the rewriting

?rlr—t

,aa,Nt(a) = /ja,k where

Using these notations, we resort to Hoeffding’s inequality, whose application is legitimate

since € < ﬁ“; the second sum in (1.6) is bounded by
T—1
~ cA, ~ cA,
ZP{Ma,Nt(a) — Ha P 1+c —¢ and At+1 = CL} - ZP{,U/a,k — Ma = 1+c _5}
=1 k>1
cA
< —2k(—= —¢)?).
Z eXp( (1 + IS 6) )

Step 4. The first term in (1.6). We define Q = "2/¢" and introduce for all 1 <k < T
and 1 < ¢ < @ the three following events

Eiy = {u* —e> mfﬁ(ﬁa,z\/ﬁ(a) and Ny(a*) = k’} R {,u* — o i € (%a, %] } 3
ac

and finally E; ., = Eyp N Ej4; the first term in (1.6) is thus bounded by

!

-1
P{M* — &> max i, N,(q) and A1 = a} =
7 acA »

T-1

E{ZH{EHW and Ay, = a}}

t=1

-1
Z:OP{Z {Etkqand Ag= a} /m},

where we used the fact the term under the expectation sign is a positive random variable in
the last line. We focus on the probability term; using the stopping times introduce in step
3, we get

M@

t 1

}—l)—‘

k=
T—

I
Mo

1

el

=1

Q
Il

T-1 m
]P{Z H{Et,k,q and At+1=a} > m} - P{ﬂ{ESkakvq and Ta*k = Sk, and Ask,l+1 = a}}
t=1 (sk)icm =1
m
=P(Ek,q) Z {m{Eé’k ke and Tox = sp and Ag 41 = a} | Ek,q} '
(Sk,1)1<m =1

m m i—1
We now apply the chain rule P{ﬂ Bl} = HIP’{Bi | ﬂ Bl} first to the events
=1 i=1 1=1

def

Bl - {ESk,ZVk; and Ta*Jf — 5]4;7[ and Ask,l+1 = a} ,
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and then to the elements of each Bj; we get

i—1 i—1
P{Bi|(\BiNEry} = P{Ay 1 =al()Brand By gand 7aep = s}
=1 =1
i—1

IED{TQ*JC = Sk, and Esk,i,k ‘ ﬂ Bl N Ek,q} .
=1

i—1
Finally under the event {ﬂ By and Eg, , x and To p = sk,i}, we have the property that

~

At sy S =€~ flarp < (q+ 1)5/2 — . Thus for all i < m we get, by definition of the
algorithm,
1 1
(@) > resp(—2V,, (@)B2,,,) > o exp(=2k((a ~ e/2P).

So far we have proved that

T-1 T-1 T-1 1
2\\m
le{tggﬂ{% and Az} ZMf S D BBy (1 = 7 xp(-2k((a = 1e/2)" x

m i—1
HP{Ta*,k = Sk,i and Esm,k | ﬂ Bl and Ek,q } s
(sk,1)igm =1 =1
where the last sum in this expression is upper-bounded by 1, and where the term P(E},) is
bounded by exp(—2k(qe/2)?) by application of Hoeffding’s inequality.
Thus, all in all, we get the following inequalities
Q T-1

* ~ — o 2 _ 2
1 P{u € > MAX flg, Ny (a) and Ay a} < JA| q; kzl exp(—2k(qe/2)%) exp(2k((q — 1)e/2)7)

~

t

Al
(1 —exp(—£2/2))(1 — exp (—€?))

Step 5. We conclude by combining the three sums of equation (1.6) together.

(1+c)log(T) 1 1 Al
28 A T ep(2(@ -9 (e (/2 - e (=)

1+4+c

E[NT(G)] <

“Aa by setting e L _cda and by using the fact that

Then, since this is valid for all € <

1+c 2(1+0)
for all w > 0 one has e™ < 1 —u+u?/2, and 1 —e™* > u/2 for u € [0,1], we deduce that
(1+c¢)*log(T) 1 1 8| A|
E{N < — 1
aa o8 AT @
(1+c)?log(T) 1 4(1 + c)? 32|A|(1 + ¢)?
< — + 1+ ——— 1+ —].
oz At ea M aa
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4 Limitations of the bandit setting

In this section, we wonder to which extent the bandit approach may be used to handle quite
difficult problems, when the player is not facing a set of arms with fix laws, but evolving
laws.

A puzzling example. Actually, let us consider the following adversarial bandit problem
with two actions A = {0, 1} suggested by Peter Auer, and defined by a simple automaton
with two states, deterministic transitions and rewards. More precisely, if action a; is played
at time ¢, then we define r;(a;) = r(as, a;—1), where r is defined by r(0,0) = 1/3, r(1,0) = 0,
r(0,1) = 2/3 and finally r(1,1) = 1/2. It is summarized in Figure 1.9.

0

1/3 1/2

2/3
Figure 1.9: A puzzling example.

For such an opponent, the optimal constant strategy in the sense of minimizing (external)
regret in hindsight is to play 0, since 1/3 > 0, and 2/3 > 1/2. But on the other hand, the
constant strategy that always plays 1 achieves higher cumulative reward. Thus minimizing
the regret in hindsight differs from maximizing the cumulative reward. What does that mean
o

First, note that even worse, we can build similar examples for which the constant strat-
egy that maximizes the cumulative reward actually maximizes the regret, and the constant
strategy that minimizes the regret also minimizes the cumulative reward. Thus, everything
seems to go wrong.

Failure of the bandit approach. Let us try to understand which appropriate notion of
regret would enable to maximize the cumulative reward. Actually, it appears that learning
in hindsight corresponds to learning with a horizon (or look-ahead) 1. Indeed, at time ¢, we
consider the history h.; and try to figure out which action may lead to maximal cumulative
reward from this point, but we do not look the consequences if we had played a different
action at time ¢t — 1. In the previous example, this is what prevents us to play constantly
action 1, since we need to consider a horizon of at least 3 to figure out that constantly playing
1 is better than 0. Thus, in order to maximize the cumulative reward in such a problem, we
need to consider other definition than the regret in hindsight, which means that the notion
of bandit itself is not suitable for such a goal. What we can do is to see this problem from a
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reinforcement learning perspective, for which the time horizon is greater than one (depending
on the discount factor A). Such an approach would solve our problem. This shows a limitation
of the bandit approach, and at the same time that regret in hindsight may not be always a
good thing. But this is not the end of the story.

Failure of the reinforcement learning approach. FEven worse, one could think that
such a problem will not appear with a reinforcement learning point of view. Actually, it
is easy to build a similar problem for which we need a look-ahead horizon n to learn that
action 1 gives higher cumulative reward than action 0. More precisely, we can choose the
rewards so that after we have played one 0, playing a sequence of ones of length s for any
s < n always gives lower cumulative reward than playing anything else for the same amount
of time. This means that, since we need to choose action 0 at some point, i.e. explore, to be
consistent, we will experience the seemingly worst strategy for a possible long term, thus an
algorithm has to be fairly confident about the required horizon: you have to accept playing
for n—1 steps an action that gives a low immediate reward before seeing the benefit of such a
strategy. Without prior knowledge of the required look-ahead, we need to consider an infinite
look-ahead; note that considering a discounted reinforcement learning does not help much
and only undiscounted reinforcement learning can handle such an issue in general, which is
a hard setting.

This remark raises the philosophical question to know whether it is always good to try
to maximize the cumulative reward at the price of experiencing very bad regret (i.e. in
hindsight). Indeed finding the strategy that provides the best cumulative reward whatsoever
is difficult and may not be possible in the general case since there are classes of opponent
that are just not learnable (see Ryabko and Hutter (2008)), whereas on the other hand, all
classes are learnable from a bandit perspective, i.e. when we consider the regret in hindsight,
making use of algorithms such as Exp3. A better approach would be to build an algorithm
that is adaptive to the smallest look-ahead that makes a given problem learnable, but such a
difficult question is not currently addressed, for there are plenty of other questions to answer
before, like for instance in the case of discounted reinforcement learning setting.



CHAPTER 2
A Finite-Time Analysis of Multi-armed

Bandits Problems with Kullback-Leibler
Divergences.

In this chapter, we analyze the stochastic multi-armed bandit setting and more precisely the
gap that appears between, on the one hand, the distribution-dependent asymptotic bounds
that were derived in Lai and Robbins (1985) and later in Burnetas and Katehakis (1996),
which makes appear the Kullback-Leibler divergence between distributions of arms, and, on
the other hand, the distribution-dependent non-asymptotic bounds that were derived for
UCB-like algorithms in Auer et al. (2002) and later in Audibert et al. (2009),Audibert and
Bubeck (2010) or Auer and Ortner (2010), which that makes appear only first or second
moments of the distributions of arms.

The former bounds match the asymptotic lower bound, but are only asymptotic and
until recently only hold for specific classes of distributions like finite-dimensional parametric
distributions - the asymptotic result has been generalized in Honda and Takemura (2010a) for
arbitrary classes of distributions; while the later bounds using the UCB algorithms are non-
asymptotic and hold for arbitrary distributions (with support included in [0, 1]). Moreover,
as mentioned in experimental studies by Filippi (2010),Honda and Takemura (2010a) or
Garivier and Cappé (2011), the Kullback-Leibler-based algorithms experimentally achieve
significantly better performance than the UCB-like algorithms. Unfortunately these bounds
do not match the asymptotic lower bounds.

We partially fill this gap by considering a Kullback-Leibler-based algorithm for the stochas-
tic multi-armed bandit problem in the case of distributions with finite support, whose asymp-
totic regret matches the lower bound of Burnetas and Katehakis (1996), and by providing a
finite-time analysis of this algorithm.

This work is a joint work with Gilles Stoltz!, with whom it is very pleasant to work, and
has been accepted for publication in the 24th annual Conference On Learning Theory (COLT
2011), see Maillard et al. (2011). I also wish to thank Peter Auer for insightful discussions
while he visited the Sequel. Team, and Daniil Ryabko for regular discussions about this work.

1Ecole normale supérieure, Paris & HEC, Paris
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1 Introduction

The stochastic multi-armed bandit problem, introduced by Robbins (1952), formalizes the
problem of decision-making under uncertainty, and illustrates the fundamental tradeoff that
appears between ezploration, i.e., making decisions in order to improve the knowledge of the
environment, and exploitation, i.e., maximizing the payoff.

Setting. In this chapter, we consider a multi-armed bandit problem with finitely many
arms indexed by A, for which each arm a € A is associated with an unknown and fixed
probability distribution v, over [0,1]. The game is sequential and goes as follows: at each
round ¢ > 1, the player first picks an arm A; € A and then receives a stochastic payoff Y;
drawn at random according to v4,. He only gets to see the payoff Y;.

For each arm a € A, we denote by u, the expectation of its associated distribution v,

and we let a* be any optimal arm, i.e., a* € argmax [, .
acA
We write p* as a short-hand notation for the largest expectation u,+« and denote the gap of

the expected payoff u, of an arm a € A to pu* as A, = p* — p,. In addition, the number of
times each arm a € A is pulled between the rounds 1 and T is referred to as Ny (a),

T
Nr(a) €D Liaa
t=1
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The quality of a strategy will be evaluated through the standard notion of expected regret,
which we recall now. The expected regret (or simply regret) at round 7" > 1 is defined as

T
T =Y Y
t=1

where we used the tower rule for the first equality. Note that the expectation is with re-
spect to the random draws of the Y; according to the v,4, and also to the possible auxiliary
randomizations that the decision-making strategy is resorting to.

def

Ry =E =K

T:u* - Z/J’At] = ZAa E[NT(CL)} ) (21)

acA

The regret measures the cumulative loss resulting from pulling sub-optimal arms, and
thus quantifies the amount of exploration required by an algorithm in order to find a best
arm, since, as (2.1) indicates, the regret scales with the expected number of pulls of sub-
optimal arms. Since the formulation of the problem by Robbins (1952) the regret has been
a popular criterion for assessing the quality of a strategy.

Known lower bounds. Lai and Robbins (1985) showed that for some (one-dimensional)
parametric classes of distributions, any consistent strategy (i.e., any strategy not pulling sub-
optimal arms more than in a polynomial number of rounds) will despite all asymptotically
pull in expectation any sub-optimal arm a at least

E[Nr(a)] > (K( !

Vg, V)

+ 0(1)) log(T)

times, where K(v,, v*) is the Kullback-Leibler (KL) divergence between v, and v*; it measures
how close distributions v, and v* are from a theoretical information perspective.

Later, Burnetas and Katehakis (1996) extended this result to some classes of multi-
dimensional parametric distributions and proved the following generic lower bound: for a
given family P of possible distributions over the arms,

+ 0(1)) log(T), where  KCine(va, 1) o inf  K(v,,v),

veP: E(v)>p*

E[Nr(a)] > (W

with the notation E(v) for the expectation of a distribution v. The intuition behind this
improvement is to be related to the goal that we want to achieve in bandit problems; it is
not detecting whether a distribution is optimal or not (for this goal, the relevant quantity
would be K(v,,*)), but rather achieving the optimal rate of reward p* (i.e., one needs to
measure how close v, is to any distribution v € P whose expectation is at least u*).

Known upper bounds. Lai and Robbins (1985) provided an algorithm based on the
KL divergence, which has been extended by Burnetas and Katehakis (1996) to an algorithm
based on Ci¢; it is asymptotically optimal since the number of pulls of any sub-optimal arm
a satisfies

E[Nr(a)] < (m

+ 0(1)) log(T) .
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This result holds for finite-dimensional parametric distributions under some assumptions, e.g.,
the distributions having a finite and known support or belonging to a set of Gaussian distribu-
tions with known variance. Recently Honda and Takemura (2010a) extended this asymptotic

result to the case of distributions P with support in [0,1] and such that u* < 1; the key

ingredient in this case is that Kie(va, p*) is equal to Kyin(Va, p1*) o inf,cp. p)sp Ko, v).

Motivation. All the results mentioned above provide asymptotic bounds only. However,
any algorithm is only used for a finite number of rounds and it is thus essential to provide a
finite-time analysis of its performance. Auer et al. (2002) initiated this work by providing an
algorithm (UCBI1) based on a Chernoff-Hoeffding bound; it pulls any sub-optimal arm, till
any time T, at most (8/A2)logT + 1 + m%/3 times, in expectation. Although this yields a
logarithmic regret, the multiplicative constant depends on the gap A2 = (u* — p,)? but not
on Kint(va, #*), which can be seen to be larger than A2?/2 by Pinsker’s inequality; that is,
this non-asymptotic bound does not have the right dependence in the distributions. (How
much is gained of course depends on the specific families of distributions at hand.) Audibert
et al. (2009) provided an algorithm (UCB-V) that takes into account the empirical variance
of the arms and exhibited a strategy such that E[Ny(a)] < 10(62/A2 +2/A,)log T for any
time T (where o2 is the variance of arm a); it improves over UCB1 in case of arms with small
variance. Other variants include the MOSS algorithm by Audibert and Bubeck (2010) and
Improved UCB by Auer and Ortner (2010).

However, all these algorithms only rely on one moment (for UCB1) or two moments (for
UCB-V) of the empirical distributions of the obtained rewards; they do not fully exploit the
empirical distributions. As a consequence, the resulting bounds are expressed in terms of
the means i, and variances o2 of the sub-optimal arms and not in terms of the quantity
Kint(Va, p*) appearing in the lower bounds. The numerical experiments reported in Filippi
(2010) confirm that these algorithms are less efficient than those based on K.

Our contribution. In this work we analyze a Kj,¢-based algorithm inspired by the ones
studied in Lai and Robbins (1985), Burnetas and Katehakis (1996), Filippi (2010); it indeed
takes into account the full empirical distribution of the observed rewards. The analysis is
performed (with explicit bounds) in the case of Bernoulli distributions over the arms. Less
explicit but finite-time bounds are obtained in the case of finitely supported distributions
(whose supports do not need to be known in advance). Finally, we pave the way for handling
the case of general finite-dimensional parametric distributions. These results improve on
the ones by Burnetas and Katehakis (1996), Honda and Takemura (2010a) since finite-time
bounds (implying their asymptotic results) are obtained; and on Auer et al. (2002), Audibert
et al. (2009) as the dependency of the main term scales with i (v, 1*). The proposed Cips-
based algorithm is also more natural and more appealing than the one presented in Honda
and Takemura (2010a).

Recent related works. Since our initial submission of the present work, we got aware of
two papers that tackle problems similar to ours. First, a revised version of Honda and Take-
mura (2010b, personal communication) obtains finite-time regret bounds (with prohibitively
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large constants) for a randomized (less natural) strategy in the case of distributions with finite
supports (also not known in advance). Second, another paper at this conference (Garivier and
Cappé, 2011) also deals with the K—strategy which we study in Theorem 2.1; they however
do not obtain second-order terms in closed forms as we do and later extend their strategy to
exponential families of distributions (while we extend our strategy to the case of distributions
with finite supports). On the other hand, they show how the K-strategy can be extended
in a straightforward manner to guarantee bounds with respect to the family of all bounded
distributions on a known interval; these bounds are suboptimal but improve on the ones of
UCB-type algorithms except maybe for UCB-V.

2 Definitions and tools

Let X be a Polish space; in the next sections, we will consider X = {0,1} or X = [0,1]. We
denote by P(X) the set of probability distributions over X and equip P(X’) with the distance
d induced by the norm || - || defined by ||v|| = supc. | [, f dv|, where £ is the set of Lipschitz
functions over X', taking values in [—1, 1] and with Lipschitz constant smaller than 1.

Kullback-Leibler divergence: For two elements v, k € P(X), we write v < k when v is
absolutely continuous with respect to x and denote in this case by dv/dk the density of v
with respect to k. We recall that the Kullback-Leibler divergence between v and « is defined
as

K(v, k) = / % log j—y dr if v < K; and K(v,k) =+oo otherwise. (2.2)
[071] K K

Empirical distribution: We consider a sequence X, X5, ... of random variables taking

values in X', independent and identically distributed according to a distribution v. For all
integers t > 1, we denote the empirical distribution corresponding to the first ¢ elements of

t
. 1
Vtzgszléxt.

the sequence by

Non-asymptotic Sanov’s Lemma: The following lemma follows from a straightforward
adaptation of Dinwoodie (1992, Theorem 2.1 and comments on page 372). Details of the
proof are provided in the appendix.

Lemma 2.1 Let C be an open convex subset of P(X) such that A(C) = 1161£ K(k,v) < .

Then, for allt > 1, one has the property that
P, {7, € C) < O

where C is the closure of C.
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This lemma should be thought of as a deviation inequality. The empirical distribution
converges (in distribution) to v. Now, if (and only if) v is not in the closure of C, then
A(C) > 0 and the lemma indicates how unlikely it is that 7 is in this set C not containing the
limit v. The probability of interest decreases at a geometric rate, which depends on A(C).

3 Finite-time analysis for Bernoulli distributions

In this section, we start with the case of Bernoulli distributions. Although this case is a
special case of the general results of Section 4, we provide here a complete and self-contained
analysis of this case, where, in addition, we are able to provide closed forms for all the terms
in the regret bound. Note however that the resulting bound is slightly worse than what could
be derived from the general case (for which more sophisticated tools are used). This result
is mainly provided as a warm-up.

3.1 Reminder of some useful results for Bernoulli distributions

We denote by B the subset of 73([0, 1]) formed by the Bernoulli distributions; it corresponds
to B = P({0,1}). A generic element of B will be denoted by S(p), where p € [0,1] is the
probability mass put on 1. We consider a sequence X1, X5, ... of independent and identically
distributed random variables, with common distribution §(p); for the sake of clarity we will
index, in this subsection only, all probabilities and expectations with p.

t
1 .
For all integers ¢t > 1, we denote by p; = n E X; the empirical average of the first ¢
s=1
elements of the sequence.

The lemma below follows from an adaptation of Garivier and Leonardi (2010, Proposi-
tion 2). The details of the adaptation (and simplification) can be found in the appendix.

Lemma 2.2 Forallp € [0,1], alle > 1, and allt > 1,

Py (O{s K(B(ﬁs), B(p)) > a}) < 2e [elogt] e,

s=1

In particular, for all random variables Ny taking values in {1,... t},
IF’p{Nt IC(B(}’)\M), ﬁ(p)) > 5} < 2e (alogﬂ e .

Another immediate fact about Bernoulli distributions is that for all p € (0, 1), the map-
pings K., : ¢ € (0,1) — K(B(p), 8(¢)) and K,,. : ¢ € [0,1] — K(B(q), 8(p)) are continuous
and take finite values. In particular, we have, for instance, that for all ¢ > 0 and p € (0,1),
the set

{q €[0,1]: K(B(p).B(a) < a}
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is a closed interval containing p. This property still holds when p € {0, 1}, as in this case,
the interval is reduced to {p}.

3.2 Strategy and analysis

We consider the so-called K-strategy of Figure 2.1, which was already considered in the
literature, see Burnetas and Katehakis (1996), Filippi (2010). The numerical computation
of the quantities BZ ; 18 straightforward (by convexity of K in its second argument, by using
iterative methods) and is detailed therein.

Parameters: A non-decreasing function f: N — R
Initialization: Pull each arm of A once

For rounds t 4+ 1, where t > | A|,

— compute for each arm a € A the quantity

By, = max {q €10,1]: Ni(a) K(B(uviw): B@)) < f(t)} ,
here i, - Z Yy
w ,U/a,Nt(a) - Nt(a) S
— in case of a tie, pick an arm with largest value of //Za,Nt(a);

— pull any arm A, € argmax B, .
acA ’

Figure 2.1: The K-strategy.

Before proceeding, we denote by 02 = ,(1 — p,) the variance of each arm a € A (and
take the short-hand notation ¢*? for the variance of an optimal arm).

Theorem 2.1 (Regret bound for the K-strategy) When p* € (0, 1), for all non-decreasing
functions f : N — R, such that f(1) > 1, the expected regret Ry of the strategy of Figure 2.1
is upper bounded by the infimum, as the (cq)aca describe (0,+00), of the quantities

1+c,) f(T — e 1+ c,)?
2 A (lc((ﬁ(uj),) Sy e 3 0 oat] e e Hcony 3) |

For p* =0, its regret is null. For p* =1, it satisfies Ry < 2(|A] — 1).

A possible choice for the function f is f(t) = log((et)log®(et)), which is non decreasing,
satisfies f(1) > 1, and is such that the second term in the sum above is bounded (by a
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basic result about so-called Bertrand’s series). Now, as the constants ¢, in the bound are
parameters of the analysis (and not of the strategy), they can be optimized. For instance,
with the choice of f(t) mentioned above, taking each c, proportional to (logT)~'/3 (up to a
multiplicative constant that depends on the distributions v,) entails the regret bound

log T’
A, ,
D RO

where it is easy to give an explicit and closed-form expression of 7; in this conference version,
we only indicate that ez is of order of (log T)*? but we do not know whether the order of
magnitude of this second-order term is optimal.

Proof:  We first deal with the case where u* ¢ {0,1} and introduce an additional notation.
In view of the remark at the end of Section 3.1, for all arms a and rounds ¢, we let B, be
the element in [0, 1] such that

{q e0.1]: Ni(a) K(B (i) B(0) < f(t)} = [Boy B (2:3)

As (2.1) indicates, it suffices to bound Np(a) for all suboptimal arms a, i.e., for all arms such
that p, < p*. We will assume in addition that p, > 0 (and we also have p, < pu* < 1); the
case where p, = 0 will be handled separately.

Step 1: A decomposition of the events of interest. For ¢ > | A|, when A, = q,
we have in particular, by definition of the strategy, that B;C ;= B;Z’t. On the event

{Avi=a} 0 {w € [Boy BE} 0 {ua€ (B BLY

we therefore have, on the one hand, p* < B;th < B;ft and on the other hand, B, , < pq < %,
that is, the considered event is included in { W e [B_ BZ t} } We thus proved that

a,tr

{At+1 = a} - {,U* ¢ [B(;*,tv B;r*,t}} U {,Ua Z [Bc;tv sz,t]} U {N* € [B;,t? B;t]}'

Going back to the definition (2.3), we get in particular the inclusion
{At+1 - a} g {Nt( (ﬁa*7Nt(a*))’ B(:u*)> > f(t)}

a*) IC(B
0 {N0) K (3. ) > 106}

v ({Nt@ K (B (i) 1)) < f(t)} N { A :a}> .

Step 2: Bounding the probabilities of two elements of the decomposition. We
consider the filtration (F;), where for all ¢ > 1, the o—algebra F; is generated by A;, Y, ...,
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A, Y;. In particular, A;yy and thus all Niyq(a) are Fy—measurable. We denote by 7,1 the
deterministic round at which a was pulled for the first time and by 7,9, 743, ... the rounds
t > | Al + 1 at which a was then played; since for all k£ > 2,

Tor =min{t > [A|+1: Ny(a) =k},
we see that {Ta,k = t} is Fi_1—measurable. Therefore, for each k£ > 1, the random variable 7, j
is a (predictable) stopping time. Hence, by a well-known fact in probability theory (see, e.g.,
Chow and Teicher 1988, Section 5.3), the random variables )Z,Lk =Y, ,, where k =1,2,...
are independent and identically distributed according to v,. Since on {Nt(a) = k}, we have
the rewriting

k
~ - - 1 ~
Ha,Ni(a) = Ha,k where Hak = 2 ; Xaj s

and since for t > |A| + 1, one has Ny(a) > 1 with probability 1, we can apply the second
statement in Lemma 2.2 and get, for all ¢t > |A| + 1,

P{M(a) K (B (i viiw) Blua)) > f(t)} < 2e[f(t)logt] e/

A similar argument shows that for all ¢t > |A| + 1,
P{Nt(a*) K(ﬁ(ﬁa*,m(a*)), 5(M*)> > f(t)} < 2¢ [f(t)logt] e

Step 3: Rewriting the remaining terms. We therefore proved that

T-1 T-1
E[Nr(a)] <1+4e Y [f(t)logt]e /W + 3~ P({M(a) K (B w))s B4 < f(t)} N {4 = a})
t=|Al t=|Al

and deal now with the last sum. Since f is non decreasing, it is bounded by

% P(Kt N {Atﬂ = a}) where K, = {Nt(a) K(ﬁ(ﬁa’Nt(a))’ 5(”)) < f(T)}.

t=|A|
T-1 T—-1
Now, 3 P(Kin {Awi=a})=E| > Ty}l | =B DT k<T}JIKTa,k_1] .
t=I4| 1=|4| k2 T

We note that, since N;, ,_1(a) =k — 1, we have that

Koot = { =) K (8(cr), 5()) < 5D}
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All in all, since 7,4 < T implies k¥ < T — |A| 4+ 1 (since each arm is played at least once
during the first |.A| rounds), we have

T—|Al+1 T—|A|+1
DL et ] <E{ Z Ik, , ] = ]P’{(k:—l) K (B (fias)s A1) <f(:r>}.

E
k>2 k=2

Step 4: Bounding the probabilities of the latter sum via Sanov’s lemma. For
each v > 0, we define the convex open set C,, = {5((]) €eB: K(B(q), B(p")) < 7}, which is a
non-empty set (since p* < 1); by continuity of the mapping IC. ,+ defined after the statement
of Lemma 2.2 when p* € (0, 1), its closure equals C., = {5((]) eB: K(B(q), B(p")) < 7} .

In addition, since y, € (0,1), we have that K(B(g), B(1a)) < oo for all ¢ € [0,1]. In
particular, for all v > 0, the condition A(C,y) < oo of Lemma 2.7 is satisfied. Denoting this
value by

(%) =mf{/c<6<q>, Blua) : Blg) € B such that K(B(q), B(1")) @},

we get by the indicated lemma that for all £ > 1
P{K(ﬁ(ﬁa,k)y 5(/L*)> < 7} = P{ﬁ(ﬁa,k) c Ev} < e k0 |

Now, since (an open neighborhood of) S(i,) is not included in C, as soon as 0 < v <
K(B(1a), B(1*)), we have that 6,(y) > 0 for such values of 7. To apply the obtained
inequality to the last sum in (2.4), we fix a constant ¢, > 0 and denote by kg the following

((;z;c;) ;EZZ))} , so that f(T)/k < ’C(ﬁ(ua), 5(#*))/(1 te) <

K(B8(tta), B(u*)) for k > ko, hence,

upper integer part, ko = |7/C

Tglp{(’“‘”’C@(ﬁa:k—l)”(*‘”) )} < kXT)P{ (8(7.). ﬁ(u*>)<@}

< k:o—1+z exp( )/k:))

k=ko

Since 0, is a non-increasing function,

k=ko

Zexp(—kGa(f(T)/k)> 3 p(—k 0 (K (B1a), %) /(1 + ca))
La(ea) exp(—ho b (K (Ba). (1)) /(1 + ) ) < Lalea),
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—1
where T',(c,) = [1 — exp(—&a(lC(ﬁ(ua), B(ut)) /(1 + ca))ﬂ
Putting all pieces together, we thus proved so far that

a (14 ca) f(T) . oo t] o=/ c
E[Nr(a)] <1+ CANETD) +4 gl;u[f(t)l gt +Ta(ca)

and it only remains to deal with I',(c,).

Step 5: Getting an upper bound in closed form for I',(c,). We will make repeated
uses of Pinsker’s inequality: for p,q € [0, 1], one has IC(B(p), B(q)) >2(p—q)?.
In what follows, we use the short-hand notation ©, = 6,(K(8(xa), B(1*))/(1 + ¢,)) and

therefore need to upper bound 1/ (1—6*9“). Since for all u > 0, one has e™* < 1—u+u?/2, we

1 2 1
et Iy(cy) K ———— < — for ©, < 1, and I'y(¢,) < ——— < 2 for ©, > 1. It thus
et ) S g = e,2) S e, () S 70
only remains to lower bound ©, in the case when it is smaller than 1.
By the continuity properties of the Kullback-Leibler divergence, the infimum in the defi-

nition of @, is always achieved; we therefore let 1z be an element in [0, 1] such that

K(B(a), B(1*))
1+c ’

O, = K(B(). B(pa))  and  K(B(D), B(u")) =

it is easy to see that we have the ordering u, < p < p*. By Pinsker’s inequality, ©, >
2(;7 — MQ)Q and we now lower bound the latter quantity. We use the short-hand notation
f(p) = IC(B (p), B (p*)) and note that the thus defined mapping f is convex and differentiable
on (0, 1); its derivative equals

*

1_
f'(p) = log Mu +1log 2

1—p

for all p € (0,1) and is therefore non positive for p < p*. By the indicated convexity of f,
using a subgradient inequality, we get f (&) — f(ta) = f'(tta) (It — fta) , Which entails, since
F'(pa) <0, ~
l’j_ Lla = f('u’)/_ f(,ua) _ Cq f(/ﬂa) ’ (25)
f (Ma) 1+ Cq _f (ﬂa)
where the equality follows from the fact that by definition of y, we have f (1) = f(pa)/(14ca).
Now, since f’ is differentiable as well on (0, 1) and takes the value 0 at p*, a Taylor’s equality

entails that there exists a £ € (u,, p*) such that

/ K\ ! Y * where " :1 1 — 1
—f"(pa) = f'(1") = [ (1a) = f7(€) (1" — pta) here  f"(€) st

Therefore, by convexity of 7 — 7(1 — 7), we get that

1 > min{,ua(l - ,ua)a /L*(l - lu*)}
—f'(pa) ~ H* = Ha |
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Substituting this into (2.5) and using again Pinsker’s inequality to lower bound f(u,), we

have proved
Cq

1+c¢,
Putting all pieces together, we thus proved that

i — fiq =2 (1 = pta) min{pea(1 = pra), p*(1—p*)} .

(1+ Ca)2

[a(cy) < 2 max 5
803 (/ub* - /vba) <min{ﬂa(1 - ,ua)v M*(l - /JJ*>})

5, 1o

bounding the maximum of the two quantities by their sum concludes the main part of the
proof.

Step 6: For p* € {0,1} and/or p, = 0. When p* = 1, then Jig« n,ax) = 1 for all
t > | Al + 1, so that BJ., = 1 for all t > |A| + 1. Thus, the arm « is played after round
t > |A|+1only if By, = 1 and fig n,o) = 1 (in view of the tie-breaking rule of the considered
strategy). But this means that a is played as long as it gets payoffs equal to 1 and is stopped
being played when it receives the payoff 0 for the first time. Hence, in this case, we have that
the sum of payoffs equals at least T'— 2(|A| — 1) and the regret Ry = E[Tp* — (Y; +...+Y;)]
is therefore bounded by 2(].A| — 1).

When p* = 0, a Dirac mass over 0 is associated with all arms and the regret of all
strategies is equal to 0.

We consider now the case p* € (0,1) and p, = 0, for which the first three steps go
through; only in the upper bound of step 4 we used the fact that p, > 0. But in this case,
we have a deterministic bound on (2.4). Indeed, since K(8(0), B(u*)) = —log u*, we have

kK(8(0), (%)) < f(T) if and only if

R s IO i
—logpr  K(B(ka), B(1*))
which improves on the general bound exhibited in step 4. 0

Remark 1 Note that Step 5 in the proof is specifically designed to provide an upper bound
on I'y(¢,) in the case of Bernoulli distributions. In the general case, getting such an explicit
bound seems more involved.

4 A finite-time analysis in the case of distributions with
finite support

Before stating and proving our main result, Theorem 2.2, we introduce the quantity C;,; and
list some of its properties.
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4.1 Some useful properties of I,y and its level sets

We now introduce the key quantity in order to generalize the previous algorithm to handle
the case of distributions with finite support. To that end, we introduce Ppg ([07 1]), the subset
of P([0,1]) that consists of distributions with finite support.

Definition 2.1 For all distributions v € Pr([0,1]) and p € [0,1), we define
Kint (v, pt) = inf {IC(I/, V) vV ePr([0,1]) st EQ) > ,u},

where E(V') = |

0.1] xd/(x) denotes the expectation of the distribution v'.

We now remind some useful properties of Ki,s. Honda and Takemura (2010b, Lemma 6)
can be reformulated in our context as follows.

Lemma 2.3 Forallv € PF([O, 1]), the mapping Kine(v, - ) is continuous and non decreasing
in its argument p € [0,1). Moreover, the mapping Kine( -, 1) is lower semi-continuous on

Pr([0,1]) for all p € [0,1).

The next two lemmas bound the variation of ICi,¢, respectively in its first and second
arguments. (For clarity, we denote the expectations with respect to v by E,.) Their proofs
are both deferred to the appendix. We denote by || - ||, the ¢*norm on P([0,1]) and recall
that the ¢!-norm of v — v/ corresponds to twice the distance in variation between v and v/

Lemma 2.4 For all p € (0,1) and for all v, V' € PF([O, 1]), the following holds true.

— In the case when B, [(1—p)/(1—X)] > 1, then Kint(v, p) = Kine (v, ) < My, |lv—1/||1,
for some constant M,, > 0.

— In the case when B, [(1 — p)/(1 — X)] < 1, the fact that Ki(v, p) — Kine(V, ) =
a i (v, p) for some o € (0, 1) entails that

1 —p

(2/a) ((2/a) — 1)

lv =Vl >

Lemma 2.5 We have that for any v € Pr([0,1]), provided that p > p —e > E(v), the
following inequalities hold true:

e/ (1 — ) = King(v, 1) — King(v, p — €) > 2¢°

Moreover, the first inequality is also valid when E(v) 2 pu>p—¢e orp> E(v) > p—e.
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Level sets of Ki,;: For each v > 0 and p € (0,1), we consider the set
C.. = {y' e Pr([0,1]) 1 Kus(V/,pt) < 7}
= {V/ e Pp([0,1]) : v, € Pp([0,1]) st. E(v,) >p and K(V/,v,) < 7} .
We detail a property in the following lemma, whose proof is also deferred to the appendix.

Lemma 2.6 For all v > 0 and p € (0,1), the set C,~ is a non-empty open convex set.
Moreover,

Cpury 2 {1/ e Pr([0,1]) : Kine(v', 1) < 7}-

4.2 The Ky —strategy and a general performance guarantee

For each arm a € A and round ¢ with N;(a) > 0, we denote by 7, n,() the empirical
distribution of the payoffs obtained till round ¢ when picking arm a, that is,

1
Aa a) — 0 )
Va,Ny(a) Nt((l) Z Ys

s<t: As=a

where for all = € [0, 1], we denote by d, the Dirac mass on x. We define the corresponding
empirical averages as

R R 1
Ha* Ny(a*) = E(Va*,Nt(a*)) = N,(a) Z Ys.

s<t: As=a

We then consider the Ci¢—strategy defined in Figure 2.2. Note that the use of maxima in the
definitions of the B;f , is justified by Lemma 2.3.

As explained in Honda and Takemura (2010b), the computation of the quantities /C;y¢ can
be done efficiently in this case, i.e., when we consider only distributions with finite supports.
This is because in the computation of ICyy, it is sufficient to consider only distributions with
the same support as the empirical distributions (up to one point). Note that the knowledge
of the support of the distributions associated with the arms is not required.

Theorem 2.2 (Regret bound for the K -strategy) Assume that v* is finitely supported,
with ezxpectation p* € (0,1) and with support denoted by S*. Let a € A be a suboptimal arm
such that p, > 0 and v, is finitely supported. Then, for all ¢, > 0 and all

Caf2

O<5<min{Aa,
1+c¢,

(1 ) fcmf@a,uf)} ,

the expected number of times the Kin—strategy, run with f(t) =logt, pulls arm a satisfies

T

(14 ¢,) logT 1 1 1 S ke 1
E|N <1 —1 _— k41)I571 g=ke
Nr(@)) S ) T e T O T ) LD e

(Ay —¢)? ’
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Parameters: A non-decreasing function f: N — R
Initialization: Pull each arm of A once

For rounds t + 1, where t > |A|,

— compute for each arm a € A the quantity

By, =max{q € [0,1]: Ni(@) Kint (Pa o) @) < F(0)}

where Vg, Ny(a) = Z oy, ;
s<t As=a
— in case of a tie, pick an arm with largest value of i, n,(q);

— pull any arm A;;; € argmax B,
acA ’

Figure 2.2: The strategy ICiyt.

where

log T €
=0
Ou(cq,€) a( T + T M*)

and for all v > 0,

in = [0l
ICinf(Vm N*)

Ou(7y) = inf{lC(z/,ua) sV ost Ke(V, 1) < fy}.
As a corollary, we get (by taking some common value for all ¢,) that for all ¢ > 0,

) logT
ZA +C og +h(c),
acA 1nf(1/a7,u )

where h(c) < oo is a function of ¢ (and of the distributions associated with the arms), which is
however independent of T'. As a consequence, we recover the asymptotic results of Burnetas
and Katehakis (1996), Honda and Takemura (2010a), i.e., the guarantee that

li < A
11m su D ——
T—)oop 108; T acA Kinf(yay H’*)

Of course, a sharper optimization can be performed by carefully choosing the constants
Cq, that are parameters of the analysis; similarly to the comments after the statement of
Theorem 2.1, we would then get a dominant term with a constant factor 1 instead of 1 + ¢
as above, plus an additional second-order term. Details are left to a journal version of this
work.
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Proof: By arguments similar to the ones used in the first step of the proof of Theorem 2.1,
we have

{At+1 = a} C {,u* —e< ﬁa,Nt(a)} U {,u* —&> B;—*ﬂf} U {,u* —€€ [ﬁa,Nt(a)7 B;t]};

indeed, on the event {At+1 = a} N {,u* —e> ﬁa,Nt(a)} N {,u* —e< B;Zi} ,
we have, flgn, ) < 5 — e < B, < BI ¢ (where the last inequality is by definition of the

strategy). Before proceeding, we note that
{u* — ¢ € [flaNi(@) BZJ} c {Nt(a) Kint (Do, vy, 1 =€) < f (t)} ;

since iyt is a non-decreasing function in its second argument and ICinf(V, FE (1/)) = 0 for all
distributions v. Therefore,

T-1 T—1
E[Np(@)] <1+ 3 P{u" = ¢ < fram and Ay =a}+ Y P{ur—e>Bf,}
t=| Al t=| Al
T-1
+ Z ]P{Nt(a) ICinf(l//\aJ\[t(a)’ wo— 6) < f(t) and Ay = a};
t=|A|
now, the two sums with the events “and A;;; = a” can be rewritten by using the stop-

ping times 7, introduced in the proof of Theorem 2.1; more precisely, by mimicking the
transformations performed in its step 3, we get the simpler bound

T—|AJ+1 -1
E[Nr(a)] <1+ Z P{u*—€<ﬁa,k—l}+ ZP{M*—5>B:§¢}
k=2 t=|Al
T—|Al+1

+ Z P{(k — 1) Kint Va1, 1" — ) < f(t)} , (2.6)

where the 7, 5 and /i, s are respectively the empirical distributions and empirical expectations
computed on the first s elements of the sequence of the random variables )Z'a,j =Y, ,;, which
are i.i.d. according to v,.

Step 1: The first sum in (2.6) is bounded by resorting to Hoeffding’s inequality, whose
application is legitimate since pu* — p, — e > 0;

T—|AJ+1 T—| A

Z ]P){/,L*—€</7a7k_1} = Z P{M*_Na_5<ﬁa,k_ﬂa}
k=2 k=1
T—|A]

< Z 6—2k(u*—ﬂa—5)2 < 5 1* I < 1 5
— 1—e" (u*—pa—¢) (Iu* — fha — 5)



4. A finite-time analysis in the case of distributions with finite support 53

where we used for the last inequality the general upper bounds provided at the beginning of
step 5 in the proof of Theorem 2.1.

Step 2: The second sum in (2.6) is bounded by first using the definition of B, ,,
then, decomposing the event depending on the values taken by N;(a*); and finally using the
fact that on {Nt(a*) = k}, we have the rewriting U, n,(a) = Vor and g N,(a) = Ha,k; MOTE
precisely,

=
L

T—-1
> IP’{M* —e> B;Qt} < P{Nt(a*) Kint (Var No(ar)s 1" —€) > f(t)}

t=|A|

s T
L

g
p'g“

)=k and k Kint(Tarpr 1* —€)>f()}

t=|A| k=1
T T-1

< SN Pk Kie s 1 — ) > F) )
k=1 t=|A|

Since f = log is increasing, we can rewrite the bound, using a Fubini-Tonelli argument, as

§ P{u* —e> B;i,t} i { (k Kint (Var s 10* — g)) > t}
k=

=14 1 =] A]

T
Z ]E{ (k ICinf<Da*7k’ [ — g)) ]I{’Cinf(f;a*,k,#*_e)>0}:| .

k=1

T-1

Now, Honda and Takemura (2010a, Lemma 13) indicates that, since u* — e € [0, 1),

Sup ’Cinf (Va IU* - 6) log(l/(l - :u + )) © Kmax;
vePr([0,1])

we define QQ = Kyax/e? and introduce the following sets (V)1<,<0:
V, = {y € Pr([0,1]) 1 (¢— 1) < Kine(v, " —€) < qu}.

A peeling argument (and by using that f~! = exp is increasing as well) entails, for all

]E{f—l (k ’Cinf(’lja*Jm it — 6)) I[{/cmf(%*,k,m—s)>0}] (2.7)
Q
- Z . |:f_1 <k Kinf(ga*’k” M* N 8)> H{;a* kGVq}:|
q=1 ’

Q Q
< Z ]P){I/a* k€ V. } f kqe Z { inf Va* ks H’ - 5) (q - 1)52} f_l(kq€2128)
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where we used the definition of V; to obtain each of the two inequalities. Now, by Lemma 2.5,
when E(ﬁa*,k) < p* — €, which is satisfied whenever Ky,¢ (ﬁa*yk, W — 5) > 0, we have

Kinf(ga*,ku M* — 5) < Kinf (ga*,k7 ,u*) - 252 < K(ga*,ky V*) — 2527
where the last inequality is by mere definition of IC,¢. Therefore,
P{Kinf(;a*’k, wo— 5) > (q — 1)52} < ]P’{IC(DQ*J€7 1/*) > (q+ 1)52} )
We note that for all k > 1, IP’{IC(%*JC, V) > (q+ 1)62} < (k + 1) gkt

where we recall that S* denotes the finite support of v* and where we applied Corollary 2.1
of the appendix. Now, (2.8) then yields, via the choice f = log and thus f~! = exp, that

Q
E|:f1 (k ]Cinf(ga*,ka M* . €>> H{Kinf(ga*hu*_a)>0}:| Z k_|_ |S \ —k(g+1)e? kqs .
9=

J/

-~

=Q (k+1)15*] e=ke?
Substituting the value of (), we therefore have proved that

T

1 1 2
— |S*| —ke
E P{u 5>Ba*t}<€210g(1 " 5) gl(k—l—l) e .

t=|A

Step 3: The third sum in (2.6) is first upper bounded by Lemma 2.5, which states
that

’Cinf (ga,kfb ,U*) - 8/(1 - ,u*) g ]Cinf (Da,kflu /’L* - 6)
for all k£ > 1, and by using f(¢t) < f(T); this gives

T—|A|
P{k Kmf Vaka ,LL - 8) < f(t)}
k=1
T—| A Joe T—| Al
<> P {k Kint (P 17) < f(T) + = m} =y P{aa,k c cmk},
k=1 k=1

where vy, = f(T)/k +¢/(1 — p*) and where the set C,« -, was defined in Section 4.1. For all
v > 0, we then introduce

Ou(7y) = inf{IC(y’, v,): V€ CH*»’Y} = inf{IC(y’wa) VS Euw}>

(where the second equality follows from the lower semi-continuity of X) and aim at bounding
P{Da,k € Eﬂ*ﬁ}'
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As shown in Section 4.1, the set C,« , is a non-empty open convex set. If we prove that
0,(7y) is finite for all v > 0, then all the conditions will be required to apply Lemma 2.1 and
get the upper bound

T4 71
3 P{Da,k e ka} <Y kntn,
k=1 k=1

To that end, we use the fact that v, is finitely supported. Now, either the probability of
interest is null and we are done; or, it is not null, which implies that there exists a possible
value of 7, that is in E,ﬂw; since this value is a distribution with a support included in
the one of v,, it is absolutely continuous with respect to v, and hence, the Kullback-Leibler
divergence between this value and v, is finite; in particular, 6,(7) is finite.

(1 +ca)f(T>w .

Finally, we bound the ,(~;) for values of k£ larger than ko = [
,Cinf (V a ﬂ*)

we have that for all £ > kg, in view of the bound put on ¢,

T ,Cin as * a 2
JO) e Klvas) | cf
ko 1—p* 1+¢, 14+¢,

1+¢,/2

ICinf<Va7,u*) - 1 +e

’Cinf(ya, /L*) . (29)

Yk < Vo =

Since 6, is non increasing, we have

T_l-Al T_‘A‘

Z e~k 0a (k) <ko—1+ Z e~k 0a (k) <ky—1+ 1 o-Oulcar) ’
— e Palca,

k=1 k=ko

provided that the quantity ©,(c,,¢) = b, (%0) is positive, which we prove now.
Indeed for all v € Cy» ,, , we have by definition and by (2.9) that

Kinf(y/a ,U/*) - ’Cinf(Vayﬂ*> < VYo — K:inf<7/a7,u*> < _(<Ca/2)/(l + Ca))lcinf(yanu/*) .

Now, in the case where E,, [(1 — ) /(1 — X)] > 1, we have, first by application of Pinsker’s
inequality and then by Lemma 2.4, that

I 2 1 2 2 (’Cinf(Va M*))Q
IC / A 2 HV Va”l > ICin A * _ICin /% > a ) .
(v va) 2 QMVZW( (Vo 1) = KV, 7)) > S0 M2

since, again by Pinsker’s inequality, Kins(va, %) = (ta — p*)?/2 > 0, we have exhibited a
lower bound independent of +/ in this case. In the case where E,, [(1 — p*)/(1 - X)] <1, we
apply the second part of Lemma 2.4, with a, = (¢,/2)/(1 + ¢,), and get

, IV = w2 _ 1 1 i
K@WJ>__7__>5<@MJWMQ—D>>O

Thus, in both cases we found a positive lower bound independent of v/, so that the infimum
over V' € Cpr y, Of the quantities King (v, 1*), which precisely equals 6, (Vko)» is also positive.
This concludes the proof. O
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Conclusion. We provided a finite-time analysis of the (asymptotically optimal) Kj,i—strategy
in the case of finitely supported distributions. One could think that the extension to the case of
general distributions is straightforward. However this extension appears somewhat difficult (at least
when using the current definition of Ki,¢) for the following reasons: (1) Step 2 in the proof uses
the method of types, that would require some extension of Sanov’s non-asymptotic Theorem to this
case. (2) Step 3 requires to have both 6,(v) < oo for all ¥ > 0 and ,(y) > 0 for v < Kint(Va, 1),
which does not seem to be always the case for general distributions. Exploring other directions
for such extensions is left for future work; for instance, histogram-based approximations of general

distributions could be considered.

5 Technical details

A conference version of this chapter was published in the Proceedings of the Twenty-Fourth
Annual Conference on Learning Theory (COLT’11); this appendix details some material
which was alluded at in this conference version but could not be published therein because
of the page limit.

5.1 Proof of Lemma 2.2

We only provide it for the convenience of the readers since it is similar to the one presented
in Garivier and Leonardi (2010, Proposition 2) or in Garivier and Cappé (2011); it was
however somewhat simplified by noting that the proof technique used leads to a maximal in-
equality, as stated in Lemma 2.2, and not only to an inequality for a self-normalized average,
as stated in the original reference.

Proof: The result is straightforward in the cases p = 0 or p = 1, since then, p, = p almost
surely; in the rest of the proof, we therefore only consider the case where p € (0,1).

It suffices to show the first bound stated in the lemma, since the second one follows by a
decomposition of the probability space according to the values of N;. Actually, we will show

P, (O{s K(ﬁ(ﬁs), 6(]9)) >e¢e and p, > p}) <e (glogﬂ e e,

s=1

and the desired result will follow by symmetry and a union bound.
Step 1: A martingale. For all A > 0, we consider the log-Laplace transform

Yp(A) =logE, [e’\Xl} = log((l - D) +pe’\) ,
with which we define the martingale

Wo(A) = exp(MX1 + ...+ X)) — s, (V).
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Step 2: A peeling argument. We introduce ¢, = 1 and t;, = |y*], for some v > 1 that
will be defined by the analysis. We also denote by K = ’—(log t)/(log 7)-‘ an upper bound on
the number of elements in the peeling.

We also note that by continuity of the Kullback-Leibler divergence in the case of Bernoulli
distributions, for all € > 0, there exists a unique element p. € (p, 1) such that K(5(¢.), B(p)) =
¢; this element satisfies that

’C(ﬁ(Q), 5(?)) ze and g2=p entails q=p..
Denoting by e, = /t), a union bound using the described peeling then yields

IP(L_J s K(8(5), Bp) > = and ﬁs>p})

K th
<SP, {s K(B(5.). Bp)) > = and B, > p}
k=1 s=tr_1
K th _
< ; Py S_Q_I{K(ﬂ(ps% 5(]9)) > T and D, > p}
K 123 K th
= ZPp U{ﬁs)psk} :ZPP U{Xl++Xs_3pak>0}
k=1 s=tp_1 k=1 s=tp_1

Now, the variational formula for Kullback-Leibler divergences shows that for all k, there
exists a A\, such that

ex = K(B(p=)s B(p) = Moy — (M) ;
actually, a straightforward calculation shows that A\, = log (pgk(l — p) — log(p(l — pgk)) >0
is a suitable value. Thus,

ty

iIP’p U {X1+...+Xs—spsk20}
k=1

s=tp_1

123

r| U {exp()\k(X1+...+Xs)—)\kspek) >1}

s=tr—1

173

U {exp()\k(Xl + o+ X)) = st(M) = essk}

s=tr_1

173

ARURUAET

s=tk_1

N

I

M= 1M 10>
&,
i}

~

e
Il
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e~th1ee = Koo/
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where in the last step, we resorted to Doob’s maximal inequality.
Step 3: Choosing ~. The obtained bound equals, by substituting the value of K and
by choosing v =¢/(e — 1),

—e/v __ —e+1 logt —e+1 .
Ke /7" = [(logt)/(log7)| e =t! = Log(»S/(S—l))w e "

the proof is concluded by noting that ¢ > 1 — log(e/(e — 1)) — 1/ is decreasing (its
derivative is negative), with limit 0 at +oo. O

5.2 Details of the adaptation leading to Lemma 2.1

The exact statement of Dinwoodie (1992, Theorem 2.1 and comments on page 372) is the
following.

Lemma 2.7 [Non-asymptotic Sanov’s lemma/ Let C be an open convez subset of P(X) such
that
AC) = ing K(k,v) < 0.
KE

Then, for allt > 1,

]P’V{ﬁt € C} < e A0

We show how it entails Lemma 2.1. Let C be an open convex subset of P(X) and let C
be its closure. We denote by

Cs={veC: dvC)<d}

the d-open neighborhood of C, we have C C Cs for all § > 0. Therefore, by the lemma above,
since A(Cs) < A(C) < o0,

PV{/V\t < 8} § ]P)I,{I//\t € Cd} g eitA(Cé) .

We pick for each integer n > 1 an element k,, such that A(Cij,) = K(k,,v) — 1/n; by
Dinwoodie (1992, proof of Proposition 1.1), the sequence of the k, admits a converging
subsequence K (,), whose limit point x, belongs to C and which satisfies

K(Koo, V) < liminf K(k,,v) = li{sn iglfA(C(;) )

n—oo

Therefore, by taking limits in the above inequality, we have proved the desired inequality,

Py{’y\t e E} < e*t’C(/{ooJ/) < e*t/\(c) .
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5.3 Useful properties of K;,;; and its level sets

Proof of Lemma 2.4: We resort to the formulation of K¢ in terms of a convex opti-
mization problem as introduced in Honda and Takemura (2010b); more precisely, it is shown
therein that

Kine (v, 11) = max{E,, [log(l - X))] xe [0, 1/(1— )] } (2.10)

(where X denotes a random variable distributed according to v), as well as the following

alternative. The optimal value A, of the parameter A indexing the set is equal to 1/(1 — pu)

if and only if E, [(1 — p)/(1— X)] <1, and liesin [0, 1/(1 —p)) if E, [(1 —p)/(1 - X)] > 1.
For all A € [0, 1/(1 — )], we now introduce the function

or:iz €[0,1] — log(1+ Mpu—2)),

which is always continuous on [0, 1); we note also that it is continuous and finite at x = 1
when A < 1/(1 — p). In the latter case, ) is bounded; since it is decreasing, it is easy to get
a uniform bound: for all z,

T+ A get
[oa(@)| < |ea(0)] + [ea(1)] = 108§m = M,.
It then follows that for all A € [0, 1/(1 — p)),
E, [ox(X)] = Ev [ox(X)] < My |lv = /|1 (2.11)

In the case when A\, < 1/(1 — u), we have from the variational formulation (2.10) that
ICinf(V7 ,U/) - K:inf(V/?/JJ) <E, [@Au(X)} —E, [@AV(XH < M)\l/ HV - V/Hl :

Thus, the constant M, , in the statement of the lemma corresponds to our quantity M), in
this case.

We now consider the case where A\, = 1/(1 — p). By (2.11) and variational formula-
tion (2.10), we have that for all A € [0, 1/(1 — p)),

Kint(v, 1) — Kint (', 1) < King (v, 1) — Eu [0 (X)]

- <lCinf(V7 n) —E, [%(X)D + <E1, (oA (X)] — Ev [%(X)D '

The second difference is bounded according to (2.11); the first difference is bounded by
concavity of A < 1/(1 — u) — px(x), for all z:

E,[pa(X)] = (1= A1 — 1)) Eu[o(X)] + A1 = 1) E, [0 (X)]
=M1 —-p)E, [901/(1—u)(X)} =M1 — p) Kint (v, 1)
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since g is the null function and A, = 1/(1 — ). Putting all pieces together, we have proved
that for all A € [0, 1/(1 — p)),

Kine (v, 12) = Kine (v, 1) < (1= M1 = 1)) Kint (v, 1) + My [l = v/ (2.12)

We recall that by assumption, Ki(v, 1) — Kine(V/, 1) = a Kine(v, 1) with a € (0,1), so that
the choice A = (1 — «/2)/(1 — ), which indeed lies in (0, 1/(1 — 1)), is such that

2
=10g(1%-—5—) < —5,
«

M/\ = log(l +
o

)

so that (2.12) entails

Q 2A
Oélcinf(V, M) < 5 K:inf(ya ,u) + E ”V - V/HI )
and finally
a?  a?(1 - 1—
||l/—l/,||1>—: ( :u) _ H ;
A 1-a/2  (2/a)((2/a)—1)
which concludes the proof. 0]

Proof of Lemma 2.5: In Honda and Takemura (2010b) it is shown that in this case,
Kint (v, i) is differentiable in p € (E(v),1) with

1 0 w— E(v)

— 2 5 Kine(v, ) 2 :

> o (2.13)

We apply this result to the rewriting

]Cinf(yv /L) - ’Cinf(V, om— 6) = /

n—e

ro K d

5 Kn(v0) du
which already gives one part of the bound. For the lower bound, we note that by assumption
—FE(v) > —(u — ¢) and that (1 —u) < 1/4 (since we consider distributions with support
included in [0, 1]); so that, for all u,

u— E(v)

m24(u—(u—s)).

Integrating the bound concludes the main part of the proof.

Now, to see that the first inequality in the statement is always valid, we need to consider
the case when E(v) > u, for which the statement is trivial since then Ki¢(v, 1) = 0, and the
case when u > E(v) > p— . But in the latter case, it is shown in Honda and Takemura
(2010b, Lemma 6, case 2) that

p—Ev)
1 —p
which concludes the proof. O

ICinf(Vv M) <

Y
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Proof of Lemma 2.6: First, C,(y) is non empty as it always contains J,,, the Dirac mass
on /.

The fact that C,(v) is convex follows from the convexity of K in the pair of probability
distributions that it takes as an argument. Indeed, for all @ € [0, 1], v/, " € C,(7y), denoting
by v, v, some distributions such that the defining conditions in C.(7) are satisfied, we have
that

E(av, +(1—a)v,) > p
and

Ko+ (1 —a), av, +(1—a)v)) <ak(V,v,) + (1 —a) K", V) <.

We prove that C,(7) is an open set. With each v € C,(7), we associate a distribution v,
satisfying the defining constraints in C,(v); by choosing

1—u/E(V
a= w € (0, 1/2),
we have that the open set formed by the

(1—a)v +ar”, V' e B(V, 1)

is contained in C, ., where B(2/, 1) denotes the ball with center 2/ and radius 1 in the norm
|- || over P(X). Indeed, we have on the one hand,

1—u/E(V E(V) +
E(l-a)v,+av")>(1—a)E(v,) > (1 — %) E(v,) = M >,
and on the other hand, by convexity of the Kullback-Leibler divergence,
K(l—a)v+ar, (1-a)v,+ar") < (1-a)K(V, v,) < (1—a)y.
To prove the desired inclusion, we first note that in the case of Pr([0,1]), Honda and

Takemura (2010b) show that one has the rewriting
Kint (v, ) = min {IC(I/, V) Ve Pp((0,1]) st E(V) > u} ;
in particular, the infimum is achieved with this new formulation. Hence,
Cpny = {V' € Pr([0,1]) - 3v, € Pp([0,1]) st. E(v,) >p and K(V,v),) < 7}.

Also, an element of the set of interest is therefore a /' € PF([O, 1]) such that Ki,e(v', 1) < 7,
that is, such that there exists v, € 73([0, 1]) with E(V;) > 1 and IC(V’, UL) < . Now, the
distributions

1 1 1 1
v = (1 - —) vV 4+ =6, thanks to the I (1 - —) v, + =01,
n n

n “7”

all belong to C,, as, similarly to the above argument,

1—p 1
E(V;l) P o+ T > W and ’C(V;w I/,L,n) < (1 _ ﬁ) IC(V/,I/L) <.

In addition, we have by construction that the v/, converge to v/, hence, v/’ € EW. O
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5.4 The method of types

Let X1, Xs, ... be a sequence of random variables that are i.i.d. according to a distribution
denoted by v. In this subsection, we will index all probabilities and expectations by v.
For all k£ >, we denote by & the set of possible values (the so-called types) of the empirical

distribution i
Ue =Y 0x,.
j=1

If v has a finite support denoted by S, then the cardinality || of £ is bounded by (k+ 1)1,
Lemma 2.8 In the case where v has a finite support, for all k > 1 and k € &,
Py{ﬁk = Ii} < e FRY)

Corollary 2.1 In the case where v has a finite support, for all k > 1, all v > 0,

P{’C(ﬁk’ v) > 7} =Y Liceaysa} Po Dk = £}

KEEL

< Z L (m,) >y} ek K(mr) < &k e M g (k + 1)|S| e M

KEEL



CHAPTER 3
Bandit Algorithms for Online Learning
in Adversarial Lipschitz Environments.

In this chapter, we now leave the stochastic multi-armed bandit problem and turn to the
setting of multi-armed bandit with adversarial environment but full information. Since the
setting of full information enables to deal with a large set of arms, we drop the assumption
that the set of arms A is finite, and consider it is some subset of R?, which enables to address
the problem of online learning in an adversarial environment. For such large sets, one has
to assume some regularity on the reward functions in order to control the regret term. The
main difficulty, however, is to derive efficient numerical implementations for such settings,
which generally requires to make approximations of a theoretical algorithm.

Here we consider the problem of online learning in an adversarial environment when the
reward functions chosen by the adversary are assumed to be Lipschitz. This setting extends
previous works on linear (see Dani et al. (2008a), Abernethy et al. (2008b), Cesa-Bianchi and
Lugosi (2009), Kakade et al. (2008)) and convex (see Zinkevich (2003), Hazan et al. (2006))
online learning. We provide a class of algorithms with cumulative regret upper bounded by
O(y/dT'In(\)) where d is the dimension of the search space, T' the time horizon, and X the
Lipschitz constant. We discuss the major issue of deriving efficient numerical implementations
and makes use of particle methods for this purpose. Applications include online supervised
learning problems for both full and partial (bandit) information settings, for a large class of
non-linear regressors/classifiers, such as neural networks.

This work has been published in the proceedings of the 21st European Conference on
Machine Learning (ECML 2010), see Maillard and Munos (2010b) for details.
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Introduction

The adversarial online learning problem is defined as a repeated game between an agent (the
learner) and an opponent, where at each round ¢, simultaneously the agent chooses an action
(or decision, or arm, or state) 6; € © (where © is a subset of R?) and the opponent chooses
a reward function f; : © — [0,1]. The agent receives the reward f;(6;). In this chapter we
will consider different assumptions about the amount of information received by the agent at
each round. In the full information case, the full reward function f; is revealed to the agent
after each round, whereas in the case of bandit information only the reward corresponding
to its own choice f;(6;) is provided.

The goal of the agent is to allocate its actions (6;)1<;<7 in order to maximize the sum of

obtained rewards Fr et ZtT:l f:(6;) up to time T and its performance is assessed in terms

of the best constant strategy 6 € © on the same reward functions, i.e. Fr(6) oo ST f(0).
Defining the cumulative regret:

def
Rr(0) = Fr(0) — Fr,
with respect to (w.r.t.) a strategy 6, the agent aims at minimizing Rr(0) for all § € ©.
In this work we consider the case when the functions f; are Lipschitz w.r.t. the decision
variable 6 (with Lipschitz constant upper bounded by \).

Previous results. Several works on adversarial online learning include the case of finite
action spaces (the so-called learning from experts Cesa-Bianchi and Lugosi (2006) and the
multi-armed bandit problem Auer et al. (1995, 2003)), countably infinite action spaces Poland
(2008), and the case of continuous action spaces, where many works have considered strong
assumptions on the reward functions, i.e. linearity or convexity.

In the online linear optimization (see e.g. Dani et al. (2008a), Abernethy et al. (2008b),
Cesa-Bianchi and Lugosi (2009), Kakade et al. (2008) in the adversarial case and Auer (2003),
Dani et al. (2008b) in the stochastic case) where the functions f; are linear, the resulting
upper- and lower-bounds on the regret are of order (up to logarithmic factors) VdT in the
case of full information and d*2v/T in the case of bandit information Abernethy et al. (2008b)
(and in good cases dv/T Dani et al. (2008a)). In online convex optimization f, is assumed
to be convex Zinkevich (2003) or o-strongly convex Hazan et al. (2006), and the resulting
upper bounds are of order Cv/T and C?0~'In(T) (where C is a bound on the gradient of
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the functions, which implicitly depends on the space dimension). Other extensions have
been considered in Bartlett et al. (2007), Shalev-Shwartz (2007), Flaxman et al. (2005) and
a minimax lower bound analysis in the full information case in Abernethy et al. (2008a).
These results hold in bandit information settings where either the value or the gradient of
the function is revealed.

To our knowledge, the weaker Lipschitz assumption that we consider here has not been
studied in the adversarial optimization literature. However, in the stochastic bandit setting
(where noisy evaluations of a fixed function are revealed), the Lipschitz assumption has been
previously considered in Kleinberg et al. (2008), Bubeck et al. (2008), see the discussion in
Section 2.3.

Motivations. In many applications (such as the problem of matching ads to web-page
contents on the Internet) it is important to be able to consider both large action spaces and
general reward functions. The continuous space problem appears naturally in online learning,
where a decision point is a classifier in a parametric space of dimension d. Since many non-
linear non-convex classifiers /regressors have shown success (such as neural-networks, support
vector machines, matching pursuits), we wish to extend the results of online learning to those
non-linear non-convex cases. In this work we consider a Lipschitz assumption (illustrated in
the case of neural network architectures) which is much weaker than linearity or convexity.

Contribution. We start in Section 1 by describing a general continuous version of the Ex-
ponentially Weighted Forecaster and state (Theorem 3.1) an upper bound on the cumulative
regret of O(1/dT In(dA\T')) under a non-trivial geometrical property of the action space. The
algorithm requires, as a sub-routine, being able to sample actions according to continuous
distributions, which may be impossible to do perfectly well in general.

To address the issue of sampling, we may use different sampling techniques, such as
uniform grids, random or quasi-random grids, or use adaptive methods such as Monte-Carlo
Markov chains (MCMC) or Population Monte-Carlo (PMC).

However, since any sampling technique introduces a sampling bias (compared to an ideal
sampling from the continuous distribution), this also impacts the resulting performance of the
method in terms of regret. This shows a tradeoff between regret and numerical complexity,
which is illustrated by numerical experiments in Section 1.3 where PMC techniques are
compared to sampling from uniform grids.

Then in Section 2 we describe several applications to learning problems. In the full infor-
mation setting (when the desired outputs are revealed after each round), the case of regression
is described in Section 2.1 and the case of classification in Section 2.2. Then Section 2.3 con-
siders a classification problem in a bandit setting (i.e. when only the information of whether
the prediction is correct or not is revealed). In the later case, we show that the expected num-
ber of mistakes does not exceed that of the best classifier by more than O(y/dT K In(dAT)),

where K is the number of labels. We detail a possible PMC implementation in this case.
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We believe that the work reported in this chapter provides arguments that the use of
MCMC, PMC, and other adaptive sampling techniques is a promising direction for designing
numerically efficient algorithms for online learning in adversarial Lipschitz environments.

1 Adversarial learning with full information

We consider a search space © C R? equipped with the Lebesgue measure . We write
1(©) = [y 1. We assume that all reward functions f; have values in [0, 1] and are Lipschitz
w.r.t. some norm || - || (e.g. L1, Lo, or Lo) with a Lipschitz constant upper bounded by
A>0,ie. forallt>1and 6,0, € O,

|[fu(01) = fi(62)] < All6r — Oaf|.

1.1 The ALF strategy

We consider the natural extension of the EWF (Exponentially Weighted Forecaster) algo-
rithm Littlestone and Warmuth (1989), Cesa-Bianchi et al. (1997), Cesa-Bianchi and Lugosi
(2006) to the continuous action setting. Figure 3.1 describes this ALF strategy (for Adver-
sarial Lipschitz Full-information environment).

Initialization: Set wy(f) =1 for all § € ©.
Foreachround t =1,2,...,T

(1) Simultaneously the adversary chooses the reward function f; : © — [0, 1],
def  wi(0)

iid
and the learner chooses 6; ~ p;, where py(0) Jo we(0)db’

(2) The learner incurs the reward f;(6;),

(3) The reward function f; is revealed to the learner. The weight function
wy is updated as:

wy+1(0) aof wy(0)e" @) for all 6 € ©

Figure 3.1: Adversarial Lipschitz learning algorithm in a Full-information setting (ALF
strategy)

At each time step, the forecaster samples 6, from a probability distribution p; def f“’;t with
]

w; being the weight function defined according to the previously observed reward functions
(fs)s<t- The function f; is then revealed and the weight function is updated. We have
wir1(0) = exp(nF(0)), and 7 is a parameter of the algorithm.




1. Adversarial learning with full information 67

Geometric considerations: The performance of the algorithm depends on the geometry
of the space © C R? (relatively to the chosen norm), and since we want to derive bounds as
a function of the dimension d, we now define classes of domains ((04)4=0 indexed by their
dimension) with similar geometrical properties.

Definition 3.1 For the class of domains (©4)4>1, we define k(d) > 1:

def min [,u(B(H, T))7N<@d)}
D= S B0, N 6y)

(3.1)

Assumption A1 There exists £ > 0 such that x(d) < k¢, for all d > 1, and there exists
k' >0 and o > 0 such that u(B(6,r)) > (r/(x'd*))? for all 7 > 0, d > 1, and 0 € R

The first part of this assumption says that x(d) scales at most exponentially with the
dimension. This is reasonable if we consider domains with similar geometries (i.e. whenever
the “angles” of the domains do not go to zero when the dimension d increases). For example,
in the domains ©4 = [0, 1]¢, this assumption holds with x = 2 for any usual norm (L;,L,
and Ls,). The second part of the assumption about the volume of d-balls is a property of
the norms and holds naturally for any usual norm: for example, " = 1/2, @ = 0 for L, and
K = /T/(V/2e), a = 3/2 for any norm L,, p > 1, since for L, norms, u(B(6,7)) > (2r)¢/d!
and from Stirling formula, d! ~ v/2rd(d/e)?, thus u(B(6,r)) = (r/(\/z—?d‘g/?))d.

Remark 2 Notice that Assumption A1 makes explicit the required geometry of the domain
i order to derive tight regret bounds.

We now provide upper-bounds for the ALF strategy on the worst expected regret (i.e.
supgee ERr(0)) and high probability bounds on the worst regret supgeq Rr(6).

Theorem 3.1 (Regret bound for the ALF strateqy) Under Assumption A1, for anyn <
1, the expected (w.r.t. the internal randomization of the algorithm) cumulative regret of the
ALF strategy is bounded as:

supERr(0) < Tn+ ! [d In(cd*nA\T) + ln(,u(@))} : (3.2)
0cO n

whenever (d°n\T)?u(0©) > 1, where c © ok max(k’,1) is a constant (which depends on the
geometry of © and the considered norm). Under the same assumptions, with probability 1— 3,

sup Ry(0) < T + [d In(cd®nAT) + ln(u(@))] + /2T (6 ). (3.3)
IEC) n

We deduce that for the choice n = (% ln(cda)\T))l/z, when n < 1 and assuming 1(©) = 1, we

have:
sup ERr(0) < 24/dT In(cd®AT),

0cO
and a similar bound holds in high probability.
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The proof is given in Appendix 4. Note that the parameter n of the algorithm depends
very mildly on the (unknown) Lipschitz constant A. Actually even if A was totally unknown,
the choice n = (£ 1n(cd®T))"* would yield a bound supyeq ERr(6) = O(y/dT In(dT) In \)
which is still logarithmic in A (instead of linear in the case of the discretization) and enables
to consider classes of functions for which A may be large (and unknown).

Anytime algorithm. Like in the discrete version of EWF (see e.g. Auer et al. (2000),
Stoltz (2005), Cesa-Bianchi and Lugosi (2006)) this algorithms may easily be extended to
an anytime algorithm (i.e. providing similar performance even when the time horizon T
is not known in advance) by considering a decreasing coefficient 7, = (d ln(cdo‘)\t))l/ 2

the definition of the weight function w;. We refer to Stoltz (2005) for a description of the

methodology.

The issue of sampling. In order to implement the ALF strategy detailed in Figure 3.1
one should be able to sample #; from the continuous distribution p;. However it is in general
impossible to sample perfectly from arbitrary continuous distributions p;, thus we need to
resort to approximate sampling techniques, such as based on uniform grids, random or quasi-
random grids, or adaptive methods such as Monte-Carlo Markov Chain (MCMC) methods
or population Monte-Carlo (PMC) methods. If we write p)¥ the distribution from which the
samples are actually generated, where N stands for the computational resources (e.g. the
number of grid points if we use a grid) used to generate the samples, then the expected
regret ERy(0) will suffer an additional term of at most 3, | [u pefi — [o Y fi|. This shows
a tradeoff between the regret (low when N is large, i.e. pY is close to p;) and numerical
complexity and memory requirement (which scales with V). In the next two sub-sections we
discuss sampling techniques based on fixed grids and adaptive PMC methods, respectively.

1.2 Uniform grid over the unit hypercube

A first approach consists in setting a uniform grid (say with N grid points) before the learning
starts and consider the naive approximation of p; by sampling at each round one point of the
grid, since in that case the distribution has finite support and the sampling is easy.
Actually, in the case when the domain © is the unit hypercube [0,1]¢, we can easily
do the analysis of an Exponentially Weighted Forecaster (EWF) playing on the grid and

shows that the total expected regret is small provided that N is large enough. Indeed,
let On def {61,...,0x} be a uniform grid of resolution h > 0, i.e. such that for any 6 € O,

m1n1<,< N ||0—0; || h. This means that at each round ¢, we select the action 6;, € Oy, where
1% pY with p the distribution on {1,. N} defined by pY (i) o wy(i)/ ZJ L we(7), where

the weights are defined as w; () L enFi10) for some appropriate constant n = 1/2Iln N/T.
The usual analysis of EWF implies that the regret relatively to any point of the grid is
upper bounded as: sup,;cy ERp(0;) < V2T In N
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Now, since we consider the unit hypercube © = [0,1]¢, and under the assumption
that the functions f; are A-Lipschitz with respect to L..-norm, we have that Fr(f) <
min;<;<y Fr(0;) + AXTh. We deduce that the expected regret relatively to any 6 € © is
bounded as supyeg ERr(0) < V2T In N + ATh.

Setting N = h~? with the optimal choice of h in the previous bound (up to a logarithmic

term) h = +1/d/T gives the upper bound on the regret: supyco ERr = O(1/dT In(AVT)).
However this discretized EWF algorithm suffers from severe limitations from a practical
point of view:

1. The choice of the best resolution h of the grid depends crucially on the knowledge of
the Lipschitz constant A\ and has an important impact on the regret bound. However,
usually A is not known exaclty (but an upper-bound may be available, e.g. in the case
of neural networks discussed below). If we choose h irrespective of A (e.g. h = +/d/T)
then the resulting bound on the regret will be of order O(AV/dT) which is much worst
in terms of )\ than its optimal order vIn \.

2. The number of grid points (which determines the memory requirement and the nu-

merical complexity of the EWF algorithm) scales exponentially with the dimension
d.

Notice that instead of using a uniform grid, one may resort to the use of random (or quasi-
random) grids with a given number of points N, which would scale better in high dimensions.
However all those method are non-adaptive in the sense that the position of the grid point do
not adapt to the actual reward functions f; observed through time. We would like to sample
points according to an “adaptive discretization” that would allocate more points where the
cumulative reward function F; is high. In the next sub-section we consider the ALF strategy
where we use adaptive sampling techniques such as MCMC and PMC which are designed for
sampling from (possibly high dimensional) continuous distributions.

1.3 A Population Monte-Carlo sampling technique

The idea of sampling techniques such as Metropolis-Hasting (MH) or other MCMC (Monte-
Carlo Markov Chain) methods (see e.g. Gilks et al. (1996), Andrieu et al. (2003)) is to
build a Markov chain that has p; as its equilibrium distribution, and starting from an initial
distribution, iterates its transition kernel K times so as to approximate p;. Note that the
rate of convergence of the distribution towards p; is exponential with K (see e.g. Levin et al.
(2008)): (k) < (2¢)*/7), where §(k) is the total variation distance between p, and the
distribution at step k, and 7(¢) = min{k;d(k) < e} is the so called mixing time of the
Markov Chain (¢ < 1/2).

Thus sampling 6, ~ p,; only requires being able to compute w;(6) at a finite number of
points K (the number of transitions of the corresponding Markov chain needed to approxi-
mate the stationary distribution p;). This is possible whenever the reward functions f; can
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be stored by using a finite amount of information, which is the case in the applications to
learning, described in the next section.

However, using MCMC at each time step to sample from a distribution p; which is similar
to the previous one p,_; (since the cumulative functions F; do not change much from one
iteration to the next) is a waste of MC transitions. The exponential decay of (k) depends on
the mixing time 7(g) which depends on both the target distribution and the transition kernel,
and can be reduced when considering efficient methods based on interacting particles systems.
The population Monte-Carlo (PMC) method (see e.g. Douc et al. (2007)) approximates p;
by a population of N particles (a:%,ﬁv ) which evolve (during 1 < k£ < K rounds) according to

a transition/selection scheme:
e At round k, the transition step generates a successor population %},ﬁv % Gtk (m%,i\i 1)
according to a transition kernel g; (-, -). Then likelihood ratios are defined as w/}¥ =
pe(@ED)

ST AT

e The selection step resamples N particles xik = @Ik for 1 <7 < N where the selection
indices (I;)1<i<y are drawn (with replacement) from the set {1... N} according to a
multinomial distribution with parameters (wj ;)1<i<ny

At round K, one particle (out of N) is selected uniformly randomly, which defines the
sample 0; ~ pV that is returned by the sampling technique. Some properties of this approch
is that the proposed sample tends to an unbiased independent sample of p;, (when either N
or K — 00). We do not provide additional implementation details about this method here
since this is not the goal of this chapter, but we refer the interested reader to Douc et al.
(2007) for discussion about the choice of good kernels ¢ and automatic tuning methods of
the parameter K and number of particles N. Note that in Douc et al. (2007), the authors
prove a Central Limit Theorem showing that the term v N ( f@ pof — f@ pY f) is asymptotically
gaussian with explicit variance depending on the previous parameters (that we do not report
here for it would require additional specific notations), thus giving the speed of convergence
towards 0. We also refer to Del Moral (2004) for known theoretical results of the general
PMC theory.

When using this sampling techniques in the ALF strategy, since the distribution p;
does not differ much from p;, we can initialize the particles at round ¢ + 1 with the particles
obtained at the previous round ¢ at the last step of the PMC sampling: z},, , o ) g, for
1 <7 < N. In the numerical experiments reported in the next sub-section, this enabled
to reduce drastically the number of rounds K per time step (less than 5 in all experiments
below).

Let us remark that, since the publication of this work, it was proved in Narayanan and
Rakhlin (2010) that in the special case when the functions are moreover assumed to be convex,
then only one step of MCMC method is sufficient to get a control on the approximation error
induced by the sampling scheme. This is due to new results about so-called randomized
interior point method by Narayanan (2009).
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Figure 3.2: Regret as a function of N, for dimensions d = 2 (left figure) and 20 (right figure).

In both figures, the top curve represents the grid sampling and the bottom curve the PMC
sampling
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Figure 3.3: Regret as a function of the CPU time used for sampling, for dimensions d = 2
(left figure) and 20 (right figure). Again, in both figures, the top curve represents the grid
sampling and the bottom curve the PMC sampling.

1.4 Numerical experiments

For illustation, let us consider the problem defined by: © = [0,1]%, f.(8) = (1—||0 —6,||/Vd)?
where 6; = t/T (1,...,1)". The optimal 6* (i.e. argmaxy Frr(0)) is 1/2(1,...,1)". Figure 3.2
plots the expected regret supgeq ERr(f) (with T = 100, averaged over 10 experiments)
as a function of the parameter N (number of sampling points/particles) for two sampling
methods: the random grid mentioned in the end of Section 1.2 and the PMC method. We
considered two values of the space dimension: d = 2 and d = 20. Note that the uniform
discretization technique is not applicable in the case of dimension d = 20 (because of the
curse of dimensionality). We used K = 5 steps and used a Gaussian centered kernel g, of
variance 02 = 0.1 for the PMC method.

Since the complexity of sampling from a PMC method with N particles and from a grid
of N points is not the same, in order to compare the performance of the two methods both
in terms of regret and runtime, we plot in Figure 3.3 the regret as a function of the CPU
time required to do the sampling, for different values of V.
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As expected, the PMC method is more efficient since its allocation of points (particles)
depends on the cumulative rewards F; (it thus may be considered as an adaptive algorithm).

2 Applications to learning problems

2.1 Online regression

Consider an online adversarial regression problem defined as follows: at each round ¢, an
opponent selects a couple (zy,y;) where z; € X and y, € YV C R, and shows the input z;
to the learner. The learner selects a regression function g, € G and predicts gy = g;(xy).
Then the output y; is revealed and the learner incurs the reward (or equivalently a loss)
[y, y:) €10, 1].

Since the true output is revealed, it is possible to evaluate the reward of any g € G, which
corresponds to the full information case.

Now, consider a parametric space G = {gp,0 € © C R?} of regression functions, and
assume that the mapping 0 — [(gg(z),y) is Lipschitz w.r.t. 6 with a uniform (over z €
X,y € Y) Lipschitz constant A < co. This happens for example when X and ) are compact
domains, the regression 6 — gy is Lipschitz, and the loss function (u,v) — I(u,v) is also
Lipschitz w.r.t. its first variable (such as for e.g. L; or Ly loss functions) on compact domains.

The online learning problem consists in selecting at each round ¢ a parameter §; € © such
as to optimize the accuracy of the prediction of y, with gy, (z;). If we define f,(0) =y (go(),v),
then applying the ALF strategy described previously (changing rewards into losses by using
the transformation u +— 1 — u), we obtain directly that the expected cumulative loss of the
ALF strategy is almost as small as that of the best regression function in G, in the sense

that:
T

E[izt} ~ infE| Y Ug(er),ur)| < 2v/dTI{@AT),

t=1

where 1, % | (99,(z¢),y:). To illustrate, consider a feedforward neural network (NN) Bishop
(2006) with parameter space © (the set of weights of the network) and one hidden layer. Let
n and m be the number of input (respectively hidden) neurons. Thus if z € X C R” is the
input of the NN, a possible NN architecture would produce the output: gg(zx) L o . o(x)
with o(x) € R™ and o(z), & o (07 - z) (where o is the sigmoid function) is the output of the
[-th hidden neuron. Here 6 = (6%,6°) € © C R? the set of (input, output) weights (thus here
d=nxm+m).

The Lipschitz constant of the mapping 6 — gp(z) is upper bounded by the quantity
SUP,ex peo |[7]|oo]|0]|oo, thus assuming that the domains X', ), and © are compacts, the
assumption that 0 +— [(ge(x),y) is uniformly (over X',)) Lipschitz w.r.t. 6 holds e.g. for L,
or Ly loss functions, and the previous result applies.

Now, as discussed above about the practical aspects of the ALF strategy, in this online
regression problem, the knowledge of the past input-output pairs (zg, ys)s<; enables to com-
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pute the weight w;(8) = exp(n>>'_ I(go(xs), ys)) for any 6 € ©, and thus enables to use a
PMC algorithm to sample 8; from the distribution p;. Up to our knowledge, we believe this is
a first regret bound analysis of online learning for non-linear NN regression, in an adversarial
setting.

2.2 Online classification

Now consider the problem of online classification (i.e. when the set of labels ) is finite). Here
we can no longer make the assumption that the classifier’s prediction go(z) € Y is Lipschitz
w.r.t. the parameter ¢ (and neither that the loss function I(y,y’) = Iy, is Lipschitz w.r.t.
its first variable). One way to circumvent this problem is to consider a class G = {gy,0 € O}
of stochastic classifiers, so that gg(y|z) represents the probability of predicting label y given
input . The ALF strategy would apply as follows: at round ¢, the algorithms chooses 6; € ©

and samples the prediction y; from the distribution g, (-|z).

When the label y; is revealed, the loss function f;(9) def 9o(ye|zy) for all classifiers gy

may be computed. Thus assuming that the mapping 6 — gg(y|x) is Lipschitz w.r.t. 6 with
uniform (over X x ))) Lipschitz constant A, then Theorem 3.1 applies, and we have that

sup E {Zg(yﬂxﬁ} - E {Zggt (yt|:)st)} < 24/dT In(cd*AT")

geg
N
Vv TV
Exp. nb. of correct Exp. nb. of correct
predictions of best classifier predictions of ALF algo.

which says that the expected number of good predictions of the ALF strategy is almost as
good as that of the best classifier in G. An example of such parametric regression setting is
the case of neural networks (parameterized by @) where the activation of the output neurons
(one for each label y of )), up to some renormalization, define the probability distribution

9o(y|z).

2.3 Online classification with bandit information

In the previous section, the information revealed by the opponent enables to compute the
reward (or loss) function f;(0) for all € ©. In the bandit information case considered now
only the reward f;(6;) of the selected action is revealed. Under our Lipschitz assumption
on the functions, the knowledge of f; at a point 6; reveals very few information about f;
elsewhere. Thus we cannot expect to derive tight regret bounds in general. However we can
obtain interesting bounds in the case when the reward function f; may actually be coded by
a finite amount of information. We illustrate this setting on the online classification problem
described in Section 2.2 but with the difference that the true label y, € Y = {1,..., K} is

not revealed at each round: the only available information is Z; of I¢g,=y), 1.e. whether the
prediction ¥; is correct or not. An example of applications is the problem of web advertisement
systems, where the user’s click is the only received feedback.
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Initialization: Set wyi(f) =1 for all # € ©.
Foreachround t =1,2,...,T
(1) The adversary chooses (x¢,y;) € X x Y and shows z; to the learner,

def wt(e)
2) The 1 hooses 6; ~ h 0) = ——~—
(2) The learner chooses 6; ~ p;, where py(0) T wi(6)d0

~ def
Ut ~ Qu,0,, where qo(y) = (1 —7)go, (ylze) + %,

and predicts

(3) The learner sees the (bandit) information Z; e I5,—y,, from which he

= ef T ef
defines f,(6) % 799(1(5’('1;)@, where q,(y) % Jo Pe(0)aro(y)do, for any y €
V.

(4) The weight function w; is updated according to wi1(d) =
wy (0)e™t @) for all § € O.

Figure 3.4: The Adversarial Lipschitz Bandit Classifier (ALBC algo)

Again, we consider a parametric family of stochastic classifiers G = {gy,0 € ©}, where
go(y|x) corresponds to the probability of selecting y € ) given the input x. Now, in each
round, a classifier gy, is selected (by sampling 6, ~ p,) and a prediction 7; is made. However,
in this bandit setting, the feedback information Z; = I3, does not enable to evaluate

the performance f;(0) o 9o(y¢|x) of any classifiers gy, # € ©. Instead, we randomize the
prediction by considering a mixture distribution between gy, and the uniform distribution:

Ut ~ qrp,, where ¢ ¢ is the distribution over the labels ) defined by ¢ ¢(y) aef (1—7)ge(y|x:) +
v

=
This idea is close to the Exp4 algorithm in Auer et al. (2003). Given the information 7,

def gg (Gi|2+) 7

we build an estimate f,(6) of the performance f,(6) of any classifiers go: f,(6) = MR

where ¢(y) o Eop,[qt0(y)], for any y € Y. This estimate is unbiased since:

~ T
Egt’ytft<9) — / Z Qte g9 y| t)]l{y:yt}del

yey

_ N )ge(yt|%‘t) r_ )=
_ /@ pu(0f) 1 TS =gy ) = o0

Figure 3.4 describes this Adversarial Lipschitz Bandit Classifier (ALBC) algorithm. The
next result assesses the expected performance of the ALBC algorithm Zthl I5,=y,} In com-
parison with the expected performance of the best classifier ¢ € G, in terms of number of
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correct predictions. Define the regret:

def Z 99 yt|xt |:Z ]I{yt yt}]

The ALBC algorithm has a regret supgeg ER7(0) < 41/KdT In(cd*AT) (the proof follows
the same lines as the proof of ALF strategy combined with EXP4 ideas). Notice that like
in the multi-armed bandit problem, in this bandit setting, the regret suffers from an addi-
tional factor K per round (i.e. v/T is replaced by v/ KT in the bound), compared to the full
information case.

A practical algorithm. A practical implementation of the ALBC algorithm requires being
able to sample 60; from p;. The key difference with the technique detailed in Section 1.3 is that
in the ALBC algorithm, the functions f,() depend on ¢ (7;) which is not directly known.
However a refined MCMC or PMC algorithm is possible: at round ¢, assume that we have
kept in memory the information: H_; def {(s,Ys, Zs, qs(Us) ) s<t } -

We now show that (1) this is possible, and (2) this is sufficient for sampling 6; ~ p;. We
prove (1) recursively by showing that from H_, we are able to calculate ¢;(7;) (the other
pieces of information xy, ¥, and Z; are available at the end of round ¢). Thus we only need
to prove that from H_;, we can sample 6; ~ p, and compute ¢;(y;). But since ¢;(7;) is the
expectation of ¢, ¢(y;) for 6 ~ p;, we may consider a MCMC or PMC method where the same
Markov chain (having p; as stationnary distribution) or particle population serves for both
sampling 6; ~ p; and estimating ¢;(7;). Finally, this is possible since the pointwise evaluation
of w; (thus of p; up to a renormalization constant) only depends on information in H_,.

3 Conclusion

We have considered the adversarial online learning framework in the case of Lipschitz func-
tions. In the full information case, the bound shows the same rate v/dT as for linear functions.
This enables to derive similar performance bounds for online regression and classification,
thus extending previous results to non-linear parametric approximation, such as neural net-
works. Our main contribution was to consider a continuous extension of the EWF algorithm
(ALF strategy) for which we provide geometrical conditions for sound regret analysis, and
discuss the use of different approximation schemes and especially the use of a PMC sampling
method compared to non adaptive sampling methods. We provided experiments showing the
benefit of using a PMC sampling method for minimizing regret under computational time
constraint compared to naive random grid.

We applied this result to derive bounds for (full information) regression and classification
online learning problems and (bandit information) K-classes classification problems where
the revealed information is the correctness of the prediction. We derived a regret bound on
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the expected number of mistakes of order v dT K, and illustrate the case of a Neural Networks
architecture.

4 Proof of Theorem 3.1 (ALF strategy)

We start by following the usual proof for exponentially weighted forecasting. Define W, &t

f® wy. For any t € {1,...,T}, we have:

Wi _ f@eXP(TlFt)
W, f@ eXp(nFt_l)

= /@pt(e) exp(nfi(0)).

Wi
Since exp(u) < 1+u+wu? for u < 1, then, whenever < 1, we have s

<140 fopefit
t

n? [o pef?. Moreover, since Wy = pu(©), we get:
T
(Wr) <03 [ puf+ T + In(u(©) (3.4
t=1"©

Let us write h(f) o exp(nFr(0)), and h* © max,eo h(#). We have that

|h(61) — h(6-)] n|Fr(61) — Fr(6)|h*

<
< AT |6, — 6,]], (3.5)

since the function Fp is AT-Lipschitz. Let 6* be any point of maximum of h, and define
7(0) = max(0,1 —nAT||0 — 6*||). Then for all § € O,

h(0) = h*m(0). (3.6)

Indeed, this holds for any 0 ¢ B(6*,1/(nAT)) where B(0,r) is the ball {2/, ||z — /|| < r},
since in that case, 7(f) = 0. Now if there were some 6 € B(6*,1/(n\T)) such that h(f) <
h*m(#), then we would have: h(6*) — h(0) > nATh*||x — x*||, which would contradict the
Lipschitz property (3.5) of h.

Notice that 7 is a pyramid function with base B(6*,1/(nAT)) and height 1. We now state
a Lemma that will enable us to derive a lower bound on [, 7.

Lemma 3.1 For any 0* € ©, r > 0, let © be the function defined by m(0) aof max (0,1 — ||z —
x*||/r). Then:

7> e in [ (B0 ). )]
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Proof:

0 — @
/ . / Locon@n(1 — = a0)
le) RD T

1
= / Toconpo-) / [jjo=—6)j<ardapu(dO)
RD 0

1
// ToconB (o ar)pt(dd)do
o Jrp
1
= /u(@ﬂB(@*,ar))da
0

Now, using the definition of x(d) from (3.1),

X / g minla'u(B(6".). n(©)}do

We deduce that if u(©) > p(B(0*,r)) then f@ 7> UBUN) - Ang otherwise, Jap < 1

(d+1)x(d)
such that u(0) = adu(B(6*,1)) thus we have Jom =& )(1 —ap+ 7%) = “(6 ; and the
Lemma is proved. O

d) (d+1)k(

We apply this Lemma with the 7 function and r» = 1/nAT" to obtain:
1 1
> —— i B(O*, —)), u(©
/@ "> e i (B0 ). )]

Now using (3.6) together with the previous bound combined with Assumption Al (i.e.
k(d) < k% and p(B(6*, 7)) = (r/(x'd*)?), we derive the lower bound:

. 1 1(0)
> .
/@h/h mm{(cd“n)\T)d’ o ]

where we set ¢ = 2k max(x’, 1).
From its definition, Wr, = fe h, thus

(Vi) > g ) — n (o (e AT, ),

which, together with (3.4) yields:
d 1
sup Frr(0) — Z/ pefr < T+ Emax [dIn(cd*nAT) + In(u(©)), dInc|.
00 ‘— Jo

Since f@ pefi = Ei[fi(0;)], where E; denotes the expectation w.r.t. the choice of 6; ~ py,
we deduce that the expected regret (w.r.t. the internal randomization of the learner) of any
6 € © is bounded according to:

ERr(0) < Tn+n(dlﬂ(cd“77AT)+1n( 1(0))),
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whenever dIn(d*nAT) > —In(u(0)).

Now, for the high probability result, if we introduce Y; = f@ pefe — fi1(0;) and F_; the
o-algebra generated by the past random decisions, then E[Y;|F.;] = 0, thus Yi,...,Yr is a
martingale difference sequence, and since f; € [0, 1], |Y;| < 1 a.s., using Hoeffding-Azuma’s
inequality (see e.g. Devroye et al. (1996)), we obtain that with probability at least 1 — f3,

T
Z/ peft < Fr+ /2T In(871),
t=1 v ©

which enables to deduce (3.3).



CHAPTER 4

Adaptive Bandits: Towards the Best
History-dependent Strategy.

In this chapter, we now consider the setting of multi-armed bandit with an adversarial en-
vironment and partial information. We consider that we have a multi-armed bandit game,
thus that the environment is a possibly adaptive (but not necessarily the meanest) opponent,
with the goal to design efficient algorithms for this setting. The reason not to consider only
the meanest opponent is because in practice, an algorithm will not necessarily face such a
bad opponent, but may also face weaker opponents. Now an algorithm designed only for
the worst case may not achieve optimal performance in this setting, and it is a challenging
question to design algorithms that are adaptive to the weakness of the opponent.

More precisely, we introduce models © of constraints based on equivalence classes on the
common history (information shared by the player and the opponent) which define two learn-
ing scenarios: (1) The opponent is constrained, i.e. he provides rewards that are stochastic
functions of equivalence classes defined by some model 6* € ©. The regret is measured with
respect to (w.r.t.) the best history-dependent strategy. (2) The opponent is arbitrary and
we measure the regret w.r.t. the best strategy among all mappings from classes to actions
(i.e. the best history-class-based strategy) for the best model in ©. This allows to model
opponents (case 1) or strategies (case 2) which handles finite memory, periodicity, standard
stochastic bandits and other situations.

When © = {#}, i.e. only one model is considered, we derive tractable algorithms achieving
a tight regret (at time T) bounded by O(vT AC'), where C'is the number of classes of §. Now,
when many models are available, all known algorithms achieving a nice regret O(\/T ) are
unfortunately not tractable and scale poorly with the number of models |©|. Our contribution
here is to provide tractable algorithms with regret bounded by (T'A)*/3C'/31og(|0])*/2.

This work has been published in the proceedings of the 14th international conference on
Artificial Intelligence and Statistics (AI€9Stats 2011), see Maillard and Munos (2011). It also
has to be related to chapter 11 where a similar notion of models is introduced but in the
more general setting of reinforcement learning.
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1 Introduction

Designing medical treatments for patients infected by the Human Immunodeficiency Virus
(HIV) is challenging due to the ability of the HIV to mutate into new viral strains that
become, with time, resistant to a specific drug Ernst et al. (2006). Thus we need to alternate
between drugs. The standard formalism of stochastic bandits (see Robbins (1952)) used for
designing medical treatment strategies models each possible drug as an arm (action) and
the immediate efficiency of the drug as a reward. In this setting, the rewards are assumed
to be i.i.d., thus the optimal strategy is constant in time. However in the case of adapting
viruses, like the HIV, no constant strategy (i.e., a strategy that constantly uses the same
drug) is good on the long term. We thus need to design new algorithms (together with new
performance criteria) to handle a larger class of strategies that may depend on the whole
treatment history (i.e., past actions and rewards).

More formally, we consider a sequential decision making problem with rewards provided
by a possibly adaptive opponent. The general game is defined as follows: At each time-step
t, the decision-maker (or player, or agent) selects an action a; € A (where A is a set of
A = | A] possible actions), and simultaneously the opponent (or adversary or environment)
chooses a reward function 7, : A — [0, 1]. The agent receives the reward r,(a;). In this paper
we consider the so-called bandit information setting where the agent only sees the rewards
of the chosen action, and not the other rewards provided by the opponent. The goal of the
agent is to maximize the cumulative sum of the rewards received, i.e. choose a sequence of
actions (a;)i<r that maximizes Zthl re(ay).

Motivating Example In order to better understand our goal, consider the following very
simple problem for which no standard bandit algorithm achieves good cumulative rewards.

The set of actions is A = {a, b}, and the opponent is defined by: r(a) = 1 and r(b) = 0
if the last action of the player is b, and r(a) = 0 and r(b) = 1 if the last action is a. Finally
r(a) = r(b) = 1 for the first action.
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In that game, playing a constant action a (or b) yields a cumulative reward of T'/2 at time
T. On the other hand, a player that would switch its actions at each round would obtain
a total rewards of T', which is optimal. Although this opponent is very simple, the loss of
using any usual multi-armed bandit algorithm (such as UCB Auer et al. (2002) and EXP3
Auer et al. (2003)) instead of this simple switching strategy is linear in 7T

Adaptive Opponents In this paper, we consider the setting when the opponent is adap-
tive, in the sense that the reward functions can be arbitrary measurable functions of the past
common history, where by common history we mean all the observed rewards (75(as))s<; and
actions (as)s<; played before current time ¢. We write h-; or simply h the common history
up to time ¢, so we can write r,(a) = r(h<, a).

Due to the motivating example, we naturally want to compare to the best history-
dependent strategy against the adaptive opponent, and introduce a more challenging notion
of regret (see Section 2.1) than usual for that purpose. Since this may be not possible without
assumptions on the opponent or the comparison strategies (see Ryabko and Hutter (2008)),
we consider some model of constraints, and thus we want to adapt to a class © of possible
constraints. The question is: can we adapt to the (unknown) model of constraints of the
opponent?

Adversarial Bandits In Literature A first approach when considering adversarial ban-
dits providing arbitrary rewards (when no constraint is put on the complexity of the adver-
sary) is to assess the performance of the player in terms of the best strategy that is constant
in time (best constant action), which defines the external regret Auer et al. (2003), Freund
and Schapire (1995). However, since this approach does not consider limitations on the
strategy of the opponent w.r.t. the history, it can only give partial answer to the question of
adaptivity to the best possible history-dependent strategy against a given opponent.

In Auer et al. (2003), the authors extend the class of comparison strategies to piecewise
constant strategies with at most S switches. The corresponding Exp3S (aka ShiftBand)
algorithm achieves a regret of order \/ TSAlog(T3A), provided that T is large enough. How-
ever, against the opponent described in the previous section, the best strategy would need
to switch S = T'/2 times, thus this algorithm still suffers a linear regret compared to the
optimal strategy:.

The notion of internal regret (see Foster and Vohra (1996)), which compares the loss of an
online algorithm to the loss of a modified algorithm that consistently replaces one action by
another, has been also considered in many works Hart and Mas-Colell (2000), Stoltz (2005),
Cesa-Bianchi and Lugosi (2003), Foster and Vohra (1999). Following the work of Lehrer and
Rosenberg (2003), in Blum and Mansour (2005) the authors propose a way to convert any
external regret minimization algorithm into an algorithm minimizing an extended notion of

internal regret, using the so-called modifications rules that are functions h,a — b, where h
is the history, and a and b are actions, see also Blum and Mansour (2007). This enables to
compare the actions selected by the algorithm to an alternative sequence and thus to assess
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the performance of the algorithm to other slightly perturbed algorithm. Assuming that the
opponent’s strategy can be described with the modification rules, then we might also see
the corresponding modified regret minimization algorithm as adaptive to the opponent, in
some sense. However, the proposed algorithm uses exponentially many internal variables and
will not provide tight performance bounds in terms of regret w.r.t. the best history-based
strategy, that we consider in Section 2.1.

On a more theoretical aspect, the work by Ryabko and Hutter (2008) addresses the learn-
ability problem in reactive environments (adaptive opponents). The authors introduce the
notion of value-stable and recoverable environments, and show that environments satisfying
such mild conditions are learnable. This also means that it is not possible to obtain sublinear
regret w.r.t. the best strategy against any arbitrary opponent: we need to consider limitations
of the opponent. Note also that the main proof of the paper by Ryabko and Hutter (2008)
is constructive, but unfortunately the would-be corresponding player is not implementable.

Tractability Since bandit algorithms are the base stone for Reinforcement Learning (RL)
algorithms, it is thus important if not crucial to consider numerically efficient algorithms. The
question of adaptability is not trivial because of tractability: Although the works of Blum
and Mansour (2005) and Ryabko and Hutter (2008) already provide adaptive algorithms,
none of them would be tractable in our setting (even with only one #). Moreover, for a pool
of possible behaviors © of the opponent (see Section 3), we define the ©-regret w.r.t. the best
possible strategy for the best model # € ©. We then show (in Section 3) that our problem
can be seen as a special instance of sleeping bandits. The best regret bounds known with
tractable algorithms would be of order O((T'Cg)*?) (see Kanade et al. (2009)) whereas there
exists a non-tractable algorithm achieving O(\/T_C'@), where Cg = Zeee Cy and Cjy is the
complexity of model 6. If the regret of the second algorithm nicely scales with the time
horizon 7', both of them provide loose bounds for large |6|. So the question is: can we design
tractable algorithms that can adapt to a large pool of models of constraints?

Our Contribution The main contribution of this paper is a new way of considering ad-
versarial opponents. For some equivalence relation ® on histories, we write [hls for the
equivalence class of the history A w.r.t. ®. We introduce ®-constrained opponents that
are such that the reward functions only depend on the equivalence classes of history, i.e.
ri(a) = r([h<¢,a). Similarly, one can consider classes of strategies of the form H/® — A,
where H/® is the set of equivalence classes of histories. Interestingly, such equivalence rela-
tions were also introduced in Hutter (2009), with the goal to build relevant equivalence rela-
tions for Reinforcement Learning. The author provides useful insights, but no performance
analysis. Our model of constraints, although seemingly simple, has two main advantages:
(1) the notion of ®-regret (see Section 2) captures the regret w.r.t. such strategies and is
expressive enough to handle many kinds of situations (like finite memory, periodicity, etc)
and thus enables to define opponents that can be anything from the worst possible (fully
adversarial), to a simple stochastic multi-armed bandit. (2) such a model leads to simple
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and efficient algorithms that are built directly from standard algorithms, and yet achieve
significantly good performances.

The introductory Section 2 starts with a single model and provides algorithms with ex-
pected regret w.r.t. the optimal history-based strategy bounded by O(y/T'ACTog A), where
C'is a measure of the complexity (number of equivalence classes of H/®) of the opponent,
and a lower bound Q(vT'AC). This applies to the switching opponent described in the in-
troduction. The complexity of those algorithms is C' times the complexity of the standard
algorithms they are built from (namely UCB and Exp3), as opposed to the complexity of
order AY for algorithms that would be derived directly from Blum and Mansour (2005) in
our setting. Note also that for the special case of a ®-constrained opponent with a known
model ®, one can consider a RL point of view instead, and apply algorithms such as Ortner
(2009).

Our main contribution in this paper is to consider the more challenging situation where
we have a pool of possible models ©. In this case, we provide tractable algorithms with ©-
regret of order (see Section 3). (T'A)%3(Cy- log(T))*/?log(|6])!/? when the opponent belongs
to the pool (i.e. 8* € O, in which case we compare the performance to that of the optimal
history-based strategy), and T%?(AC log(A))/?1og(|©])*/? where C' = maxy Cy, when it does
not (in which case we compare to the best H/®p-history-class-based strategy for the best
model 6 € O).

We finally report numerical experiments in Section 4 which compares standards algo-
rithms for bandits (from stochastic to adversarial) (UCB, MOSS, EXP3, ShiftBand) to the

algorithms proposed here.

2 Preliminary results

2.1 Model of constrained opponents

Let H be the set of all histories, i.e. sequences of action played and information received. Let
® : H — Y be a given function mapping histories to an abstract space Y, and let H /® denote
the class of equivalence of histories w.r.t. the relation hy ~ hy if and only if ®(hy) = ®(hs).
We write also [h]e (or [h] when there is no ambiguity) for the equivalence class of h.

Based on an equivalence-class ®, one can define ®-constrained opponents, which are
intuitively the opponents that are ®-classwise stochastic:

Definition 4.1 (®-constrained opponent) A ®-constrained opponent is a function f :
H/P — A(A), where A(A) is the set of distribution over the set A, taking values in [0, 1]
(i.e. we assume that all rewards belongs to the interval [0, 1] ).

Examples: Definition 4.1 covers many situations:

e When ®(h) =1 for all h € H, then H /P consists of only one class, and Definition 4.1
reduces to a stochastic multi-armed bandit.
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e When &, : H — A™ is ®,,(h) = ay...a,,, where ay, ..., a,, are the last sequence of
m actions, this corresponds to opponents with finite short-term memory of length
m. In this case, there are |A|™ equivalence classes. The example of the introduction
corresponds to this case with m = 1.

e When ¢ : H — {0,...,m — 1} is defined by ®(h) = |h| mod m, where |h| is the length
of the history in term of number of time steps, it corresponds to reward functions that
come from time-periodic distributions. Here, there are m different classes.

Regret Against The Best History-class-based Strategy: If we consider a $-constrained
opponent, then one can define for each class ¢ € H/®, and action a € A the expected reward
pe(a) = Elr(c,a)]. We define the expected history-class-based regret for the equivalence class
defined by &, also called stochastic ®-regret, as:

T
R? =E ( Z I?gi( Hlh<t] (a> — Hh) (at))> ) (41>
t=1

where (a;);<r is the sequence of actions played, h.; is the history observed by the player
up to time ¢, and max, pipp_,)(a) is the best action, which respect to the expected rewards
provided by the opponent, given the history-class [h].

Now, for an arbitrary adversary and an equivalence class ®, one can define a (non-
stochastic) regret w.r.t. the best H/®-history-class-based strategy, also called adversarial

D-regret,
T

Bp = swp E(D [nlglihad)) - rila)]), (4:2)
gH/P—A —1
where g([h]) is the action that a strategy g would play given the history-class [h;] activated
at time ¢, where g belongs to the set of strategies that are constant per H/®-history-class,
i.e. mappings H/® — A.
In both cases, the expectation is w.r.t. all sources of randomness: the possible internal
randomization of the player, and the possible random rewards provided by the opponent.
Note that by definition the ®-regret is always bigger than the external regret (i.e. w.r.t. the
best constant action), and that in the case when ® defines only one class, those two notions
of regret reduce to their usual definitions in stochastic and adversarial bandits, respectively.

2.2 Upper bounds on the ®-regret

In the case we play against a constrained opponent, we observe from the definition of the
O-regret (4.1) that if we introduce Rp(c) = ]E[Zthl (maxg gy (a) — pe(ar)) =] for a
class ¢ € H/®, then R? = >, so Bir(c). This enables us to use usual stochastic bandit
algorithms, such as UCB Auer et al. (2002), per history-class, and the resulting behavior will
enable to minimize the stochastic ®-regret.



2. Preliminary results 85

Similarly, if we consider an arbitrary opponent, and an equivalence class ®, by using
usual adversarial bandit algorithms, such as Exp3 Auer et al. (2003), per history-class, one
can minimize the per-class regret E[ Zthl (re(g(c)) — re(ar))Ijp_j=c] w.r.t. any constant-per-
class strategy ¢, thus minimizing the adversarial ®-regret R;‘i.

The two corresponding algorithms, called respectively ®-UCB and ®-EXP3, are described
in Figure 4.1 (o and 7 are parameters) and we report the regret upper-bounds in the next

result.

Theorem 4.1 (®-regret performance bounds) In the case of a ®-constrained opponent,
using the ®-UCB algorithm with parameter o > 1/2, we have the distribution-dependent
bound:

RE< Y 2L A fa)e,

Ac(a)
c€H/P;E(N7(c))>0 acA;Ac(a)>0

where Np(c) = S, Ihe=c, the per-class gaps Ac(a) o Suppe 4 fe(b) — pie(a), and the con-

. 4 a+1/2
stant c, = 1+ Tog(at1/2) (a71/2

depend on the gaps):

)2. We also have a distribution-free bound (i.e. which does not

R} < \/ TA6(4a log(T) + ca>

where C = |{c € [H/®|;E(Nz(c)) > 0}| is the number of classes that may be activated.
Now, in the case of an arbitrary opponent, using ®-Ezp3 algorithm, we have:

~ 3 —
R} < —=1/TCAlog(A).

The proof of these statements is reported in the supplementary material and directly
derives from the analysis detailed in Bubeck (2010) and the previous remarks. Note that one
can use other bandit algorithms (such as UCB-V Audibert et al. (2009), MOSS Audibert
and Bubeck (2009)) and derive straightforwardly the corresponding result for the ®-regret.

2.3 Lower bounds on the ®-regret

We now derive lower bounds on the ®-regret to show that the previous upper bounds are
tight.

Intuitively, on each class ¢, one may suffer a regret of order y/Nr(c)A, where Np(c) is
the number of times class c¢ is visited. Now, since the way classes are “visited” depends
on the structure of the game and the strategy of both the player and the opponent, those
classes cannot be controlled by the player only. Thus we show that there always exist an
environment such that whatever the strategy of the player is, a particular opponent will lead
to visit all history-classes uniformly in expectation.
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Foreachround t =1,2,...,T

(1) Define jiyc(a) = mﬂc_l(a),where Ff(a)

and Ny(c,a) = 22:1 Iineg=clas=a-

(2) Define fir(a) = fire(a) + /220

(3) Compute ¢; = ®(h<y).

(4) Play a; € argmax, ¢ 4 fit,c, ().

= Zi:l T's (a)I[[h<S]:cI[a5:a

Initialization: Define Va € A & (a) = %
Foreachround t =1,2,...,T

(1) Play a; ~ &, observe r¢(ay).

(2) Define Zt(c, a) = IZESt)]Iat:ch=[h<t}~

(3) Define wf,(a) = exp(—n Zi:l Zs(c, a)).

(4) Compute ciy1 = ®(hcttr).

w, b (a)
(5) Define &11(a) = ==l

Figure 4.1: ®-UCB (top) and ®-Exp3 (down)

We consider here, for a given class function ®, players that may depend on ¢ and oppo-

nents that may depend both on ® and on the player. Then we consider the worst opponent
for the best player over the worst class-function ® of given complexity (expressed in terms
of number of classes C' of H/®). The following result easily follows from Bubeck (2010).

Theorem 4.2 (P-regret lower bound) Let sup represents the supremum taken over all -
constrained opponents and inf the infimum over all players, then the stochastic ®-regret is
lower-bounded as:

1
sup inf sup R} > %\/TAC.

&;|H/D|=C 490 &—opp

D-regret is lower-bounded as:

Let sup represents the supremum taken over all possible opponents, then the adversarial

~ 1
sup  infsup R} > Z—OVTAC.

®;|H/®|=C 490 opp
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3 Playing against an opponent using a pool of models

After this introductory section, we now turn to the main challenge of this paper. When
playing against a given opponent, its model of constraints ® may not be known. It is thus
natural to consider several equivalence relations defined by a pool of class functions (models)
dg = (Pp)oco, and that the opponent plays with some model induced by some ®*. We
consider two cases: either ®* = ®4 € Pg, i.e. the opponent is a Py«-constrained opponent
with 6* € O, or the opponent is arbitrary, and we will compare our performance to that of
the best model in ©.

We define accordingly two notions of regret: If we consider a ®*-constrained opponent,
where ®* € ®g, then one can define the so-called stochastic ®g-regret as:

(Zmaxmhq] ~ tpae(@))). (4.3)

where [h]* is the history-class used by the opponent.

Now, for an arbitrary opponent and a pool of equivalence classes ®g, we define a re-
gret w.r.t. the best H /®p-history-class-based strategy for the best model § € ©, also called
adversarial ®g-regret:

R =sup sup E(Z [rt(g([h<t]9)) — rt(at)]), (4.4)

0€0 g:H/Py—A =1

where the class [h]y corresponds to the model 6.

Tractability This problem can be seen as a Sleeping bandits (Kleinberg et al. (2008),
Kanade et al. (2009)) with stochastic availability and adversarial rewards. Indeed, by con-
sidering each class ¢ in each model 6, we get a total of Co = ) ,.oCy experts. Now
at each time step, only one class per model is awake, and thus the best awake expert
changes with time. Recasting this problem in a usual bandit setting where the best ex-
pert is constant over time requires considering the Cg! possible rankings (see Kleinberg
et al. (2008)), each ranking being now seen as an expert. Running Exp4 algorithm on
top of this new experts would give a sleeping-bandit regret (and thus a ®g-regret) of or-
der O(y/TAlog(Ce!)) = O(\/TACglog(Ce)). Unfortunately this algorithm is intractable
and the bound is very loose when the number of models is large. In Kanade et al. (2009),
they proposed a (tractable) algorithm that would achieve in our setting a regret bounded by
O((TCe)*"log(T)).

We now describe tractable algorithms with regret upper-bounded by O((T'A)%/3 log(|©])*/?)
for both the stochastic and adversarial ®g-regret, which improves upon previous bounds for
our setting.
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EXP4/UCB And EXP4/EXP3 Algorithms: A natural approach is to consider each
model § € © as one expert defined by a equivalence function ®y and then run the Exp4
meta-algorithm (see Auer et al. (2003)) to select an action based on the recommendations
of all experts. More precisely, at each time ¢, the meta algorithm plays a; according to a
distribution ¢;(-) = >, p:(0)€7(-) which is a mixture of distributions & that each expert 6
assigns to each action, weighted by a distribution p,(#) over the set of experts ©. Figure 4.2
describes the Exp4 algorithm (see Auer et al. (2003)) using a mixing parameter v > 0.

Initialization: Define VO € ©, p1(0) = ﬁ.
For each round t =1,2,...,T,
(1) Define gi(a) = (1 =) Xgeo p(0)&] (a) + 7.

(2) Draw a; ~ ¢, and observe 7(a;).

(3) Define Ij(a) = 4801, .

(1) Define g,(0) = ¥, &(a)li(a).
(5) Define wi1(6) = exp(— Yoo, ge(6)/A).

(6) Define pry1(6) = %

Figure 4.2: The Exp4 meta algorithm

In Auer et al. (2003) the authors relate the performance of the meta algorithm to that of
any individual expert (see Theorem 7.1 in Auer et al. (2003)). However, it is not obvious to
build an algorithm for each individual expert ®y that will minimize its ®y-regret. Indeed, the
actions played by the meta algorithm differ from the ones that would have been played by
each specific expert 6. This means that for each expert, not only we have a limited (bandit)
information w.r.t. the reward function, but also each expert does not see the reward of its
recommended action. This results in individual expert algorithms with poorer regret bounds
than in the single model case described in the previous section (for which one observes the
reward of the chosen action).

We provide two algorithms based respectively on UCB and Exp3, that may be used by
each individual expert 6:

e $,-UCB is defined as before (see Figure 4.1), except that instead of step (4) we define
€Y as a Dirac distribution at the recommended action argmax, 4 fit ., (a).

e $y-Exp3 is defined as before (see Figure 4.1), except that in step (1), no action is
drawn from &; (since the meta algorithm chooses a; ~ ¢;), and step (2) is replaced by:
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li(c,a) = 1’quic)bt)]lat:aﬂc:[h<t]e (i.e. we re-weight by using the probability ¢;(a) of the

meta algorithm instead of the probability £/(a) of the individual expert ).

Regret bounds (proved in Appendix 5.1.1,5.1.2) of the meta algorithm Exp4 combined
respectively with individual algorithms UCB and Exp3 (called respectively Exp4/UCB and
Exp4/Exp3) are given below.

Theorem 4.3 (Pg-regret performance bounds) Assume that we consider a ®*-constrained
opponent with ®* € ®g, then the stochastic Pg-regret of Exp4/UCB is bounded as:

R = O((TAP*(Clog(T)) " log(10])"/2),

where C = |H/®*| is the number of classes of the model ®* of the opponent. Now, for any
opponent, the adversarial ®g-regret of Exp4/Exp3 is bounded as

19 = 0(T**(AT0g(A)) " log(|6]) ),

where C' = maxgee |H/Py| is the mazimum number of classes for models 6 € ©.

Note that, like in EXP4, we obtain a logarithmic dependence on |©] since playing an
action that has been chosen from a mixture of the probability distributions (over actions) of
all models yields a reward which provides information about all the models.

4 Experiments

We illustrate our approach with three different adaptive opponents and compare the results
of standard algorithms to the algorithms described here using two measures of performance:
the ®-regret, and the external regret.

We consider only two actions A = {a,b}, and fix the time horizon at 7" = 500. The
three considered opponents have finite short-term memory of length m = 0, 1, 2 respectively,
i.e. are ®,,-constrained opponents in the sense of Definition 4.1. More precisely, the reward
distributions are Bernoulli, and the opponents are

e () is a simple stochastic bandit (no memory). We choose p(a) = 0.4 and p(b) = 0.7
e O, provides a mean reward 0.8 when the action changes at each step, and 0.3 otherwise,

e (O, provides a mean reward 0.8 when the action changes every two steps and 0.3 oth-
erwise.

Each plot of Figure 4.3 corresponds to one opponent (O is left, O; right, and O is
bottom). In each plot, we represent the external regret (cyan) and ®-regret (red) obtained
for several algorithms. From left to right, the first four algorithms are UCB, MOSS, Exp3
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Figure 4.3: Regret w.r.t. the best history-dependent strategy (red) and best constant strategy
(cyan) for 3 opponents. All experiments have been averaged over 50 trials.

and ShiftBand. The next four correspond respectively to ®;-UCB, ®,-UCB, ®;-Exp3, and
$o-Exp3 algorithms (i.e. versions of UCB and Exp3 with memory of length 1 and 2). Note
that ®o-UCB (resp. Exp3) is just UCB (resp. Exp3). The last two algorithms correspond to
the Exp4/UCB (resp. Exp4/Exp3), i.e. meta algorithm Exp4 run on top of ®,,-UCB (resp
®,,-Exp3) algorithms, for m = 0,1, 2) as defined in Section 3.

The last two algorithms do not know the model of constraint corresponding to the op-
ponent they are facing and still, they clearly outperform other standard algorithms (with
frankly negative external regret) for the two adapting opponents (second and third). This
clear improvement appears also when the model considered by the algorithm is more complex
than that of the opponent (e.g. ®-UCB facing opponent 1). On the other hand, the reverse
is false (®;-UCB and ®;-Exp facing opponent 2) since a algorithm using a piece of history
of length 1 cannot play well against an opponent with memory 2.

Future work

We do not know whether in the case of a pool of models ®g, there exist tractable algo-
rithms with ®g-regret better that 7%/% with log dependency w.r.t. |©|. Here we have used
a meta Exp4 algorithm, but we could have used other meta algorithms using a mixture
q(a) = >, pi(0)E!(a) (where the p, are internal weights of the meta algorithm). However,
when computing the approximation term of the best model 8* by models § € O (see the
supplementary material), it seems that the ®g-regret cannot be strongly reduced without
making further assumptions on the structure of the game, since in general the mixture dis-
tribution ¢; may not converge to the distribution ¢/ proposed by the best model # € ©. This
question remains open.
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5 Technical details

We first remind the result of Auer et al. (2003) relating the cumulative reward of the Exp4
algorithm to the one of the best expert on top of which it is run. We have:

Lemma 4.1 For any vy € (0,1], for any family of experts which includes the uniform expert,
one has

- Alog(|©])
mnganggrt(a) —E, . aT(Zn(aQ) < (e=1yT + ——————=.

In our case, since the £/ are not fixed in advance but are random variables, we can not
apply the original result of Auer et al. (2003) for fixed expert advises, but need to adapt it.
The proof of the following adapttion easily follows from the original proof of Theorem 7.1 in
Auer et al. (2003):

Lemma 4.2 For any v € (0,1], for any family of experts which includes the uniform expert
such that all expert advices are adapted to the filtration of the past, one has

N Alog(|@|)_

Proof: Indeed, by construction of the algorithm, the beginning of the original proof from
Auer et al. (2003) applies and gives

Zrt(at) > Zangen _ Alog(19]) (6—2)%szt(a>)

t=1 v t=1 acA

!

where we introduce the notation 7(a) def 7;((“;)) To,—a

Now, we use the fact that £?(a) is adapted to the filtration of the past F'~! together with
the property that E(7;(a)|F™1) = E(r¢(a)|F~1) to deduce successively that

E(E,.g7(0) = <ZIE @)l 7))

acA

= E ’-Ftlft

acA

(2 @)

= E(Z]Ert IF el )
( )
(2

acA

= E( ) E(r(a)g(a)|F)

acA
= E a~§9 7”25 )
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On the other hand, since by assumption the uniform expert belongs to the set of considered
experts, we also have

T T T

%E(ZZﬂ(a)) = ZE(EaNU(A)rt(a)) < mngE(angfrt(a)),

t=1 ac A t=1 t=1

where U(A) denotes the uniform distribution over the set of actions .A. This concludes the
proof. [l

5.1 The rebel-bandit setting

We now introduce the setting of Rebel bandits that may have its own interest. It will be
used to compute the model-based regret of the Exp4 algorithm. In this setting, we consider
that at time ¢ the player @ proposes a distribution of probability £ over the arms, but he
actually receives the reward corresponding to an action drawn from another distribution, ¢;,
the distribution of probability proposed by the meta algorithm.

Following (4.4), we define the best model of the pool:

0" = argmax sup E(Z [Tt(g([h<t]9)) — rt(at)D.

0cO  gH/DP—A =1

We then define for any class ¢ € H/®Py+, the action a © arg max, ft.(a) that corresponds to
the best history-class-based strategy. Thus we can also write a; = af‘hq]e*. We now analyze
the (®-constrained) Exp3 and UCB algorithms in this setting and bound the corresponding
rebel-regret:

Definition 4.2 (Rebel regret) The Rebel-regret of the algorithm that proposes at time t the
distribution &0 but in the game where the action a; ~ q; is played instead is:

T

REO) = > Barrars (10(5100) — g (1e(0))).

t=1

5.1.1 &-Exp3 in the rebel-bandit setting

We now consider using Exp4 on top of ®-contrained algorithms. We first use the experts
®y-Exp3 for # € © with a slight modification on the definition of the function I;(c, a). Indeed
since the action a; are drawn according to the meta algorithm and not ®y-Exp3, we redefine
l~t(c, a) = 1-rt(a) Io,=aljn_],=c 50 as to get unbiased estimate of 7¢(a) for all a. We now provide

qt(a)
a bound on the Rebel-regret of the ®*-Exp3 algorithm.
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Theorem 4.4 (Rebel regret bound for Exp3) The ®y.-Exp3 algorithm in the Rebel ban-
dit setting where q,(a) > § for all a, and choosing the parameter nfg() =4/ ‘Hog(A) satisfies

. TC'log A
Ry(07) < 2 T4

Proof: The proof is in six steps and mainly follows the proof in Section 2.1 of Bubeck (2010)
that provides a bound on the regret of Exp3 algorithm.

Since we only consider the model 6%, we will simply refer to it as 6 and also write ¢; for
[h<t]g= to avoid cumbersome notations.

Step 1. Rewrite the regret term to make appear the actions a; chosen by the meta
algorithm at time ¢. By definition of ?(cg, a) we have Eq,q, (I%(cy,a)) = 1 — 7,(a), thus we
get:

T
R%(e*) = Z Ealy--7at—1 [EatNQt (Eafv{f (lte(ct’ &))) - lf(cb a:t)] :

t=1
Step 2 Decompose the term ange(l (ct,a)) in order to use the definition of £/. Indeed,

for p(x ) = n_9 logE, o exp(z), following the technique described in Section 2.1 of Bubeck
(2010), we have:

Eoeo (I (cira)) = o =1/ (I} (¢t @) = By (I} (1. 1)) — o=} (et @) (4.5)
Now using the fact that logz < x — 1 and exp(—xz) — 1 + 2 < 22, Vx > 0, the first term on
the right hand of (4.5) is bounded by: A anga(l (ct,a)?)

Thus, considering that £/ (a) = Zexiip( 1722 1 lg(;t(“))) we can introduce the quantity

W (n,c) log ( Z exp ( i (e, a))) ,

so that the second right term of equation(4.5) can be written W9 | (n?,¢;) — ¥9(n?, ¢;). Thus
we deduce that:

T ) ,
D L 7o)
t=1

q; (at)
_HEat (\111?—10757 Ct) - ‘I’f(ﬂf, Ct)) - ]Eatif(ch a;) ) (46)

where we have replace 1¥(c;, a) by its definition.
Step 3. Now we consider the first term in the right hand side of previous equation, which
is bounded by:

Eayg, (1 = 1i(a)

04|'—‘

Ea
)< S
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Step 4. Introduce the equivalence classes. We now consider the second term defined with

¥ functions. Let us introduce the notations N?(c def Z]I —[h<s)y for the number of times
s=1

when the class ¢ is activated up to time ¢ and then % () o min{t; N?(c) = i}. Thus we can

write:

T
ZZ (U1 (nt, [heilo) — W7 (g, [hcilo) ZZ Z \I’ 77t9 €)= \ijg(i)(ntez(i)?c)
6 t=1

cehd =1
N%(c
0 6 0 6
= Z Z ( Z o (Miagiy 410 ©) = Wiy (Mg C)>>_‘I’tﬂN%(c))(”tz(N%(c)w ).
ceb =1

Now, by definition of ¥, we also have for any given a = a? (we remind that § = 0*):

log A . #(N4.(c)
‘I’t9 N"<>><T7t€9<N€<c>>vc> = 0 e log(— ZeXP ”tﬂ N£(c)) Z
o Tonaey — Thevee) o
#2(N8.(c))
log A
< L—l— Z (c,a).
”tG(N"(c» s=1

In particular, we can use the optimal action a} when ¢ = [h]g-.
Step 5. Remark that UY(-, ¢) is increasing for all 6, c. Indeed, we can show that

o, 1
8_77\1/ (7770) = ?K‘L(p?,mﬂ-%

co(—p S 0
where 7 is the uniform distribution over the arms, and p{.(a) = Zeaiip("%sz} li(;)tfzt),L)'

s=1"s

Step 6. Now since nfg( y S ntg( 10 and \Iltg(Z (-, ¢) is increasing, we combine the results of

each step to deduce that:

NZ.(c)

' log A
R0 <B( ) e )
c ”tﬁ(N%(e))
Since we choose nfg(i) = \/M%,(A), we get:

| N2(c 1 A [ TC1 A
R(6°) Z og Cog

We now combine Lemma 4.2 and Theorem 4.4 using Exp4 meta algorithm with § = 7 to
get the final bound:

O
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Theorem 4.5 For any opponent, the adversarial ®g-regret of Exps4/Exp8 is bounded as
RY = O(T**(AC log(A))" " log(|©])'/?),
where C' = maxgee |H/Py| is the mazimum number of classes for models € ©.

Proof: Indeed we can apply Theorem 4.4 using Exp4 meta algorithm with § = 5. We get:

T
R? = Z]Eal ..... Gt—l(rt(arh<t]0*)_]EatNQtTt(a’t))

t=1

Al
< RUE) + (e — 1)y7 + 20800

N |TAC log A LT+ Alog(|@|)'
v Y

(AT log(A))!/3log(|0)}/2
(4T)1/3

We thus choose v = to conclude. [

5.1.2 &-UCB in the rebel-bandit setting

Similarly, a bound on the Rebel-regret of the ®*-UCB algorithm can be derived assuming
that we consider a ®*-constrained opponent with ®* = ®%" ¢ ®g.

Theorem 4.6 (Rebel regret bound for UCB) The ®y--UCB algorithm in the Rebel ban-
dit setting where q,(a) = § for all a, and provided o« > 1/2, satisfies

R(6%) Z ZA [2alog T)+ T0A(a)? +c}

CE%/@#G 20 32alogT

We also have the distribution-free bound:

dalog(T) )
q * < * -
RL(O") < VTC*A 5 + o + Toalog(T)’

This enables us to deduce the first part of Theorem 4.3, following the same method as
Theorem 4.5 but for the stochastic ®g-regret of Exp4/UCB.
Proof: ~ We write b, the action proposed by the ®-UCB algorithm at time ¢, and a; the
action effectively played according to distribution ¢;. We introduce the notations: NT( ) =
ST Iihoy=c, then t.(7) = min{t; Ny(c) = i} and for all a € A, Np(c,a) = ST I =cla;=a-
The proof mainly follows the lines of Bubeck (2010). Note that by definition, we want to
bound the following term:

Np(e)
- Z Z AC(CL)E< Z ]Ibt=a) (47)
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Step one. Decompose the event b; = a. Let us consider a time ¢ for which [ho] = c.
Then let us consider a sub-optimal arm a such that A.(a) > 0. Thus it appears that b, = a
if one of the following conditions holds:

(1) firelac) < pelac)
(2) ﬂt,c(a’) > H’c(a')

(3) AC(a) <2 %b—gT

Ny 1(ca)

Indeed, otherwise we would have

fe(a) > pelar) = pa) + Adla)
> e(a) 2 ijlg—(m)) > jic(a).

Thus we introduce the quantity u.(a) = 4Aalg’g)T and deduce that:

NE(e)
E(Zﬂbt=a X Z]I Yor(2)orNf_ ca)<uc(a))'
=1

Step 2. Now since N%(c,a) is an increasing function of time (note though, that it does
not increase by one each time b; is proposed...), we can define the stopping time 7.(a) =
min{t; N/(c,a) > u.(a)}, or equivalently the stopping instant i.(a) = min{i;Nfz(i)(C, a) >
uc(a)}. Thus we deduce that:

NZ(c N%(C)
E( Z Hbt:a) < E(Zc(a)) + E( Z H(l)or(2)) (48>
=1 i=ic(a)+1

Now we can bound the second term of (4.8) by a constant depending only on «a, by an easy
peeling argument (we refer to Section 2.2 of Bubeck (2010)):

NZ(c) Ni(e)

E( Y lwem) <2E( Y (lolg—f/iﬁﬂ”)p%) (4.9)

i=ic(a)+1 i=ic(a)+1

where [ = m
Then, we also have, by integration by parts:

N (c)

logz 1 > logt 1 4
w( D log 1/8 EE 2/1 (o173 T Ve < tog/p@Ba — 12

i=ic(a)+1
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Step 3. Thus we focus on the first term E(i.(a)) of (4.8). Since we know that ¢ (a) > ¢
for all a,t, we thus deduce that:

> Plicla) > 1) <lo+ > P(Vj <l Ny, (c,a) < ue(a))
=0

I=lg

o0 J
< o+ Y P(VI<E Y Tay, =0 — du(a) < ucla) = 6j).
i=1

I=lg

Now by property of martingale difference sequences, we deduce by setting Iy = FUCT@—'
that:

)

E(ic(a)) < l0+ZeXp 2(1 — 1y)%620)
I=lp

< ho+ ZeXp(—<l —b))

202
I=lo

where we introduced the quantity o? = ﬁ. Thus we deduce that:

E(i.(a) < \/7 N e (4.10)

Step 4. Finally, by combining (4.9), (4.10) with (4.8) and (4.7), we deduce the following
distribution-dependent bound on the rebel regret:

2a10g (T) TOA(a)?
HZ/@;A ) S aps \ S2atogT ")

a+1/2
L+ 10g(a+1/2) ((;y—1/2)2

ment as for Theorem 4.8, remarking that \/g \/ iﬁfég); </ Faatos®) = c. O

This enables us to deduce the following Theorem, that we prove using the same method
as that of Theorem 4.5 but for the stochastic ®o-regret of Exp4/UCB.

where ¢, = . We deduce the distribution-free bound by the same argu-

Theorem 4.7 Assume that we consider a ®*-constrained opponent with ®* € ®g, then the
stochastic ®g-regret of Exp4/UCB is bounded as:

R = O((TAP(Clog(T)) " log(|0]) /%),

where C = |H/®*| is the number of classes of the model ®* of the opponent.
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5.2 Playing against an opponent using a known model

In this section, we provide the sanity-check proofs corresponding to the case when the model
of the opponent ¢* is known by the learner.

5.2.1 Regret upper bounds against the best history-class-based strategy

Theorem 4.8 In the case of a ®-constrained opponent, using the ®-UCB algorithm with
parameter a > 1/2, we have the distribution-dependent bound:

rRE< Y y 2D A e

Ac(a)
ceM/P;E(Nr(c))>0 acA;Ac(a)>0

where Np(c ) ST LIhoy=c, the per-class gaps Ac(a) o pe(al) — pe(a), and the constant
— 1+ (a+1/2)2
log(a+1/2) a—1/2/

on the gaps):

We also have a distribution-free bound (i.e. which does not depend

RE < \/ TAU(M log(T) + ca>

where C = |{c € |H/®|;E(Nr(c)) > 0} is the number of classes that may be activated during
the run.
Now, in the case of an arbitrary opponent, using ®-Fxp3 algorithm, we have:

3
V2
Proof: ~ ®-UCB: The distribution-dependent bound for ®-UCB is a direct application of

the result of Bubeck (2010) for the algorithm UCB about 7,(t) o S Tu.—s Where a; is

played by UCB, that states that E(7,(t)) < 4a10(g()t) + ¢o. Indeed, we use the fact that

Ry =3 cu s Br(c) and thus remark that when a class c is visited, then we play according
to a UCB algorithm for this class.
Thus, for the distribution-free bound, we have:

Ry = ZZA E(7a(Nz(c)))
< ZZ\/E Ta(Nr(€))/4alog(T) + cq
< Z\/IE Nr()VAV4alog(T) + ca
< \/ﬁ\/zxalog(T)Jrca,

where we used that ) 7,(s) = s for all s, and > Ny(c) = T, and the Cauchy-Schwartz
inequality twice.

R: < TC Alog(A).
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®-Exp3: The bound for ®-Exp3 follows from the bound of the anytime version of the
Exp3 algorithm. Indeed we have

Nr(c)
A . log(A)
¢<ZE(§ d o=,
c =1 Nr(c)
we deduce the bound by setting 7{ = \/%. O

5.2.2 Lower bounds on the regret

Theorem 4.9 Let sup represents the supremum taken over all ®-constrained opponents and
inf the infimum over all forecasters, then the stochastic ®-regret is lower-bounded as:

1
sup inf sup R > TAC.
&;|H/D|=C 490 d—opp 20
Now, let sup represents the supremum taken over all possible opponents and inf the infimum
over all forecasters, then the adversarial ®-regret is lower-bounded as:

sup inf sup RT L TAC.
©;|H/D|=C 99 opp 20

Proof:  Let us fix the horizon T and the number of classes C'. We consider the opponent
defined using the specific class-function ® such that each class c is periodically visited every
C' time steps, thus T//C' times. Note that T = %C’ and that this is intuitively the opponent
that makes the algorithm switch between classes the most.

Now we define more precisely the rewards output by the opponent. Let us consider the
stochastic bandits such that for each class ¢, one arm a, is a Bernoulli B((1+¢.)/2), and all
others are B((1 —¢.)/2).

Then by application of Lemma 2.2 in Bubeck (2010), for €. of order \/g , we have in the
Bandit information setting the following inequality:

1 c I+e.
sup Zuc (ac) — pe( at)>ssc<1—z—\/Zillog(li_;)>.

focke 127

T

Thus with the notations Np(c) o Z]Ic:[hq] for the number of times when class c is
t=1
ef

activated up to time ¢ and then t.(7) e min{¢; Ny(¢) > i}, we deduce that:

NT C)

{Su$ ZZ Nc ac — He at) =lh<t] — Zsup Z /~Lc ac — e atc( )))
ENT(C)ECQ — 5~y log(i - §> /N;;)).
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Since the a, are chosen by the opponent such that each class is visited exactly Np(c) =
T/C times, then we deduce that the ®-pseudo-regret is lower-bounded as:

1+e.. | T
sup Z Z Mc ac ,uc at c_[h<t] = Z _50 - Ec 10g<1 — Ec) 2AC>

{ac}c c t=1

Thus, after some tedious computations to optimize €., we finally get a lower bound of order:

3 2ot/ A = 55VTAC. Note that this is valid only if &, ~ /#(C) is small (less than 1),

i.e. if the number of classes C' is smaller than a constant times % (and if this not the case,

the lower bound becomes obviously of order T').

The second part of the Theorem can be proved using the same construction. O

5.3 Approximation error of the models

The following result sheds light on a specific term that appears to be an approximation term
of the true model #* by other models 6.

Theorem 4.10 (Approximation error of bandit models) For any (p:(6)):co € [0, 1], thus
for any meta algorithm run on top of Exp3 algorithm and defined with q,(a) = >, p(0)&! (a)
and decreasing coefficient n?, the following holds true:

< s(Ery Bl sy

cel i=1 cel ntg(Ng(C))
N (o)
+ZZ1nf Z Ty z) <t9()) rtg(i)(ag))ptg(i)(9)>-
cel de

The term on the second line is actually a mixture of approximation errors of each model, and
it seems it can not be reduced without further assumption on the quality of the models.

Proof: The proof is in four steps.
Step 1. Rewrite the regret to make appear the probabilities £?(a). We first introduce:

T

Ry = Z?‘t(a[hd}*) —ri(ay)

t=1

TeA%e)Pe re(a)€] (ar)pe
- YOS E,, (O rd@)iep ()

Qt(at)
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Now we have: ?(cg,a) = (1 — rt(a))’q’zg; Io,—alcg=(ho,],» thus taking the expectation over a;

for each time t, we have:

Ry = ZEar (re(apne,. — re(ar))
. - pe(0) 70
o Z Z ]Eat <q (CL )]Iat:a[’bq]* lt ([h<t]67 a[h<t}*))>
0 t=1 A
. p(0)&7 (ar)
# 20D Ea (Bang (Rl ) — 220,

We can simplify the above expression since Eq, (7.5 (i)) Los=ap_,.) = Eat(%) = p(0).

Step 2. Decompose the term ange(l ([h<i]p,a)) in order to use the definition of &.
Indeed, one can upper bound this term by

Eqeo (I ([h<i)o, @) < i S Eoes (1 ([hilo )2)—%1%(28@( (17 ([haio, )€/ (a))).

2 a
- s 0(,) — _exp(=nf Siz; l([h<tlp,a) -
Thus, since by definition we have that & (a) = S o S W (herpa) VE €I introduce
the quantity ¥9(n,c) = %log(% S exp(—n St 1%(c,a))) so that the previous regret term

writes:

L P0G @)
S ey

E

R
R

Step 3. Introduce the equivalence classes. We now consider the term in the right hand
side of the above equation defined with ¥ functions. Note that we do not change the bound

on the term Ry by considering the sum over the # such that p,(6) > 0.
t

N

/N

> Ea (U (0 [heddo) = W (nf, [htlo)) — Ea, (F ([Pctlo a[hq]*)))-

t=1

Let us introduce the following notations N?(c ZHC_[h <sJolps(9)>0 and then similarly

s=1
t%(i) = min{t; N/(c) = i}. Thus we can write:

Sy SO (W0 (1l [heile) — WL, [het)o) ) Lne(o)>0
= Y s SR WY s ©) — W (1 ©)

9 (c)—
= D Zcee Zz’:T ( H0) 77?9(1')+1’ ¢) - wfﬁ(i)(ng)@(i)’ )

(g
0 0
Vo) (”tz(N%@))’ c).
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Now, by definition of WY, for any given a = a? we have
t2(N3(0))
logA 1 1 -
0 0
~Wiona o Mava )y ©) = P 5log (Z Yoew(—n Y L a))>
a s=1
te(N3(0)
log A -
< BL4 Y Fea),
U s=1

where 7 is a shorthand notation for nfe (VO (e ))

Step 4. Now since 77?9 0) < nfg(i) +1 and \I/ )( ¢) is increasing for all 0, ¢, we deduce from
the previous equations that:

0 C
N7 () TIte () pte fte(z (a) log A
< Yy Rttt gy et
0 i-1 a B (i) 0 ceo NG (0))
t9( Ne ()
DB WY Z B, (I (c,a®) — (e, ap..).
ceo °

Now we conclude by taking the expectation, seeing that py ;) (0)&0 ) < qu()(a), and that
by definition Eq, (I%(c,a?)) = (1 — 71(a))pe(0) Lz - O



Part 11

The Batch World: Randomization and
Sampling.
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After this first part where we studied some variations of the bandit problem, which can be
seen as a pure online problem when compared to the general reinforcement learning problem,
we now turn to the study of some important questions that concern so-called batch learning,
i.e. when we are given a batch of data instead of a stream of data.

Why studying batch learning is important for sequential learning. First studying
batch learning is interesting by itself, actually almost all Machine Learning is about batch
data, and it involves important notions such as regression, sampling or learning complexity.
This is also useful for the study of the sequential learning setting, which is maybe less
obvious. The general reason here is that since learning with a given batch data is easier
than learning while sequentially acquiring data - the notion of regret actually measures the
gap of performance - then it makes sense to first study the fundamental questions of batch
learning before developing similar tools for the sequential learning problem. Note also that
studying batch learning is a priori not sufficient since major questions such as for instance the
exploration-exploitation tradeoff, which is fundamental in sequential learning, do not appear
in batch learning.

One example of transfer of knowledge from batch to sequential learning is that the precise
understanding of a regression problem with random design is a natural first step before
addressing one challenging task of reinforcement learning that makes use of regression with
Markov design, see Lazaric et al. (2010a). Another includes an extension of concentration
inequalities to their self-normalized version, that we showed to be useful in the bandit setting,
see chapter 2, and a recent successful idea considers empirical complexity for batch data such
as the Rademacher complexity that has been extended to the case of sequential learning, see
Rakhlin et al. (2010), in order to derive a control on the empirical process similar to batch
theory.

Now, there are of course plenty of important concepts coming from statistical theory for
batch data that still need to be understood from a sequential point of view - data driven
penalties, local CLT, Sanov’s theorem, PAC analysis, transport - and this opens a wide
avenue of research in order to develop the corresponding concepts for non-asymptotic theory
of sequential learning.

Contributions. In Chapter 5, we present a general survey of tools coming from statistical
theory that we gather here for the sake of clarity, since most of the theorems presented in
this chapter are used here and there in this Ph.D. dissertation.

In Chapter 6, we are interested in the use of random matrices in a setting of regression
with random design. Interestingly, if the tools needed to assess performance bounds of the
proposed estimators have only been popularized quite recently due to the many theoretical
and practical developments that the topic of random matrices has lead to in the last few years,
we realized that such idea of using random projections, or random representations as they
are called in Sutton (1996), have been used for long in more applied settings, like robotics,
or texture synthesis for instance, which gives additional motivation for understanding them.
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For instance, Richard Sutton already studied experimentally the effect of randomization in
neural networks in Sutton and Whitehead (1993) and also highlighted that the 1962 Rosen-
blatt’s perceptron was originally used with a pre-randomization layer in order to improve
performance.

In Chapter 7, we consider another use of random matrices in a more traditional way linked
with the problem of recovery of a sparse function. Specifically, we show how the use of random
integral operators enables to relax the traditional assumptions of (almost) orthogonality of
the underlying dictionary, turning the recovery problem into a simple integration problem.

Finally in Chapter 8, although slightly disconnected with the rest of this manuscript, we
analyze the Rademacher complexity of a problem known as multi-view learning.



CHAPTER 5

Statistical Learning.

In this chapter, we present theorems and results coming from different areas of statistical
learning theory that we either use in some chapters of this thesis or that we just consider to
be important for the current and future development of bandit and reinforcement learning
theory. We think it is more convenient to have such theorems and pointers gathered in a
dedicated chapter rather than spread here and there.
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1 The concentration of measure phenomenon

The concentration of measure phenomenon Ledoux (2001), and its implementation in terms
of concentration inequalities is certainly the most useful tool of the last decade in order to
prove performance bounds of algorithms in machine learning. It enables to derive results not
only asymptotically, but also for a finite amount of data.

We present in this section different types of inequalities. First we consider concentration
inequalities for a single random identically distributed (i.i.d.) process, then we consider more
refined results useful for decision processes, which include results for martingales. We finally
quickly present some results about random matrices.

1.1 Concentration inequalities for i.i.d. sequences

Hoeffding’s inequality The following simple Lemma relates the logarithm of the moment
generating function of a bounded random variable to its expectation (see Hoeffding (1963)).
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Lemma 5.1 (Hoeffding’s lemma) Let X be real random variable that is almost surely
contained in the interval [a,b]. Then for all A € R,

A2(b— a)?

log(E(exp(AX))) < AE(X) + 3

This lemma is at the core of many useful results, like the better known inequality from
Hoeffding (1963), that can be seen as a non asymptotic law of large numbers.

Theorem 5.1 (Hoeffding’s inequality) Let {X;}1<i<n be real centered independent ran-
dom wvariables, such that for all i < n, X; € [a;,b;] almost surely. Then for any € > 0, we
have

P(i X, > ) <exp(— = (2;2_ ai)2>

=1

This theorem is of practical interest since it gives a bound of the mean of random vari-
ables that only depends on the support of the unknown law, which explains the tremendous
amount of results that directly use this inequality. Note thus, that it is natural to ask to
which extent the bound provided by Hoeffding’s inequality is tight. For instance, the fol-
lowing Bernstein’s inequality (approximation of Bennett’s inequality) may be applied when
additional information is known about the variance of the law, and is generally tighter than
Hoeffding when the variance is small, see Bernstein (1924).

Theorem 5.2 (Bernstein’s inequality) Let {X;}1<i<n be independent real valued random
variables and assume that there exist two positive numbers v, and d, such that:

n n '
STE(X?) S viand Vre Nyr >3, 3 E[(X)}] < %Und;ﬂ.
i=1 i=1

Z(Xi —E(X3)), then for any x > 0, we have

=1

Let S, def

P(S, > V2v,z + d,x) < exp(—z).

Note also that historically, other inequalities was proved by Sergei Bernstein, and then
were rediscovered several times in various forms. Thus, Chernoff’s bound, Hoeffding’s in-
equality and Azuma’s inequality are in fact special cases of original Bernstein’s inequalities.



1. The concentration of measure phenomenon 109

Orlicz norms A convenient way to understand the previous result, is to consider that
the knowledge of the variance gives control on the tails of the distribution of the random
variable. More generally, such a control can be understood by means of Orlicz spaces and
Orlicz’ norms.

Definition 5.1 (Orlicz’ space) A Young-Orlicz modulus is a convexr increasing function
W from [0,00) onto [0,00) (thus ¥(0) = 0 and ¥(x) — oo when x — oc). Let (X, 7, 1) be
a measure space and 1 be a Young-Orlicz modulus. Denote by Ly(X, T, 1) the space of all
real-valued measurable functions f onto X such that

1l = inf{e >0 Eu(p([f(X)]/¢)) < 1} < oo

Then Ly(X,T, 1), the set of all the equivalence classes of functions in Lu(X, T, 1) for the
almost everywhere equality, 1s called an Orlicz’ space.

Note that there are others equivalent definitions of Orlicz norms, see Pollard (1990). A
specific Young-Orlicz modulus is the following one v, (z) := exp(z®) — 1, a > 1. Note that
we have Lo, C Ly, C Ly, C Ly for all o, o/ < a. This modulus has the following interesting
property (see Pollard (1990)) that is directly related to a control on the tail probabilities:

Proposition 5.1 Let X be a real-valued random wvariable. Then the following statements
are equivalent:

o dc > 0; ]| Xy, <c.
e Joy, eVt >0, P(X|>1t) <crexp ( - (é)a)
Moreover if || X ||y, < ¢, then the second line holds with ¢; =2 and ¢y = c.

Indeed such a proposition shows that controlling a ,-Orlicz norm provides a very precise
behavior on the deviation of X, and thus enables to get concentration results for sums of
random variables more precise than Bernstein type inequalities. This result is actually more
general, see Pollard (1990) for very nice results around this notion.

Sanov’s theorem Now, in order to even better understand the tightness of the Hoeffding’s
inequality, one may want to get bounds that depend on the law of the random variable itself,
and not only on features such as its support, its variance or its a-orlicz norm. Such a result
has been developed for instance in Sanov (1957) and is known as Sanov’s Theorem. See also
Csiszar (1984), Dembo and Zeitouni (1998) for important refinements. First, the following
asymptotic statement gives the precise distribution-dependent quantity that should appear
in the previous inequalities. Let us write v a distribution probability and 7, be the empirical
distribution defined using n samples i.i.d. from v.
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Theorem 5.3 (Sanov’s theorem) Let D be a set of distributions over a space X, endowed
with the topology of narrow convergence. We have

1 o .
liminf —logP(v,, € D) > —A,(D)
noomn

1 _
limsup — logP(7, € D) < —A, (D)
n

n

where A, (A) © infea KV, v) and K(V',v) is the Kullback-Leibler divergence between the

distributions v and v.

Non-asymptotic behavior In order to relate this quantity to the Hoeffding’s bound, we
need the non-asymptotic behavior counterpart of the previous inequality. In the case of
convex set of distributions, we have this result by Dinwoodie (1992). See also Csiszar (1984)
for a more general result on so-called almost completely convex sets.

Theorem 5.4 (Non asymptotic Sanov’s theorem for convex sets) LetD be a convex
set of distributions over a space X. Then, we have, for alln > 0,

P(D, € D) < exp(—nA,(D)).

Unfortunately, this result do not generalize nicely to the case of non-convex sets of distri-
butions. In the general case, without any convexity assumption on D C M([0,1]), we only
have the following result, specified from Dembo and Zeitouni (1998) for distributions with
support included in [0, 1].

Theorem 5.5 (General non asymptotic Sanov’s theorem) We have, for alln > 0,
P(, € D) < inf {M(M([o, 1]), 8)e "0 5 - o}

where M([0,1]) is the set of probability measures on [0,1], M(A,d) is the minimal number
of balls of radius § that covers the set A and D° = {v € M([0,1]); diew, (V', D) = &} is the
enlargement of the the set D for the levy distance.

Pinsker’s inequality Sanov’s theorem gives the precise asymptotic behavior that should
appear in the case of Hoeffding’s inequality. This behavior makes appear the Kullback-
Leibler divergence as a fundamental underlying quantity while Hoeffding’s inequality only
considers the mean; let us focus on a distribution v with support included in [0, 1], mean
p and empirical mean ji,, and distribution 7,,. We have on the one hand by Hoeffding’s
inequality, for all § > 0

P(fi; = p+8) < exp(—1267),
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and on the other hand by the non-asymptotic Sanov’s theorem

Py € Dy(p+9)) < exp(—tA,(Dy (1 +9)))

where D, () o {v/; V" has mean ' higher than x} is the convex set defined such that

In order to link 26% to the quantity A, (D4 (p + §)) that makes use of the Kullback-Leibler
divergence, and thus understand how tight is Hoeffding’s inequality, we now we make use of
Pinsker’s inequality (see e.g. Cover and Thomas (1991)).

Lemma 5.2 (Pinsker’s inequality) For all distributions v, V', then

[l = V7

K, V') >
(V7V) 2 )

where ||v — V'||7v is the total variation norm between v and v'.

Note that there is a real gap between the two quantities involved in Pinsker’s inequality.
Indeed let us mention the following improved bound, due to Fedotov et al. (2003)

TSI E Lt Y | Y PR
v||v cllv —v
~ 2 36 270 il v
where all the ¢, are positive explicit optimal terms, i.e. we can not extend this bound to
higher order polynomials with all positive monomes.

Now in our case we simply combine the above inequality together with the following
simple remark for distributions with support in [0, 1].

Lemma 5.3 In the case when v and V' have support included in [0,1], then we have the
inequality ||lv — V'||ry = 2|p — i/|.

Proof: Indeed, it can be shown that ||v—v/||7v = 2(v(A)—1v'(A)), where A = {z : :,((9;)) > 1}
Then, since x € [0, 1], we also have that v(A)—v/'(4) = [, v(z)—V'(z) > [, x(v(z) -V (2))+
J5x(v(z) — V/(x)), where the second term is negative by definition of A. Thus we deduce

that |[v — V'||7v = 2(u — 1), and we conclude by symmetry. O

Note that in general, for a given set of distributions D, lower bounding the term A, (D)
may be a difficult task. Let us refer the interested reader to some useful insights coming from
Geometrical information theory (see Amari and Nagaoka (2000)), as well as from Transport
theory (see Gozlan and Léonard (2010)) that precisely addresses such questions, as well as
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many other extensions. In our case where D = D, (i + §), a lower bound simply follows by
the previous inequalities:

A (Di(p+0)) = f{KL{||lv); V'st.py' = p+0}
2 I 2
inf{M; Vst = p+ 0}

454 2856 X
> 207+ o+ Y (20)%F > 267,
9 210 &

which shows more precisely in which sense we can say that the Hoeffding’s inequality is not
tight.

1.2 Concentration inequalities for decision processes

Maximal and self-normalized inequalities Concentration inequalities are nice but we
may often want a more uniform result over the number of samples. Instead of using a naive
union bound that is generally suboptimal, we can instead resort to so-called maximal inequal-
ities. For instance the following bound is derived from Azuma’s inequality for martingales,
see Azuma (1967).

Theorem 5.6 (Mazimal Hoeffding’s inequality) Let {X;}i<i>n be a sequence of non-
negative independent random variables X; € [0,1], P-a.s. with mean . Then for all x > 0,

k
P( sup 2in Xi—k >z)<e
1<k<n NG

Note that here, the term after the supremum is normalized by /n whereas it would seem
more natural to have a normalization by a factor vk instead. This is exactly the purpose of
self-normalized inequalities, which can be seen as a stronger notion. In Garivier and Leonardi
(2010), the author proposed such self-normalized inequalities, we only report one simplified
version here.

Let F), the o-field of the past (so that for & > n, X}, is independent from F},) and let us
consider a predictable sequence (g;);>1 of Bernoulli variables (i.e. such that for all i > 0, ¢;
is F;_i-measurable).

We further introduce the following notations:

k b K
Sk=>_ Xigi, M=) pei, Nu=> &
=1 =1

i=1
Theorem 5.7 (Self-Normalized Hoeffding’s inequality) For all x > 0, for alln > 0,

Sk — Mk 2 ) < log(n) 1672x2(1*ﬁ)

P
( sup log(1+7) *

1<k<n V Ng
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The idea of the proof is to consider a cylinder of high probability around the trajectory
of the empirical process, which enables to replace the naive union bound over all possible
instants by a peeling argument, and thus get a rate similar to the non-maximal inequality up
to a logarithmic factor. Other tight results can be found in Garivier (2011) and are related
to the law of the Iterated logarithm.

Interestingly, another consequence of the analysis developed in Garivier and Leonardi
(2010) is that one can prove the following inequality in the case of Bernoulli random variables

Lemma 5.4 Forallp € [0,1], alle > 1, and all k > 1,

IP)p{Nk K(ﬁ(@vk), 5(]))) > 5} < 2e (slog k:] e °.

where Dy, = f,—’; and (p) is the law of a Bernoulli random variable with parameter p.
Concentration inequalities for martingales We now detail some important results for
concentration of martingales sequences.

Following the important work of Bercu and Touati (2008), where some refinements of the
following results can be found, let us consider (M,,), a locally square integrable real martingale
adapted to a filtration F' = (F},) with My = 0. The predictable quadratic variation and the

total quadratic variation of (M,,) are respectively given by
(M), =Y E[AMZ|Fp] and [M], =)  AM;
k=1 k=1
where AM,, = M,, — M, _1. The celebrated Azuma—Hoeffding inequality is as follows.
Theorem 5.8 (Azuma—Hoeffding’s inequality) Let (M,) be a locally square integrable

real martingale such that, for each 1 < k < n, ap < AM; < by a.s. for some constants
ay < b,. Then, for all x > 0,

222
k=1

The next result is from (Freedman, 1975, Th. 1.6).

Theorem 5.9 (Freedman’s inequality) Let (M,) be a locally square integrable real mar-
tingale such that, for each 1 < k < n, |AMg| < ¢ a.s. for some constant ¢ > 0. Then, for all

z,y >0,
22
B, > 2, (M) <) < oxp(— 2.
(M > 2, (M) <) < 0577 o

Under some additional assumption, we have the following more useful result:
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Theorem 5.10 (De la Pena’s inequality) If (M,) is locally square integrable and condi-
tionally symmetric which means that for n > 1, the conditional distribution of AM, given
Fn_1 is symmetric, then Vx,y > 0,

2

P(M, > 7, [y < y) < exp( 5 )

Now if N € N is a finite stopping time, we want to give a a concentration inequality for the

self-normalized martingale My /+/(M)y. However, it is well-known that this is not possible

in general (see De la Pena (1999), de la Pena et al. (2004)). Fortunately, the fact that no

concentration result applies does not prevent us with getting some useful result. Actually, it

is proved in Delattre and Gaiffas (2010) that one can have the following general result (which
is not a concentration result):

Theorem 5.11 (Gaiffas’ inequality) Let v and x be positive numbers and let N be a finite
stopping time. Assume that My = 0 and that

A-]\4n = Sn—1&n,
where (Sp)n>0 and (€,)ns0 are F-adapted sequences with
E(en|Fn-1) = 0 and|e,| < balmost surely for anyn > 1.

Then we have the property that

P(|Mn| > v/ VNC1b\/JI + ¢y log (log (ViN \V ﬁ) vV e) <c(l+ e

v

n
.. . . def
where ¢, cy, ¢y are explicit numerical constants and V,, is defined by V,, = E sifl.
i=1

1.3 Random matrices

We now provide some useful results about random matrices. The first interesting one is given
by the following constructive version of the Johnson-Lindenstrauss Lemma (see Dasgupta
and Gupta (2003)). Then we detail results about the behavior of singular values of random
matrices that are of special interest when solving linear systems.

Johnson-Lindenstrauss Lemma Let A be a P x F matrix of iid Gaussian N(0,1/P)
entries. Then the following lemma states that the random (with respect to the choice of the
matrix A) variable ||Aul|*> concentrates around its expectation ||u||* when P is large.

Lemma 5.5 For any vector u in RY and any ¢ € (0,1), we have
P(lAull? > (14 O)ul)) < P,

P(lAul? < (1 = )flull?) < e,
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The proof directly uses concentration inequalities like Cramér (1938) large deviation The-
orem, and may be found e.g. in Achlioptas (2003). Note that the gaussianity is not needed
here as only sub-gaussianity is used, and this is also true for other distributions including for
instance:

e + Rademacher distributions which takes values 4-1/v/P with equal probability 1/2,

e Distribution taking values +./3/P with probability 1/6 and 0 with probability 2/3
which produces sparser matrices.

Singular values The asymptotic behavior of the singular values of Random matrices was
studied long ago, and very precise a deep results have been found, see Wigner (1958),
Marcenko and Pastur (1967), Tao et al. (2010) for instance.

A first useful non-asymptotic property of random matrices is the following result by Edel-
man (1988) that gives a lower bound of the smallest singular value of A (i.e. the eigenvalue
of VAT A), which is of direct interest when considering existence or stability property of least
squares estimates.

Theorem 5.12 (Smallest singular value of Gaussian matrices) Let A be an n x n
random matriz whose entries are independent standard normal random variables. Then for
every n and fived € = 0 one has the following non-asymptotic bound:

P(smin(A) < en?) < e

Actually one can prove more general results including results for the largest eigenvalue.
We refer to Rudelson and Vershynin (2010) for further developments on this topic. The
following result holds for arbitrary sub-gaussian matrix, see Rudelson and Vershynin (2008a):

Theorem 5.13 (Smallest singular value of rectangular random matrices) Let A be
an N xn random matrix whose entries are independent and identically distributed subgaussian
random variables with zero mean and unit variance. Then for all € > 0,

P($min(A) < (VN —v/n — 1)) < (Ce)V+ 4

where C' > 0 and ¢ € (0,1) depend only on the subgaussian moment of the entries.

1.4 Talagrand’s generic chaining

In order to go beyond the control of a sole random variable, we now quickly describe so-called
Talagrand’s generic chaining, see Talagrand (2005). Let X be random variable, and F be a
class of functions, centered w.r.t. the law of X. Chaining enables to bound the supremum of
the empirical sums over the class F, once we have introduced the distance d such that the
following holds true:

P(ID(A(X0) = LX) > (£, f2)) < 2exp (~#/2)
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Note that for bounded functions, an application of Hoeffding’s lemma shows that d(f1, f2) is
typically of order \/n. Now, using this distance d, we have the following property:

B(sp b3 1) = 0C [ VeV F i)

n
fer v

where N (e, F,d) is covering number of the class F with balls of radius .

See also Audibert and Bousquet (2007) for a nice survey of related results including results

of 1
in high probability. For instance let us use the standard notations P, f dof 2 Z f(X;) and
n
i=1
Pf =E(f(X)). Then we have the following result that holds with probability higher than
1—0:

10g(51)>

1 o0
?gg{Pf — P.f} < C(%E/O V9og(N (e, F, dn))de +

where C' is some numerical constant and d,(f1, f2) o VP.(fi — f2)?.

There are of course plenty of other results including the use of Rademacher complexities,
Bernstein type inequalities, control in other useful norms such as the empirical sup norm,
small ball estimates...etc

2 Probably-Approximately-Correct analysis

In this section, we present tools from Probably Approximately Correct (PAC) analysis, which
can be seen as an alternative to analysis based on concentration inequalities. This approach
has been popularized over the last few years as it leads to tighter results than concentra-
tion inequalities based approach as well as simpler proofs. The small disadvantage of these
methods is that we need to sample according to a specific (Gibbs) distribution, which may
be hard to do in general, but important progress have been made also in this direction; see
Narayanan and Rakhlin (2010) for instance when the potential function is convex. Although
we do not explicitly make use of these tools in this Ph.D. thesis (but note they are related
to the exponentially weighted forecaster presented in chapter 1), we believe they are very
important for the development of future Bandit and Reinforcement Learning theory.

2.1 Abc of Pac-analysis

Let us first introduce the following notations, for a given real-valued function f:
E*f(X) < logEexp(f(X)) and E~f(X) = —log Eexp(—f(X)).

Note that E* f(X) = —E~(—f(X)). The following immediate property justifies the notation:
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Lemma 5.6 (Structural property) For a given real-valued function f, we have
E™f(X) SEf(X) <ETf(X),
Moreover, if Yz 0 < f(z) < b, then we have

et —1

E*(X) ~ S B < BJ(X) <E(X) + LES(X).

where the right hand side inequality holds for non-negative unbounded f as well.

Proof: The proof of the first line is direct by application of Jensen’s inequality, the proof of
the second line comes from a Taylor expansion of exp, see for instance Lemma 3.3 of Auer
et al. (1995) for details. O

The two following inequalities correspond to Lemma 4.2 in Audibert and Catoni (2010b):

Lemma 5.7 For a given real-valued function of two variables g, we have

+ - - +
]E:L‘NV]EyNV’g(‘Ia y) < Eywy’Easwyg(xa y) )

ErnB, 9(z,y) <E,_, Erng(z,y).

After presenting the properties of E* and of E~, we now present the two key formulas
that are used in PAC analysis:

Lemma 5.8 (Key PAC formulas) Let Cp(X) be the set of continuous and bounded func-
tions on X. The two formulas hold:

e (Variational formula) For any distributions v,V € P(X), then
K(v, 1) = sup{E, (f(X)) — E},(f(X)); f € C(X)},
e (Entropy formula) For any function f € Cp(X),and distribution v' € P(X), then

Ej’f(*X) = Ssup {]El/f(X) - K:(Va I/)}'

veP(X)

Note that these formulas are generally used with X being a function space F. Note also that
the entropy formula is generally written in the following equivalent form:

exp{ sup {E,f(X) = K(v,)}} = Ev(exp(f(X)).

veP(X)
The core of PAC analysis is finally given by the following immediate property:

Lemma 5.9 Let X be some real-valued random variable. We have the property that whenever
ETX <0, then for all 6 > 0, with probability higher than 1 — ¢, it holds that

X <log(d71).
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Interestingly, the equivalent of Hoeffding’s and Bernstein’s inequality can be derived as
well for the PAC analysis. The following results are adapted from Alquier (2008):

Lemma 5.10 (PAC Hoeffding’s inequality) For every a € (0,1), positive function f
and n i.i.d. samples {X;}i<n ~ Px, we have the property that

Bt (o Z% — ¢a(EBx f(X))) =0

where pq(t) = nlog(l — L Aa).

Lemma 5.11 (PAC Bernstein’s inequality) For every positive function f bounded by b
and n i.i.d. samples {X;}icn ~ Px, we have the property that

2

£ (Ex f(X ——Zf ~To()) <o

where 0* = E(f*(X)) and g(x )def exp(@)—1-z

2

2.2 Pac-analysis of regression

In order to motivate the benefit of PAC analysis, we now give a short application to regression,
re-deriving one of the results proved in Audibert and Catoni (2010b) for which we hope we
provide additional intuition. It is here striking to note the simplicity of the proof as well as
the generality and tightness of the bound derived using such technique.

Setting. We consider a regression model of the form Y = f*(X) + n where Z = (X,Y)
follows a low P, f* € F and 7 is a centered noise independent from Z. For some positive
real-valued loss function {, we introduce I(f, Z) € R the prediction loss of a function f € F
for the random variable Z, and then for f, f’ € F, the prediction gap between f and f’
AU ) EUS2) = U 2).

The goal, given an i.i.d {Z;}i<ny sample from P is to build some probability distribution
7 such that the quantity A(]?, f*) where fw 7 is minimal with high P x 7-probability.

Assumptions. We report here the two following assumptions from Audibert and Catoni
(2010b):

e (A) There exists some ) € (0,1) and a known A such that for all f € F,

* 1 - *
FEUA(JC F*) SEZA(S, f5) < ﬁEszﬂf )

This assumption corresponds to a moment assumption (as suggests Lemma 5.6 above);
for the square loss I(f, Z) = (Y — f(X))?, Lemma 3.4 of Audibert and Catoni (2010b)
shows that it is satisfied whenever F has finite L*°-diameter and if 3A > 0 such that
the quantity E{ exp (A7'Y — fF(X))|X = :c} is uniformly bounded over X'.
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e (B) There exists a known probability distribution 7, and positive constants D, ¢ such
that for every 0 < a < 3,

B

r

From Lemma 3.3 of Audibert and Catoni (2010b) this assumptions holds for the square

loss, and F being a linear space of dimension d, with © being the uniform distribution
on F,c=1land D=7%

E; SEZA(f, 1) — Efo.aBzA(f, f*) < Dlog(

Algorithm. The main idea is the use of a Gibbs distribution. For a reference measure 7
on F, and some function £ : F — R, we define 7_¢ to be the distribution with density w.r.t.

T dﬂ',g _ eXp(_f(f))
dm Jexp(=&(f)m(df')

Note that this naturally involves E~ as can be seen from the relation

log( T (1) = EZ€() — €(6).

Note also that since B &(f) = log(m(F)) +E (£(f)), we naturally have for all § € (0, 1):

Pr . (£0)) < log(r(F)) + B €(f) +log(1/6)) > 14,

We consider from now on that the 7 is the specific Gibbs distribution defined using

E(f) = —nAP,I(f, Z) where A is the constant of hypothesis (A), which is also the same as

with &(f) &t —nAP,A(f, f*). We introduce for symmetry reasons the Gibbs distribution

defined using &(f) o —nXEZA(f, f*) for some constant A\ that has to be tuned.

Theorem 5.14 (PAQ risk bounds for regression) Under the two previous assumptions,
the random estimate f ~ T satisfies for all 0 < A\g < (1 — n)\ with P x w-probability higher
than 1 — 9

1
n[(1T—=n)A = Ao

Proof: Step 1. Empirical and expected gap. We have the property that for a fixed f,
E (nP,A(f, f*)) = nE,A(f, f*), which successively entails that

[Dlog (@) +210g(2/9)] .

EzA(f, f*) <

E, [nAPA(f, f*) — nEZAA(f, f*)] =0,
then Ef [nEZMNA(f, [*) — nAP,A(f, f*)] =0,
then E(Zf) P [REZAA(S, f*) — nAPA(f, )] =

where we used in the second line that Ef(—f) = —E~(f), and in the third line that 7, is a
distribution that does not dependent on the random variable Z.
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Step 2. The benefit of using a Gibbs measure. Now we can not use this formula
for our distribution 7 since it depends on the sample explicitly. In order to overcome this,
we remark that when my << 7, then the previous formula can be rewritten

N ~ dmy | ~
+ - * * -0 —
E(ZﬁNPX%[nEZ)\A(f,f ) — nAP,A(f, [*) + log P (f)} 0.

and in the general case the equality becomes an inequality.
Thus this simple remark together with the definition of the Gibbs measure prove that

Ef, i opes (V(Z, £)) <0, ie. that V(Z, f) < log(1/8) with P x F-probability higher than

1 — 6, where we introduced for convenience the quantity

V(Z.J) = nEAA(T ) = nAPA(T, ] + BPAAS ) = EnAPA( )
+HE-nANEZA(f, ) — nXEZA(f, )],

which further simplifies into
V(Z, ) = MEZAA(, 17) = ExnAP A, £9)] + [Brn B A (S, 1) = nAEZA(f, )]

Step 3. Cleaning the bound. Now we can further remove the last occurrence of P, in
V(Z, f) by noticing that since EJE_nAP,A(f, f*) < E_EZnAP,A(f, f*), and since the two
terms of this inequality do not depend on f, then we further have IEJZr f[IE; nAP,A(f, )] <

E-nE}AA(f, f*). Thus by application of Lemma 5.9, we deduce that with P x 7T-probability
higher than 1 — §, then V5(Z, f) < log(1/6), where we introduced

Va(Z, ) € EZnARA(f, f*) — ExnEAA(S, 7).

-~ ~

Thus, combining the bound on V' (Z, f) together with the bound on V52(Z, f) with a union
bound, so far we have proved that with P x 7-probability higher than 1 — §,

nEg)\A(ﬁ )= n)\O]EZA(ﬁ ) SEnEZAA(f, f7) = ExnAoEZA(f, f*) + 21log(2/9) .

Step 4. Applying assumptions (A) and (B). Now, by applying assumption (A), we
conclude that with P x 7-probability higher than 1 — ¢,

(1 = M)A = nAJEZA(f, £%) < Exn(l + n)AEZA(f, £*) = ExnXoEzA(f, £*) + 210g(2/9) ,

and then by applying assumption (B), we deduce the following final result that holds for all
0< X< (I—nA

nl(1 = A = MJEZA(F, ) < Dlog (W) T 2l0g(2/6).
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Of course, PAC analysis can be combined with tools like generic chaining (see Audibert
and Bousquet (2007)), and can also be used for model selection and more generally for what
is called model aggregation (see Dalalyan and Tsybakov (2008)). Moreover, as suggests the
use of exponentially weighted forecasters for bandits, see chapter 1, there are indeed strong
links between PAC analysis and bandit theory. Such links begin to be studied, see Seldin
et al. (2011a,b) for important introductory work on this subject and will be developed in a
near future.






CHAPTER 6
Linear Regression with Random
Projections.

We investigate a method for regression that makes use of a randomly generated subspace
Gp C F (of finite dimension P) of a given large (possibly infinite) dimensional function
space F, e.g. Ly([0,1]% R). Gp is defined as the span of P random features that are linear
combinations of a basis functions of F weighted by random Gaussian i.i.d. coefficients. We
show practical motivation for the use of this approach, detail the link that this random
projections method shares with RKHS and Gaussian objects theory and prove, both in
deterministic and random design, approximation error bounds when searching for the best
regression function in Gp rather than in F and derive excess risk bounds for a specific
regression algorithm (least squares regression in Gp). This chapter stresses the motivation
to study such methods, thus the analysis developed is kept simple for explanations purpose
and leaves room for future developments.

The work presented here corresponds to two articles published in the proceedings of the
23rd and 24th conferences on advances in Neural Information Processing Systems (NIPS),
see Maillard and Munos (2009), Maillard and Munos (2010a) and one under review in the
Journal of Machine Learning Research (JMLR). 1 would like to thank here Pierre Chainais
and Olivier Degris for interesting pointers to the literature in image processing and applied
reinforcement learning.
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1 Introduction

We consider a standard regression problem. Thus let us introduce X an input space, and
Y = R the real line. We denote by P an unknown probability distribution over the product

space Z = X x R and by Py its first marginal, i.e. dPx(x) = / P(z,dy). In order for

R
this quantity to be well defined we assume that X" is a Polish space (i.e., metric, complete,
separable), see (Dudley, 1989, Th. 10.2.2.). Finally, let Ly p, (X;R) be the space of real-
valued functions on X that are squared integrable with respect to (w.r.t.) Py, equipped with

the quadratic norm
ef
I \/ [ Pr@xdpeta).
X

In this chapter, we consider that P has some structure corresponding to a model of
regression with random design; there exists a (unknown) function f*: X — R such that if
(Tn, Yn)n<n € X X R are independently and identically distributed (i.i.d.) according to P,
then one can write

Yn = f*(wn) + s
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where 7, is a centered noise, independent from Px, introduced for notational convenience.
In terms of random variables, we will often simply write Y = f*(X) + n where (X,Y) ~ P.

Let F C Lop,(X;R) be some given class of functions. The goal of the statistician is to
build, from the observations only, a regression function ]?6 F that is closed to the so-called
target function f*, in the sense that it has a low excess risk R(f) — R(f*), where the risk of
any f € Lop,(X;R) is defined as

R(f) /X (- @) dPGy)

Similarly, we introduce the empirical risk of a function f to be

Function spaces and penalization. In this work, we consider that F is an infinite
dimensional space that is generated by the span over a denumerable family of functions
{@i}is1 of Lo p, (X;R): We call the {y;};>1 the initial features and thus refer to F as to the
initial feature space:

FE {fale) B aipila), ol < o0}
i>1

Examples of initial features include Fourier basis, multi-resolution basis such as wavelets,
and also less explicit features coming from a preliminary dictionary learning process.

In the sequel, for the sake of simplicity we focus our attention to the case when the target
function f* = f,~ belongs to the space F, in which case the excess risk of a function f can be

written as R(f)—R(f*) = ||f— f*|lp, - Since F is an infinite dimensional space, empirical risk
minimization in F defined by arg min Ry(f) is certainly subject to overfitting. Traditional
fer

methods to circumvent this problem consider penalization techniques, i.e. one searches for a
function that satisfies

~

f=arg %i;l Ry(f) + pen(f),

where typical examples of penalization include pen(f) = A[|f[|? for p = 1 or 2, where X is a
parameter and usual choices for the norm are ¢, (ridge-regression Tikhonov (1963)) and ¢,
(LASSO Tibshirani (1994)).

Motivation. In this chapter we follow a complementary approach introduced in Maillard
and Munos (2009) for finite dimensional space, called Compressed Least Squares Regression,
and extended in Maillard and Munos (2010a), which considers generating randomly a space
Gp € F of finite dimension P and then returning an empirical estimate in Gp. The empiri-
cal risk minimizer in Gp, i.e. argmingeg, Ry (g) is a natural candidate, but other choices of
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estimates are possible, based on traditional literature on regression when P < N (penaliza-
tion, projection, PAC-Bayesian estimates...) The generation of the space Gp makes use of
random matrices, that have already demonstrated their benefit in different settings (see for
instance Zhao and Zhang (2009) about spectral clustering or Dasgupta and Freund (2008)
about manifold learning).

Our goal is first to give some intuition about this method by providing approximation
error and simple excess risk bounds (which may not be the tightest possible ones as explained
in Section 4.2) for the proposed method, and also by providing links to other standards
approaches, in order to encourage research in that direction, which, as showed in the next
section, has already been used in several applications.

Outline of the chapter.

In Section 2, we quickly present the method and give practical motivation for investigating
this approach. In Section 3, we give a short overview of Gaussian objects theory (subsec-
tion 3.1), which enables us to show how to relate the choice of the initial features {;}i>1 to
the construction of standard function spaces via Gaussian objects (subsection 3.2), and we
finally state a useful version of the Johnson-Lindenstrauss Lemma for our setting (subsec-
tion 3.3).

In Section 4, we describe a typical algorithm (subsection 4.1), and then provide some quick
survey of classical results in regression while discussing the validity of their assumptions in
our setting (subsection 4.2). Then our main results are stated in subsection 4.3, where we
provide bounds on approximation error of the random space Gp in the framework of regression
with deterministic and random designs, and in subsection 4.4, where we derive excess risk
bounds for some specific estimate.

Section 5 provide some discussion about existing results and finally appendix 6 contains
the proofs.

2  Summary of the method

From now on, we assume that the set of features {¢;};~1 are continuous and satisfy the
assumption that,
def def
Sup lo(@)|* < oo, where p(z) = (i())iz1 € Lz and [lp(2)]* = Y ()™
re

=1

Let us introduce a set of P random features (1,)1<p<p defined as linear combinations of
the initial features {¢;}1>1 weighted by random coefficients:

() o Z A, ipi(x), for I<p< P (6.1)

i>1

where the (infinitely many) coefficients A,; are drawn i.i.d. from a centered distribution
(e.g. Gaussian) with variance 1/P. Then let us define Gp to be the (random) vector space
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spanned by those features, i.e.

gP dﬁf {gﬁ def Z de]p 6 € RP}-

From now on, Pg will refer to the law of the Gaussian variables, P, to the law of the
observation noise and Py to the law of the observations. Remember also that Py refers to
the law of the inputs.

One may naturally wish to build an estimate gz in the linear space Gp. For instance in

the case of deterministic design, if we consider the ordinary least squares estimate, i.e. B =
argmingegr Ry(gs), then we can derive the following result (see Section 4.4 for a similar
result with random design):

Theorem 6.1 (Deterministic design) Assuming that the random variable Y is such that
Y| < B, then for all P > 1, for all 6 € (0,1) there exists an event of Py x Pg-probability
larger than 1 — & such that on this event, the excess risk of the least squares estimate gz s
bounded as

1210g(8N/6) | 4o 1 al 5 o P +1og(2/6)
OO o2 3 () 2+ 8221 (6:2)

lgz = F*II% <

for some numerical constant k > 0.

Example: Let us consider as an example the features {¢;};>1 to be a set of functions
defined by rescaling and translation of a mother one-dimensional hat function (illustrated in
Figure 6.1, middle column) and defined precisely in paragraph 3.2.2. Then in this case we
can show that

N
* 2i 2 <l * (12
o2 Do o)l < 5113
n=1

where H' = H'([0,1]) is the Sobolev space of order 1. Thus we deduce that the excess risk
is bounded as |lg5 — f*[|} = (W) for P of the order v/N.

Similarly, the analysis given in paragraph 3.2.1 below shows that when the features {;}i>1
are wavelets rescaled by a factor o; = 0;; = 2775 for some real number s > 1/2, where 7,1
are the scale and position index corresponding to the ith element of the family, and that the
mother wavelet enables to generate the Besov space B;22([0,1]) (see paragraph 3.2.1), then

for some constant c,

IIOé*II2 ||S0 (za)]I” < — il 2
— Q=25+

B f*|ls,2,2 log(N/9) )

Thus the excess risk in this case is bounded as [|g3 — 113 = O( i
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2.1 Comments

The second term in the bound (6.2) is a usual estimation error term in regression, while

the first term comes from the additional approximation error of the space Gp w.r.t. F. It

involves the norm of the parameter o*, and also the norm ||¢(z)|| at the sample points.
The nice aspects of this result:

e The weak dependency of this bound with the dimension of the initial space F. This
appears implicitly in the terms ||a*||* and + ij:l lo(x,)|I?, and we will show that for
a large class of function spaces, these terms can be bounded by a function of the norm
of f* only.

e The result does not require any specific smoothness assumptions on the initial features
{¢i}i>1; by optimizing over P, we get a rate of order N ~1/2 that corresponds to the
minimaz rates under such assumptions up to logarithmic factors.

e Because the choice of the subspace Gp within which we perform the least-squares es-
timate is random, we avoid (with high probability) degenerated situations where the
target function f* cannot be well approximated with functions in Gp. Indeed, in meth-
ods that consider a given (deterministic) finite-dimensional space G of the big space
F (like linear approximation using a predefined set of wavelets), it is often possible
to find a target function f* such that infyeg, ||f* — g||n is large. Whereas using this
method, the random choice of Gp implies that for any f* € F, the approximation error
inf eg, || f* — glln can be controlled (by the first term of the bound (6.2)) in high prob-
ability. See section 5.2 for an illustration of this property. Thus the results we obtain
compete with non-linear approximation (Barron et al., 2008) or kernel ridge regression
(Caponnetto and De Vito, 2007).

e In terms of numerical complexity, this approach is more efficient than non-linear regres-
sion and kernel ridge regression. Indeed, once the random space has been generated,
we simply solve a least squares estimate in a low-dimensional space. The computation
of the Gram matrix involves performing random projections (which can be computed
efficiently for several choices of the random coefficients A, ;, see Liberty et al. (2008),
Ailon and Chazelle (2006), Sarlos (2006) and many other references therein). Numerical
aspects of the algorithms are described in Section 5.4.

Possible improvements: As mentioned previously we do not make specific assump-
tions about the initial features {¢;};,~1. However, considering smoothness assumptions on
the features would enable to derive a better approximation error term (first term of the
bound (6.2)); typically with a Sobolev assumption or order s, we would get a term of order
P~2% instead of P~!. For simplicity of the presentation, we do not consider such assumptions
here and report the general results.

The log(N) factor may be seen as unwanted and one would like to remove it. However,
this term comes from a variant of the Johnson-Lindenstrauss lemma combined with a union
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bound, and it seems difficult to remove it, unless the dimension of F is small (we can then
use covers) which is non interesting for our purpose.

Possible extensions of the random projection method. It seems natural to consider
other constructions than the use of i.i.d. Gaussian random coefficients. For instance we may
consider Gaussian variables with variance 2/ P different for each i instead of homeoscedastic
variables, which is actually equivalent to considering the features {(}};>1 with ¢! = o;0;
instead.

Although in this work we develop results using Gaussian random variables, such method
will essentially work similarly for matrices with sub-Gaussian entries as well.

A more important modification of the method would be to consider, like for data-driven
penalization techniques, a data-dependent construction of the random space Gp, i.e. using
a data-driven distribution for the random variable A, ; instead of a Gaussian distribution.
However such modification will not work for the method developed in this chapter and would
require a different analysis.

Ilustration. In order to illustrate the method, we show in figure 6.1 three examples of
initial features {¢;} (top row) and random features {¢,} (bottom row). The first family of
features is the basis of wavelet Haar functions. The second one consists of multi-resolution hat
functions (see paragraph 3.2.2) and the last one shows multi-resolution Gaussian functions.
For example, in the case of multi-resolution hat functions (middle column), the corresponding
(random features) are Brownian motions. The linear regression with random projections
approach described here simply consists in performing least-squares regression using the set

of randomly generated features {1, }1<,<p (€.g. Brownian motions).

Figure 6.1: Three representative of initial features ¢ (top row) and a sample of a corre-
sponding random feature ¢ (bottom row). The initial set of features are (respectively) Haar
functions (left), multi-resolution hat functions (middle) and multi-resolution Gaussian func-

tions (right).
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2.2 Motivation from practice

We conclude this introduction with some additional motivation to study such objects coming
from practical applications. Let us remind that the use of random projections is well-known
in many domains and applications, with different names according to the corresponding field,
and the corresponding random objects are widely studied and used. Our contribution is their
analysis in a regression setting.

For instance, in Sutton and Whitehead (1993) the authors mentioned such constructions
under the name random representation as a tool for value function approximation in practical
implementations of reinforcement learning algorithms, and demonstrated the benefit of such
methods. They also pointed out that such representations were already used in 1962 in
Rosenblatt’s perceptron as a preprocessing layer. See also Sutton (1996) for other comments
concerning the practical benefit of “random collapsing” methods.

Another example in image processing, when the initial features are chosen to be a wavelet
(rescaled) system, the corresponding random features {1, }1<,<p are special cases of Random
Wavelet Series, that are well studied in signal processing and mathematical physics (see Aubry
and Jaffard (2002), Durand (2008) for a study of the law of the spectrum of singularities of
these series).

Noise model and texture generation: The construction of Gaussian objects (see para-
graph 3.2.1) is highly flexible and enables to do automatic noise-texture generation easily,
as explained in Deguy and Benassi (2001). In their paper, the authors show that with the
appropriate choice of the wavelet functions and when using rescaling coefficients of the form
o;1 = 277% with scale index j an position index [ (see paragraph 3.2.1), where s is not a
constant but is now a function of j and [, we can generate fractional Brownian motions,
multi-scale fractional Brownian motions, and more generally what is called intermittent lo-
cally self-similar Gaussian processes.

In particular, for image texture generation they introduce a class of functions called mor-
phlets that enables to perform approximations of intermittent locally self-similar Gaussian
processes. These approximations are both numerically very efficient and have visually im-
perceptible differences to the targetted images. The authors also allow other distributions
than the Gaussian for the random variables £ (which thus does not fit the theory presented
here), and use this additional flexibility to produce an impressive texture generator.

Figure 6.2 illustrates an example performed on some simple texture model! where an
image of size 512 x 512 is generated (two-dimensional Brownian sheet with Hurst index
H = 1.1) (left) and then subsampled at 32 x 32 (middle), which provides the data samples
for generating a regression function (right) using random features (generated from the symlets
as initial features, in the simplest model when s is constant).

!The authors wish to thank Pierre Chainais for methods applied to image processing, and for provid-
performing experimental study of random projection ing us with interesting pointers to related works.
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e

Figure 6.2: Example of an initial large texture (left), subsampled (middle), and possible
recovery using regression with random projections (right)

|-

3 Gaussian objects

We now describe some tools of Gaussian object theory that would be useful in later analysis
of the method. Each random feature ¢, built from equation (6.1), when the coefficients are
Gaussian, qualifies as a Gaussian object. It is thus natural to study some important features
of Gaussian objects.

3.1 Reminder of Gaussian objects theory

In all this section, S will refer to a vector space, &’ to its topological dual, and (-,-) to its
duality product.

Definition 6.1 (Gaussian objects) A random variable W € S is called a Gaussian object
if for allv € §', (v, W) is a Gaussian (real-valued) variable. We further call any a € S to be
an expectation of W if

VveS Ey,W)=(va)< oo,
and any K : 8" — S to be a covariance operator of W if
Vv, €S, Cov((v, W)V, W)) = (v, KVV') < o0,

where Cov refer to the correlation between two real-valued random variables.
Whenever there exist such a and K, we say that W follows the law N (a, K). Moreover,
W is called a centered Gaussian object if a = 0.

Kernel space. We only provide a brief introduction to this notion and refer the interested
reader to Lifshits (1995) or Janson (1997) for refinements.



132 Chapter 6. Linear Regression with Random Projections.

Let I' : & — L*S,N(0,K)) be the canonical injection from the space of continuous
linear functionals &’ to the space of measurable linear functionals

Ly(S;R,N(0,K)) = { 2: 8 = R, Ewonioi)|2(W)]* < o0 } .

endowed with inner product (z1,z29) = E(2z1(W)z(W)). For any v € &', it is defined by
I'(v) = (v,-), which belongs to Ls(S; R, N (0, K)) since by definition of K we have (v, Kv) =
E(v, W)? < cc.

Then note that the space defined by S), o m, i.e. the closure of the image of S’ by
I’ in the sense of Ly(S;R, N (0, K)), is a Hilbert space with inner product inherited from
Ly(S;R,N(0, K)).

Now under the assumption that I” is continuous (see Section 4.1 for practical conditions
ensuring that this is the case), then we define the adjoint I : S}y — S of I’, by duality.
Indeed for any p € 8§’ and z € I'(S’), we have by definition that

(1, I2) = (', 2) g, = B (1, W)2(W)

from which we deduce by continuity that [z = Ey (Wz(WW)). For the sake of clarity, this
specifies for instance in the case when & = Ly(X;R), for all x € X as

(I2)(x) = Ew (W(z)z(W)).

Definition 6.2 (Kernel space) Provided that the mapping I' is continuous, then we define

the kernel space of a centered Gaussian object W as K % I(I's")) C S.

The kernel space can be built alternatively based on a separable Hilbert space H as follows
(Lifshits, 1995):

Lemma 6.1 (Construction of the Kernel space.) Let J:H — S be an injective linear
mapping such that K = JJ', where J' is the adjoint operator of J. Then the kernel space of
N(0,K) is K= J(H), endowed with inner product (Jhy, Jhs) 5 o (h1,ha)s.

We conclude this section with the following Lemma from Lifshits (1995) that enables to
define the expansion of a Gaussian object W.

Lemma 6.2 (Expansion of a Gaussian object) Let (¢;); be an orthonormal basis of K
for the inner product (-, )i and {& RS N(0,1)}is1. Then Y2 &wi is a Gaussian object
following the law N(0, K). It is called an expansion for N(0, K).

Note that from Lemma 6.1, one can build an orthonormal basis (¢;); by defining, for
all i > 1, ¢; = Jh; where (h;); is an orthonormal basis of H and J satisfies conditions of
Lemma 6.1.
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3.2 Interpretation of some function spaces with Gaussian objects
theory

In this section, we precise the link between Gaussian objects theory and reproducing kernel
Hilbert spaces (RKHS) in order to provide more intuition about such objects. Indeed in
many cases, the kernel space of a Gaussian object is RKHS. Note, however, that in general,
depending on the Gaussian object considered, the former space may also be a more general
space (see (Canu et al., 2009) about RKS) when the Hilbert assumption is dropped, therefore,
there is no one-to-one correspondence between RKHS and kernel spaces of Gaussian objects
and it is worth explaining when the two notions coincide. More importantly, this section
shows various examples of classical function spaces, related to the construction of the space
Gp for different choices of initial features {(;};>1, which can be useful for applications.

3.2.1 Gaussian objects with a supporting Hilbert space

In this subsection only, we make the assumption that S = H is a Hilbert space and we
introduce {e;};>1 an orthonormal basis of H. Let us now consider & ~ N(0,1) i.i.d., and
positive coefficients o; > 0 such that Y, 07 < co. Since Y. 07 < oo, the Gaussian object
W =>".&o0;e; is well defined and our goal is to identify the kernel of the law of W.

To this aim we identify the functions I’ and I. Since S is a Hilbert space, then &' = S,
thus we consider f = > . ce; € &' for some ¢ € lp. For such an f, we deduce that the
injection mapping is given by (I'f)(g) = >, ¢i(g,€;), and that we have

113, = E(( W)= B((3 o)) = 3 o2e?
i>1 i>1

Moreover, since || f|ls = |l¢|li,, the continuity of I’ is insured by the assumption that
>, 07 < co. Now one can easily check that the kernel space of the law of W is given by

K= {fczzciei §Z(§)2 <OO}>
i>1 i>1 ¢

endowed with inner product (f, fa)x = > ;54 CJ—‘;
Reproducing Kernel Hilbert Spaces (RKHS): Note that if we now introduce the
functions {¢;};>1 defined by ¢; def o;e; € H, then we get
K={ fo= i i llall, < oo},
i>1

endowed with inner product (fa, fs)x = (o, B),. If we consider for instance that H C
Ly, (X;R) for some reference measure p, and that {e;};>1 are orthonormal w.r.t. Ly ,(X;R),
then K appears to be a RKHS that can be made fully explicit; its kernel is defined by k(x,y) =
Yoo ofei(x)ei(y), and (0;); and (e;); are trivially the eigenvalues and eigenfunctions of the
integral operator Tj, : Ly, (X) — Lo ,(X) defined by (Ty(f))(z) = [, k(z,y) f(y)du(y).
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Wavelet basis and Besov spaces: In this paragraph, we now apply this contruction to the
case when the {e;},>; are chosen to be a wavelet basis of functions defined on X = [0, 1] with
reference measure i being the Lebesgue measure. Let e be the mother wavelet function, and
let us write e;; the ith element of the basis, where j € Nis a scale index and [ € {0,...,27—1}
is a position index, where we re-index all families indexed by ¢ with the indices j,l. Let us
define the coeficients {o;};>1 to be exponentially decreasing with the scale index:

0102277 forall j>0 and [ €{0,...,29 —1},
where we introduced some positive real number s.
Now assume that for some ¢ € N\ {0} such that ¢ > s, the mother wavelet function e
belongs to C4(X'), the set of ¢-times continuously differentiable functions on X, and admits
q vanishing moments. In this case, the (homogeneous) Besov space B 22([0,1]¢) admits the

following characterization (independent of the choice of the wavelets (Frazier and Jawerth,
1985, Bourdaud, 1995)):

o 27 -1
Buoa(Xi) ={ £ € Loy I1F1200 = D[22 [ (frean) 2] < o0 }
j=1 1=0

On the other hand, with the notations above, where in particular ¢;; = 0;,¢;,, we deduce
that the kernel space of the Gaussian object W = } . &i0;; (that we call a Scrambled

wavelet), is the space
]C: {fa:ZO‘j,ZSDj,l ; ZO&?J <OO},
Jid Jid

and a straightforward computation shows that ||o||7, = ||fall?4, and thus K = B, z2(X; ).
Moreover, assuming that the mother wavelet is bounded by A and has compact support [0, 1],
then we have the property that

< — .
sup le@I° < ==z

Note that a similar construction applies to the case when the orthonormal basis {e;};>1
is chosen to be a Fourier basis of functions, and the coeficients {o;};>1 are chosen to be of

the form o; = 17%.

3.2.2 Gaussian objects defined by a Carleman expansion

We now no longer assume that the supporting space S is a Hilbert space. In this case, it is
still possible to generate a Gaussian object with kernel space being a RKHS by resorting to
Carleman operators.

A Carleman operator is a linear injective mapping J : H — S (where H is a Hilbert
space) such that J(h)(t) = [T(s)h(s)ds where (I';); is a collection of functions of H. There
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is a bijection between Carleman operators and the set of RKHSs (Canu et al., 2009, Saitoh,
1988). In particular, J(H) is a RKHS.

A Gaussian object admitting J(#) as a kernel space can be built as follows. By application

of Lemma 6.2, we deduce that I = J(H) endowed with the inner product (Jhq, Jha) o

(h1, ha),, is the kernel space of N(0,JJ"). Moreover, if we consider an orthonormal basis
{€;}i>1 of H, an application of Lemma 6.2 shows that the functions {y;};>1 defined by
@i = J(e;) form an orthonormal basis of J(H) and are such that the object W = >_._, &
is first a well-defined Gaussian object and then an expansion for the law N(0, JJ'). We call
this expansion a Carleman expansion. Note that this expansion is bottom-up whereas the
Mercer expansion of a kernel via the spectral Theorem is top-down.

Cameron-Martin space We apply as an example this construction to the case of the
Brownian motion and the Cameron-Martin space.

Let & = C([0,1]) be the space of continuous real-valued functions of the unit interval.
Then &' is the set of signed measures and we can define the dual product by (v, f) = f[0,1] fdv.
It is straightforward to check that the Brownian motion indexed by [0, 1] is a Gaussian object
W e S, with a =0 and K defined by (Kv)(t) = [, min(s, t)v(ds).

Kernel space. We consider the Hilbert space H = Ly([0, 1]) and define the mapping
J:H—S by

(Th)(t) = /[ Bl

simple computations show that (J'v)(t) = v([t,1]), K = JJ' and that J is a Carleman
operator. Therefore, the kernel space K is equal to J(L2([0,1])), or more explicitly

K ={ke H'([0,1]); k(0) = 0},

where H'([0,1]) is the Sobolev space of order 1.

Expansion of the Brownian motion. We build a Carleman expansion for the Brow-
nian motion thanks to the Haar basis of L?([0, 1]), whose image by J defines an orthonormal
basis of IC; The Haar basis is defined in a wavelet-way via the mother function e(z) =
Iio,1/20 — I /2,11 and the father function eg(x) = g 1j(x) as the functions (e;;);en for any scale
7 = 1 and translation index 0 < 1 < 27 — 1 together with hy, where

def

eji(r) = 29%e(2x —1),

An orthonormal basis of the kernel space of the Brownian motion W and an expansion of W
is thus obtained by

W =Y &+ &vo,

=1
with ¢, (2) = Jeji(z) = 279/2A(272 — 1) and po(x) = Jeo(z) = x,
where A(x) = 2l 190 + (1 — 2)I}1 2,11 is the mother hat function.
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Bounded energy. Note that the rescaling factor inside ¢,; naturally appears as 279/2,
and not as 27/2 as usually defined in wavelet-like transformations. Note also that since the
support of the mother function A is [0, 1], and also ||Al|oe < 1/2, then for any x € [0, 1]%, for
all j there exists at most one [ = I(x) such that ¢;;(x) # 0, and we have the property that

y 1
le@I* = > enm@)?* < Y277 IAl)® < 5

j=1 721

Remark 3 This construction can be extended to the dimension d > 1 in at least two ways.
Consider the space S = C([0,1]% ), and the Hilbert space H = Ly([0,1]¢). Then if we define J
to be the volume integral (Jh)( f[o t] s)ds where [0,t] C [0,1]%, this corresponds to the
covariance operator defined by (KV)( f[o 1 L, min(s;, t;)v(ds), i.e. to the Brownian
sheet defined by tensorization of the Brownian motion. The corresponding kernel space in
this case is thus K = J(L*([0,1]%)), endowed with the norm ||f|x = ||#‘g%||p([o7”d). It
corresponds to the Cameron—Martin space (Janson, 1997) of functions having a d-th order
crossed (weak) derivative that belongs to L*([0,1]9), vanishing on the “left” boundary
(edges containing 0) of the umt d dimensional cube. A second possible extension is to consider
the isotropic Brownian sheet.

3.3 A Johnson-Lindenstrauss lemma for Gaussian objects

In this section, we derive a version of the Johnson-Lindenstrauss’ lemma that applies to the
case of Gaussian objects.

The original Johnson-Lindenstrauss’ lemma can be stated as follows ; its proof directly
uses concentration inequalities (Cramer’s large deviation Theorem from 1938) and may be
found e.g. in Achlioptas (2003).

Lemma 6.3 Let A be a P x F matrixz of i.i.d. Gaussian N(0,1/P) entries. Then for any
vector o in RY, the random (with respect to the choice of the matriz A) variable ||Ac|?
concentrates around its expectation ||| when P is large: for e € (0,1), we have

P(JAal > (1 +2)flal?) < e P/

(HAO‘HQ (1—5)||a||) < e PE/AE/)

Remark 4 Note that the Gaussianity is not mandatory here, and this is also true for other
distributions, such as:

e Rademacher distributions, i.e. which takes values :i:l/\/ﬁ with equal probability 1/2,

e Distribution taking values ++/3/P with probability 1/6 and 0 with probability 2/3.
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This Lemma together with the measurability properties of Gaussian objects enable us to
derive the following statement.

Lemma 6.4 Let (1,),<y be N (deterministic) points of X. Let A : [;(R) — RP be the
operator defined with i.i.d. Gaussian N(0,1/P) variables (Aip)is1p<p, such that for all o €
l5(R), then

(AOé)p = Z Oél'Ai’p .

=1

P

Let also define 1, = Z Aipis fa = Z a;p; and gg = Z Bty
1

i>1 i>1 —
Then, A is well-defined and for all P > 1, for all ¢ € (0, 1), with probability larger than
1 — 4Ne PE/4=2/6) o, r ¢ the Gaussian random variables,

N
1
1fo = gaally < llelP5 > el
n=1

where we recall that by assumption p(x) = (vi(x))i=1 € lo for all z.

This result is natural in view of concentration inequalities, since we have that for all
z € X, the expectation Ep,(gaa(z)) = fa(z) and the variance Vp,(gaa(z)) = 5(f3(z) +
|||?]|(x)|?). See the Appendix for the full proof.

Note also that a natural idea in order to derive generalization bounds would be to derive
a similar result uniformly over X" instead of a union bound over the samples. However, while
such extension would be possible for finite dimensional spaces F (by resorting to covers)
these kind of results are not possible in the general case, since F is typically big.

4 Regression with random subspaces

In this section, we describe the construction of the random subspace Gp C F defined as
the span of the random features (¢,),<p generated from the initial features (¢;);>1. This
method was originally described in Maillard and Munos (2009) for the case when F is of
finite dimension, and we extend it here to the non-obvious case of infinite dimensional spaces
F, which relies on the fact that the randomly generated features (¢,),<p are well-defined
Gaussian objects.

The next subsection is devoted to the analysis of the approximation power of the random
features space. We first give a survey of existing results on regression together with the
standard hypothesis under which they hold in section 4.2, then we describe in section 4.4 an
algorithm that builds the proposed regression function and provide excess risk bounds for
this algorithm.
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4.1 Construction of random subspaces

Assumption on initial features. In this chapter we assume that the set of features (¢;)i>1
are continuous and satisfy the assumption that,

def
Sup ()] < o0, where [lp(z)[* = ) @i(x)”. (6.3)

=1

Note that all examples in Section 3 satisfy this condition.

Random features. The random subspace Gp is generated by building a set of P random
features (1,)1<p<p defined as linear combinations of the initial features {¢;};>1 weighted by
random coefficients:

%(x) o ZAp,iQOi(l’), for1<p<P

i1

where the (infinitely many) coefficients A, ; are drawn i.i.d. from a centered distribution with
variance 1/P. Here we explicitly choose a Gaussian distribution N'(0,1/P). Such a definition
of the features ¢, as an infinite sum of random variable is not obvious (this is an expansion of
a Gaussian object) and we refer to the Section 3 for elements of theory about Gaussian objects
and Lemma 6.2 for the expansion of a Gaussian object. It is shown that under Assumption
(6.3), the random features are well defined. Actually, they are random samples of a centered
Gaussian process indexed by the space X' with covariance structure given by + (¢(z), ¢(z')),
where we used the notation (u,v) = > u;v; for two square-summable sequences u and wv.

Indeed, E4, [1,(2)] = 0, and

Cov.a, (4p(@), $o(e")) = Ea, (2} (a)] = 5 3 i(a)in(a') = 3 fola), o(a))

i>1

The continuity of the initial features (p;) guarantees that there exists a continuous version
of the process 1, which is thus a Gaussian process.

Random subspace. We finally define Gp C F to be the (random) vector space spanned
by those features, i.e.

P
Gp = {gs(2) = > Bytby(x), B € RTY.
p=1

We now want to compute a high probability bound on the excess risk of an estimator built
using the random space Gp. To this aim, we first quickly review known results in regression
and see what kind of estimator can be considered and what results can be applied. Then
we compute a high probability bound on the approximation error of the considered random
space w.r.t. to initial space F. Finally, we combine both bounds in order to derive a bound
on the excess risk of the proposed estimate.
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4.2 Reminder of results on regression

Review of some results for regression For the sake of completeness, we now review
other existing results in regression that may or may not apply in our setting. Indeed it seems
natural to apply existing results for regression to the space Gp. For that purpose, we focus
on the randomness coming from the data points only, and not from the Gaussian entries. We
will thus consider in this subsection only a space G that is the span over a deterministic set
of P functions {1, },<p, and for a convex subset © C R”| we write

Go = {96 €G;0 € O}.

Similarly, we write ¢* = argmin R(g) and g5 = arg min R(g). Examples of well studied esti-

9€9 9€%e
mates are:
o °* = arg min g Ry(g), the ordinary least-squares (ols) estimate
e g°™ = argmin g, Rn(g) the empirical risk minimizer (erm), which coincides with the

ols when © = R”.
° /g”r'idge = arg mingeg RN(g) + )\H@H7 ’g\lasso = arg mingeg RN(g) + A||0||1

We also introduce for convenience g, the truncation at level B of some g € G to be defined
by gn(e) & Talg(o)] where Tu( {4 <5

There are at least 9 different theorems that one may want to apply in our setting. Since
those theorems hold under some assumptions, we list them now. Unfortunately, as we will
see, these assumptions are usually slightly too strong to apply in our setting, and thus we
will need to build our own analysis instead.

Assumptions Let us list the following assumptions.

e Noise assumptions: (for some constants B, By, 0,§)
(V1) [Y] < By,
(N2) sup,cx E(Y|X =2) < B,
(N3) sup,exy V(Y |X = 2) < 02,
(Ny) Yk = 3 sup,ex E(|Y ¥ X = 2) < 02k1E72.

e Moment assumptions: (for some constants o, a, M)
(M) sup,er E([Y — g5(X)P|X = 2) < 07,
(M3) sup,er E(explalY — g5 (X)[]|X = z) < M,
Ms) 3go € Go sup,cx E(explalY” — go(X)|[]|X = z) < M.

=

e Function space assumptions for G: (for some constant D)

(Gl) SUDy, go€Go Hgl - 92||oo < D7
(G2) g0 € Go, known, such that ||go — g5/l < D
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e Dictionary assumptions:
(D1) L = max ||ihp[le < 00,

1<p<P
(D2) L = sup,cy [[¢(7)]]2 < oo,
(Ds) esssup||tp(X)[]2 < L, .
(D) L= inf 1301 Ot lloo

{3 }p<p gerd—{0} 10| oo
mal basis of G w.r.t. to Lo p, (X;R).

Dy < 0o where the infimum is over all orthonor-

e Orthogonality assumptions:
(O1) {¥p}p<p is an orthonormal basis of G w.r.t. to Lo p, (X;R),
(O3) det(¥) > 0, where ¥ = E(¢(X)(X)T) is the Gram matrix.

e Parameter space assumptions:

(P1) suppeg [|0]|oc < o0,

(P) [16*]]1 < S where 6* is such that gy = g§ and S is known,
(P3) suppee [|f]l2 < 1.

Theorem 6.2 (Gyorfi et al. (2002)) Let © = RY. Under assumption (Ny) and (N3), the
truncated estimator g;, = Tr(g°%) satisfies

(02 Vv B?)Plog(N)

ER(G1) — R(f"?) <8[R(g") — R(f"))] + & N

where K is some numerical constant and {9 (x) o EY|X =z).

Theorem 6.3 (Catoni (2004)) Let © C RFY. Under assumption (M3), (Gy) and (Os),
there exists constants C1,Cy > 0 (depending only on a, M and D) such that with probability
1 =9, provided that

P
{9€G: Rulg) < Rv@™) + 15 } € Go.

then the ordinary least squares estimate satisfies

P +log(671) + log(jzg)
~ .

where W = ~ SV (X)W(X)T s the empirical Gram matriz.,

R(3™) — R(g5) < C»

Theorem 6.4 (Audibert and Catoni (2010a) from Alquier (2008)) Let© = RP. Un-
der assumption (Ny) and (Gs), there exists a randomized estimate g that only depends on
9o, L, C, such that for all & > 0, with probability larger than 1 — ¢ w.r.t. all sources of ran-
domness,
Plog(3v,L) +log(log(N)s1)

N :

where k does not depend on P and N, and vy, is the smallest eigenvalue of .

R(9) — R(¢*) < k(B} + D?)
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Theorem 6.5 (Koltchinskii (2006)) Let © C R”. Under assumption (Ni), (D3) and
(Ps), g°™ satisfies, for any § > 0 with probability higher than 1 — 0,

o, rank(W) + log(6~1)

R@G™) = Rlgs) < w(B1 + L) -

where k 1s some constant.

Theorem 6.6 (Birgé and Massart (1998)) Let © C R”. Under assumption (M3), (Gy)
and (Dy), for all 6 > 0 with probability higher than 1 —§,

Plog(2 + (L/N) A (N/P)) + log(6~1)
N .

R(G™™) — R(g5) < k(a™ + D?)
where k is some constant depending only on M.

Theorem 6.7 (Tsybakov (2003)) Let © = RY. Under assumption (Ns), (N3) and (O,),
the projection estimate g'™* satisfies

(02 + B?)P

E(R(G")) = R(g") < —;

Theorem 6.8 (Caponnetto and De Vito (2007)) Under assumption (M) and (Dy), for
all 5 > 0 for A = PL?10g®(6 ") /N < Umin, with probability higher than 1 — 6,

2 ALZ[I0"|*log*(97") ) Plog*(9™")

~ridge\ * ) < —
R(g™™") — R(gs) < wla -~ )—x

where k is some constant depending only on M.

Theorem 6.9 (Alquier and Lounici (2010)) Let © = R and define for all o € (0,1)

the prior mo(J) = %(@)_1 for all J C 2P, Under assumption (N3),(N3), (Ny4), (Dy)
i=0 &

and (Py), by setting A = % where
def 9 1.9 1 1
C' = max{640° + (2B + L(2S + N)) ,64[¢ + 2B + L(2S + N)]L(QS + N)}’

the randomized aggregate estimator g defined in Alquier and Lounici (2010) based on prior
T Satisfies, for any & > 0 with probability higher than 1 — 9,

S* log(EHINLEY 4 10g(2671/(1 — @) N 3L2

~ * S*
R(g) — R(95) < C N T

where S* = [|0*||o.
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Theorem 6.10 (Audibert and Catoni (2010a)) Let © C RY. Under assumption (M),
(G1) and (Py) so that one can define the uniform probability distribution over ©, there exists a
random estimator g (drawn according to a Gibbs distribution ) that satisfies, with probability
higher than 1 — 6 w.r.t. all source of randomness,

,16.6P + 12.510g(20~")

R(3) - R(go) < 20+ D) =

Note that Theorem 6.2 and Theorem 6.7 provide a result in expectation only, which is
not enough for our purpose, since we need high probability bounds on the excess risk in order
to be able to handle the randomness of the space Gp.

Assumptions satisfied by the random space Gp We now discuss the assumptions that
are satisfied in our setting where G is a random space Gp built from the random features
{¥p}p<p, in terms of assumptions on the underlying initial space F.

e The noise assumptions (N) do not concern G.

e The moment assumptions (M) are not restrictive. By combining similar assumptions
on F, the results on approximation error of Section 4.3 can be shown to hold (with
different constants).

e Assumptions (P) are generally too strong. For (Py), the reason is that there is no high
probability link between ||Ac|w and ||| for usual norms. Now even if a* is sparse
or has low /;-norm, this does not imply this is the case for 8* = argming.pr R(gs) or
Ao in general, thus (FP») cannot be assumed either. Finally (Ps;) may be assumed in
some case. Let us assume that we know that [|a*|ls < 1. Then [|Aa*||; < 1+ ¢ with
high probability, thus it is enough to consider the space Gp(©) with parameter space
O ={5; 18]l < (1 +¢)}, and thus Aa* € © with high probability.

e Assumptions (G) are strong assumptions. The reason is that it is difficult to relate the
vector coefficient 5* or even Aa* to the vector coefficient o* of f* = f,« in [, norm.
Thus even if we know some fy close to f* in [,-norm, this does not imply that we can
build a function gy close to g* = gp-.

e Assumptions (D) will not be valid a.s. w.r.t. the law of the Gaussian variables. The
assumptions (D;) and (D,) are difficult to satisfy since they concern ||.||«. For assump-
tion (D) and (Dj3), we have the property that for each x, ||1(z)]|3 is close to ||¢(z)]|3
with high probability. However, we need here a uniform result over x € X which seems
difficult to get since the space F is actually big (not of finite dimension).

e Assumptions (O), which are typically strong assumptions for specific features ¢ appear
to be almost satisfied. The reason is due to the covariance structure of the random
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features. Indeed whatever the distribution Py (independent of Pg), we have that
(¢, 1,) concentrates around

EPG<¢ZJ7¢Q - ||ZSDZ||’PX D,q

i1

where 9, , is the Kronecker symbol between p and ¢. Thus the orthogonality assumption
is satisfied with high probability. Note that the knowledge of Py is still needed in order
to rescale the features and obtain orthonormality. Similar argument shows that (O3)
is also valid.

As a consequence, only Theorems 6.2 and 6.7 would apply safely, but unfortunately these
Theorems do not give results in high probability.

In the next two sections, we derive similar results but in high probability with assumptions
that corresponds to our setting. We provide a hand-made Theorem that makes use of the
technique introduced in Gyorfi et al. (2002) and that can be applied without too restrictive
assumptions, although not being optimal in terms of constant and logarithmic factors.

4.3 Approximation power of random spaces

We assume that f* = f,~ € F.

Theorem 6.11 (Approximation error with deterministic design) For all P > 1, for
all 6 € (0,1) there exists an event of Pg-probability higher than 1 — 0 such that on this event,

[l *||2N Z lo(a)lI”

Theorem 6.12 (Approximation error with random design) Under assumption (N3)
then for all P > 1, for all § € (0,1), the following bound holds with Pg-probability higher
than 1 —9:

) . lo AN/6
inf |1/ glly < 122280,
geGp

|1 sup, [l ()]

P

e

| 1 Plog(8P/4%9)
* 2 < 5
glengfp 1/ = Te(9)l, < 25 (1 3 log ( 18726 )> ’

where v & Ella*|[sup, ()| and Tp is the truncation operator at level B.

The result is not trivial because of the randomness of the space Gp. Thus in order to keep
the explanation simple, the proof (detailed in the Appendix) makes use of Hoeffding’s Lemma
only, which relies on the bounded assumption of the features (which can be seen either as a
nice assumption, since it is simple and easy to check, or as a too strong assumption for some
cases). Note that this result can be further refined by making use, for instance, of moment
assumptions on the feature space instead.
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4.4 Excess risk of random spaces

In this section, we analyze the excess risk of the random projection method. Thus for a
proposed random estimate g, we are interested in bounding R(g) — R(f*) in high probability
with respect to any source of randomness.

4.4.1 Regression algorithm.

From now on we consider the estimate g to be the least-squares estimate 95 € Gp that is the
function in Gp with minimal empirical error, i.e.

= in Ry(gs), 6.4
g5 = arg min ~(gp) (6.4)

and is the solution of a least-squares regression problem, i.e. B = U'Y € R” with matrix-
wise notations, where Y € R¥ is here the vector of observations (not to be confused with

the random variable Y that shares the same notation), ¥ is the N x P-matrix composed of
the elements: ¥, , o ¥p(r,), and W' is the Moore-Penrose pseudo-inverse? of W. The final
prediction function g(z) is the truncation (at level £B) of g3, i.e. g(z) 7y l95(2)]-

In the next subsection, we provide excess risk bounds w.r.t. f* in Gp.

4.4.2 Regression with deterministic design

Theorem 6.13 Under assumption (Ny), then for all P > 1, for all 6 € (0, 1) there exists an
event of Py x Pg-probability higher than 1 — 0 such that on this event, the excess risk of the
estimator gz is bounded as

121og(8N/9) P +log(2/6)

N
1
* 2 |12 2 2
1F* = g5l < 5 le’ll N;Hw(%)\l +RB—— :

for some numerical constant k > 0.

Note that from this theorem, we deduce (without further assumptions on the features

{¢i}i>1) that for instance for the choice P = % then
N
1 log(N/0) = log(1/9)
* 2 / *|12 2
157 = alfe < [l 32 etan) Py =557 + =50

for some positive constant x’. Note also that whenever an upper-bound on the square terms
la*|I*+ SN ll@(2,)||? is known, this can be used in the definition of P in order to improve
this bound.

2In the full rank case when N > P, gt =
(\I/T\I/)_l\l/T
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4.4.3 Regression with random design

In the regression problem with random design, the analysis of the excess risk of a given
method is not straightforward, since the assumptions to apply standard techniques may not
be satisfied without further knowledge on the structure of the features. In a general case, we
can use the techniques introduced in Gyorfi et al. (2002), which yields to the following (not
optimal) result:

Theorem 6.14 Under assumption (Ny) and (N3), provided that N log(N) > % (thus when-

ever min(N, P) > 2), then with Pg x P-probability at least 1 — 0,

log(12N/6)
P

P+ Plog(N) + 10g(3/(5)] .

R(Ti(g5))~R(f") < | -

lo*]|? sup lp(2)|[*+max{ B}, B*}
xe

for some positive constant k.

Let us now provide some intuition about the proof of this result. We first start by
explaining what does not work. A natural idea in order to derive this result would be to
consider the following decomposition:

R(Tg(95)) — R(f") < [R(Ts(93)) — R(f7)] + [R(Ts(g5)) — R(Ts(93))] -
where g5 € arg rgin R(Tg(g)) — R(f7).

€

Indeed thegﬁrst term is controlled with high Pg-probability by Theorem 6.12, and since
R(g3) — R(g9p) < R(gz) — R(g"), the second term is controlled for each fixed wg € Qg
with high P-probability by standard Theorems for regression, provided that we can relate
R(Tp(93)) — R(Ts(g3)) to R(g3) — R(gj). Thus by doing the same careful analysis of the
events involved, this should lead to the desired result.

However, the difficulty lies first in ensuring that the conditions of application of standard
Theorems are satisfied with high Pg-probability and then in relating the excess risk of the
truncated function to that of the non-truncated ones, since it is not true in general that
R(Tp(93)) — R(Ts(g%)) < R(g3) — R(gj). Thus we resort to a different decomposition in
order to derive our results. The sketch of proof of Theorem 6.14 actually consists in applying
the following lemma.

Lemma 6.5 The following decomposition holds for all C' > 0

ITs(95) = 15, < CIF* =gl + Cllgs — gallx + Sup (1 = Te(@)5, — CIf* = T(9)l%)
9

where g5 = Iy (f*G) and 95 = Iy (Y,G) are the projections of the target function f*

and observation Y onto the random linear space G with respect to the empirical norm ||.||n-

We then call the first term || f*—g;||3; an approximation error term, the second ||g5 —g5/%

a noise error term and the third one sup g (|/*—T5(9)|3, —C| f*—Ts(g)||%) an estimation
error term.
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In order to prove Theorem 6.14, we then control each of these terms: We apply Lemma 6.11
to the first term, Lemma 6.6 below to the second term and finally Theorem 11.2 of Gyorfi
et al. (2002) to the last term with C' = 8, and the result follows by gathering all the bounds.

Let us now explain the contribution to each of the three terms in details.

Approximation error term The first term, || f* — gBH?\,, is an approximation error term
in empirical norm, it contains the number of projections as well as the norm of the target
function. This term plays the role of the approximation term that exists for regression with
penalization by a factor A||f]|?>. This term is controlled by application of Theorem 6.11 con-
ditionally on the random samples, and then w.r.t. all source of randomness by independence
of the Gaussian random variables with the random samples.

Noise error term The second term, |g; — g§||?v, is an error term due to the observation

noise 7. This term classically decreases at speed DTC’Q where o2 is the variance of the noise
and D is related to the log entropy of the space of function G considered. Without any more
assumption, we only know that this is a linear space of dimension P, so this term finally
behaves like PT"Q, but note that this dependency with P may be improved depending on the
knowledge about the functions ¢ (for instance, if G is included in a Sobolev space of order
s, we would have P/?* instead).

Lemma 6.6 Under assumption (Ny), then for each realization of the Gaussian variables,
with P-probability higher than 1 — 9, the following holds true:

1616 P + 2001og(6/0) + log(3/9)
195 — 95l % < 657 i .

Note that we may consider different assumptions on the noise term. Here we considered

only that the noise is upper-bounded as ||| < B, but another possible assumption is that
the noise has finite variance o or that the tail of the distribution of the noise behaves nicely,
e.g., that ||n||y, < B, where 1), is the Orlicz norm or order «, with a =1 or 2.

Estimation error term The third term, sup,cg, ([ f* — Te(9)l%, — IIf* — Ta(9)lI%), is
an estimation error term due to finiteness of the data. This term also depends on the log
entropy of the space of functions, thus the same remark applies to the dependency with P
as for the noise error term. We bound the third term by applying Theorem 11.2 of Gyorfi
et al. (2002) to the class of functions G° = {f* — Ts(g),g € Gp}, for fixed random Gaussian
variables. Note that for all f € G°, || f]leo < 2B. The precise result of Gyorfi et al. (2002) is
the following :

Theorem 6.15 Let F be a class of functions f : R? — R bounded in absolute value by B.
Let e > 0. Then

V2 Ne?

P -2 S BEWN (& F. - - '
@gs”f”% 1fln > &) < BEW (e, Fs Il llzv)) exp(—5grs)
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We now have the following lemma whose proof is given in the Appendix:

Lemma 6.7 Assuming that N log(N) > %, then for each realization of the Gaussian vari-
ables, with P-probability higher than 1 — 0, the following holds true:

* * 4log(3/0) + 2P log(N
sup |11 = Ta(9) 5, = 815 = Tolo) [} < (24B)° (8/6) + 2P log(¥)
gevp

5 Discussion

5.1 Non-linear approximation

In the work (Barron et al., 2008), the authors provide excess risk bounds for greedy algo-
rithms (i.e. in a non-linear approximation setting). The precise result they derive in their
Theorem 3.1 is reported now, using the notations of section 4.2:

Theorem 6.16 (Barron et al. (2008)) Consider spaces {Gp}p=1 generated respectively by
the span of features {e,},<p with increasing dimension P (thus © = R for each P). For
each Gp we compute a corresponding greedy empirical estimate gp € Gp provided by some
algorithm (see Barron et al. (2008)), then we define P = argmin ||y — T, fp|/% + /@'Pl%(]v)
for some constant k, and finally define g = Tp,(gp), and fir some F.

Under assumption (Ny), there exists ko depending only on By and a where Py = L N® .
such that if Kk > ko, then for all P > 0 and for all functions gg in Gp,, the estimator g satisfies

2
BR() ~ R(*9) < 2[R(g0) — R(F0) + 8100 4 oPREN.

where the constant C' only depends on k, By and a.

The bound is thus similar to that of Theorem 6.14 in Section 4.4. One difference is that
this bound contains the [; norm of the coefficients 6* while the [, norm of the coefficients o*
appears in our setting. We leave as an open question to understand whether this difference
is a consequence of the non-linear aspect of their approximation or if it results from the
different assumptions made about the approximation spaces, in terms of rate of decrease of
the coefficients.

The main difference is actually about the tractability of the proposed estimator, since it
relies on greedy estimation that is computationally heavy while on the other hand, random
projection is cheap (see Subsection 5.4).

5.2 Adaptivity

Randomization enables to define approximation spaces such that the approximation error
(either in expectation or in high probability on the choice of the random space) is controlled,
whatever the measure P used to assess the performance is (which is specially interesting in the
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regression setting where P is unknown). As mentioned in the introduction, because the choice
of the subspace Gp within which we perform the least-squares estimate is random, we avoid
(with high probability) degenerated situations where the target function f* cannot be well
approximated with functions in Gp. Indeed, in methods that consider a given (deterministic)
finite-dimensional space G of the big space F (like linear approximation using a predefined
set of wavelets), it is often possible to find a target function f* such that inf,cg, ||f*— g/~ is
large, whereas using this method, the random choice of Gp implies that for any f* € F, the
approximation error inf cg, || f*—g||» can be controlled (by the first term of the bound (6.2))
in high probability. We now illustrate this property on a simple example.

Example Let us consider a very peaky (a spot) distribution P. Regular linear approx-
imation, say with wavelets (see e.g. DeVore (1997)), will most probably miss the specific
characteristics of f* at the spot, since the first wavelets have large support. On the con-
trary, the random features {¢,},<p that are functions that contain (random combinations
of) all wavelets, will be able to detect correlations between the data and some high frequency
wavelets, and thus discover relevant features of f* at the spot. This is illustrated in the
numerical experiment below.

Here P is a very peaky Gaussian distribution and f* is a 1-dimensional periodic function.
We consider as initial features (¢;);>1 the set of hat functions defined in Section 3.2.2. Fig-
ure 5.2 shows the target function f*, the distribution P, and the data (z,,yn)1<n<100 (left
plots). The middle plots represents the least-squares estimate g using P = 40 scrambled ob-
jects (¥p)1<p<ao (here Brownian motions). The right plots shows the least-squares estimate
using the initial features (¢;)1<i<40. The top figures represent a high level view of the whole
domain [0,1]. No method is able to learn f* on the whole space (this is normal since the
available data are only generated from a peaky distribution). The bottom figures shows a
zoom [0.45,0.51] around the data. Least-squares regression using scrambled objects is able
to learn the structure of f* in terms of the measure P.

5.3 Other related work

In Rahimi and Recht (2008, 2007), the authors consider, for a given parameterized function
@ X X 0 — R bounded by 1, and a probability measure [ over O, the space F of functions
= [oa(0)®(x,0)df such that [|f]|, = sup9| )| < 00. They show that this is

dense subset of the RKHS with kernel k(z,y) = [ u 0)®(y,0)dl, and that if f € .7:

i.4.d

then with high probability over (6, )p< P o~ U, there exist coefﬁcients (¢p)p<p such that
f(m) = le;l c,®(x,0,) satisfies ||f fl3 < (H\J;”F“). The method is analogous to the
construction of the empirical estimates ga, € Gp of function f, € K in our setting. Indeed
we may formally identify ®(z,6,) with 1,(z) = > . A,.i(z), 6, with the sequence (A, ;);,
and the distribution p with the distribution of this infinite sequence. However, in our setting
we do not require the condition sup, , ®(x,0) < 1 to hold and the fact that © is a set of

infinite sequences makes the identification tedious without the Gaussian random functions



5. Discussion 149

Target function Predicted function: BLSR_Hat Predicted function: LSR_Hat

Target function Predicted function: BLSR_Hat

Figure 6.3: LS estimate of f* using N = 100 data generated from a peaky distribution P
(left plots), using 40 Brownian motions (1)) (middle plots) and 40 hat functions (¢;) (right
plots). The bottom row shows a zoom around the data.

theory used here. Anyway, we believe that this link provides a better mutual understanding
of both approaches (i.e. Rahimi and Recht (2008) and this work).

5.4 Tractability

In practice, in order to build the least-squares estimate, one needs to compute the values of the
random features (1,)1<p<p at the data points (x,)1<n<n, .e. the matrix ¥ = (¢,(2,,)) p<pn<n-
Moreover, due to finite memory and precision of computers, numerical implementations can
only handle a finite number F' of initial features (p;)1<i<r-

Approximation error Using a finite F' introduces an additional approximation (squared)
error term in the final excess risk bounds. This additional error (due to the numerical
approximation) is of order O(F~7) for a wavelet basis adapted to H*([0,1]%) and can be
made arbitrarily small, e.g. o( N -1/ 2), whenever the depth of the wavelet dyadic-tree is bigger

than %. Our main concern is thus about efficient computation.

Numerical complexity In Maillard and Munos (2009) it was mentioned that the com-
putation of W, which makes use of the random matrix A = (A,;),<pi<r, has a complexity
O(FPN).

In the multi-resolution schemes described now, provided that the mother function has
compact support (such as the hat functions), we can significantly speed up the computation
of the matrix W by using a tree-based lazy expansion, i.e. where the expansion of the random
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features (1,),<p is built only when needed for the evaluation at the points (x,),. Note that in
the specific case of wavelets, we can even think to combine random projection with tools like
fast wavelet transform which would be even faster (which we do not do here for simplicity).

Example: Consider the example of the scrambled wavelets. In dimension 1, using a
wavelet dyadic-tree of depth H (i.e. F' = 27*1)  the numerical cost for computing ¥ is
O(HPN) (using one tree per random feature). Now, in dimension d the classical extension
of one-dimensional wavelets uses a family of 2¢—1 wavelets, thus requires 2¢ —1 trees each one
having 2" nodes. While the resulting number of initial features F is of order 24 +1)  thanks
to the lazy evaluation (notice that one never computes all the initial features), one needs to
expand at most one path of length H per training point, and the resulting complexity to
compute ¥ is O(2HPN). Thus the method is linear with N and reduces the amount of
computation by an exponential factor (from 2¢4 to 2¢H).

Note that one may alternatively use the so-called sparse-grids instead of wavelet trees,
which have been introduced by Griebel and Zenger (see Zenger (1990), Bungartz and Griebel
(2004)). The main result is that one can reduce significantly the total number of features
to F' = O(2 HY) (while preserving a good approximation for sufficiently smooth functions).
Similar lazy evaluation techniques can be applied to sparse-grids.

Thus, using P = O(v/N) random features, we deduce that the complexity of building
the matrix ¥ is at most O(2¢N 3/21og N ). Then in order to solve the least squares system,
one has to compute WTW, that has cost at most O(P?N), and then solve the system by
inversion, which has numerical cost O(P?37®) by Coppersmith and Winograd (1987). Thus,
with P = O(v/N), the overall cost of the algorithm is O(2¢N3/?1log N + N?) without fancy
computations designed for random matrices, and the numerical complexity to make a new
prediction is O(2¢N'/2log(N)).

Acknowledgements

The authors want to thank Pierre Chainais and Olivier Degris for interesting pointers to the
literature in image processing and applied reinforcement learning.

6 Technical details

6.1 Proof of Lemma 6.4

Proof: Step 1. First, we derive a result similar to Lemma 6.3 that holds for dot products,
by polarisation of the Euclidean norm. The precise statement for our purpose is the following
one.

Lemma 6.8 Let A be a P x F' matriz of i.i.d. elements drawn from one of the previously
defined distributions. Let (un)i<n<n and v be N + 1 vectors of RE.
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Then for any € € (0, 1), with probability at least 1 — ANe P(e2/4=<2/6) simultaneoulsy for
alln < N,

| Aty - Av = up, - 0] < efun]| [Jv]] -

We apply Lemma 6.3 to any couple of vectors v + w and u — w, where v and w are vectors
of norm 1. By polarisation, we have that

4Au- Aw = |JAu+ Aw|? — ||Au — Aw|]?
< (Q+9)futwl® =1 —e)fu—w|?
= duew et e(u+wl? + - wlP)
= du-w+ 2(|Jul]® + ||[w|)?) = 4u - w + 4e

—P(e?/4—£3/6) (

fails with probability 2e we applied the previous lemma twice at line 2).

Thus for each n < N, we have with same probability:
At - Av <t - 0 + € fun| ]

Now the symmetric inequality holds with the same probability, and using a union bound for
considering all (u,,)n<xn, we have that

Aty - Av = up - 0] < elfun| [|v]],

holds for all n < N, with probability 1 — 4Ne~P(*/4=</6),

Step 2. We now extend this Lemma to the case of infinite sequences. This is made
possible thanks to the measurability properties of Gaussian Objects. Indeed, for any given
F, Lemma 6.8 applies to the two truncated sequences ar = (a1,...,ar) and Pp(z,) =
(p1(zn), ..., or(zy,)); this gives that for all n simultaneoulsy,

P

I aipien) = 5 32 (Yo 60) (3 poiton))| < < Il 7o)l

p=1
happens with probability higher than 1 — 4Ne™ ), where we introduced &ip o
\/ﬁAi,p ~ N(0,1) in order to avoid confusion with the section on Gaussian objects. Now
by the assumption that o € [r(R) and ¢(z) € lr(R) for all z, then the Gaussian objects
Yo &ipi and Y0 & () are well-defined square integrable random variables. Thus,
taking the limit of the above inequality when F' tends to oo yields that with same probability,
foralln < N

P(e?2/4—€3/6

[fa(#n) = gaa(zn)| < ellall ol
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6.2 Proof of Lemma 6.6

Proof: ~ We can bound the noise term |g; — 93”?\/ using a simple Chernoff bound together
with a chaining argument. Indeed, by definition of g5 and 95 if we introduce the noise vector
n defined by n =Y — f, we have

lgz —93l% = (95— 93 mn

= % Z ni(95 — 95)(X,)

LZN . .
i mg(Xz)
< (oup EETEE0 ) lgs — gl
N
_ (Sup%Zilnig(X¢)>2
9€G gl v

Thus, we focus on the set G' = {g € G; ||g||y = 1}. Note that since G' is a sphere in a space of
dimension P, its e-packing number in empirical norm is bounded above by M(e, G, ||.||n) <
N(e/2,G% |lllv) < N(e/2,{g € Gillglx < 1} Inv) < (2+ DP < max(2,5)", where N
refers here to the covering number.

We now introduce for convenience the following notation, for fixed Gaussian random
variables and data points (X;)i=1 n:

p(t) = (HgEQNZ”m( Z)>t) = Py 39691 Zm

lglln

For j = 0...00, let us consider ¢;-packings C; of G' for the empirical norm ||.||y, with Cp =
o, such that Cj; is a refinement of C; and ¢; < £;_1. Then for a given g € G', we deﬁne g; =

II(g, C;) the projection of g into C}, for the norm ||g||x. Thus, g — go = (9 — gs) + Z — gj-1)

Note that since by definition of G! we have ||g — go||y < 2, we need to consider 80 > 2.

J
Thus if we now introduce real numbers v and (7;);>1 such that Z 7v; < 7, then we have
j=1
th)
2B?

p(yts +ta +t3) < P<39 € gl Zm (9 — 90)(Xi) > vt + t2>+exp(—
< B

geﬂglNng 9.)(X) +

]~

1 & d 13N
sz i — 9gj-1) Z”Yt1+t2>+eXp( QB%)a

1 i=1 j=1

<.
Il
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where we applied Hoeffding’s inequality in the first line. We further have:

J

p(yty +ta+1t3) < ZP<39 € gl Zm —g;-1)(X;) > th)
=1
t5N 2 2
—+ exp(—@) + eXp(—t3N2B1)
7 N

1
< EY Mg, G4 || Iv)M(gs-1, G, ||-||N)IP’<N > nilg — gi-1)(X0) > 751%‘)

j=1 i=1
3N taN
oprer) TP o).

+ exp(—

Now, note that since ¢; < €j_1, then M(g;_1,G% ||.|n) < M(e;, G, |.]|x). Note also that
lg; — gj—1l|n < n; since C is a refinement of C;_;. Finally, we can bound the packing number

by M(g;, G4 |I.lIlnv) < N; = max( 5 5)F where P is the dimension of G. Thus we deduce that:
J 2 N2
12N~ 2N 2N
2 1 J 3
p(yty +ta +13) < JZI N; exp(—@) + exp(—m) + eXP(_Q_B%)

Now, we define v; = 28JBl ) = ZIOg(N , o = Bejy/ =242 2 log( 1/62 and t3 = Bl”%ﬂ for some

2,03 € (0,1]. Thus, we get

p(nti +ta +t3) —5 + 02 + 03.

1M
=~

Thus, it remains to define €;. Since N; = max(i 5)F, we define the covering radius €; to be

e; = 27956)/2F (22P — 1)1/2P for some &, € (0, 1], which entails that Z . N2

¢; — 0 when j — oo, we can make the sum goes to infinity. We deduce that:

< 01. Now since

21og(1/ds)

) <0+ by 4 s

p(vty + By
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Now, in order to bound the term ~¢; + to + t3,we look at the following term:

> [21og(N;
")/tl = QZEjBl %
j=1

[e.e]

205,

< Yo ; 2774/2jPlog(2) +log(1/8;) — log(22F — 1)
< 22 fj 2-1\/3 — ) Plog(®) + 1og(2/5,)

< 22 (f; 29\/2~ P og(®) + /og(2/5)

< 2\[}% ((]1_+ V2)\/2P log(2) + \/log(2/(51)).

where we use the fact that Z;’il 277 < 1, and that Z]O';l 279/ —1) <1+ V2.
Using the inequalities v/a + vb + /¢ < /3(a +b+¢), we thus deduce the following

bound:

Vbt ts < %(20(1 +V2)V/2PTog(2) + 20/ log(2/5)) + /2108(1/53))
V6B,
VN

Thus, by setting 0; = dy = d3 = §/3, we deduce that with P-probability higher than 1—4,

L3V eig(Xi)  BivVG
sup M=l I o P 40010g(2)(1 4+ V2)2P + 200 log(6/8) + log(3/6) .
sup Nt 210010521+ VD 5(6/9) + log(3/9)

<

V400 1og(2)(1 + v2)2P + 2001og(2/61) + log(1/65).

6.3 Proof of Lemma 6.7

Proof: Indeed, let us introduce the space of functions G* = { f* — Tg(g),g € Gp}. Then we
have for g € G% |lgllx < |lgllc < 2B. Thus Theorem 11.2 of Gyorfi et al. (2002) gives the
following bound:

2 Ne?
P(sup [ f* = Ts(g)llpy — 21/ = Te(9)lln > €) < 3E(N(f 288(263)2

Y- 0 .
gegp 24 €,g 7||'||2N))exp(

).
Then, since G° = f* + T5(Gp), we bound the entropy number by:

V2

V2 2(2B).24
24

N(==2,G ||lan) S N(==¢, Ts(Gp), ||.ll2v) < ( 7 +1)P.

24
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Thus we deduce that if ¢ > Q%B u, then with probability higher than 1 — 9 w.r.t P, for fixed

random Gaussian variables,

cup I = T(g)lmy — 21 ~ Tolo)ly < & = 245y og3/6) + Plog(: + 1),/ 2.

gebp

Thus,we consider u = ﬁ, and deduce that, provided that Nlog(N) > %, then with
probability higher than 1 — ¢ w.r.t P, for fixed random Gaussian variables (i.e. conditionally

on them),

sup [| /" = Tp(9)llpe = 21" = To(9)lx < 24B

gelp

\/ 2log(3/8) + Plog(N)
¥ .

Thus, we deduce that on this event, for all g € Gp

15 = Ta(g)llp, < @IS = Ta(9)ln +24B\/ 21083/9) + PloglN)
< 8|l = Tr(9)lx + (243)2410g(3/5) ;rVQPlog(N).

This gives the following upper bound, that holds with probability higher than 1 — §:

* * 4log(3/0) + 2P log(N
sup [[* = Tia(g) [, = 8IF* = To(g) [} < (245)° </>N (N)
gcyp

6.4 Proof of Theorem 6.11

Proof: Since by assumption f* = f,~ for some o*, we have by direct application of Lemma 6.4
inf [|/* = gl} < [ far — gaa- 3
m glIiN X a* JAar||N -
9€g

Now let us define for some N > 1 the quantity € = ey(9) that appears in Lemma 6.4,

such that
log(4N/6) 3

5
P 6

Thus, since ¢ € (0, 1), this means in particular that we have

Y

2
5_<4M<52‘
3 P
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6.5 Proof of Theorem 6.12

Proof: By assumption, we consider that f* € F. Thus there exists a sequence o* € RY such
that one can write:

fr=fo = alg,

=1

Thus we consider in the sequel one such a*. This enables to derive the following upper bound:

inf *—T 2 < a* =T a*
;relng L(9)p < IS 1(940)

‘%X'

where we applied the gaussian operator A to the sequence a*.
Step 1. Applying Johnson-Lindenstrauss’ Lemma. Let us introduce m ghost
samples (X})j<m 1.i.d. according to Py, and thus consider the following associated norm

m

2= 3 (e~ Tolgan) (X))

j=1

||fa* - TL(gAa*)

We now make explicit the probability spaces corresponding to the different sources of
randomness. Consider the probability space defined over the product sample space Qy x (g,
where Qy consists of all the possible realizations of J states X7, ..., X, drawn i.i.d. from Py,
and Qg is the set of all possible realizations of the random elements (A, ;)1<p<pi>1 (Which
define the random feature space Gp).

Let us fix some wg € Qg (which defines the random subspace Gp(wg)). Since for all j, we
have that (for — T(gaa+))* (X)) € [0,4L%] Px-a.s., then Hoeffding’s inequality applies; we
deduce that there exists an event {2y (wg) of Pxy-probability higher than 1 — dx such that on
this event

2+ (20 B

||fa* - TL(gAa*) ’%X < ||fa* - TL(ngz*>

Now by independence between the Gaussian random variables and the sample, the same
inequality is valid on the event

O = {wx X wg;wg € Qg,wx € Qx(wg)}

and this event has Py x Pg-probability higher than 1 — dy.
In order to bound the first term of the right hand side of this inequality, we first notice
that since || for||co < L, then

||fa* - TL(gAa*)

then for some fixed wy € Qy, that last term is bounded by £?||a*||? sup, ||¢(z)]|* on an event
Qg(wx) of Pg-probability higher than 1 — 4me~F(€*/4=*/6) Ly application of Lemma 6.4.
Thus still by independence, the same inequality is valid on the event

2
m>

|3n < ||foc* — JAax

|I® I

Qy = {(wx, wg);wx € Qv,wg € Qg(wx)}
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and this event has Py x Pg-probability higher than 1 — 4me=F(E*/4=="/6),

Thus, we deduce, by a union bound that for all £ € (0,1) and m > 1 there exists an event
Q1 NQ, of Py x Pg-probability higher than 1 — 8y — 4me=P(€*/4=¢°/6) guch that on this event,

: log(1/4)
f * T 2 < 2 * |12 2 27, 2 )
Inf |l = Tilg)llp, < ol SlipllsO(ﬂf)ll +(2L) o

Finally in order to get a bound in high Pg-probability only, we introduce for any wg € (g
the event Q% (wg) o {wx € Qx; (wa,wg) € Q1 x Qy} and then define for all A > 0 the event
A% {wg € Q6 Pa(Qy(wg)) > 1 -2}

Using this notation, we deduce that for all wg € A, the following bound holds

wf F-Tuo)lh < [ it - Tl dx

9€Gp(wg O (wg) 9€9P(wg

w [t - T, de
Q

%(wg)cgegp(wg

* log(1/0)
< ot sup () |7 + (1) 5L + 21

—P(e2/4—€3/6

Moreover, since Py.g(21 N ) = 1 —dx — dme ) and on the other side

Prsg(QNQy) = / P (U (wg))dec
g

N

/ HPX(Q’X(wg))zl—AdWG +(1— )\)/ ]I]P’X(Q’X(wg))<1—)\dwg
Qg Qg
< Pg(A) + (1= A)(1 =Pg(A)),

_pe2/4_3
then we deduce that Pg(A)) > 1 — datdme if Gl
Step 2. Tuning the parameters . Now let us introduce dg and define for some m > 1
the quantity € = ¢,,(dg) such that
log(4m/6G) &% &3

P 4 6

Thus, since € € (0,1), this means in particular that we have

2
€ < 4log(41m/dg) <.
3 P

Now by rewriting the bound using § = Ox j\“‘sg, we deduce that for all 4, for all m and A,

there exists an event of Pg-probability higher than 1 — § such that

log(s_m) log(l)
1 *_ 2 < Y *[12 2 2 36
inf (11 = Tulg)l[b, < 1252 o | sup [lp@)]* + (2L) (1] =52 + ).
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Step 3. Optimizing over A and m. Now, it remains to optimize the free parameter
m and A in this last bound; the optimal value for m is given by

P2L*log(5)
72[|at|[* sup, [[o(2)||* 7

Mopt =

and the corresponding bound is thus

*||? 2 PL*\/log(2/\0) /N6
2L = Tl P ¢ (3Tar 7sup, o)) + )
Now one can take )\ def ||a*\‘2(s2‘1£’)aczu;0(x)||2 and deduce the final bound. O

6.6 Proof of Theorem 6.13

Proof: 'We make use of the following decomposition:

£ = gall% < I1F* = g5l + 95 — g5l

and introduce the sets ()g that consists of all possible realizations of the random elements
(Api)i<p<piz1, and €y that corresponds to the observation variables Y.

High Py x Pg-probability bound. We again make explicit the probability spaces. For
the first term on right hand side, an application of Theorem 6.11 ensures that there exists
an event (2 C (g of Pg-probability higher than 1 — ¢ such that for all wg € €,

. log(4N/8) . 151 ©
17 = gll% < 12755 0t P52 D ll(a) |1
n=1

Since no random variable Y appears in this term, this is also true on the event
def
0 = {(wy,wg) € Oy x Qg;wg € Q’g},

and ) has Py x Pg-probability higher than 1 — 4.

For the second term, let us fix some wg € {)g. Then Lemma 6.6 below shows that
there exists an event Qy(wg) C Qg of Py-probability higher than 1 — ¢ such that for all
wy € Qy(wg),

P +log(1/d")

N

for some numerical constant x > 0. Thus by independence of the noise term with the
Gaussian variables, we deduce that a similar bound holds on the event

l95 — 95l % < wB*

def
0y = {(wy,wg) € Ny x Qg;wy € Qy(wg)}

and that {25 has Py x Pg-probability higher than 1—¢§’. Thus, we conclude by a simple union
bound in order te get a result in high Py x Pg-probability. O
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6.7 Proof of Theorem 6.14

Proof:

Similarly to the proof of Theorem 6.12, we introduce the sets €0x, §2,, and §2g that consist
of all possible realizations of the input, noise and Gaussian random variables. We then define
0=0 x X QU X Qg.

Step 1. High P x Pg-probability bound. In order to get a high probability bound,
we use the decomposition given by Lemma 6.5. Now let us consider some fixed wg € €)g.
One can apply Lemma 6.6 and Lemma 6.7 below for the noise and estimation term.

Thus when N log(N) > 4, there exists an event 4 (wg) of P-probability higher than 1—d;
and an event (2y(wg) of P-probability higher than 1 — d; such that for all (wx,w;,) € Q1(wg)
we have

(1616P + 2001og(6/0) + log(3/9))
N ;

95 — 95ll% < 6B

and for all (wy,w,) € Q2(wg) we have

. * 4log(3/0) + 2P log(N)
sup [/ = Tu(9)lp, =8I/ = Telo)lI} < (24L)° (3/ >N |
gegp

On the other hand, by application of Theorem 6.11, for any given (wx,wy), there exists
an event Qg(wx,w,) C Qg of Pg-probability higher than 1 — 3 such that on this event

log(4N/6s)
P

£ = g5ll% < 12 HOé*HZSlelg le(@)]-

Thus by independence of the noise, data points and Gaussian variables, the three previous
inequalities are valid respectively on the events

O = {(wa, wy,wg) € Q; (wa,wy) € N(wg)}
Qy = {(wa, wy,wg) € Q; (wa,wy) € Na(wg)}
Qs = {(wx, wy,wg) € Y wg € Qg(wx)}

Moreover €; has P x Pg-probability higher than 1 — §;, 5 has P x Pg-probability higher
than 1 — d9, and €2; has P x Pg-probability higher than 1 — d3. We thus conclude by a sim-
ple union bound, and then by some cosmetic simplifications introducing some constant x. [






CHAPTER 7
Brownian Sensing for the Recovery of a
Sparse Function.

The previous chapter showed the benefit of using random matrices in order to address the
problem of predicting as well as a target unknown function. In this chapter, we now turn to a
related problem called recovery, where the goal is to recover the parameter of decomposition
of the unknown function. Note that this problem is generally harder since recovering such
parameters implies a law prediction error as well.

We consider the problem of recovering the parameter of decomposition o € R¥ of a sparse
function f (i.e. the number of non-zero entries of « is small compared to the number K of
features) on a family of functions {yx}1<k<x given noisy evaluations of f at a set of well-
chosen sampling points. We introduce an additional randomization process, called Brownian
sensing, based on the computation of stochastic integrals, which produces a Gaussian sens-
ing matrix, for which good recovery properties are proven, independently on the number of
sampling points NV, even when the features are arbitrarily non-orthogonal. Under the as-
sumption that f is Holder continuous with exponent at least 1/2, we provide an estimate &
of the parameter such that ||a — a@l|s = O(||n|l2/V/N), where 7 is the observation noise. The
method uses a set of sampling points uniformly distributed along a one-dimensional curve
selected according to the features. We report numerical experiments illustrating our method.

This is a joint work with Alexandra Carpentier, with whom it is pleasant to work. A
paper corresponding to this chapter has been accepted for publication in the 25th conference
on advances in Neural Information Processing Systems (NIPS 2011).
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1 Introduction

We consider the problem of sensing an unknown function f : X — R (where X C R?), where
f belongs to span of a large set of (known) features {¢x}1<k<x Of Lo(X):

fla) =" arpn(x),

where o € R¥ is the unknown parameter, and is assumed to be S-sparse, i.e. that we have

llello o [{i:ax # 0} < S. Our goal is to recover «v as accurately as possible.

In the setting considered here we are allowed to select the points {x, }1<n<ny € X where
the function f is evaluated, which results in the noisy observations

Yn = f(xn) + Mns (7-1>

where 7,, is an observation noise term. We further assume that the noise is bounded, i.e.
N

that ||n(|3 o Z n? < 0. We write Dy = ({2, Yn }1<n<n) the set of observations and we are
n=1

interested in situations where N < K, i.e., the number of observations is much smaller than

the number of features .

The question we wish to address is: how well can we recover a based on a set of N noisy
measurements? Note that whenever the noise is non-zero, the recovery cannot be perfect, so
we wish to express the estimation error || — @l|2 in terms of N, where & is our estimate.

The proposed method. We address the problem of sparse recovery by combining the
two ideas:

e Sparse recovery theorems (see Section 2) essentially say that in order to recover a vector
with a small number of measurements, one needs incoherence. The measurement basis,
corresponding to the pointwise evaluations f(x,), should to be incoherent with the
representation basis, corresponding to the one on which the vector « is sparse. Inter-

preting these basis in terms of linear operators, pointwise evaluation of f is equivalent

to measuring f using Dirac masses d,, (f) o f(z,). Since in general the representa-

tion basis {¢ }1<k<ri 18 not incoherent with the measurement basis induced by Dirac
operators, we would like to consider another measurement basis, possibly randomized,
in order that it becomes incoherent with any representation basis.
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e Since we are interested in reconstructing «, and since we assumed that f is linear in «,
we can apply any set of M linear operators {7, }1<m<a to f =D, cuy, and consider
the problem transformed by the operators; the parameter « is thus also the solution to
the transformed problem T, (f) = >, axTin (k).

Thus, instead of considering the N x K sensing matrix ® = (0, (¢x))k.n, we consider a new
M x K sensing matrix A = (1,,(¢x))k,m, where the operators {75, }1<m<n enforce incoherence
between bases. Provided that we can estimate 7,,(f) with the data set Dy, we will be able to
recover o. The Brownian sensing approach followed here uses stochastic integral operators
{Tn}1<m<nm, which makes the measurement basis incoherent with any representation basis,
and generates a sensing matrix A which is Gaussian (with i.i.d. rows).

The proposed algorithm (detailed in Section 3) recovers a by solving the system A« =~ b
by [; minimization®, where beRM is an estimate, based on the noisy observations y,,, of the
vector b € R™ whose components are b, = T}, f.

Contribution: Our contribution is a sparse recovery result for arbitrary non-orthonormal
functional basis {¢y}r<x of a Holder continuous function f. Theorem 7.4 states that our
estimate @ satisfies || — @ll; = O(||n]l2/v/N) with high probability whatever N, under the
assumption that the noise 7 is globally bounded, such as in Candés and Romberg (2007),
Rauhut (2010). This result is obtained by combining two contributions:

e We show that when the sensing matrix A is Gaussian, i.e. when each row of the matrix
is drawn i.i.d. from a Gaussian distribution, orthonormality is not required for sparse
recovery. This result, stated in Proposition 7.1 (and used in Step 1 of the proof of
Theorem 7.4), is a consequence of Theorem 3.1 of Foucart and Lai (2009).

e The sensing matrix A is made Gaussian by choosing the operators T}, to be stochas-

tic integrals: T,,f aof \/LM fc fdB™, where B™ are Brownian motions, and C is a 1-

dimensional curve of X appropriately chosen according to the functions {¢y}r<x (see
the discussion in Section 4). We call A the Brownian sensing matrix.

We have the property that the recovery property using the Brownian sensing matrix A
only depends on the number of Brownian motions M used in the stochastic integrals and not
on the number of sampled points V. Note that M can be chosen arbitrarily large as it is not
linked with the limited amount of data, but M affects the overall computational complexity
of the method. The number of sample N appears in the quality of estimation of b only, and
this is where the assumption that f is Holder continuous comes into the picture.

Outline: In Section 2, we survey the large body of existing results about sparse recovery
and relate our contribution to this literature. In Section 3, we explain in detail the Brownian
sensing recovery method sketched above and state our main result in Theorem 7.4.

In Section 4, we first discuss our result and compare it with existing work. Then we
comment on the choice and influence of the sampling domain C on the recovery performance.

lwhere the approximation sign = refers to a mini- observation noise.
mization problem under a constraint coming from the
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Finally in Section 5, we report numerical experiments illustrating the recovery properties
of the Brownian sensing method, and the benefit of the latter compared to a straightforward
application of compressed sensing when there is noise and very few sampling points.

2 Relation to existing results

A standard approach in order to recover o? is to consider the N x K matrix ® = (ox (7)) k.n,
and solve the system ®a = y where y is the vector with components y,,. Since N < K this
is an ill-posed problem. Under the sparsity assumption, a successful idea is first to replace
the initial problem with the well-defined problem of minimizing the ¢y norm of o under the
constraint that ®a = y, and then, since this problem is NP-hard, use convex relaxation of
the ¢y norm by replacing it with the ¢/; norm. We then need to ensure that the relaxation
provides the same solution as the initial problem making use of the ¢, norm. The literature
on this problem is huge (see Candés and Romberg (2007), Donoho (2006), Donoho and Stark
(1989), Tibshirani (1994), Zhao and Yu (2006), Candés and Tao (2007), Koltchinskii (2009)
for examples of papers that initiated this field of research).

Generally, we can decompose the reconstruction problem into two distinct sub-problems.
The first sub-problem (a) is to state conditions on the matrix ® ensuring that the recovery
is possible and derive results for the estimation error under such conditions:

The first important condition is the Restricted Isometry Property (RIP), introduced in
Candés et al. (2006a), from which we can derive the following recovery result stated in Candés
et al. (2006b):

Theorem 7.1 (Candés & al, 2006) Let o5 be the restricted isometry constant of %, de-

2 4
fined as dg = sup{]| Iywala s |lallo < S}. Then if 635 + 045 < 2, for every S-sparse vector

llall2
a € RE | the solution @ to the {1-minimization problem min{||al|1; a satisfies ||Pa—y||3 < o?}

satisfies

050'2
N )

~

@
where Cg depends only on d4s.

—alz <

Additional recent results on that property are to be found in Candés (2008).

Apart from the historical RIP, many other conditions emerged from works reporting the
practical difficulty to have the RIP satisfied, and thus weaker conditions ensuring recon-
struction were derived. See van de Geer and Buhlmann (2009) for a precise survey of such
conditions. A weaker condition for recovery is the compatibility condition which leads to the
following result from van de Geer (2007):

Theorem 7.2 (Van de Geer & Buhlmann, 2009) Assuming that the compatibility con-
dition is satisfied, i.e. for a set S of indices of cardinality S and a constant L,

2Note that reconstructing « is a more challenging of the function f itself, as studied e.g. in Dalalyan
and different goal than having a good approximation and Tsybakov (2009).
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Sl

s |3
then for every S-sparse vector o € RE | the solution & to the {,-minimization problem

min{||al|1; o satisfies ||ase

C(L,S) = min{ , a0 satisfies ||ase||1 < LHOéng} >0,

1 < L||asl|l1} satisfies for C' a numerical constant:
C  o?log(K)
Cc(L,8)? N

& — a3 <

The second sub-problem (b) of the global reconstruction problem is to provide the user
with a simple way to efficiently sample the space in order to build a matrix & such that
the conditions for recovery are fulfilled, at least with high probability. This can be difficult
in practice since it involves understanding the geometry of high dimensional objects. For
instance, to the best of our knowledge, there is no result explaining how to sample the space
so that the corresponding sensing matrix @ satisfies the nice recovery properties needed by
the previous theorems, for a general family of features {yy }r<k -

However, it is proven in Rauhut (2010) that under some hypotheses on the functional
basis, we are able to recover the strong RIP property for the matrix ® with high probability.
This result, combined with a recovery result, is stated as follows:

Theorem 7.3 (Rauhut, 2010) Assume that {¢k <k is an orthonormal basis of functions
under a measure v, bounded by a constant C,, and that we build Dy by sampling f at
random according to v. Assume also that the noise is bounded ||n|z < o. If % >
coC3S1og(S)* log(K) and N > ¢,C2Slog(p™"), then with probability at least 1 — p, for every
S-sparse vector « € RE | the solution @ to the {1-minimization problem min{||a||;; a satisfies | Aa—
y||2 < 0%} satisfies

cy0?

N

where cg, ¢; and ¢y are some numerical constants.

la— ol <

In order to prove this theorem, the author of Rauhut (2010) showed that by sampling
the points i.i.d. from v, then with with high probability the resulting matrix ¢ is RIP. The
strong point of this Theorem is that we do not need to check conditions on the matriz ® to
guarantee that it is RIP, which is in practice infeasible. But the weakness of the result is that
the initial basis has to be orthonormal and bounded under the given measure v in order to get
the RIP satisfied: the two conditions ensure incoherence with Dirac observation basis. The
specific case of an unbounded basis i.e., Legendre Polynomial basis, has been considered in
Rauhut and Ward (2010), but to the best of our knowledge, the problem of designing a general
sampling strategy such that the resulting sensing matrix possesses nice recovery properties
in the case of non-orthonormal basis remains unaddressed. Our contribution considers this
case and is described in the following section.
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3 The “Brownian sensing”’ approach

A need for incoherence. When the representation and observation basis are not inco-
herent, the sensing matrix ® does not possess a nice recovery property. A natural idea is to

change the observation basis by introducing a set of M linear operators {T,,}m<y acting on
K

the functions {¢g tr<rx. We have T,,,(f) = Z arTm(pr) for all 1 < m < M and our goal is

k=1
to define the operators {7, }.n<as in order that the sensing matrix (75, (¢k))mk enjoys a nice

recovery property, whatever the representation basis {¢x i<k

The Brownian sensing operators. We now consider linear operators defined by stochas-
tic integrals on a 1-dimensional curve C of X. First, we need to select a curve C C X of
length [, such that the covariance matrix V¢, defined by its elements (V¢);; = fc ©ip; (for
1 <i,7 < K), is invertible. We will discuss the existence of a such a curve later in Section 4.

Then, we define the linear operators {7, }1<m<a as stochastic integrals over the curve C:

Tn(9) def LM Jo 9dB™, where { B™},,<)s are M independent Brownian motions defined on C.
Note that up to an appropriate speed-preserving parametrization g : [0,1] — X of C, we

can work with the corresponding induced family {¢y }r<x, Wwhere ¥, = @ o g, instead of the
famlly {SOk}kgK-

The sensing method. With the choice of the linear operators {7, }.m<ar defined above,
the parameter o € R¥ now satisfies the following equation

Aa=1b, (7.2)

where b € RM is defined by its components by, < Tn(f) = \/LM Jo f(x)dB™(x) and the so-

called Brownian sensing matrix A (of size M x K') has elements A,, def Tn(¢r). Note that

we do not require sampling f in order to compute the elements of A. Thus, the samples
only serve for estimating b and for this purpose, we sample f at points {z, }1<p<ny regularly
chosen along the curve C.

In general, for a curve C parametrized with speed-preserving parametrization g : [0,1] — X
of C, we have z,, = g(§/) and the resulting estimate b e RM of bis defined with components:

B = = 3 (B (i) — B (). (73)

Note that in the special case when X = C = [0, 1], we simply have x,, = .

The final step of the proposed method is to apply standard recovery techniques (e.g.,
[; minimization or Lasso) to compute & for the system (7.2) where b is perturbed by the

so-called sensing noise ¢ Hp_ (estimation error of the stochastic integrals).
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3.1 Properties of the transformed objects

We now give two properties of the Brownian sensing matrix A and the sensing noise € = b—b.
Brownian sensing matrix. By definition of the stochastic integral operators {7, } <,

the sensing matrix A = (7,,,(¢k))mk is a centered Gaussian matrix, with

1
Cov(Ap i, Ami) = M/@k(@@k'(@dﬂ?-
C

Moreover by independence of the Brownian motions, each row A,,. is i.i.d. from a centered
Gaussian distribution N (0, %VC), where V¢ is the K x K covariance matrix of the basis,
defined by its elements Vj, j» = fc () pp (v)d.

Thanks to this nice structure, we can prove that A possesses a property similar to RIP
(in the sense of Foucart and Lai (2009)) whenever M is large enough:

Proposition 7.1 For p > 0 and any integer t > 0, when M > < (tlog(K/t) + log1/p)),
with C" being a universal constant (defined in Rudelson and Vershynin (2008b), Baraniuk
et al. (2008)), then with probability at least 1 — p, for all t—sparse vectors x € RE

1

3
5 min,CHxHQ g HA:L‘HZ g 5 max,C”xH%

where Vmaxc and Vmine are respectively the largest and smallest eigenvalues of Vcl/z.

Sensing noise. In order to state our main result, we need a bound on |]|3. We consider
the simplest deterministic sensing design where we choose the sensing points to be uniformly
distributed along the curve C3.

Proposition 7.2 Assume that ||n||3 < o? and that f is (L, 3)-Hélder, i.e.
V<I,y) S X27 ’f(ZE) - f(y)| < L’I‘ - y’67

then for any p € (0,1], with probability at least 1 — p, we have the following bound on the
sensing noise € = b — b computed on the curve C of length l:

a*(N, M, p)
lell; € ————.
N
where
P def [ L2 9 log(1/p) log(1/p)
0(N,M,p)—2(N2571+0)<1—|—2T+4 v )

Remark 5 The bound on the sensing noise ||e||3 contains two contributions: an approzima-
tion error term which comes from the approximation of a stochastic integral with N points and
that scales with L21*° /N*?, and the observation noise term of order */N. The observation
noise term (when o > 0) dominates the approximation error term whenever 8 > 1/2.



168 Chapter 7. Brownian Sensing for the Recovery of a Sparse Function.

Input: a curve C of length [ such that V¢ is invertible. Parameters N and M.

e Select N uniform samples {x,, }1<n<n along the curve C,

Generate M Brownian motions {B™}1<m< along C.

Compute the Brownian sensing matrix A € RM*K

(le. Apg = ﬁ Jo er(x)dB™(z)).

Compute the estimate beRM
(. b = 2= S0 Yn(B™(@n 1) — B™ ().

e Find @, solution to

2(N, M, p) } ‘

min{ lalli such that [|Aa — |2 <
a N

Figure 7.1: The Brownian sensing approach using a uniform sampling along the curve C.

3.2 Main result.

In this section, we state our main recovery result for the Brownian sensing method, described
in Figure 7.1, using a uniform sampling method along a one-dimensional curve C C X C R%
The proof of the following theorem can be found in the supplementary material.

Theorem 7.4 (Main result) Assume that f is (L,5)-Hélder on X and that Ve is invert-
ible. Let us write the condition number K¢ = Vmaxc/Vminc, Where Viaxe and Viinc are
respectively the largest and smallest eigenvalues of Vcl/2. Write r = [(3kc — 1)(4\[%)]2. For
any p € (0,1], let M > 4c(4Srlog(4&-) + log1/p) (where ¢ is a universal constant defined
in Rudelson and Vershynin (2008b), Baraniuk et al. (2008)). Then, with probability at least
1 — 3p, the solution & obtained by the Brownian sensing approach described in Figure 7.1,
satisfies

K )52(N,M,p)

~ 2<C’(
“a a||2 N maxy fc @i N ’

where C is a numerical constant and 6(N, M, p) is defined in Proposition 7.2.

Note that a similar result (not reported here) can be proven in the case of i.i.d. sub-
Gaussian noise, instead of a noise with bounded ¢, norm considered here.

3Note that other deterministic, random, or low-
discrepancy sequence could be used here.
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4 Discussion.

In this section we discuss the differences with previous results, especially with the work
Rauhut (2010) recalled in Theorem 7.3. We then comment on the choice of the curve C' and
illustrate examples of such curves for different bases.

4.1 Comparison with known results

The order of the bound. Concerning the scaling of the estimation error in terms of the
number of sensing points N, Theorem 7.3 of Rauhut (2010) (reminded in Section 2) states
that when N is large enough (i.e., N = Q(Slog(K))), we can build an estimate & such that
& —al3 = O("—;) In comparison, our bound shows that ||@ — a3 = O(L]\Q,Zf + "—;) for any
values of N. Thus, provided that the function f has a Holder exponent § > 1/2, we obtain

the same rate as in Theorem 7.3.

A weak assumption about the basis. Note that our recovery performance scales with
the condition number k¢ of V¢ as well as the length [ of the curve C. However, concerning
the hypothesis on the functions {¢y }r<x, we only assume that the covariance matrix V¢ is
invertible on the curve C, which enables to handle arbitrarily non-orthonormal bases. This
means that the orthogonality condition on the basis functions is not a crucial requirement
to deduce sparse recovery properties. To the best of our knowledge, this is an improvement
over previously known results (such as the work of Rauhut (2010)). Note however that if k¢
or [ are too high, then the bound becomes loose. Also the computational complexity of the
Brownian sensing increases when k¢ is large, since it is necessary to take a large M, i.e. to
simulate more Brownian motions in that case.

A result that holds without any conditions on the number of sampling points.
Theorem 7.4 requires a constraint on the number of Brownian motions M (i.e., that M =
Q(Slog K)) and not on the number of sampling points N (as in Rauhut (2010), see Theorem
7.3). This is interesting in practical situations when we do not know the value of S, as we do
not have to assume a lower-bound on N to deduce the estimation error result. This is due
to the fact that the Brownian sensing matrix A only depends on the computation of the M
stochastic integrals of the K functions ¢y, and does not depend on the samples. The bound
shows that we should take M as large as possible. However, M impacts the numerical cost
of the method. This implies in practice a trade-off between a large M for a good estimation
of @ and a low M for low numerical cost.

4.2 The choice of the curve

Why sampling along a 1-dimensional curve C instead of sampling over the whole
space X7 In a bounded space X of dimension 1, both approaches are identical. But
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in dimension d > 1, following the Brownian sensing approach while sampling over the
whole space would require generating M Brownian sheets (extension of Brownian motions
to d > 1 dimensions) over X, and then building the M x K matrix A with elements
Apr = fX oi(t1, ...ta)dB7* (t1)...d B} (tq). Assuming that the covariance matrix Vy is invert-
ible, this Brownian sensing matrix is also Gaussian and enjoys the same recovery properties
as in the one-dimensional case. However, in this case, estimating the stochastic integrals
b = | » fdB™ using sensing points along a (d-dimensional) grid would provide an estima-
tion error £ = b — b that scales poorly with d since we integrate over a d dimensional space.
This explains our choice of selecting a 1-dimensional curve C instead of the whole space X
and sampling N points along the curve. This choice provides indeed a better estimation of b
which is defined by a 1-dimensional stochastic integrals over C. Note that the only require-
ment for the choice of the curve C is that the covariance matrix V¢ defined along this curve
should be invertible.

In addition, in some specific applications the sampling process can be very constrained by
physical systems and sampling uniformly in all the domain is typically costly. For example in
some medical experiments, e.g., scanner or [.LR.M., it is only possible to sample along straight
lines.

What the parameters of the curve tell us on a basis. In the result of Theorem 7.4,
the length [ of the curve C as well as the condition number k¢ = Viax,c/Vminc are essential
characteristics of the efficiency of the method. It is important to note that those two variables
are actually related. Indeed, it may not be possible to find a short curve C such that k¢ is
small. For instance in the case where the basis functions have compact support, if the curve
C does not pass through the support of all functions, Vi will not be invertible. Any function
whose support does not intersect with the curve would indeed be an eigenvector of Vi with a
0 eigenvalue. This indicates that the method will not work well in the case of a very localized
basis {¢r tr<i (€.g. wavelets with compact support), since the curve would have to cover the
whole domain and thus [ will be very large. On the other hand, the situation may be much
nicer when the basis is not localized, as in the case of a Fourier basis. We show in the next
subsection that in a d-dimensional Fourier basis, it is possible to find a curve C (actually a
segment) such that the basis is orthonormal along the chosen line (i.e. k¢ = 1).

4.3 Examples of curves

For illustration, we exhibit three cases for which one can easily derive a curve C such that
Ve is invertible. The method described in the previous section will work with the following
examples.

X is a segment of R: In this case, we simply take C = X, and the sparse recovery is
possible whenever the functions {¢y }r<x are linearly independent in L.



5. Numerical Experiments 171

Coordinate functions: Consider the case when the basis are the coordinate functions
K (t1,...ta) = tg. Then we can define the parametrization of the curve C by setting g(t) =
a(t)(t,t2,...,t4), where a(t) is the solution to a differential equation such that ||¢/(¢)[], = 1
(which implies that for any function h, [ hog = [, h). The corresponding functions 1 (t) =
a(t)t* are linearly independent, since the only functions «(t) such that the {4 }r<x are not
linearly independent are functions that are 0 almost everywhere, which would contradict the
definition of «(t). Thus V¢ is invertible.

Fourier basis: Let us now consider the Fourier basis in R? with frequency 71"

2imn;t
Pny,...,nq tla '-7 HeXp 7 j)?
where n; € {0,...,7 — 1} and ¢; € [0, 1]. Note that this basis is orthonormal under the
uniform distribution on [0, 1]¢. In this case we define g by g(t) = A==, tri, - .,t;ij)

with A = @/% (so that [|g'(t)]|2 = 1), thus we deduce that:

20Tt z . anj_l
77ZJ7’L1,---77101 <t> = €Xp ( - T]d )

Since ny € {0,...,T — 1}, the mapping that associates ) n; T to (ny,...,nq) is a
bijection from {0, .. —1}4t0 {0,...,T% — 1}. Thus we can identify the family (¥n, .,)
with the one dlmensmnal Fourier basas Wlth frequency d, which means that the condition
number p = 1 for this curve. Therefore, for a d-dimensional function f, sparse in the Fourier
basis, it is sufficient to sample along the curve induced by ¢ to ensure that V¢ is invertible.

5 Numerical Experiments

In this section, we illustrate the method of Brownian sensing in dimension one. We consider
a non-orthonormal family {px}r<x of K = 100 functions of Ly([0,27]) defined by @i (t) =
Cos(tk)tcfos( (k+1) * Tp the experiments, we use a function f whose decomposition is 3-sparse
and which is (10, 1)-Holder, and we consider a bounded observation noise 7, with different
noise levels, where the noise level is defined by 0% = anl n.

In Figure 7.2, the plain curve represents the recovery performance, i.e., the mean squared

error of Brownian sensing that is minimizing ||a|; under the constraint that ||Aa — b||» <
1.954/2(100/N + 2) using M = 100 Brownian motions and a regular grid of N points, as a
function of N*. The dashed curve represents the mean squared error of a regular /; minimiza-
tion of ||al|; under the constraint that ||®a — y||3 < o2 (as described e.g. in Rauhut (2010)),
where the N samples are drawn uniformly randomly over the domain. The three different
graphics correspond to different values of the noise level o2 (from left to right 0, 0.5 and 1).
Note that the results are averaged over 5000 trials.

4We assume that we know a loose bound on the
noise level, here 02 < 2, and we take p = 0.01.
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Comparison of I1-minimization and Brownian Sensing ‘Comparison of I11-minimization and Brownian Sensing Comparison of 11-minimization and Brownian Sensing
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Figure 7.2: Mean squared estimation error using Brownian sensing (plain curve) and a direct
l;-minimization solving ®a ~ y (dashed line), for different noise level (o2 = 0, 02 = 0.5,

02 = 1), plotted as a function of the number of sample points N.

Figure 7.2 illustrates that, as expected, Brownian sensing outperforms the method de-
scribed in Rauhut (2010) for noisy measurements®. Note also that the method described in
Rauhut (2010) recovers the sparse vector when there is no noise, and that Brownian sensing
in this case has a smoother dependency w.r.t. V. Note that this improvement comes from the
fact that we use the Holder regularity of the function: Compressed sensing may outperform
Brownian sensing for arbitrarily non regular functions.

Conclusion

In this chapter, we have introduced a so-called Brownian sensing approach, as a way to
sample an unknown function which has a sparse representation on a given non-orthonormal
basis. Our approach differs from previous attempts to apply compressed sensing in the fact
that we build a “Brownian sensing” matrix A based on a set of Brownian motions, which
is independent of the function f. This enables us to guarantee nice recovery properties of
A. The function evaluations are used to estimate the right hand side term b (stochastic
integrals). In dimension d we proposed to sample the function along a well-chosen curve,
i.e. such that the corresponding covariance matrix is invertible. We provided competitive
reconstruction error rates of order O(||n||2/v/N) when the observation noise 7 is bounded
and f is assumed to be Holder continuous with exponent at least 1/2. We believe that the
Holder assumption is not strictly required (the smoothness of f is assumed to derive nice
estimations of the stochastic integrals only), and future works will consider weakening this
assumption, possibly by considering randomized sampling designs.

®Note however that there is no theoretical guar-
antee that the method described in Rauhut (2010)
works here since the functions are not orthonormal.
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6 Technical details

Proof of Proposition 7.1

First, we prove a very short Lemma describing some properties of the matrix A.

Lemma 7.1 Let us consider M independent Brownian motions (B, ..., BM) on X, and de-
fine the M x K matriz A with elements

App = \/LM( /C gpk(x)dBm(a:)>.

Then A is a centered Gaussian matriz where each row A,,.. is i.i.d. from N (0, %VC), where Ve
is the K x K covariance matriz of the basis, defined by its elements Vi = fc () o (z)dz.

Proof: Indeed, from the deﬁmtlon of stochastic integrals, each A, ~ N(0, - fc i (z)dz),
and Cov(An , Amp) = 37 fc op(x)pp (x)dz. Thus each row A,,. ~ N(0,+:V) and are

independent by independence of the Brownian motions. Additionally, we have

E[(ATA)yp] = [ ZAmkAmk’:| = Viw c-

OJ

Now let us define B = AVC_l/ ?. Since each row of A is an independent draw of A’ (0, Vo),
then each row of B is an independent draw of N'(0,7). Thus B is a matrix with elements

i.i.d. from AN(0,1). We thus can use the following result (as stated in Fornasier and Rauhut
(to appear), see also Rudelson and Vershynin (2008b), Baraniuk et al. (2008)):

Theorem 7.5 For p’ > 0 and any integer t > 0, when M > C'62(tlog(K/t) + log1/p')),
with C" being a universal constant, see Rudelson and Vershynin (2008b), Baraniuk et al.
(2008), then with probability at least 1 — p', there exists 6y < 0 (; is the RIP constant of B
for t-sparse vectors) such that for all t—sparse vectors v € RE,

(1 =d)llzlls < [|Bzllz < (14 d1) |l

Since V¢ is symmetric, it is possible to write Vo = UDU” with U an orthogonal matrix and
D a diagonal matrix with the eigenvalues of V' as diagonal elements (SVD decomposition).
Thus, VY2 = UDY2U"T where D'/? is the diagonal matrix with the square roots of the
diagonal elements of D (i.e., the eigenvalues of Vcl/ %).

Note that if U is an orthogonal matrix, BU is also RIP with the same constant as B
(see Donoho (2006) for the preservation of the RIP property to a change of orthonormal
basis). Applying this and Theorem 7.5 with § = 1/2 for 2t-sparse vectors, we have that
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whenever M > 4C"(2tlog(K/2t) + log 1/p’), the RIP constant dq; satisfies do; < 1/2, i.e. for
all 2t—sparse vectors x,

—III\Iz [BUz[|s < —HCEH2-

Now if we consider a 2t—sparse vector z, then D'/?z is also 2t—sparse with same support
as z, and we also have that vpincllz|l2 < [|DY%2|l2 < Vmazcl|z||2. Thus the matrix BUD/?
satisfies

Vi 3y,
2L gl < || BUDYx ] < 222E )

As mentioned before, the preservation of the RIP property to a change of orthonormal
base (see Donoho (2006)) can be applied with U and thus as A = BV'/?2 = BUDY?U" to
obtain:

3
meCHxH2 |Az]2 < VmaxCHQJH2

2

Proof of Proposition 7.2

We prove here without loss of generality (because of we can always parametrize the curve)
the result for X = [0,[]. Let us recall that f is (L, )-Holder and that we write o = [|n]|2.
The estimation error ¢,, = b,, — l;;, given the samples (z,, Y, )n, follows a centered Gaussian
distribution (w.r.t. the choice of the Brownian B™) with variance

Vien) = V(%w( /Olfu)dBm(x)—nZ <B$+1—Bz>))

- v ( / (f@)—Z(f(l(nj\_[l))+77n)1[ze[zg;lm;1>])d3m($)>

! n ,
o [ U0 = SO+ ml g ) e

0

n
(AnT) ("+1)
n

- X / () = fll50) = m)de
MNZ + |7n])?

2 L2l25
- (N2,8 1 Zmn )

o 2 LA,
= MN(N25—1+U)'

N

We now wish to apply Bernstein’s inequality in order to bound /e[| in high probability.
We recall the following result (see e.g. Bennett (1962)):
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Theorem 7.6 (Bernstein’s inequality) Let (Xi,....Xy) be independent real valued ran-
dom variables and assume that there exist two positive numbers v and d such that: Z%zl E(X2) <
v and for all integers r > 3,

M o
S B < S,
m=1

Let S = Zf\f:l(Xm—]E(Xm)), then for any x > 0, we have P(S > v2vz+dzr) < exp(—x).

Let us check that the assumptions for applying Bernstein’s inequality hold with the choice
v = 8M(V(g,,))? and d = 2V(g,,). Indeed, since the g, are i.i.d. centered Gaussian, by
writing X,,, = €2, we have X,, > 0 and for any integer r > 2, E(X") = (V(g,,))" (szr)!!. This
gives M E[X2] = 3M(V(e,))? < v, and for r > 3,

M

2r)! !
> E[X]] = M(V(gm))r% < M(V(ep)) x 277! < %vdﬂ.
m=1 ’

We thus apply Bernstein’s inequality (and recall that V(e,,) < 2 ( ﬁ;ﬁfﬂ +02>) to obtain
that with probability at least 1 — p,

- +

L2 o2 log(1/p)  log(1/p)
N28 N>(1+4 M 2= )

leli3 < 2(

Proof of Theorem 7.4

Following Foucart and Lai (2009), we define oy > 0 (respectively f; > 0) as the maximal
(resp. minimal) values such that for all x € RX which are t—sparse,

allz]lz < [[Az]lz < Bill]l2- (7.4)

We now define v, = g—’; and use Theorem 3.1 of Foucart and Lai (2009) applied to sparse

vectors, in the case of /1 minimization, reminded below:

Theorem 7.7 (Foucart, Lai) For any integer S > 0, for t > S, whenever vy — 1 <

4(v/2 - 1) L, the solution & to the (1-minimization problem

min |[a|;, under the constraint ||Aa — bl|3 < ||e|l3,

Dalle]|2

satisfies || — alls < ~2, where Dy is a constant which depends on Yz, S and t defined in

Foucart and Lai (2009).

In order to apply this results, we now provide conditions such that (7.4) holds, as well as
an upper bound on the noise ||€2]|, and a lower bound on Ssg.
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Step 1. Recovery Condition: We recall the results of Proposition 7.1 and have
that (7.4) holds with ag; > %l/min’c and [y < %VmaXL' with probability 1 — p’ as long as
M > %(tlog(K/t) +log1/p')). Thus o < 311’/:;;:5 = 3ke.

A sufficient condition for (7.7) is that 3ke — 1 < 4(v/2 — 1)\/g

By defining r = [(3k¢ — 1)(4\/ 1)]2 (note that r only depends on V¢), condition (7.7)
holds whenever ¢t > Sr, thus with probability 1 — p’, whenever

M > 4C"(2[Sr] log % +log1/p). (7.5)

Note that this condition holds when the number of Brownian motions M (which can be
chosen arbitrarily) is large enough (and does not depend on the number of observations ).

Step 2. Upper bound on ||2||: This is the result of Proposition 7.2.

Step 3. Lower bound on f5s In order to apply Theorem 7.7, we now provide a lower
bound on (5.

Lemma 7.2 If
M > C'log1/u, (7.6)

then with probability 1 — u we have: Byg > \/maxk fc w2

Proof:  Let us define i = arg max;,, fc ¢2(z)dz. Let us now consider the 1—sparse vector a
such that a; = 1 and a; = 0 otherwise. We have: (Aa),, fc i(x)dB™(x). So each (Aa),,
is a sample drawn independently from N(0, [, @7 (z dm)

By applying Theorem 7.5, with S = K = 1 and § = 1/2, when M > C"log 1/u, then with

probability 1 — u,
1 2 3 2
S\ [ e@dslialls < NAallo < 5| [ @2@)dzlall
1 c

And since (yg is the minimal constant such that for every 25—sparse vector = (in partic-
ular for a) we have ||Az||y < Bas|x]|2, we deduce that

1 1
Bos > 5/ / o3 (a)de = 5\/mgx / o3 (x)da
C C
O

We now apply Theorem 7.7 and deduce that when M satisfies (7.5) (which implies that
(7.6) also holds) using Lemma 7.2, with probability 1 — p" — u,

2D,5(N, M, p)

\/Nw/maxk fc @2

(7.7)

o —alls <
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Thus from Proposition 7.2, with probability 1 —p — p’ — u,

8D2 (NQLTQ_IW n o—2> (1+ c(p, M))
N (max. [, ¢7) ’

and from Foucart and Lai (2009), we deduce that if we are able to recover 45 —sparse vectors,

ie., if M > 4C' (457“ log 4—[§T + log 1/p’) then Dy < Ck? where C' can be loosely bounded by

90, see Foucart and Lai (2009) (note that this numerical constant can be greatly improved).
The result follows with the choice p = p’ = w.

~

o

—alz <






CHAPTER 8
Multiview Learning: Complexity versus
Agreement.

In this chapter, we consider the problem of semi-supervised multiview classification, where
we assume that each view corresponds to a Reproducing Kernel Hilbert Space. We study an
algorithm based on co-regularization methods with extra penalty terms reflecting smoothness
and general agreement properties. This work provides both an explicit upper and lower bound
on the Rademacher complexity of the corresponding class of learners for an arbitrary large
number of views. We also give asymptotic behavior of the bounds when the co-regularization
term increases, making explicit the relation between consistency of the views and reduction of
the search space. We apply this algorithm to some toy examples including a new challenging
dataset. Finally, we advocate for a stability-based parameter selection inspired by clustering
and localization arguments, give explicit bounds on the variance of the class and propose a
selection algorithm.

This work was done while I was in the Master “Maths, Vision et Apprentissage” (MVA)
of ENS-Cachan, and is joint work with Nicolas Vayatis. It has been published in the pro-
ceedings of the 20th international conference on Algorithmic Learning Theory (ALT 2009),
see Maillard and Vayatis (2009). Although this work is not fully connected with the rest of
this Ph.D dissertation, note that the study of Rademacher complexities is very important
in statistical learning in order to control the deviations of the empirical process indexed by
a family of functions. Now in sequential learning, the corresponding notion has only been
popularized very recently in a work that paves the way for important future research, see
Rakhlin et al. (2010)). Thus understanding (local) Rademacher complexities and concepts
around is clearly important for the development of sequential learning theory.
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1 Introduction

We consider a classification problem in which each object to be classified may have many
possible representations. For instance, movie classification can be based on the title only,
on the analysis of the audio signal, or of some pattern analysis of some images... Now each
distinct representation of an object will correspond to a different view (or representation
space) for which a class of classifiers will be chosen, and we consider we have V many
different views with V' > 2, each of them begin a reproducing kernel Hilbert space (RKHS).

In the sequel, we assume that the learner knows how to represent objects in each repre-
sentation space. This means that for each object, and for each representation space denoted
by X, for v € {1,...,V}, she can build a point #(*) € X, representing this data. We write

1%

= (W, ..., ")) for the resulting point living in the product space H X, which accounts
v=1
for the multiple views of the object. Now, we consider the setting in which there is a large

amount of objects and that most of them is likely to be remain unlabeled.

Multiview learning relies on two main assumptions: (1) The predictors in each view must
agree on the majority of labels. (2) Each view is considered to be independent from the
others, conditionally on labeled data. This second assumption is actually the one motivating
most of the work on the multiview setting: we want to provide theoretical justification to
the heuristic idea that (2) allows for high-performance results since two compatible classifiers
trained in independent views are unlikely to agree on a mislabeled item. Following up on
the early work of Blum and Mitchell (1998) on learning from both labeled and unlabeled
data, several authors have developed a number of exciting achievements on this topic (see
Blum and Chawla (2001), Sridharan and Kakade (2008), Weston et al. (2005), Zhou et al.
(2003), Chapelle et al. (2006)). In florina Balcan and Blum (2005), the authors propose a
nice theoretical PAC-model for semi-supervised learning where multiview learning appears as
a special case. Then in Rosenberg and Bartlett (2007), these results are applied to a simple
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two-view learning problem and explicit bounds on the Rademacher complexity of the class of
predictors are computed. The issue which was tackled was to explain how consistency between
views affects the performance. More recently, another general framework has been presented
in Rosenberg (2008), very similar to this work. The RKHS (and kernels) of each view are tied
together to compute the general kernel associated to the corresponding objective function,
which then enables one to apply standard RKHS techniques. For instance, this gives an
indirect alternative proof for the Rademacher complexity bound of Theorem 8.1. We consider
a slightly less general objective function, with separate smoothness and agreement terms, that
potentially enables more “interpretation” of the results, which is important when designing
new parameter selection methods. Note that the full multiple view setting has also been
considered in the work of Brefeld et al. (2006) for the specific co-RLS objective function,
where the authors focused on the time complexity to find a closed form solution, and no
Rademacher complexity analysis was provided. Finally, some local results were mentioned
in Rosenberg (2008), Sindhwani and Rosenberg (2008), but the Lo-diameter analysis (see
Theorem 8.3) has not been considered so far in any concurrent work for this setting, and
goes beyond anything considered in Rosenberg and Bartlett (2007).

This chapter is organized as follows: in Section 2 we introduce our framework and define
the objective function. The Section 3 is devoted to our result on the Rademacher complexity
control. The main theorem is stated in section 3.2 together with its proof. Section 3.3 deals
with the asymptotic behavior of the bounds. Then Section 4 shows some experiments on
three toy examples. Finally, Section 5 details a stability-based selection procedure as well as
a bound on the L, local diameter of our class of functions.

2 Setup for multiview semi-supervised learning

Our approach follows the popular method of penalized empirical risk minimization in RKHS,
which leads to computable data-dependent terms of the objective function. Now, designing
such a function is the frontier between science and art. The nature of the problem described
in the introduction leads to different sources of penalization which we describe in this sec-
tion. Namely, coming from semi-supervised learning, where part of the data is unlabeled, a
smoothness penalization takes care of the structure (manifold) depicted by the data, as in
Belkin et al. (2005). For the multiview setting (see Blum and Mitchell (1998)) we use another
penalization - an agreement term - since two representations of the same object have to be
given the same label.

We assume that each view is a RKHS, and write F(*) for the v-th view of functions on
XV with value in ), the label set. Note that the label set is the same for all views. For
simplicity, we will assume that ) = [—1,1]. We consider both smoothness and agreement
terms in the same objective function since we deal with both ideas. This is an important
improvement on the work of Sindhwani et al. (2005) where objective functions with only one
of each term (and corresponding algorithms) are considered. The goal we pursue here is of
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unifying algorithms instead of comparing them. In this section, we provide the notations and
definitions of the penalty terms involved.

2.1 Semi-supervised regularization

The aim of semi-supervised learning is to work with data a part of which is labeled and
the other part unlabeled. This setup is situated between classification and clustering theory.
Specifically, the labeling provides a clue to design an objective function which is generally
the main problem of clustering (where there is no labeling, and thus no objective truth), and
the unlabeled part drives us throw the path of structure detection in the data, for instance
by considering the data points depict a specific manifold. In the sequel, we will consider a
batch of n i.i.d. data points, sampled according to a distribution P, [ of which are labeled,
and the remaining u = n — [ are unlabeled. We index with ¢ € {1,...,[} the labeled points
(x;)i<i together with their label (y;);<, and with ¢ € {{ +1,...,l 4+ u} the unlabeled points
(x;)1<i<itu- We shall use exponents v for the representation in each view and indices i for the
W20y,

We express the search for structure with a Smoothness term. A natural choice is the
one using the graph-Laplacian, as explained for instance in Kondor and Lafferty (2002),
Smola and Kondor (2003), Belkin et al. (2004), Ando and Zhang (2007), and where different
operators based on this notion are used. The idea underneath the use of the graph-Laplacian
is to consider that the data points depict a manifold (see Belkin et al. (2005)), and thus
the graph-Laplacian can be seen as a discrete version of the Laplace-Beltrami differential
operator. Assuming we have for each view v a similarity graph given by its adjacency matrix
W®) | then the (unnormalized) graph-Laplacian is defined as L® = D® — W ®) shere D)

is the diagonal matrix Dg) =2, VVZ(;’) Other interesting choices are the symmetrical or

corresponding data point. Thus, each x; is the representation in all views z; = (x

random walk normalized graph-Laplacian. We intuitively want that each function f* € F?

be smooth w.r.t similarity structures in all views. Thus, here we will use a global smoothness

operator based on the weighted average graph-Laplacian L = Z;/:l a, L) with weights o

summing to 1.

Definition 8.1 For f = (fO, ..., fM) e [[\_, F®), we define:

1%
Smoothness(f) = Z% FOU L 9 where
v=1

e v = (m,.7v) = 0 meaning that each component is positive.

o L is defined based on L"), the graph-Laplacian corresponding to the vth view: L =
S LW with SV, = 1.

° f(”) is the vector (f) (:U&v)), oy f@) (xl(i)u))T
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2.2 Learning with RKHS

The main term of the objective function is the loss, which quantifies the classification errors
on labeled points. This term has been widely studied along the past decade, and led to
interesting theory involving convex risk minimization and ¢-risks (see Bartlett et al. (2003)
for a survey).

Classical losses for binary classification are for instance the square loss £(u,y) = (u—y)?,
with y a label, the hinge loss L£(u,y;) = max(0,1 — uy;) or the logit loss L(u,y;) = log(1 +
e~"i). Based on this loss for one-view classifier, we define the loss of a multiview classifier
f with the one of each f) in each view. More precisely:

Definition 8.2 For f = (fU,... f)) ¢ H]—"(”) and a sample (z;,Y;)1<i<i, we define the

loss of the multiview classifier f to be

l

Loss(f) = %Z (fs i, vi),

=1

where we allow for various definitions for L(f,x,y), like for instance

f,xydeflzﬁ O),y) or £(f,z,y) S £( Zf”)

The choice of the loss will have an impact on the design of algorithm but our analysis
covers a wide variety of possible losses. In the experiments, we use the square loss for one-view
classifier, and the first definition for £(f,z,y).

We now introduce real-valued decision functions, that are defined to be functions ¢ of

v
1
the form = — v Zf(”) (™)) where f® : X — Y is a classifier. We assume that each

predictor f*) lives in an RKHS F) with kernel K and associated representation function
k,(.,.). Thanks to the representer theorem (see Scholkopf et al. (2001)), we will be able to
restrict only to functions f®) € £, = span{kv(xgv), JHE ¢ F®). We also denote by F the
product space of the views F® and by £ C F the product space of the spans. With each
view comes a natural norm (the norm of the rkhs) which is interpreted as a measure of the
complexity of the functions. We denote it by ||.||, for the v-th view. Complexity penalization
in RKHS has been studied for instance in Steinwart et al. (2006) or Blanchard et al. (2008).

The complexity term for the multi-function f € F is thus stated according to the following
definition:

Definition 8.3 For f = (f, ..., fV)), we define:

1%
Complezity(f) = Z )\v||f(v)||12;
v=1
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where A € RY is a positive vector.

2.3 Multiple view co-regularization

The multiview setting comes with the need for compatibility between different views, since
all representations of the same object must share the same label. Thus, it is natural to
think that since there is a restriction on the search space, multiview learning will provide
good generalization results, and indeed this is the case in numerical experiments (e.g. Belkin
et al. (2005)). The work of Rosenberg and Bartlett (2007) and Sindhwani et al. (2005) aims
at giving theoretical explanation and better understanding for this phenomenon. Our work
follows the same red-line, generalizing and continuing this work.

The need for compatibility between the f(*) is conveyed by a so called Agreement term.
First, for a number of V' = 2 views, we can think of a term like Z?zl[f(l)(xgl)) - f(Q)(xz(-z))]Q,
with a [? penalty when giving two different labels to the same object. Note that here this
penalty is mainly guided by convenience and easy matrix-wise formulation. We can also
split this term between labeled and unlabeled points with some weights. Now, extending the
notions presented in Sindhwani et al. (2005), and generalizing this to V' views, we propose
the following definition:

Definition 8.4 For f = (f0, ... fM) e [[\_, F®, we define:

Agreement(f) = C*(f) +CY(f),

with C(f) = > Z FOO @) — fe) ()2

v] F£vg
l4u
and CY(f) = Z cng Z [f(m)(ml(vl)) _ f(w)(mEW))]Q.
v]F£vg i=l+1
For normalization purpose, we assume that the positive coefficients c& 3 UQ, cgl v, are 0 whenever

their value do not modify C*(f) or CY(f) (for instance when f01)(z()) = fv2)(z(®2)) P.
a.s.), and that ¢* = (¢ )i v, ¢V = (¢ 4, v, are symmetric semi-definite positive. So
as to avoid cumbersome terms in the proof, we also introduce when v,w € {1,..,V} the
block-diagonal matrix C,,, with diagonal blocks (¢ )= ; and (c{ w)z 141.04u, and then C €

RWVV=1)xnV(V=1) the block-diagonal matrix with blocks (Cow)vu0-

2.4 Compound complexity penalties

The objective function and its associated minimization problem we consider in this work is
finally written as:
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e Compute:
f* = argmin{ Loss(f) + Complexity(f)
fer
+ Smoothness(f) + Agreement(f) } (8.1)

v
e Output: ¢ = %Zf*(”)
v=1

This will be our minimization algorithm for multiple-view semi-supervised learning in this
work. We note throughout this chapter § = («, A, 7, C) to refer to all the parameters appear-
ing in the objective function.

The existence of a representer theorem for this setting comes from the fact that for any

fix @, .., fV) e OV_,F® 1O minimizes a loss function of the form
1
¢, o (FE) s s D), 40) + gperpon ([ F11)

w.r.t. f. Thus the representer theorem (see Scholkopf et al. (2001)) says that f) € £,
and we can iteratively apply the same argument to each component of f*, leading eventually
to f* € L. See also Sindhwani and Rosenberg (2008) for the construction of one RKHS
combining all the views.

Note that for specific choices of the parameters, we recover the former problems studied
in previous papers:

e when v and C' are 0, i.e. when the Smoothness and Agreement terms disappear, then
we recover Regularized Least Squares (RLS) in RKHS,

e when only 7 = 0, then we have a Co-Regularized Least Squares (co-RLS) problem (see
Sindhwani et al. (2005)),

e when Agreement is nonzero but diagonal (meaning c* and ¢V are diagonal), we obtain
the formulation of the co-laplacian method (such as co-laplacian RLS and co-laplacian
SVM, see Sindhwani et al. (2005)) ; indeed here, the predictors f(*) are decoupled, and
thus the problem 8.1 amounts to solving for each v:

FO" = argmin Loss(f™) + A || f] 2 + 7, £ LY
FOEF®

Our first purpose in this chapter is to generalize both the work of Sindhwani et al. (2005)
and Rosenberg and Bartlett (2007), by taking into account all penalty terms simultaneously
and considering arbitrary many views.
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3 Empirical complexity bound

This section is devoted to the control of the Rademacher complexity for our problem. We
define our class of functions in subsection 3.1, then we state our main theorem in subsection
3.2, which is a bound on the Rademacher complexity of this class, together with its proof.
The last subsection studies asymptotic behavior of the bounds.

We first state the following assumption from Rosenberg and Bartlett (2007), which is
satisfied for instance by the square loss. This assumption enables to reduce the search space
and to perform computations.

Assumption Al: We suppose that the loss functional satisfies Loss(0, ...,0) < 1 where
(0, ...,0) is the multi-predictor with constant output 0.

This is true for instance, for the functional defined with the square loss. Indeed Vi y; €
[—1,1], we have Loss(0,..,0) = + 30 LS 42 < 1.

3.1 Preliminaries

We now recall the definition of the Rademacher complexity for a class of functions, that is a
useful empirical quantity in order to derive an excess risk bounds for the empirical minimizer
of a loss function over a class of functions (Boucheron et al. (2005)), like the decision function

®.

Definition 8.5 (Rademacher complexity) The Rademacher complexity of a class G for
a sample (xy,...x,) s

In our case, the final predictor ¢ is just a combination of the predictors f*) on each view.
Under assumption A1, ¢ belongs to the class J = J(60,1) defined by:

v
J(O,r) = {x — %;f(“)(x(“)) c(fW, L ) e 7—[(9,1“)}

where H (0, r) is the class of multi-predictors f, with total penalty bounded by r:

H(O,r) ={f € L : Complexity(f) + Smoothness(f)+ Agreement(f) < r}
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3.2 Explicit Rademacher complexity bound

Before stating the main theorem of this section, we need to introduce some matrix notations.

Block-wise notations First Id,, is the identity of R" and 0, is the zero matrix of size
u X [. Since we have matrices and vectors corresponding to each view, we use a block-wise
notation. Roughly speaking, each block will denote one view. Thus, for any given ny, ny, and
a matrix A®) € R™*"2 we write A for the block-diagonal matrix with blocks A®), v = 1.V
(of size N1V X myV'), and similarly A the block-row matrix of size n1V' X ny. Now suppose
we want to multiply block-wise each block A®) by the v-th component of a vector A € RY.
To do that we introduce \ the block-diagonal matrix of size n1V' x n;V with blocks \,1d,,,.
Since it is generally clear that we want to multiply the v-th block with the v-th component,
we forget the ny in the notations. This allows us to focus on one view.

Labeled and unlabeled data We decompose each kernel matrix K according to labeled
and unlabeled data, with first rows K for the labeled part and the last ones K for the
unlabeled part. We similarly introduce the projection matrix of labeled data II; we have

_ Ky nxn _ Id, nVxl
K—(KU>ER and H_(Ou,z)ER .

Agreement Finally, to handle our agreement term, we need to compare views pairwise. To
do that, we thus introduce a special matrix § € R*V(V=1Dx2V Hlock-line defined with blocks

0...01d,0...0 —1d, 0 ... 0)

with identity matrices at position v; and vy # v;.

Smoothness Finally, the smoothness term directly appears in the Rademacher bound
through the matrix B = (I + A™'9L;K)~!, where L; is the diagonal block matrix with all V/
blocks equaled to L. Note that we would have &L instead of L; if we have used the graph
Laplacian of each view in the smoothness term instead of the average Laplacian L.

Thanks to the previous notations, we can now state our main theorem, which shows an
explicit upper and lower data-dependent bound for the Rademacher complexity of our class
of functions.

Theorem 8.1 (Rademacher complexity bound) The Rademacher complexity of the class
of decision functions, under assumption A1, is bounded above and below by

1 2b 2b

21/4 V] Ri(T) Vi
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where
02 = tr(BATMIKL ) — tr(JT(1 + M') L)
with
e B=(I+\N"ALK)' e R?V*"V
o J' =VCSN'BTK} e R?V(V-DxI

o M = \/55735\—1(5T\/5 c RV (V-1)xnV(V-1)

Before stating the proof, let us make some comments. Note that b is explicit, and that
it consists of two terms. The first term only depends on unlabeled data when Smoothness
is null, and contains no co-regularization term. The second term corresponds to the idea
that there is a reduction in complexity of the space. Indeed, in section 3.3, we give some
results about the behavior of b enforcing this idea. Note that the special shape of this bound
74/tr(x) that reminds usual Rademacher bounds for balls in RKHS is not pure coincidence
. as pointed out in Sindhwani and Rosenberg (2008), this term is connected to a specific
RKHS-norm induced by the parameters and data on the space. The corresponding kernel
may even be built explicitly and gives an alternative indirect proof to the above theorem,
seeing J as a ball in this RKHS.

Example: if v = 0, then the b term reduces to

Z)\ Yr(KWY)) = tr(J7 (I + M)™1)

where J is the block-diagonal matrix with blocks /Cy, ., [A;, 1K£”1L)U - K LUQLU] and M
the block-diagonal matrix with blocks Cy, ,, [N\ K@) + ALK )] (K, and K pv are the
sub-matrices of K of respective size | x [ and [ x (I + u) corresponding to the labeled and
unlabeled points). This mean that in the special case of V = 2 views and when ¢ is the 0
matrix, we recover exactly the previous known bound of Rosenberg and Bartlett (2007).

We now prove Theorem 8.1. The proof technique is similar to Rosenberg and Bartlett
(2007) and we use it to extend their result in order to cover the compound regularization
penalty in the case of an arbitrary number of views.

Proof: The proof is in five steps. First, we show that under assumption A1, the solution
lives in the space H. Then, we use the representer theorem to have a matrix reformulation of
what this means. Then, in order to compute the Rademacher complexity, we need a matrix
to be invertible, which we obtain by a reformulation using classical invariance properties of
the kernel function. Eventually, we rewrite the Rademacher complexity in terms of the initial
data.

Step 1. Solution Space. First, we reduce the search space to the space of spans over
the kernel matrices involving only the data points, intersected with the space of predictor
with a penalty term upper bounded by 1.
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Lemma 8.1 Under assumption A1, the solution of the minimization problem 8.1 belongs to

the set LN H.

Proof: We call @) the functional to be minimized. we can write () as the sum of two terms:
Q(f) = Loss(f) + II(f), and moreover for 0 € F, the null multiview predictor, we have
Q(0) = Loss(0), thus under assumption Al, inf @ < 1. But since all terms of @) are non
negative, the solution is in the set 4. Finally, the fact that f* € £ is just an application of

the representer theorem which holds for our setting. O
Step 2. Matrix formulation. If f € £ N H, then thanks to the representer theorem,
we can write its component in each view f*) = f(iz(jz) =>", aﬁ”)kv(.,xg”)), with parameter

a® € R™. Thus, after easy computation, a matrix reformulation of f € £ NH is:

f & {( a(l),... a(V)) (6] NO( 1}

where a € R"*1  the data-dependent N square matrix is
N = MK +4Diag (KOLKW .. KVLKW) + 3~ K
v1#£v2

The notation Diag(v;....vx) is a shortcut for the square matrix with diagonal blocks vy, ..., vy
on the diagonal.
Finally, the last term of N is the following agreement matrix:

0 0\
K(‘m) K&m)
KE’LUQ - Cvl,vg .
— K (v2) — K (v2)
0 0

With this matrix formulation, our bounding problem can be seen as an optimization
problem under quadratic constraint. Indeed, since H is symmetrical, one can write R; as:

l 1%
2 .
R(T)=Es | sup > o0y fO(x”)
=1 v=1

feLnH

and this is again Ri(J) = 7 Es SUPy.ar yact aTK_ga, with 0 = (01,...,00)T € R*L
Step 3. Basis change. In order to compute the supremum, we use the following lemma:

Lemma 8.2 If M is a symmelric positive definite (spd) matriz, then

sup  vTa = ||M~V%)|

a:aT Ma<l
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Proof: From Karush-Kuhn-Tucker conditions, with dual variable A > 0, we have: v = 2AM«
and (a’Ma — 1)\ = 0. Since M is invertible, we deduce that: 2a = A"'M~'v and
vIM~'v = 4X2. Now since M is spd, we have v M~'v = ||[M~'/2y||2. Thus the maxi-
mal value of v« is reached for 2||M~V/2v||? = ||M~1/?0]|. O

However, our matrix N may not have full rank. Thus, we use the eigen decomposition of
K®. pTg© p@) = ) where (%) is the diagonal matrix of the m(®) non-zero eigenvalues
of K, P is rectangular with size n x m® and £ is m® x m®). Now, £ is invertible.
We write M = 32V_ m®),

In order to use this, we introduce a}l}), the projection of the a(®) on the subspace associated
to the rows of the K*). Note that the quadratic form o Na is left unchanged under this
projection, which allows us write a%) = P®qa® introducing the vector a*). We then rewrite
our set in terms of the new parameters:

H:{(fa(l)v"'vfa,(v)) : QTTQ< 1}
where T = \E + AXLY + YV Rz peT [ = PTL,P e RMXM and

v Fv2=1
0
O 0 0 0 0 ;
(v1)
0 pwIT 0 0 KO
RZ‘LW =10 0 I 0 0 . V C”L)1,v2
0 0 0 pPeT '
_K(2)
0 0 0 0 0
0

Step 4. Rademacher complexity bounds. Now, T is invertible. If we split each P

according to the label and unlabeled part to get (P P"")T and introduce W = K[ P =

PI'"S, then using the lemma 8.2 we can write:

_ 2 —1/211/T
Ri(J) = BT W0
Following the proof of Rosenberg and Bartlett (2007), we now apply the Kahane-Khintchine
inequality to get 21—1/4% < Ri(T) < &, where b? = E,||[T-*W7c||2. But using the definition
of the norm, this term can be also written [|[WT*WTooT|| = tr[WTWT].
Thus, we need to compute the term 7~!. To do that, we use the decomposition T =
(A+UUT) and the following Sherman-Morrison-Woodbury formula, seeGolub and Van Loan

(1996):
Lemma 8.3 Provided that the inverses exist, we have:

(A+UUT)y ' = A — AU+ UTA'U)UTA
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Identifying A and U, we find A = A\X + AXLE = AX(I + A '4LY). A is invertible since
L is spd, and ¥ is invertible and diagonal. On the other hand U = Jyv/C' where Jy is
of size M x nV(V — 1), defined block-wise [J;7%|...|J7" "] where J;* is the product of
Diag (0...£)0... £ . .0) with (0...P"0--- — P2...)"

Step 5. Rademacher bound in terms of the initial data. Now, we can express b
in terms of the initial data by replacing the terms A and U in T~! with their corresponding
value. Putting this in tr(WT-1W7T), and after some careful but easy computations, we
find the bounds of the Theorem. Indeed, by the previous lemma, b* = tr(WA'WT) —
tr(WATWU(I+UTATU)TUTA'WT). The first term is again, using the definition of A and
W tr(KT"P(I + A '5LE)IA-1S ' SPT), which is also tr(P(I + A '5LE) A1 PTKTT).
Thus we recognize here the first term of b2 in the Theorem. For the second term, since

UTA™U = VO JE(I+ A 5LS) AT Ve
UTAT'WT = O JE(I+ A 5EE) AT P K],

we identify these two terms respectively to M’ and J’, which concludes the proof. [

3.3 Asymptotics

The expression for b contains the different penalty parameters of the problem, which are
contained in the vector § = (a, A\,v,C). We recall that the parameter o appears in the
graph-Laplacian, A in the Complexity term, v in the Smoothness term and finally C in the
Agreement term. Note that the number of parameters grows with O(V?). It is interesting
to understand how the bound on the Rademacher complexity behaves when the parameters
vary.

More agreement reduces space complexity. We are mainly interested in the matrix
C which controls the co-regularization. The second term appearing in the expression of b?
depends on the co-regularization (matrix) parameter C. To see how constraint is the space
when using bigger penalization, we introduce the following A(C) = tr(J'7(I + M")~1J"). In
order to highlight the dependency in C, we can rewrite it (provided C'~! exists) as:

A(C) = t’f’(JlT(C_l + Ml)_1J1>

where J; and M; are defined likewise J' and M’ but without the matrix C, ie. J, =
SAT'BTKT and M, = KB\ 167

One interesting case is thus when the eigenvalues of C' increase to 400, since the term
A(C) indeed tends to the limit quantity:

A = tr(KL BA T (SKBA16T) 1A' BTKY),

which can be rewritten A, = tr(BA'ILKL"), thus showing that b — 0 in this case. Note
that the fact that b decreases as the model gets more constraint is coherent with the intuition
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of multiview learning. Note also that by convention for C', for two identical views v; and vy,
the corresponding agreement parameter c,, ,, is 0 and doesn’t participate in the complexity
decrease.

Other parameters. From the previous formula, we deduce that similarly, b? tends to zero
whenever ||]|, or ||[A]| = co. On the other hand, when the penalty terms go to 0, i.e. when
the constraint on the space vanishes, we have a completely different behavior. Indeed, we
see that if C' = 0 then A(C) = 0. The case where v = 0 has been considered by Rosenberg
and Bartlett (2007), and finally, when only X = 0, b* has the following expression, provided
every term appearing in its expression is finite and defined:

b = tr(I] L'y L) — tr (I L '3~ 67 (O + 6L 47 167) P L 157 ')

Note that when both v and A tend to 0, the previous bound may tend to oo even in simple
cases (ex: C' = 0), which is coherent with the intuition and shows that we do not have the
same behavior at all. Note also that the dependency with V' is hidden here in the trace.

4 Experiments

We have performed some toy simulations to see the flexibility of this general algorithm and
the results are promising. Based on only very few labeled points, we can always recover
perfect labeling of the data, even on one challenging dataset on which all previous multi-
view algorithms (Co-Laplacian and Co-RLS) performs badly. There is no magic in this and
we briefly describe what happens. For completeness, we first give hints how to solve the
minimization problem in two particular cases: differentiable loss, and hinge loss.

4.1 Implementation

Recall that since a representer theorem holds for our setting, the solutions of the problem 8.1
can be written f®) (")) = Zirf agv)K(”)(x(”), :L‘Z(U)) = K&g)a(”).

Differentiable loss: Suppose that the loss function is differentiable (for example, this

happens for the quadratic loss), then the following theorem gives a solution to 8.1:

Theorem 8.2 (Solution to the multiview learning program) Assuming that the loss
function satisfies V ) Loss(f®)) = 2K A®a)  then the solution of the problem 8.1 is
given by the resolution of the linear system, where the a®) are the unknown vectors.

Yoel...V:

Y = [A® £\, T + v, LK®]a®

\%
123 Cu(KPa® — K a)
w=1
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where Y; = y; for 1 <i<landY; =0 forl+1<i< [+ u.

The proof is a straightforward application of usual algebra and thus is omitted here. The
interested reader may notice that this system nicely contains as a special case the linear
system of Sindhwani et al. (2005). It also immediately turns out that 23:1 ozz(-v) Ay = 0 for all
[+1<i<+u.

Note that we can rewrite this system as Sa = Y where S is an appropriate matrix,
a = (oW oM and Yy = (YT, ., YT)T which can be solved using classical algebra.
One has to be aware that S a priori enjoys no good properties, it is not positive in general
and may have a very large conditioning number, so naively inverting the system gives highly
unstable results.

Non-differentiable hinge loss: When Loss is not differentiable, an important case is
SVMs (hinge loss), which cannot be solved with the previous linear system. Instead, this
is done classically through linear programming, by introducing the so-called slack variables
(see Bishop (2006)). The reader may want to derive explicitly the kernel associated to the
underlying RKHS and then use classical SVM solvers. We refer for instance to Rosenberg
(2008) to deal with this technical question. A complete derivation is given inBelkin et al.
(2005) when v = 0.

4.2 Toy examples

We have done some experiments on three toy examples, with only two views and two classes
for simplicity.

e The first one is a classical two moons-two lines data set. This first dataset is easy,
since in the second view the two lines are linearly separable, and in the first view the
two-moons are almost separated.

e The second one is a more complex two spirals-two clouds data set. The complexity is
due to the imbrication of the spirals, and actually, such a dataset has been generated
to force the use of graph-laplacian. Note that one human being can not separate the
two class without the information of the second view.

e The last one is a challenging one cross-two moons data set, which appears to fool the
tested algorithms based on only one of the Smoothness or Agreement term. This is due
to the cross which would be ambiguous with only one example of each class (thus we
give two label examples).

These are depicted in figure 8.1. Since the less labeled object, the more heuristic is the
definition of the “true” classes, in first approximation we refer here to human beings to say
what are the true classes. Of course the definition of what a true class is is a real problem still
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unsolved in the clustering community and we do not pretend here to solve it. In the first two
data sets, a human only needs one label object of each class to recover the classes. For the
last one, because of the cross which yields ambiguity, a human operator needs two objects
in each class in order to remove ambiguity between the classes. Thus, we put exactly this
number of labels point and run different algorithms. Thus the number [ of labeled objects is
very small compared to the total amount of data.

We use four different algorithms, all derived from our general algorithm but with differ-
ent missing regularization terms. For each algorithm we use the same loss: the quadratic
loss, which is differentiable. The first one is the classical RLS, for which Smoothness and
Agreement are set to 0. As expected, this algorithm performs badly on all toy examples,
even with appropriate choice of kernels. The second one is a co-RLS, with only Smoothness
set to 0. Then we used a laplacian-based algorithm (co-laplacian), which outperform co-RLS
on the tricky two spirals-two clouds data set, and finally we used the algorithm with none of
the terms set to 0.

Graphical results are provided in figures 8.2,8.4,8.5. For each one, from top-left to right
and down, we have the results of RLS, co-RLS, co-laplacian and the general algorithm (i.e.
with no parameter set to zero). Graphical representation of the data conveys more informa-
tion on the behavior of the algorithm than error rates. We also present a table with error
rates of the different algorithms on the above toy examples. Due to the large number of
parameters (O(V?)), parameter selection is a tricky problem we address in the next section.
For the experiments, we just tuned the parameters by hand trying to find the best results for
each algorithm. While hand-tuning is surprisingly easy for some algorithms on specific toy
examples (co-RLS for two moons-two lines, co-laplacian for two spirals-two clouds, general
for one cross-two moons), it is quite difficult for others (e.g. co-laplacian for one cross-two
moons), maybe due to numerical implementation, where we mean by difficult that the re-
sults are experimentally unstable w.r.t. a slight change of the parameters. Comparison of
different selection procedures, although interesting by itself, is not the purpose of this work.
And indeed, carrying out specific experiments on various toy as well as real problems for a
fair and complete comparison (especially with recent impressive techniques, as the “slope”
heuristics) goes beyond the scope of this work and should be discussed in a specific one.

Finally, note that the choice of the kernels for each view is important, and we tried to
use well-suited kernels (gaussian for clouds, linear for lines, .. .).

5 Stability-based parameter selection

In the general algorithm we presented, the number of parameters is O(V?), so we need a
selection procedure. In the previous results on toy examples, due to this large amount of
parameters and since we artificially put some parameters to 0 to highlight some specific be-
havior, we used hand-tuned parameters. We now try to provide ways for automatic parameter
selection.
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Figure 8.1: Three toy data sets. Normal points is for unlabeled points, circle for class number
one and cross for class number two. From left to right: Two moons (above)- two lines (below),
with one labeled object in each class. Two spirals-two clouds, with again one labeled object
in each class. One cross-two moons, with two labeled objects in each class
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Figure 8.2: Two moons - two lines. For each algorithm (RLS, co-RLS, co-laplacian, general),
the classes learned on the objects projected on each view. Here the co-RLS achieves exact

classification

algo dataset 1 dataset 2 dataset 3
RLS 0.455 £ 0.035 | 0.103 £0.024 | 0.379 £ 0.026
co-RLS 0.146 = 0.071 | 0.103 £ 0.024 | 0.467 £ 0.025
co-Laplacian | 0.242 + 0.040 | 0.001 £ 0.004 | 0.510 4 0.028
general 0.011 +0.015 | 0.322 £ 0.067 | 0.042 4+ 0.071

Figure 8.3: Empirical misclassification errors for the above algorithms (one set of parameters
per dataset, some possibly put to zero when specified to each algorithm), averaged over 1000
runs.
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classification
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Figure 8.5: One cross - two moons. For each algorithm (RLS, co-RLS, co-laplacian, general),
the classes learned on the objects projected on each view. Here only the general algorithm

achieves exact classification
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5.1 Previous work

The usual idea in supervised classification is to use cross-validation techniques (classically
10-fold). Although widely used, due to an easy implementation, it is generally admitted that
cross-validation suffers from a lack of theory and understanding. This lack tends to be filled
in. We refer for instance to Celisse (2008) for recent work on the theoretical analysis of cross-
validation procedures. Another widely spread idea is to use Bayesian parameter selection
(see Gold et al. (2005)). Standard RKHS hyper-tuning parameters may also been applied to
the kernel underlying the general objective function.

Another approach comes from unsupervised learning theory (see Ben-David et al. (2006),
Ben-David and von Luxburg (2008)). The idea is to work on stability of the clusterings out-
put by the algorithms. This new issue makes use of recent improvements on statistical theory,
coming from the analysis of empirical processes, Talagrand’s work and so-called “small ball
estimates” (see Li and Linde (1999),Berthet and Shi (2001)). Note that some refined bounds
involving margin conditions, now usual in classification (Blanchard et al. (2003),Blanchard
et al. (2008)), begin to be applied successfully (see the results of Sindhwani and Rosenberg
(2008)). In Koltchinskii (2006), the author introduces and develops a stability-based pa-
rameter selection procedures. Based on this work, we promote a stability-based parameter
selection for our setting. As mentioned earlier in this work, comparison of different parameter
selection methods is not the aim of this work.

5.2 Theoretical selection procedure

Let P, = %Z?:l 0x, be the empirical measure, and P the true measure. Thus P,f =
% Sor o, f(X;)and Pf = E(f(X)). For a general class F of functions, and probability measure
Q, we define Fg(e) = {f € F;Qf —inf Qf < e} and then introduce the true e-optimal ball
F(e) = Fp(e), and the empirical e-optimal ball F,,(¢) = Fp, (¢), or balls around the Empirical
Risk Minimizer (ERM) and True Risk Minimizer (TRM). For a general class F of functions,
we now assume that we have T : F? — RT such that Vf,g € I V(f —g) < T*(f,9),
and then introduce the two objects: A,(g) = supy, r.ere) [Pn — P|(f1 — f2) and Dz(e) =
SUD; ge 7 (e) T(f,g). We refer to the first one as a L;, P-diameter and the second one as a Lo, P-
diameter. Lemma 8.4 in Koltchinskii (2006) says that for large enough radii, the empirical
and true quasi-optimal balls around the ERM and TRM are included in each other, or put
differently, that true quasi-optimal balls can be estimated by empirical quasi-optimal balls:

Lemma 8.4 (Koltchinskii) Ve > 0, YA < 1, set

Bu(e,\) = zA"A(g) + logii_ ) 4 §\/ 21%@_1) [DZ() + 2A,(¢))],

and r,(e,\) = inf{a € [0,1]; sup Bn(e, V) < \}

JELIZN >0
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Then with probability larger than 1 — (2 + W) g,

Vr =, (e, ) F(r) C Fo(3r/2) and F,(r) C F(2r)

Note that in the general case, if the radii are too small, then such inclusions no longer
hold, and the intersection may even be empty.

Having such inclusions means that we can stay around the Erm and yet still be close to
the “true” minimizer of our functional, which is one way to see stability. Using this lemma
on stability, we will simply select the parameter ¢ inducing the bigger range of quasi-optimal
sets controlled around the ERM, which is a notion of stability, i.e. for a given radius ¢ of the
true penalized ball, we want to minimize the critical radius r, w.r.t. . A side motivating
intuttion is that having good stability allows for easy discovery of the minimizer f*.

5.3 Empirical selection procedure

The two terms A, (¢) and Dx(e) of lemma 8.4 involve the true unknown measure and thus
have to be estimated. We now propose an empirical version of this lemma. Fortunately,
using an empirical estimation of the r, (g, A) is possible thanks to the Theorem 3, page 18, in
Koltchinskii (2006), leading to a full data-dependent quantity. Let A, (e) = R,(Fn(¢)) and
lA?;n(e) = SUP; e 7. (e) In(fs 9), with 77 bounding the empirical variance V,,. The empirical
version of the quantities B, (¢, \) and r, (e, A) given by Koltchinskii (2006) are:

Tn(e,A) = inf {a €[0,1; sup Ba(e,N) < )\3} :

JELIZN >

where

. N / —1 -1
Bz )) = 2cA,(Ce) log(e~1) N log(¢e™)

N /
+ 2D}‘n (C 6) 2 n

and ¢, ¢ > 1 are universal constants.

Application to semi-supervised multiview classification. We now propose to apply
this result to semi-supervised multiview classification. We identify the classes .7?9,” to be
J(60,7), and estimate Rn(fg’n(g)) and ﬁfn ,(€) for each parameter 6. Note the dependency
w.r.t. # = (a, A\,7,C) in the definition. Thus we need to bound the Rademacher complexity of
J(r) and its Lg, P,-Diameter. An analysis of the proof of Theorem 8.1 shows that changing
J = J(1) for J(r) affects the Rademacher bound with a factor /r, leading to a bound
2b(f&ﬁ for the first term. Following the same analysis as for the L;-diameter (or Rademacher
complexity), the next theorem gives us the second bound we need.
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Theorem 8.3 (Empirical local Ly diameter) Under assumption A1, then the empirical
local Ly diameter of the class of decision functions is upper bounded by

where d? is the largest eigenvalue of (B — JL (I + M) J)NMI(KE)T, with J, = /CON BT
Note that we here have a dependency with v/ instead of the [ for the Rademacher bound.

We have stated this theorem using the already defined matrices of Theorem 8.1. The proof

consists of three steps. First reducing the supremum problem to a quadratic minimization

problem, then use the change of matrix from N to T as in the proof of Theorem 8.1, and

then rewrite the final solution in terms of the original data and kernel matrices.

Proof: By definition, we have

~

Dg(r)=sup Vi(pr—¢2)? = sw  (Bil(p1 — 92)*))"",

01,0267 (1) ©1,02€T (1)

which can be upper-bounded by % SUDye 7(r) Zﬁzl gp(:ti)Z] 2

Since ¢ = £ SV @) and fO)(z;) = K"a® where K is the ith row of the kernel
matrix K ), we can upper bound ﬁj(r)2 by %QTDQ where D € R"V*"V is the matrix with
block (v, w) equal to 22:1 KfU)TKi(w). Thus we want to solve the following problem, where
D is symmetric: sup, .7 yo<r o’ Da. We use the following lemma:

Lemma 8.5 When M is symmetric positive definite and () is symmetric positive semi-
definite, the quadratic problem :

sup a’Qa
a;al Ma<r

admits as solution \r, where X\ is the highest eigenvalue of M~1Q.

One straightforward proof uses duality as in Lemma 8.2.

As before, we can not apply directly this result since the matrix N may not be invertible.
Introducing instead the P, Y matrices and a variable, of the proof of Theorem 8.1, the
solution of our problem is Ar, where X is the highest eigenvalue of the matrix T’ -1p" DP,

Now, we can see that D is just KeK” with e € R™" being the projection matrix with
diagonal blocks Id; and 0,,. We use again the Sherman-Morrison-Woodbury formula to rewrite
T—! with the matrices A and U. Moreover, the eigenvalues of T-1P DP and PT-'P' D are
the same, since each P is a changing base matrix.

Thus, we compute the following term:

PA'P'D=PP BPA\'S 'PTKeKT
= BPA ' Idy PTIK])",
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where with our notation, PA~*Idy PT reduces to A™! € R™"*"V_ A gimilar computation

yields the second term: JJ (I + M)*ng)Flﬂ(K_LT)T. O

Eventually, for parameter selection, each 6 leads to a radius 7%(e, ) > 7%(e, \) defined
likewise, but with the upper bound on ﬁn(c’ ¢) instead. For maximal stability, we propose to
select the largest range of values for which the lemma still holds, i.e. minimize this quantity
with 6. This leads to the selection procedure summed up below, where each term is explicit.
Note that the supremum and infimum are computable.

e Fix a probability threshold with ¢ > 0,A < 1.

e Compute 7(0,n,l,e,\), defined by:

inf {a €[0,1];  sup Bml(@,s, M) < )\3} ,

JELAZN >a
where the term By, ;(e, A) is:

2¢h(6)V e N 4d(0)v e [log(e1) N log(s™1)
VA VIV A2n An

e Output: 0* = argminr(0,n,l,e, \)
0eO

Parameter selection procedure for multiple-view semi-supervised learning.

Conclusion

In this chapter, we have combined different aspects of semi-supervised and multiview learning
into one algorithm for which we provide explicit error bounds. Moreover, we have performed
the analysis for the full multiview learning problem which is a meaningful improvement to
the two-view problem. Besides, we have combined stability concepts from the statistical and
clustering communities to propose a new stability-based parameter selection, which benefits
from recent theoretical developments. Additionally, we provide an explicit stability (Lo-
diameter) bound for each parameter, which has not been investigated so far.



Part 111

Towards the Real World(?): Modeling
and Planning.
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In this last part, we gather the world of bandits together with the batch world, hopefully
for the better, in order to address some reinforcement learning problems.

Markov Decision Processes, Value function and Bellman operator. In a nutshell
- see Sigaud and Buffet (2008) for an introductory book written in french on this topic -
the standard reinforcement learning (RL) framework (Bertsekas and Tsitsiklis, 1996, Sutton
and Barto, 1998) considers a learning agent that interacts with a stochastic environment and
this interaction is modeled as a discrete-time discounted Markov decision process (MDP).
A discounted MDP is a tuple M = (X, A, r, P,v) where the state space X is a bounded
closed subset of a Euclidean space, A is a finite (|.4| < co) action space, the reward function
r: X x A — R is uniformly bounded by Ry.x, the transition kernel P is such that for all
x € X and a € A, P(+|z,a) is a distribution over X, and v € (0, 1) is a discount factor.

The optimal value function V* is the unique fixed-point of the so-called optimal Bellman

operator T* : B(X; Vipax def }f%?y") — B(X; Vinax) defined by
(Vo) = max rz.0) + 7 [yl V()] (5.2
@ X

where B(X; L) is the space of measurable functions with domain & bounded by L < co.

A deterministic policy 7 : X — A is a mapping from states to actions. The general
goal of reinforcement learning is to learn a policy that enables to receive maximal discounted
cumulative reward from any given initial state. One possible way do to that is to learn
the optimal value function V*, since the greedy policy corresponding to V* is actually the
optimal one in that sense. In the sequel, we focus on this approach.

One traditional idea in order to address this problem is to apply a policy iteration al-
gorithm: Starting from some initial policy, we repeat two steps where we first estimate the
value function V7™ of the current policy 7 (see definition in Section 2 of chapter 9) using some
sampling scheme and then improve the current policy based on this estimation.

The difficulty to estimate V™ typically depends on whether the space X is finite or not,
and whether we are forced to sample the immediate reward and the next state only by
following a single trajectory from the initial state or whether we can resort to a generative
model that enables to sample the immediate reward and the next state from any desired
state, thus not necessarily the current one. The first case corresponds to chapter 10 while
the second corresponds to chapter 9.

Another way to address this problem is to apply the optimism in face of uncertainty
principle: Starting from some initial policy, we repeat two steps where we first compute,
based on the current samples, a set of plausible optimistic models of MDPs together with the
corresponding optimistic policy - this is possible since all transitions and reward are known
in the optimistic models - and then get new samples by running the optimistic policy. This
is the point of view used in chapter 11 and introduced in Jaksch et al. (2010).

Of course there are plenty of other methods, see (Bertsekas and Tsitsiklis, 1996, Sutton
and Barto, 1998) or more recently Szepesvari (2010) for further details.
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Contributions. The following three contributions all make use of concepts coming from
statistical learning theory as well as from bandit theory, and address a specific reinforcement
learning issue.

In chapter 9, we analyze an algorithm called Bellman residual minimization that is a
natural algorithm in the setting of discounted MDP where we are allowed to resort to a
generative model, i.e. we can sample at any time one action from any possible state, as
opposed to the setting where we can only sample one action from the current state.

In chapter 10, we analyze a version of an algorithm called Least-squares Temporal Differ-
ence, where we make use of random projections as developed in chapter 6, in order to benefit
from dimension reduction. This algorithm is designed for discounted MDP in the case when
we do not have a generative model and thus we are forced to sample actions according to
the current state, following one trajectory. Interestingly, from a statistical learning theory
point of view, the value estimation problem corresponding to this algorithm can be seen as a
regression problem with Markov design, where the target value function can not be sampled
directly, but instead is defined as the fix point of the Bellman operator that we need to
estimate.

Finally in chapter 11, we pave the way towards addressing the important problem of
selecting a model of states for reinforcement learning. Indeed, in practice it may be difficult
to define a good notion of states, and thus there may be different possible modelizations. We
build our analysis on top of the UCRL2 algorithm designed for non-discounted MDPs, and
consider a setting that is philosophically related to the chapter 4 that targets the challenging
question of adaptive bandits.



CHAPTER 9
Finite-Sample Analysis of the Bellman
Residual Minimization algorithm.

We consider the Bellman residual minimization approach for solving discounted Markov
decision problems, where we assume that a generative model of the dynamics and rewards
is available. At each policy iteration step, an approximation of the value function for the
current policy is obtained by minimizing an empirical Bellman residual defined on a set
of n states drawn i.i.d. from a distribution y, the immediate rewards, and the next states
sampled from the model. Our main result is a generalization bound for the Bellman residual
in linear approximation spaces. In particular, we prove that the empirical Bellman residual
approaches the true (quadratic) Bellman residual in g-norm with a rate of order O(1//n).
This result implies that minimizing the empirical residual is indeed a sound approach for
the minimization of the true Bellman residual which guarantees a good approximation of
the value function for each policy. Finally, we derive performance bounds for the resulting
approximate policy iteration algorithm in terms of the number of samples n and a measure
of how well the function space is able to approximate the sequence of value functions.

The work presented in this chapter is a joint work with Alessandro Lazaric and Moham-
mad Ghavamzadeh and has been published in the proceedings of the Asian Conference on
Machine Learning (ACML 2010), see Maillard et al. (2010).
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1 Introduction

In this paper we consider the problem of solving a Markov decision problem (MDP) (Bertsekas
and Shreve, 1978, Puterman, 1994) by means of an approximate policy iteration algorithm
(Bertsekas and Tsitsiklis, 1996, Si et al., 2004, Powell, 2007) with a linear approximation
space F. In particular, we focus on the Bellman residual minimization approach (Schweitzer
and Seidmann, 1985, Baird, 1995, Munos, 2003, Lagoudakis and Parr, 2003, Scherrer, 2010)
when a generative model is available, that is, for any state-action pair it is possible to obtain
the immediate reward and an independent sample of the next state drawn from the transition
distribution.

More in details, at each iteration k, in order to evaluate the current policy 7, we build
an approximation Vi € F of the value function V™ by solving an empirical Bellman residual
minimization problem: Vj = argminser B,,(f), where B, (f) is the empirical Bellman resid-
ual. The specific definition of B, is critical since, as observed in several previous works (see
e.g., Sutton and Barto 1998, Lagoudakis and Parr 2003, Antos et al. 2008), the squared tem-
poral difference between successive states (e.g., states obtained following a single trajectory),
gives rise to a biased estimate of the (true) Bellman residual B(f) = ||f — T"f||>. In this
paper, in order to build an unbiased estimate of B(f) we take advantage of the generative
model and build B,, on n states drawn i.i.d. from a given distribution u, as well as the im-
mediate rewards and two next states independently sampled from the generative model (i.e.,
the double-sampling technique suggested in Sutton and Barto 1998, p. 220).

Motivation. The idea of minimizing the Bellman residual is natural (see e.g., Schweitzer
and Seidmann 1985, Baird 1995) and it is based on the property that for any policy 7 the
value function V™ has a zero residual, i.e., B(V™) = 0. As a result, it is reasonable to expect
that the minimization of the Bellman residual B(f) in a given function space F leads to a
function which is close to the value function. Williams and Baird (1994) and Munos (2007)
proved that indeed the residual ||7™f — f|| (in sup-norm and L,-norms, respectively) of a
function f is related to its distance (in the same norm) to the value function V7=, ||[V™ — f||.
Thus, minimizing the Bellman residual leads to a small approximation error. However, those
results concern the (true) Bellman residual B(f) but not its empirical estimate B, (f), which
is the quantity that is actually minimized by real algorithms.

Although it is often believed that the minimization of the empirical residual B, (f) is
“approximately” equivalent to minimizing the (true) residual B(f), no such result is available
in the literature so far. The closest work in this direction is by Antos et al. (2008), who
provides a finite-sample analysis of a variant of the Bellman-residual minimization, called
Modified Bellman residual, which reduces to Least Squares Temporal Differences (LSTD) in
the case of linear function spaces. A finite sample analysis of LSTD is also reported in Lazaric
et al. (2010c¢), and a regularized version of those algorithms is described in Farahmand et al.
(2008). However, these works analyze algorithms that are related but different from the
empirical Bellman residual minimization considered here.

Contribution. Our main contribution in this paper is to address this question: does



2. Preliminaries 209

minimizing the empirical Bellman residual ,, implies that we also minimize the true Bellman
residual at all states w.r.t. a distribution p? In other terms, is it possible to control the true
Bellman residual B(f) in terms of the empirical Bellman residual B, (f)?

We show that the answer to those questions is actually not obvious but is positive. It is
not obvious because we show that the usual generalization results for regression cannot be
trivially adopted in bounding the difference between the true Bellman residual and its em-
pirical counterpart. In fact, in Bellman residual minimization we are not trying to minimize
an empirical distance to a given target function, but we are directly searching for an approx-
imate fixed-point (in F) of an empirical version of the Bellman operator 7™. As a result,
it might be possible that a function with very low empirical residual (even possibly zero) at
the sampled states has a large (true) Bellman residual at other states and even at the same
states. However, we show that this problem does not occurs when the empirical Bellman
residual minimizer belongs to a set of controlled sized (e.g. measured in terms of the norm of
its parameter). More precisely, we show that for functions f, € F with bounded parameter
|||, the difference between B(f,) and B, (f,) decreases as the number of samples n increases.
Then, we prove that when the number of samples n is large enough, the norm [|a|| of the
empirical Bellman residual minimizer f; = argminy, cr B, (f) is indeed upper-bounded, pro-
vided that the set of features defining the linear space F are linearly independent under the
distribution p. Thus we deduce that the Bellman residual B(fz) of the empirical Bellman
minimizer f5 is bounded by the empirical Bellman residual B, (fz) plus an estimation error
term of order O(1/4/n). In other terms, we provide a generalization result for the Bellman
residual in linear approximation spaces. This result implies that minimizing the empirical
residual is indeed a sound approach for deriving a good approximation of the value function
for each policy.

The paper is organized as follows. In Section 2 we introduce the notation. Section 3
reports the main contribution of this paper, that is the finite-sample analysis of Bellman
residual minimization for policy evaluation. Finally, in Section 4 we extend the policy eval-
uation result to the whole policy iteration algorithm.

2 Preliminaries

In this section, we introduce the main notations used in the paper. For a measurable space
with domain &', we let S(X) and B(X; L) denote the set of probability measures over X
and the space of bounded measurable functions with domain X and bound 0 < L < oo,
respectively. For a measure p € S(X) and a measurable function f : X — R, we define the
Co(p)-norm of f as || f||2 = [ f(z)*u(dzx), the supremum norm of f as || f||sc = sup,ex [f(2)].
Moreover, for a vector u € R, we write its fy-norm as ||ul|*> = Z?Zl u?.

We consider the standard reinforcement learning (RL) framework (Bertsekas and Tsit-
siklis, 1996, Sutton and Barto, 1998) in which a learning agent interacts with a stochastic

environment and this interaction is modeled as a discrete-time discounted Markov decision
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process (MDP). A discounted MDP is a tuple M = (X, A, r, P,7) where the state space X
is a bounded closed subset of a Euclidean space, A is a finite (|.A| < oo) action space, the
reward function r : X x A — R is uniformly bounded by R,.., the transition kernel P is
such that for all z € X and a € A, P(-|x,a) is a distribution over X', and v € (0,1) is a
discount factor. A deterministic policy 7 : X — A is a mapping from states to actions.
Under a policy m, the MDP M is reduced to a Markov chain M™ = (X, R™, P™ v) with

reward R™(xz) = r(z,m(z)) and transition kernel P™(:|z) = P(-|z, 7 (z)).

Value functions. The value function of a policy 7, V™, is the unique fixed-point of the
Bellman operator 7™ : B(X; Vipax = %‘;‘) — B(X; Viax) defined by

(T™V)(x) = R*(z) + / P (dyl2)V (y). (9.1)

X

We also define the optimal value function V* as the unique fixed-point of the optimal Bellman

operator 7 : B(X; Vipax = %ﬁ‘;) — B(X; Vinax) defined by
TV = e [rlo0) + [ plake V). 9
@ x

Approximation space. We consider a linear function space F defined as the span of d
basis functions ¢; : X — R, 1 =1,....,d, i.e.,

F={fal)=0() a,a e R},

where ¢(-) = (¢1(-), - . -, gpd(-))T is the feature vector. We define the Gram matrix G € R4
with respect to a distribution p € S(X) as

Gy = /X pi(w)p; ()l d), (9.3)

with 7,7 = 1,...,d. Finally, we write Lyax = sup,cy ||¢(2)|| and assume that L., < co.

3 Bellman Residual Minimization for Policy Evaluation

In this section, we consider the Bellman Residual Minimization (BRM) algorithm for the
evaluation of a fixed policy 7, using the double sampling technique (see e.g., Sutton and
Barto 1998). We assume that a generative model of the MDP is available, and that for
each state  and action a a call to the generative model returns the reward r(z,a) and two
independent samples drawn from the distribution P(:|z,a).
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3.1 The Empirical Bellman Residual Solution

We build a dataset D = {(X;, R;, Y, Y/ )1<i<n} where for all i = 1,...,n, we sample a state
X; w w1 and make a call to the generative model to obtain the reward R; = r(X;, 7(X;))
and two independent next-state samples Y; and Y, drawn from P7(:|X;). The empirical

Bellman residual (EBR) is defined for any f € F as

n

Bulf) = = S (X)) — (V) — R [F(X0) — 1Y) — R, (9.4)

n <
=1

The EBR minimizer f5 is defined, whenever it exists, as the minimizer of B,(f,) in F:
fa = arg Jlglér} B.(fa), (9.5)

and a is the parameter of the EBR minimizer. Using matrix notations, by defining the n x d-
matrices ¥ and U as U;; = ¢;(X;) — v¢,(Y;) and i = ©0;i(Xi) —vp; (YY), Bu(fa) may be
written as

1
B.(f.) = - [0 0TV — R' (¥ +¥)a+ R'R],

where R € R" is the vector of components R;. Thus, by defining the d x d empirical Gram
matrix A = L(WTW + U'T), the d-vector b = (¥ + U')" R, and the constant ¢ = LRTR,
we have |

B.(fa) = §CJ4TAOz —ba+tec (9.6)

Using this notation, the gradient of B,, is V,B,(f.) = Aa — b, thus whenever the EBR
minimizer exists, its parameter & is the solution to the linear system Aa = b.

Although the empirical Bellman residual B, (f,) is a quadratic function of «, with A a
symmetric matrix, A may not be definite positive. A may even possess negative eigenvalues,
thus B,,(f,) may not have any minimizer. However we will see in the next section that when
n is large enough then the EBR minimizer exists and is unique.

3.2 Finite-Sample Analysis

Defining B(f) = ||f — T™fl|%, the true squared Bellman residual in p-norm, we have the
property that for any f, B,(f) is an unbiased estimate of B(f). In fact,

]En,yin‘ypﬂ(,|xi) [f(Xz> - 7f(1/;) - Ri] [f(X1> - Vf(y;/) - Ri] ’Xzi| = [f(Xz) - Tﬂf(Xi)}Qa

thus, since X; < 1, it follows that Ep[B.(f)] = B(f).

The main issue is to show that by minimizing the empirical Bellman residual B,,, we actu-
ally obtain a function fz whose (true) residual fz — 7™ f5 is small at the states (Xi,..., X,)
and at other states measured by p (i.e., it has a small B). This property would hold if we
could have a generalization result for the Bellman residual, like in the regression setting.
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In regression, generalization bounds for spaces bounded in sup-norm are applied to the
result of the truncation (at a threshold which depends on a sup-norm of the target function)
of the empirical risk minimizer (Gyérfi et al., 2002). However, this approach does not work
for BRM, because the truncation fz of the EBR minimizer f; may amplify the residual (i.e.,
B(fz) may not be smaller than B(f3)). Thus, we follow another direction by considering
spaces of functions F(C) C F with bounded parameter: F(C) = {f, € F,||a|| < C}, and
provide a generalization bound for Bellman residual for functions f, € F(C) (the proof is in
Section 6).

Lemma 9.1 For any 6 > 0, we have that with probability at least 1 — 0,

up |Bf,) = B, ()] < ey 21082 T Olos(8/0)

fa€F(C) n

where ¢; = 96v/2[C(1 + ) Linax + Ruax)*-

Unfortunately, this result cannot be immediately applied to the EBR minimizer f5 since
we do not have a bound on the norm ||@||. In fact, when we solve the minimization problem
(9.5), we do not have any control on the norm of the solution (if it exists) ||a||. For instance,
if we consider the case in which two features ; and ¢, are identical, then aj¢; + asps =0
whenever a; = —ap, thus ||a|| can be made arbitrarily large without changing the value of f,
simply by playing on the values of a; and as. In order to avoid such degenerate situations,
we introduce the following assumption on the linear independence of the features (¢;)1<i<a
w.r.t. the distribution pu.

Assumption The smallest eigenvalue v of the Gram matrix G (defined in (9.3)) is
strictly positive, i.e., v > 0. !

We show in the following that Assumption 3.2 is a sufficient condition to derive a bound
on the norm ||@|| for any & solution of the EBR minimization problem. Before moving to
the analysis of the EBR minimizer with linear independent features, we first introduce some
additional notation. Let L(f) = ||(I —vP™)f|[>, be the quadratic part of B(f), and

n

o) = = 3 1FO5) = 2 F 0] LX) — v f ()]

n <
=1

be its empirical version. Thus L,(f.) = 3o Aa. Now, whenever the EBR minimizer fz
exists, since by definition & satisfies Aa = b, we can write
1 1
B, (fa) = i(a —a)TAl(a —a) - §&TA6? +c=Ly(faa) — La(fa) + ¢, (9.7)

and deduce that B,,(fz) = c— L,(fz) =c— 1b'a.

!Note that this condition implies the linear inde- pendence of the features in y-norm.
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Bounding ||@||. In order to deduce a bound on the parameter of the EBR minimizer @, in

the next three lemmas, we relate ||«|| to respectively L£(f,) and L, (f,). For that purpose,
let us write

C™(p) = (L =N =+P) |,
which is related to the concentrability coefficient (see e.g., Antos et al. 2008) of the discounted
future state distribution starting from p and following policy 7, i.e., (1—)u(I—7™) "t w.r.t. p.

Note that if the discounted future state distribution is not absolutely continuous w.r.t. u,
then C™ () = oo.

Lemma 9.2 Under Assumption 3.2, for any o € R?

C™(p)?
v(1—7)?

This indicates that the eigenvalues of the Gram matrix G defined by éij = fx Viidp, where
; = (I —yP™)p;, are lower bounded by & = ”(1 iy

™(u)?

1
lol? < S Ilfull? < L()

Proof: From the definition that v is the smallest eigenvalue of G, we have o' o < %ozTGa =
Ll fall2. Now since (I —~PT™) is an invertible operator (the eigenvalues of any stochastic
kernel P™ have a modulus less than 1), we have || fo||2 < [[(1 —=yP™) 72 |[(I —vP™) full2 =

(07r “)) L(f,), and the lemma follows. .

This lemma provides a bound on [|@|| in terms of £(fsz). However L(fz) is not known,
and we would like to relate it to its empirical counterpart £,,(@). The next lemma (the proof
is in Section 6) provides a generalization bound for £, which enables to bound the difference
between £ and L,,.

Lemma 9.3 For any 6 > 0, we have that with probability at least 1 — 0,

Yo e R L(fa) — La(fa)| < CQHOsz\/Zleg@) + 10g(4/5)7

n

where ¢y = 96v/2(1 + )2 L2

max*

Combining Lemmas 9.2 and 9.3 we deduce that when n is large enough (as a function of
v and C™(u)), then all the eigenvalues of the empirical Gram matrix A are strictly positive,
and thus the EBR minimizer exists and is unique.
Lemma 9.4 For any § > 0, whenever n > n™(v,0) = 4;22(1 (2d10g2 + log4/d), with
probability 1 — § we have for all « € RY, ||a|? < %En(fa)

We deduce that all the eigenvalues of the empirical Gram matriz A are strictly positive,
and thus the EBR minimizer exists and is unique.
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Proof: From Lemmas 9.2 and 9.3,

2dlog(2) + 10g(4/6))

n

1

gc(fa) < (ﬁn(fa) + C2||O‘||2\/
thus whenever cyy/2082HEW0 £ 50y > n7(v,4), we have [|a|]? < £L0(fa). The
claim about the eigenvalues of the empirical Gram matrix simply follows from the statement
of the Lemma, the inequality a'a < iaTAa, where y is the smallest eigenvalue of A, and
the definition of £,(fa) = 3a" Aa. O

laf[* <

)

M|

From this result we immediately deduce a bound on ||al|.

Corollary 9.1 For any 6 > 0, whenever n > n™(v,0), with probability 1 — § we have
- 2
||O{|| < E(l + V)Lmamea)o

Proof: From Lemma 9.4, using Cauchy-Schwarz’s inequality, and recalling the definition of
¥ in Section 3.1

R 21 .. 1 1 a
lalf® < E§bT@_gZ<EZR1'<%J+\P;J)%>

d
< %%ZRmax<2‘Za@J Z&JSDJ

2 ~
< ngaxllaH sup [[o(2)[|(1 +7)

Z a;e; (YY)

)

from which the result follows. [l

We now state our main result which bounds the Bellman residual of the EBR minimizer.

Theorem 9.1 (Bellman residual of BRM) For any § > 0, whenever n > n™(v,9/2),
with probability 1 — 6 we have

B(fe) < B (fa) + ey 21082+ OLoB(8/0)

n
where ¢ = 96\/5[%(1 +)2LE +1PR? .
Proof: When n > n™(v, ), Corollary 9.1 states that ||a|] < C is bounded and the results
follows from a direct consequence of Lemma 9.1. O

Thus, the true residual B( fz) of the EBR minimizer f5 is upper-bounded by the empirical
residual B,,(fz) plus an estimation error term, which is of order O(1/4/n). We deduce that
minimizing the empirical residual is indeed a sound method for deriving a function with small
(true) Bellman residual B.
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Remark 1 The obtained estimation error term is of order O(1/4/n), which is worse than
the estimation error of order O(logn/n) deduced in linear regression with a quadratic loss
(see e.g., Gyorfi et al. 2002). This is due to the fact that although B(f) is positive for any
f, this is not the case for B, (f), which may be negative (e.g., think of B, (V™) which is an
unbiased estimate of B(V™) = 0). Thus the usual argument described in Gyorfi et al. (2002),
where one would derive \/B(f) < 24/B,(f) + O(1/4/n) does not directly apply here. One
could also think of applying this argument to £,,, since L,, is positive for sufficiently large n.
However, this does not work either, since £,, is the sum of terms which are not individually
positive, independently of the value of n. Therefore, it remains an open question to whether
it is possible to obtain a bound of the form B(fz) < ¢B,(fa) +O(logn/n) (with an additional
multiplicative factor ¢ > 1). This could be particularly interesting when B, (fz) is small.

Remark 2 The dependence to the dimension d of the function space F is of order L% /d.
This is due to the fact that we cannot use truncation in this Bellman residual setting (see
the first paragraph of Section 3.2), which would give us an order L2 vd. We use instead

max

a covering of the function space F(C') (see Theorem 9.2) with C' (which itself depends on
2

max

Lpax) being a bound on ||@||. This explains the additional L7 factor.

Remark 3 It is interesting to notice that although we derived Corollary 9.1 specifically for
the case of Bellman residual minimization, a similar result can be obtained in the traditional
regression setting. The bound on the norm of @ solution of the least-squares problem may be
used to derive an excess risk bound for the empirical risk minimizer in an unbounded space
without truncation, at the price of a weaker dependence on L., as discussed in Remark 2.

3.3 Bellman Residual Minimization and Approximation of V"

We are now interested to relate the Bellman residual of f; to the minimum Bellman residual
in F, ie., infrer B(f), and to the approximation error (in p-norm) of the value function V7"
w.r.t. the function space F, i.e., infrex |[V™ — f[|,. In fact, these two quantities are related
since for any function f € F, we have T7f — f = (I — yP™)(V™ — f). Thus, by defining

a = in B ) d a* = in [[V7" — )
T arg min (f), and f, argg;lel;lH iy

we have

C™ () Cm(p
- B(fa) < 1=~

We can now relate both the Bellman residual of f5, B(fz), and its approximation error,
|V™ — fall,, to the minimum possible Bellman residual in F and the distance between V7
and F.

~—

HV7r - fa*

w <V = fallu < B(far)- (9.8)
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Theorem 9.2 (Approzimation error of BRM) Foranyd > 0, whenevern = n"(v,§/2),
with probability 1 — 6, the Bellman residual of the EBR minimizer f5 is bounded as

B(fa) < infB(f)+ 64\/2d10g(2) + 6log(16/0)

n

with ¢y = (96\/5—1-1)[%(1+7)2Lilax+1]2Rr2nax, and the approximation error of V™ is bounded as
() 2 o :
V7= falll < (F£2)"B(fa). Morcover, since inf e B(f) < (1+4]|P7]|,)* inf e |[V7— 1],

1—~
we obtain an alternative bound

C™(1)\? , \/2d10g(2)+610g(16/6)
T_ a2 < T )2 T 2
e = gally < (T2) (@ PT0 v — A1 + o : .

Proof: From the definition of & (the minimum of B), we have £(f5) = 2(R™, (I—vyP™)p"a),.
Thus, from Lemma 9.2, we obtain
2 1 2

2
< Eﬁ(f&) g E(l _'_fY)LmameadeHy thUS HdH < E(l +7)Lmameax-

Now using Chernoff Hoeffding’s inequality, we have with probability 1 — /2,

Bulfa)  BUfa) + [0+ 2 L 1] R[22 (9.9)

We may write
B(fa) < (B(fa) = Bu(fa)) + Bu(fa) < inf B(f) + (B(fa) = Bu(fa)) + (Bu(fs) — B(fa))-

The claim follows by applying Theorem 9.1 (with probability §/2) and (9.9) for the second
and third terms on the right hand, respectively, and a union bound so that both events hold
simultaneously with probability at least 1 — §. The other inequalities are deduced from the

definition of & and o* and (9.8). O

This result means that whenever the space F is such that it contains a function with a
small Bellman residual or that it can well approximate V™, then the residual of the EBR min-
imizer f5 is small. In addition, assuming that C™(u) is small, f5 is also a good approximation
of the value function V7.
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Input: Function space F, state distribution u, number of samples n, number
of iterations K
Initialize: Let Vj € B(X; Vinax) be an arbitrary value function
for k=1,2,...,K do
(1) Let 7 be the greedy policy w.r.t. Viy_1 (see Eq. 9.13).
(2) Build a new dataset Dy = {(Xi(k), Rl(k), Y;(k), Yi/(k)) " ., where XZ.(k) id
I, Rz(k) = T‘(Xi(k),ﬂ'k(Xi(k))), and use the generative model to draw two
independent samples Yi(k) and Yi/(k) from P“’C(-|Xi(k)).
(3) Let ay be the solution to the linear system Aga = by, where Ay and
by, are defined by (9.10) and (9.11).
(4) Let V, = fak.
Return policy mg.

Figure 9.1: The Bellman Residual Minimization Policy Iteration (BRM-PI) algorithm.

4 Bellman Residual Minimization for Policy Iteration

We now move to the full analysis of the policy iteration algorithm where at each itera-
tion k, the policy 7w is approximated by the solution of an empirical Bellman residual
minimization. The Bellman Residual Minimization Policy Iteration (BRM-PI) algorithm
is described in Figure 9.1. At each iteration k£, BRM-PI generates a new dataset Dy =
{(Xi(k), ng), Yi(k), Yi/(k))}?:l where Xz-(k) ~ u, R = r(Xi(k), Fk(Xi(k))), and Y;(k) and Yil(k) are
two independent samples drawn from P”k(~]X5k)). The d x d-matrix A and d-vector by, are
defined as

Ay = —(U]0L + 0,11, (9.10)

by = —(U+ T,) R® (9.11)

SI—3=

where ()i = 0;(X,") = 7i0;(¥ ) and (9})55 = 0;(X,") = 750;(¥; ™). Then @ is defined
as the solution of

AkOé = bk (9.12)

(the next theorem will provide conditions under which this system has a solution), which
defines the approximation V;, = f5, of the current value function V™. Finally, the approxi-
mation V} is used to generate the policy 71 for the next iteration k + 1

Try1(T) = arg max [r(m, a) + ”y/XP(dy\x, a)Vi(y)|. (9.13)

Note that in order to compute the expectation we can use the generative model and
replace the expectation by an average over a sufficiently large number of samples. However



Chapter 9. Finite-Sample Analysis of the Bellman Residual Minimization
218 algorithm.

this is not convenient and a usual technique used to avoid computing the expectations for
deriving the greedy policy is to use action-value functions () instead of value functions V' (see
e.g., Watkins 1989, Lagoudakis and Parr 2003, Antos et al. 2008), or functions defined over
post-decision states (Powell, 2007). We do not further develop this point here but we simply
mention that all the finite-sample analysis derived in the previous section for the setting of
value functions can be easily extended to action-value functions.

Now following the analysis of Munos (2003) and Antos et al. (2008), we relate the per-
formance of the policy mx returned by the algorithm to the optimal policy ||V* — V™¥||,
(where p is a distribution chosen by the user), in terms of the Bellman residuals of the EBR
minimizers f5, at all the iterations k < K of the BRM-PI algorithm. In order to do so, we
make use of the concentrability coefficients, C, ,, defined for any couple of distributions p
and g in Antos et al. (2008) and Munos and Szepesvari (2008) (A refined analysis can be
found in Farahmand et al. (2010)).

Let us also define n(0) = sup,n™(v",0) and write B"(f) = [|f — T"f||> the Bellman
residual of f under policy 7. We can now state the main result which provides a performance
bound for BRM-PI.

Theorem 9.3 (Performance bound of BRM-PI) Foranyd > 0, whenevern > n(§/K),
with probability 1 — &, the EBR minimizer fs,, where oy, is the solution of the linear system
(9.12), exists for all iterations 1 < k < K, thus the BRM-PI algorithm is well defined, and
the performance V™5 of the policy g returned by the algorithm is such that

2 2
*_YTK|Z2 < (21
|[V*—V Hp\<(1—y)2)

max |’
n

1<k<K \ J€F

0, sup ( inf B ()-rer \/2dlog(2) + 6log(16K/5) >+ny =

where ¢, = (96+/2 + D[E(1+7)? Lo + 1P R, with & defined similarly as § in Lemma 9.2
for the policy m. A bound using the distances between the sequence of value functions and F
can be obtained using the fact that inf e r B™(f) < (14 7||P™]|,)? infer [[V™ — f]]2.

Proof:  From Antos et al. (2008, Lemma 12) we have

* ™ 2 U
V=V < (—7>2)2(0p,u max B (fa,) + v R2,.). (9.14)

(1—~ 0<k<K max

Now from Lemma 9.4, we have that at each step £ < K, whenever n > n(d/K) >
n™(v™, §/K), with probability 1 — ¢/K, the EBR minimizer f5, exists and from Theo-
rem 9.2, the Bellman residual of f5, is bounded as

B () < ink B () + | 210820+ Olog(16K/D)

n

where we used a union bound that guarantees that these bounds hold for all K iterations. [
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The performance bounds reported in Theorem 9.3 are composed of the sum of three
terms. The first term is an approximation error term, which indicates how well the function
space F is adapted to the problem, either in terms of containing functions with low Bellman
residuals (for the sequence of policies) inf jex B™(f), or in terms of well approximating the
corresponding value functions infez [|[V™ — f||,. The second term is an estimation error
term, which decreases as O(1/4/n), and the third term is decreasing exponentially fast with
K, the number of policy iterations.

Remark: In the current description of the BRM-PI algorithm, we regenerate a new dataset
D). at each policy evaluation step. However, we could generate once for all n samples
(X1,...,X,) and all actions a € A, the corresponding rewards R;(a) = (X, a) and 2n inde-
pendent next states Y;(a) and Y/(a) sampled from P(:|X;,a). Then at each iteration k, we
use these samples and build the dataset Dy = {(X;, Ri(m(X,)), Yi(ﬂk(Xi)),Yi’(wk(Xi))}?:1.
This sampling strategy requires generating 2n x |.A| samples instead of 2n x K for the previous
method, which is advantageous when | A| < K. In terms of performance, this version attains
a similar performance as in Theorem 9.3. The main difference is that at each iteration k,
the target function V™ depends on the samples because the policy 7y is greedy w.r.t. the
function f,, , learned at the previous iteration. As a result, Lemma 9.1 should be restated
by taking a supremum over all the possible policies that can be generated as greedy policies
of the functions in F. The complexity of this space of policies depends on the number of
actions |A| and the dimension d. Finally, the complexity of the joint space obtained by F
and the space of policies would appear in the final bound which would differ from the one in
Theorem 9.3 only in constant factors.

5 Conclusion and comparison with LSTD

We provided a generalization bound for Bellman residuals and used it to provide performance
bounds for an approximate policy iteration algorithm in which an empirical Bellman residual
minimization is used at each policy evaluation step.

Compared to the LSTD approach analyzed in Lazaric et al. (2010c) we have a poorer
estimation rate of O(1/y/n) instead of O(1/n) and it is an open question to whether an
improved rate for Bellman residuals can be obtained (see Remark 1). The assumptions are
also different: in this BRM approach we assumed that we have a generative model and
thus performance bounds can be obtained under any sampling distribution u, whereas since
LSTD only requires the observation of a single trajectory (following a given policy) it can
only provide performance bounds under the stationary distribution of that policy. However
in a policy iteration scheme it is not enough to accurately approximate the current policy
under the stationary distribution since the greedy policy w.r.t. that approximation can be
arbitrarily poor. Thus the performance of BRM are better controlled than that of LSTD,
which is reflected in the fact that the concentrability coefficients C'(p, 1) (used in Theorem 9.3)
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can be controlled in the BRM approach (such as by choosing a uniform distribution p) but
not in LSTD unless we make additional (usually strong) assumptions on the stationary
distributions (such as being lower-bounded by a uniform distribution, like in (Munos, 2003)).

6 Technical details

6.1 Proof of Lemma 9.3

Step 1: Introduce the empirical process. Let J(C) be the class of functions induced
by £, from F(C) defined as

T(C) ={Ja : (x,y,2) = (falr) = Va(y)) (fa(z) = 7fa(2));]lall < CF.

Note that this is the product of two linear spaces of dimension d. Furthermore, we can now
rewrite L, (fo) = Poja and L(f,) = Pj., where P, is the empirical measure w.r.t. X, Y; Y/
and P is the measure according to which the samples are distributed. As a result both
L,(f) and L(f,) are linear w.r.t. j,. Note also that for any (z,y,2) € X3, |ja(z,y,2)| <
[|a]3(1 + 7)?sup,ex ||o(2)][3 = C*(1 4 7)*L2,.x, using Cauchy-Schwartz’s inequality.

Step 2: Bound the covering number. We want to bound the e-covering number of the
class of functions J(C') in norm ||.||«. Since each function j, can be written as j,(z,y, z) =
9o, y)ga(z, 2), where g, (z,y) = Z?Zl a;(pi(z) —vpi(y)), we can relate the covering number
of J(C) to the covering number of the space of functions g,. Indeed, let us consider an e-
cover GGy for the space of functions g, such that ||a||s < C. Thus for a given « there exists
Jao € Go such that ||ga — ga,|| < €. Now, we can build a cover for J(C'). We have

Ja(: Y, 2) = Jao (@, ¥, 2)| < |gal2,¥)9a(, 2) = gao (%, Y)ga(z, 2)|
+Gao (T, Y)9a (25 2) = Gao (T, Y) Gao (2, 2)]
< ||ga||00||ga - gao“oo + ||gao||0<>||ga - gaoHoo
< 2C(1 4 ) Liaxs,

which enables us to deduce that

3

N<2O(1+’7)Lmax’{ga7||a||2 = C}7|| HOO)
9
< . < ‘
S N<20(1 o Do {903 l19lln < C(1+ ) Linas }; || ||n>

o (602(1 + V)QL?nax)d
h €

N(e, T(O) [l ) <

where we used the fact that ||g|], < ||g]lo and ||g]]n < ||ev|]2(1 4+ ¥) Linax-
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Step 3: Use chaining technique. Let us consider g;-covers 7, of J(C), for =0, ..., o0,
with Jy = Ja,- We moreover assume that J;;1 is a refinement of J; and that ;11 < &;. Then
for a given j € J(C), we define j; = I1(j, J;) the projection of j into 7, for the norm ||j||s-
Thus, j = (j — jr) + Zle(jl — ji—1) + jo. Since 0 € J(C'), we consider j,, = 0. Note that
by definition, we need ||j||o < €. Thus we define g9 = C?(1 + ~)?L?

max*

Moreover, we have for any j € J(C),

(P =P < I(P =P — )l + 1P = P — Gies)| < 261+ 3P = Ba) (G — i)l

=1 =1

We introduce for convenience the following notation: p(t) = P(3f € F(C), [L(fa)—Ln(fa)] >
t). Thus if we now introduce n and ()<, such that Zle n < m, then for L large enough
such that 2e; < ty, we have:

L L
piiti +1) < PAfeF(C), 2:,+ Y [(P=P)(i—jic)| > > mt+1)

=1 =1

L
< D PEieT©), [(P=P)(jo = Joi)| > mt1)
1=1
L
< ZNllel sup P(KP - P”)(jal _jal—1>’ > mtl)
-1 J€T(C)
L
nthQ
< IN2 o
2 2N ey

where N; = N (g, J(C),||-||), and where the last inequality comes from the fact that

|.j&z<Xi7Y;7Y;/) _jazq(Xivai? i/) - Pjal + Pjalﬂ‘ < 2||jal _jal—lHOO < 4Hjaz _ja”OO < 481'

Step 4: Define the free parameters. Thus, if we define, for alll > 1, n of 8o QIL(NZ),

t1 n
then we deduce the following inequality: p(nt; + t9) < 2 Zle N2
Now, since N; < (%)d7 let ¢, = 602(1 + ’7/)2[/2 271(5/2)1/2d<22d _ 1)1/2d for

€l max
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[ > 1. Thus we deduce that ZZL:I Nl_2 < 0/2. We finally get:

L
2log(N,
L+t = 2851 %—1—2@

=1

& 21log(V))
< ABCR(L47) LA (6/2) 1222 — 1)1 7 7 S8 oy
n
=1
96C2<1 + ’Y 2Lr2nax l
< Tn Z 271\/2dl1og(2) 4 log(2/6) — log(22d — 1) + 2¢;,
96C2(1 4+ 7)2L2,, o~
< NG Zz V2d(1 — 1) 1og(2) + log(4/6) + 2¢1,

Thus, when L — oo, we get:

2 )2L? >
96C (1\4;_7 Lmang 'V/2d(1 — 1) log(2) + log(4/9)

We deduce that with probability higher than 1 — §, the following holds true:

sup |L(fa) = Lalfa)] < 9602L§m(\/2d10g(2> +\/10g(4/6)>

feF(C) n n

Nty +t2 <

Then we use the fact that £(fa) = L(f o H)||0z||2 and similarly £,(f,) = n(in)HaH2 to
deduce that with the same probability, for all «,

1L(fa) = La(fa)l < lell*( sup [L(f) = La(f)])

fer (1)

The final results follows by aesthetics simplifications.

6.2 Proof of Lemma 9.1

Step 1: Introduce the empirical process. The proof for B, follows the same lines as
for L,, using the following class of functions, induced by B, from F(C) and defined as:

T(C) =H{Ja = (2,4, 2) = (falr) = vfaly) + (@) (falz) = vfalz) +7(2)); el < C}.

Then we have B,,(f.) = Pujo and B(f,) = Pja. Now, we have |jo(X;,Y;, Y/)| < (J|o]]2(1 +
v) sup, ||l¢(@)||2 + Rmax)? = [C(1 4+ 7)Liax + Rmax)?. Note that the function 0 does not a
priori belongs to J(C'), thus we have an additional term to control corresponding to the
decomposition of j = (5 — j.) + Zle(jl — J1-1) + jo for some nonzero j, € J(C).
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Step 2: Bound the covering number. With this new definition of J(C'), we have:

N(& T(C) I lee) <

(6(0(1 + V)L;;aax + Rmax)Q)d

Step 3: Use chaining technique. Then using chaining technique, we get the correspond-
ing upper bound:

P(ﬁt1+t2+t3) = P<E|f€f(c)|£(fa)_£n(fa)‘ >77t1+t2+t3>

)

2
nts3

2[0(1 + 7)Lmax + R]4

L
< 2 Z N;% + 2exp(—
=1

where the last term comes from the bound on P(|(P — P,)(jo) = t3).

Step 4: Define the free parameters. We define &, % 9(C/(14) Lax+R)2271(5/4)1/24(22d—

1)12 for | > 1, set t3 = [C(1+7) Linax + B|?y/ 222 and derive that with probability higher
than 1 — 4,

sup [B(fa) = Balfa)l < 96[C(1+7) Lunes + RW/M . \/log<8/a>)

fE}—(C) n n
2log(4/9)

+[C(1 + %) Linax + RJ? —

The final result follows after some aesthetics simplifications.






CHAPTER 10
Least-squares TD with Random
Projections.

We consider the problem of reinforcement learning in high-dimensional spaces when the
number of features is bigger than the number of samples. In particular, we study the least-
squares temporal difference (LSTD) learning algorithm when a space of low dimension is
generated with a random projection from a high-dimensional space. We provide a thorough
theoretical analysis of the LSTD with random projections and derive performance bounds
for the resulting algorithm. We also show how the error of LSTD with random projections is
propagated through the iterations of a policy iteration algorithm and provide a performance

bound for the resulting least-squares policy iteration (LSPI) algorithm.

The work presented in this chapter is a joint work with Mohammad Ghavamzadeh and
Alessandro Lazaric and has been published in the proceedings of the 24th conference on
advances in Neural Information Processing Systems (NIPS 2010), see Ghavamzadeh et al.

(2010a).
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1 Introduction

Least-squares temporal difference (LSTD) learning Bradtke and Barto (1996), Boyan (1999)
is a widely used reinforcement learning (RL) algorithm for learning the value function V™ of a
given policy m. LSTD has been successfully applied to a number of problems especially after
the development of the least-squares policy iteration (LSPI) algorithm Lagoudakis and Parr
(2003), which extends LSTD to control problems by using it in the policy evaluation step of
policy iteration. More precisely, LSTD computes the fixed point of the operator II7™, where
T™ is the Bellman operator of policy 7 and II is the projection operator onto a linear function
space. The choice of the linear function space has a major impact on the accuracy of the
value function estimated by LSTD, and thus, on the quality of the policy learned by LSPI.
The problem of finding the right space, or in other words the problems of feature selection
and discovery, is an important challenge in many areas of machine learning including RL, or
more specifically, linear value function approximation in RL.

To address this issue in RL, many researchers have focused on feature extraction and
learning. Mahadevan Mahadevan (2005) proposed a constructive method for generating
features based on the eigenfunctions of the Laplace-Beltrami operator of the graph built
from observed system trajectories. Menache et al. Menache et al. (2005) presented a method
that starts with a set of features and then tunes both features and the weights using either
gradient descent or the cross-entropy method. Keller et al. Keller et al. (2006) proposed an
algorithm in which the state space is repeatedly projected onto a lower dimensional space
based on the Bellman error and then states are aggregated in this space to define new features.
Finally, Parr et al. Parr et al. (2007) presented a method that iteratively adds features to
a linear approximation architecture such that each new feature is derived from the Bellman
error of the existing set of features.

A more recent approach to feature selection and discovery in value function approximation
in RL is to solve RL in high-dimensional feature spaces. The basic idea here is to use a large
number of features and then exploit the regularities in the problem to solve it efficiently
in this high-dimensional space. Theoretically speaking, increasing the size of the function
space can reduce the approximation error (the distance between the target function and
the space) at the cost of a growth in the estimation error. In practice, in the typical high-
dimensional learning scenario when the number of features is larger than the number of
samples, this often leads to the overfitting problem and poor prediction performance. To
overcome this problem, several approaches have been proposed including regularization. Both
{1 and /5 regularizations have been studied in value function approximation in RL. Farahmand
et al. presented several (y-regularized RL algorithms by adding ¢s-regularization to LSTD
and modified Bellman residual minimization Farahmand et al. (2008) as well as fitted value
iteration Farahmand et al. (2009), and proved finite-sample performance bounds for their
algorithms. There have also been algorithmic work on adding ¢;-penalties to the TD Loth
et al. (2007), LSTD Kolter and Ng (2009), and linear programming Petrik et al. (2010)
algorithms.

In this paper, we follow a different approach based on random projections Vempala (2004).
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In particular, we study the performance of LSTD with random projections (LSTD-RP). Given
a high-dimensional linear space F, LSTD-RP learns the value function of a given policy from
a small (relative to the dimension of F) number of samples in a space G of lower dimension
obtained by linear random projection of the features of 7. We prove that solving the problem
in the low dimensional random space instead of the original high-dimensional space reduces
the estimation error at the price of a “controlled" increase in the approximation error of
the original space F. We present the LSTD-RP algorithm and discuss its computational
complexity in Section 3. In Section 4, we provide the finite-sample analysis of the algorithm.
Finally in Section 5, we show how the error of LSTD-RP is propagated through the iterations
of LSPL.

2 Preliminaries

For a measurable space with domain X', we let S(X) and B(X’; L) denote the set of probability
measures over X and the space of measurable functions with domain X and bounded in
absolute value by 0 < L < oo, respectively. For a measure p € S(&') and a measurable
function f : X — R, we define the f5(p)-norm of f as ||f||> = [ f(x)*u(dx), the supremum
norm of f as ||f||ec = sup,ex |f(x)], and for a set of n states X,...,X,, € X the empirical
norm of f as ||f]|2 = £ >, f(X;)?. Moreover, for a vector u € R™ we write its f,-norm as
[lull3 = 325, u.

We consider the standard RL framework Sutton and Barto (1998) in which a learn-
ing agent interacts with a stochastic environment and this interaction is modeled as a
discrete-time discounted Markov decision process (MDP). A discount MDP is a tuple M =
(X, A, r, P,v) where the state space X is a bounded closed subset of a Euclidean space, A is
a finite (]A| < c0) action space, the reward function r : X x A — R is uniformly bounded by
Rynax, the transition kernel P is such that for all z € X and a € A, P(:|z,a) is a distribution
over X, and v € (0, 1) is a discount factor. A deterministic policy 7 : X — A is a mapping
from states to actions. Under a policy m, the MDP M is reduced to a Markov chain M™ =
(X,R™, P™,~) with reward R"(z) = r(x,m(z)), transition kernel P™(-|z) = P( - |z, n(z)),
and stationary distribution p™ (if it admits one). The value function of a policy 7, V™, is the
unique fixed-point of the Bellman operator 77 : B(X; Vijax = Ii‘j") — B(X; Vinax) defined
by (T™V)(z) = R™(x) + v [, P"(dy|x)V (y). We also define the optimal value function V*
as the unique fixed-point of the optimal Bellman operator 7* : B(X; Viax) — B(X; Vinax)
defined by (7*V)(z) = max,e [r(z,a) + 7 [, P(dy|z,a)V (y)]. Finally, we denote by T the
truncation operator at threshold Vi, i.e., if | ()| > Vinax then T'(f)(z) = sgn(f(2)) Vinax-

To approximate a value function V' € B(X; Vijax), we first define a linear function space
F spanned by the basis functions ¢; € B(X;L), j = 1,....D, ie, F = {fa | fu(-) =
o()Ta, a € RP}, where ¢() = (gpl(-),...,goD(-))T is the feature vector. We define the
orthogonal projection of V' onto the space F w.r.t. norm p as IIzV = argminger ||V —
fll,- From F we can generate a d-dimensional (d < D) random space G = {gg | gs(-) =

w(-)'3, B € R}, where the feature vector ¥(-) = (¢1(), ... ,wd(-))T is defined as ¥(-) =
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Ap(+) with A € R be a random matrix whose elements are drawn i.i.d. from a suitable
distribution, e.g., Gaussian N(0,1/d). Similar to the space F, we define the orthogonal
projection of V' onto the space G w.r.t. norm p as IIgV = argmingeg ||V — ¢||,. Finally, for
any function f, € F, we define m(f,) = |||z supgex ||o(@)]]2-

3 LSTD with Random Projections

The objective of LSTD with random projections (LSTD-RP) is to learn the value function of a
given policy from a small (relative to the dimension of the original space) number of samples
in a low-dimensional linear space defined by a random projection of the high-dimensional
space. We show that solving the problem in the low dimensional space instead of the original
high-dimensional space reduces the estimation error at the price of a “controlled" increase
in the approximation error. In this section, we introduce the notations and the resulting
algorithm, and discuss its computational complexity. In Section 4, we provide the finite-
sample analysis of the algorithm.

We use the linear spaces F and G with dimensions D and d (d < D) as defined in
Section 2. Since in the following the policy is fixed, we drop the dependency of R™, PT,
V7™ and 7™ on 7w and simply use R, P, V, and 7. Let {X;}}_; be a sample path (or
trajectory) of size n generated by the Markov chain M™, and let v € R™ and r € R",
defined as vy = V(X;) and r, = R(X}), be the value and reward vectors of this trajectory.
Also, let ¥ = [W(X;)";...;¥(X,)"] be the feature matrix defined at these n states and
G, = {¥3 | B € R¥} C R" be the corresponding vector space. We denote by ﬁg :R" — G,
the orthogonal projection onto G,, defined by gy = arg min,cg ||y — z||n, where ||y||2 =
%Z?:l y?. Similarly, we can define the orthogonal projection onto F,, = {®a | a € R} as
[y = arg min_.z ||y — 2||n, where ® = [p(X7)";...;p(X,)"] is the feature matrix defined
at { X} ;. Note that for any y € R", the orthogonal projections ﬁgy and II Fy exist and are
unique.

We consider the pathwise-LSTD algorithm introduced in Lazaric et al. (2010a). Pathwise-
LSTD takes a single trajectory {X;}?; of size n generated by the Markov chain as input
and returns the fixed | point of the emplrlcal operator HgT where 7 is the pathw1se Bellman
operator defined as Ty =r+ ’yPy The operator P:R* —» R" is defined as (Py)t = Y1
for 1 <t <n and (Py), = 0. As shown in Lazaric et al. (2010a), T is a y-contraction in (-
norm, thus together with the non-expansive property of Hg, it guarantees the existence and
uniqueness of the pathwise-LSTD fixed point v € R”, i)\ = HgTU Note that the uniqueness
of ¥ does not imply the uniqueness of the parameter 5 such that v = \Ilﬁ

Figure 10.1 contains the pseudo-code and the computational cost of the LSTD-RP algo-
rithm. The total computational cost of LSTD-RP is O(d® + ndD), while the computational
cost of LSTD in the high-dimensional space F is O(D? + nD?). As we will see, the analysis
of Section 4 suggests that the value of d should be set to O(y/n). In this case the numerical
complexity of LSTD-RP is O(n*?2D), which is better than O(D?), the cost of LSTD in F
when n < D (the case considered in this paper). Note that the cost of making a prediction
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LSTD-RP (D,d, {Xt}?zl,{R(Xt)}?zl,ga,’y) Cost
Compute
e the reward vector r,x1; 7 = R(X}) O(n)
e the high-dimensional feature matrix
Dpxp = [p(X1) "5 5 0(Xn) ] O(nD)
e the projection matrix A4« p whose
elements are i.i.d. samples from N(0,1/d) O(dD)
e the low-dim feature matrix
Upxa = [P(X1) "5 5 0(Xn) 5 W) = Ap() O(ndD)
e the matrix PU = V=X (X)) 50T O(nd)
L] Adxd = \I’T(\IJ — ’)/\I//), Bd><1 = \IITT‘ O(nd + ndz) + O(nd)

return either 3= A='0 or 3= A*tb
(AT is the Moore-Penrose pseudo-inverse of A) O(d? + d3)

Figure 10.1: The pseudo-code of the LSTD with random projections (LSTD-RP) algorithm.

is D in LSTD in F and dD in LSTD-RP.

4 Finite-Sample Analysis of LSTD with Random Projec-
tions

In this section, we report the main theoretical results of the paper. In particular, we derive
a performance bound for LSTD-RP in the Markov design setting, i.e., when the LSTD-RP
solution is compared to the true value function only at the states belonging to the trajectory
used by the algorithm (see Section 4 in Lazaric et al. (2010a) for a more detailed discussion).
We then derive a condition on the number of samples to guarantee the uniqueness of the
LSTD-RP solution. Finally, from the Markov design bound we obtain generalization bounds
when the Markov chain has a stationary distribution.

4.1 Markov Design Bound

Theorem 10.1 (Performance bound of LSTD-RP with Markov design) Let F and
G be linear spaces with dimensions D and d (d < D) as defined in Section 2. Let {X:}},
be a sample path generated by the Markov chain MT™, and v,v € R™ be the vectors whose
components are the value function and the LSTD-RP solution at {X:}}_,. Then for any
d > 0, whenever d > 15log(8n/d), with probability 1 — 6 (the randomness is w.r.t. both the
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random sample path and the random projection), U satisfies

VimaxL | d 8log(4d/é 1
Vs ( 8log(4d/) , 1
1—7 Vp n n
(10.1)

8log(8n/d) =~

|l — TLro||n + y m(Ilrv)

)

R 1
lo=0lln € ==
Vv1I—r

where the random variable v, is the smallest strictly positive eigenvalue of the sample-
based Gram matrizc 20U, Note that m(Ilzv) = m(fa) with fo be any function in F such

that fo(Xy) = (ﬁ;v)t for1 <t < n.
Before stating the proof of Theorem 10.1, we need to prove the following lemma.

Lemma 10.1 Let F and G be linear spaces with dimensions D and d (d < D) as defined
in Section 2. Let {X;}' | be n states and f, € F. Then for any § > 0, whenever d >
15log(4n/0), with probability 1 — 6 (the randomness is w.r.t. the random projection), we have

inf 11, — ol2 < S g2 (102)
Proof: The proof relies on the application of a variant of Johnson-Lindenstrauss (JL) lemma
which states that the inner-products are approximately preserved by the application of the
random matrix A (see e.g., Proposition 1 in Maillard and Munos (2009)). For any § > 0,
we set £2 = Zlog(4n/d). Thus for d > 15log(4n/d), we have ¢ < 3/4 and as a result

e2/4 —3/6 > ¢%/8 and d > lo/g 4"{;;)6 Thus, from Proposition 1 in Maillard and Munos
(2009), for all 1 < i < n, we have |p(X;) - o — Ap(X;) - Aa| < gl|all2||e(Xi)llz < em(fa)

with high probability. From this result, we deduce that with probability 1 — ¢

. 8log(4n/é
1 =l < 1 =gl = § DI 0= A o < MG D

Proof: [Proof of Theorem 10.1] For any fixed space G, the performance of the LSTD-RP
solution can be bounded according to Theorem 1 in Lazaric et al. (2010b) as
. 1 ~ YVWmaxl | d 8log(2d/d’ 1
o = 8ll € ——fo  Tigol, + ke, [ [Blo8CAD) 1) = g5
V1 —72 1—7 Vn n n
with probability 1 — ¢’ (w.r.t. the random sample path). From the triangle inequality, we
have

o = Tgolln < [lo = Trvlln + [[Trv = Tgv|l, = [[v = Trvll + [[Trv = Tg (o) |lo.  (10.4)

The equality in | Eq. 10.4 comes from the fact that for any vector g € G, we can write
o = gl|2 = |Jv — Tiro|2 + ||H;U — ¢g||2. Since |Jv — H;an is independent of g, we have
arginf g |[v — g||2 = arginfyeg |ITlzv — g||2, and thus, Ilgv = Ig(IIrv). From Lemma 10.1,
if d > 15log(4n/0"), with probability 1 — §” (w.r.t. the choice of A), we have

8log(4n/d") =~

(v — g (Mrv)||n < y m(IFv). (10.5)
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We conclude from a union bound argument that Eqgs. 10.3 and 10.5 hold simultaneously
with probability at least 1 — ¢’ — ¢§”. The claim follows by combining Eqgs. 10.3-10.5, and
setting ¢’ = 8" = §/2. O

Remark 1. Using Theorem 10.1, we can compare the performance of LSTD-RP with
the performance of LSTD directly applied in the high-dimensional space F. Let v be the
LSTD solution in F, then up to constants, logarithmic, and dominated factors, with high

probability, v satisfies
1

V1—~2

By comparing Eqs. 10.1 and 10.6, we notice that 1) the estimation error of ¥ is of order
O(+/d/n), and thus, is smaller than the estimation error of @, which is of order O(y/D/n),
and 2) the approximation error of v is the approximation error of v, ||v — il 7U||n, plus an
additional term that depends on m(ﬁ 7v) and decreases with d, the dimensionality of G, with
the rate O(4/1/d). Hence, LSTD-RP may have a better performance than solving LSTD in F
whenever this additional term is smaller than the gain achieved in the estimation error. Note
that m(ﬁ 7v) highly depends on the value function V' that is being approximated and the
features of the space F. It is important to carefully tune the value of d as both the estimation
error and the additional approximation error in Eq. 10.1 depend on d. For instance, while
a small value of d significantly reduces the estimation error (and the need for samples), it

[lv—=2[ln <

]\v—ﬁ]:?}’\n—l-l:yO(\/D/n). (10.6)

may amplify the additional approximation error term, and thus, reduce the advantage of
LSTD-RP over LSTD. We may get an idea on how to select the value of d by optimizing the
bound

J= m(Ilrv) [nve(l—7)

- ) 10.7
YVmaxL T+~ (107

Therefore, when n samples are available the optimal value for d is of the order O(y/n).
Using the value of d in Eq. 10.7, we can rewrite the bound of Eq. 10.1 as (up to the dominated
term 1/n)

Il = Bl]m < \/11_772HU — Tipoln + 1_17\/8 Tog(81/0) /1 Vinas L m(ﬁﬂ)(M)l/“. (10.8)
Using Egs. 10.6 and 10.8, it would be easier to compare the performance of LSTD-RP
and LSTD in space F, and observe the role of the term m(ﬁ 7v). For further discussion on
m(I1zv) refer to Maillard and Munos (2009) and for the case of D = oo to Section 4.3 of this
paper.

Remark 2. As discussed in the introduction, when the dimensionality D of F is much
bigger than the number of samples n, the learning algorithms are likely to overfit the data.
In this case, it is reasonable to assume that the target vector v itself belongs to the vector
space F,. We state this condition using the following assumption:

Assumption (Overfitting). For any set of n points {X;}? ;, there exists a function
f € Fsuch that f(X;)=V(X;), 1<i<n.
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Assumption 4.1 is equivalent to require that the rank of the empirical Gram matrices
%CI)T@ to be bigger than n. Note that Assumption 4.1 is likely to hold whenever D > n,
because in this case we can expect that the features to be independent enough on { X},
so that the rank of %QDT@ to be bigger than n (e.g., if the features are linearly independent
on the samples, it is sufficient to have D > n). Under Assumption 4.1 we can remove the
empirical approximation error term in Theorem 10.1 and deduce the following result.

Corollary 10.1 Under Assumption 4.1 and the conditions of Theorem 10.1, with probability
1 =90 (w.r.t. the random sample path and the random space), U satisfies

- 1 8log(8n/d ~ VimaxL [ d 8log(4d/é 1
o 9l < ROl 4 Wl [ [BL0BO0) 2,

V1—12 d 1—7 n n

4.2 Uniqueness of the LSTD-RP Solution

While the results in the previous section hold for any Markov chain, in this section we assume
that the Markov chain M™ admits a stationary distribution p and is exponentially fast (-
mixing with parameters 3,b, s, i.e., its S-mixing coefficients satisfy 3; < [exp(—bi®) (see
e.g., Sections 8.2 and 8.3 in Lazaric et al. (2010b) for a more detailed definition of S-mixing
processes). As shown in Lazaric et al. (2010a,b), if p exists, it would be possible to derive a
condition for the existence and uniqueness of the LSTD solution depending on the number of
samples and the smallest eigenvalue of the Gram matrix defined according to the stationary
distribution p, i.e., G € RP*P | Gii = [ ¢i(z)p;(x)p(dx). We now discuss the existence and
uniqueness of the LSTD-RP solution. Note that as D increases, the smallest eigenvalue of G
is likely to become smaller and smaller. In fact, the more the features in F, the higher the
chance for some of them to be correlated under p, thus leading to an ill-conditioned matrix G.
On the other hand, since d < D, the probability that d independent random combinations of
¢; lead to highly correlated features 1); is relatively small. In the following we prove that the
smallest eigenvalue of the Gram matrix H € R™? | H;; = [¢;(2)1;(z)p(dx) in the random
space G is indeed bigger than the smallest eigenvalue of G with high probability.

Lemma 10.2 Let 6 > 0 and F and G be linear spaces with dimensions D and d (d < D)
as defined in Section 2 with D > d + 2+/2dlog(2/6) + 2log(2/§). Let the elements of the
projection matriz A be Gaussian random variables drawn from N(0,1/d). Let the Markov
chain M™ admit a stationary distribution p. Let G and H be the Gram matrices according to
p for the spaces F and G, and w and x be their smallest eigenvalues. We have with probability
1 =90 (w.r.t. the random space)

2
X>§w<1—\/g—\/2m§/5)> . (10.9)

Proof: Let 3 € R be the eigenvector associated to the smallest eigenvalue y of H, from the
definition of the features ¥ of G (H = AGAT) and linear algebra, we obtain
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X18l12=8"xB8=8"THB=BTAGATB > w||ATB|3=wBTAATB > w1813, (10.10)

where ¢ is the smallest eigenvalue of the random matrix AAT, or in other words, /¢ is
the smallest singular value of the D x d random matrix A", i.e., spn(AT) = V€. We now
define B = v/dA. Note that if the elements of A are drawn from the Gaussian distribution
N(0,1/d), the elements of B are standard Gaussian random variables, and thus, the smallest
eigenvalue of AAT, £, can be written as £ = s2, (B')/d. There has been extensive work on
extreme singular values of random matrices (see e.g., Rudelson and Vershynin (2010)). For
a D x d random matrix with independent standard normal random variables, such as B,
we have with probability 1 — ¢ (see Rudelson and Vershynin (2010) for more details)

mln(

smin(BT) > (VD = V- /3 1og(2/5)) . (10.11)
From Eq. 10.11 and the relation between £ and sy, (B'), we obtain

(1 - [ [ 2Roel2/0) 2/5 ) (10.12)

with probability 1 — . The claim follows by replacmg the bound for ¢ from Eq. 10.12 in
Eq. 10.10. 0J

The result of Lemma 10.2 is for Gaussian random matrices. However, it would be possible
to extend this result using non-asymptotic bounds for the extreme singular values of more
general random matrices Rudelson and Vershynin (2010). Note that in Eq. 10.9, D/d is
always greater than 1 and the term in the parenthesis approaches 1 for large values of D.
Thus, we can conclude that with high probability the smallest eigenvalue x of the Gram
matrix H of the randomly generated low-dimensional space G is bigger than the smallest
eigenvalue w of the Gram matrix G of the high-dimensional space F.

Lemma 10.3 Let 6 > 0 and F and G be linear spaces with dimensions D and d (d < D)
as defined in Section 2 with D > d + 2+/2dlog(2/6) + 2log(2/5). Let the elements of the
projection matriz A be Gaussian random variables drawn from N(0,1/d). Let the Markov
chain M™ admit a stationary distribution p. Let G be the Gram matrix according to p for
space F and w be its smallest eigenvalue. Let {X;}}_, be a trajectory of length n generated
by a stationary B-mizing process with stationary distribution p. If the number of samples n
satisfies

. 28872 d:jxl()n,d, 5/2) max{ (n, (z ,0/2) }1/n ( \/* \/W) (10.13)

where A(n,d, §) = 2(d+1)log n+log ¢ +log* (max{18(6e)**™), 3}), then with probability
1 =6, the features n, ..., 1q are linearly independent on the states {X;}},, i.e., ||gs||ln =0
implies B = 0, and the smallest eigenvalue v, of the sample-based Gram matriz %\I/T\I/
satisifies
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1/k
Up 2V = \F\/>( \/7 \/210g§ ) J (n.d, )max{A(n’bd’g),l} >0.

(10.14)

Proof: The proof follows similar steps as in Lemma 4 in Lazaric et al. (2010b). A sketch of
the proof is available in Ghavamzadeh et al. (2010b). O

By comparing Eq. 10.13 with Eq. 13 in Lazaric et al. (2010b), we can see that the number
of samples needed for the empirical Gram matrix 1U"W in G to be invertible with high
probability is less than that for its counterpart 1®'® in the high-dimensional space F.

4.3 Generalization Bound

In this section, we show how Theorem 10.1 can be generalized to the entire state space X
when the Markov chain M™ has a stationary distribution p. We consider the case in which
the samples { X;}?; are obtained by following a single trajectory in the stationary regime of
M7™ ie., when X is drawn from p. As discussed in Remark 2 of Section 4.1, it is reasonable
to assume that the high-dimensional space F contains functions that are able to perfectly
fit the value function V' in any finite number n (n < D) of states {X;}},, thus we state the
following theorem under Assumption 4.1.

Theorem 10.2 (Generalization error of LSTD-RP with Markov design) Let§ >0
and F and G be linear spaces with dimensions D and d (d < D) as defined in Section 2 with
d > 15log(8n/d). Let {X;}}, be a path generated by a stationary B-mizing process with
stationary distribution p. Let V be the LSTD-RP solution in the random space G. Then
under Assumption 4.1, with probability 1 — 6 (w.r.t. the random sample path and the random
space),

2 8log(24n/d 29VmaxL /d 8log(12d/5) 1
VTV, < = ( /%) (an)+M\[( (n/)+n)+e,(1o.15>

where v is a lower bound on the eigenvalues of the Gram matrix %\I/T\If defined by Fq. 10.14
and

n b

with A(n,d, ) defined as in Lemma 10.3. Note that T in Eq. 10.15 is the truncation
operator defined in Section 2.

1/k
8224Vmax\/2/\(n,d,5/3) maX{A(n,d,é/?;)’l} |

Proof:  The proof is a consequence of applying concentration of measures inequalities for
B-mixing processes and linear spaces (see Corollary 18 in Lazaric et al. (2010b)) on the term
[V = T(V)||,, using the fact that ||V —T(V)||n < ||V = V||, and using the bound of Corol-
lary 10.1. The bound of Corollary 10.1 and the lower bound on v, each one holding with
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probability 1 —¢’, thus, the statement of the theorem (Eq. 10.15) holds with probability 1 —4
by setting 0 = 3¢'. OJ

Remark 1. An interesting property of the bound in Theorem 10.2 is that the approx-
imation error of V' in space F, ||V — IIzV]||,, does not appear and the error of the LSTD
solution in the randomly projected space only depends on the dimensionality d of G and the
number of samples n. However this property is valid only when Assumption 4.1 holds, i.e.,
at most for n < D. An interesting case here is when the dimension of F is infinite (D = o0),
so that the bound is valid for any number of samples n. In Maillard and Munos (2010a), two
approximation spaces F of infinite dimension were constructed based on a multi-resolution
set of features that are rescaled and translated versions of a given mother function. In the
case that the mother function is a wavelet, the resulting features, called scrambled wavelets,
are linear combinations of wavelets at all scales weighted by Gaussian coefficients. As a re-
sults, the corresponding approximation space is a Sobolev space H*(X) with smoothness of
order s > p/2, where p is the dimension of the state space X'. In this case, for a function
fo € H*(X), it is proved that the fo-norm of the parameter « is equal to the norm of the
function in H*(X), i.e., ||a|l2 = ||fal|lms(x). We do not describe those results further and
refer the interested readers to Maillard and Munos (2010a). What is important about the
results of Maillard and Munos (2010a) is that it shows that it is possible to consider infinite
dimensional function spaces for which sup, ||p(z)||2 is finite and ||c]2 is expressed in terms
of the norm of f, in F. In such cases, m(IlzV) is finite and the bound of Theorem 10.2,
which does not contain any approximation error of V' in F, holds for any n. Nonetheless,
further investigation is needed to better understand the role of || fo||ms(x) in the final bound.

Remark 2. As discussed in the introduction, regularization methods have been studied
in solving high-dimensional RL problems. Therefore, it is interesting to compare our results
for LSTD-RP with those reported in Farahmand et al. (2008) for ¢5-regularized LSTD. Under
Assumption 4.1, when D = oo, by selecting the features as described in the previous remark
and optimizing the value of d as in Eq. 10.7, we obtain

IV =2l < Oyl fallirszy n~*). (10.16)

Although the setting considered in Farahmand et al. (2008) is different than ours (e.g.,
the samples are i.i.d.), a qualitative comparison of Eq. 10.16 with the bound in Theorem
2 of Farahmand et al. (2008) shows a striking similarity in the performance of the two
algorithms. In fact, they both contain the Sobolev norm of the target function and have a
similar dependency on the number of samples with a convergence rate of O(n~/*) (when
the smoothness of the Sobolev space in Farahmand et al. (2008) is chosen to be half of
the dimensionality of X’). This similarity asks for further investigation on the difference
between fo-regularized methods and random projections in terms of prediction performance
and computational complexity.
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5 LSPI with Random Projections

In this section, we move from policy evaluation to policy iteration and provide a performance
bound for LSPI with random projections (LSPI-RP), i.e., a policy iteration algorithm that
uses LSTD-RP at each iteration. LSPI-RP starts with an arbitrary initial value function
V_1 € B(&X; Vinax) and its corresponding greedy pohcy . At the first iteration, it approxi-
mates V7™ using LSTD-RP and returns a function VO, whose truncated version Vj = T(VD)
is used to build the policy for the second iteration. More precisely, m; is a greedy policy
w.r.t. V. So, at each iteration k, a function ‘A/k,l is computed as an approximation to V™1,
and then truncated, Vi_1, and used to build the policy 7.1 Note that in general, the mea-
sure 0 € S(X) used to evaluate the final performance of the LSPI-RP algorithm might be
different from the distribution used to generate samples at each iteration. Moreover, the
LSTD-RP performance bounds require the samples to be collected by following the policy
under evaluation. Thus, we need Assumptions 1-3 in Lazaric et al. (2010b) in order to 1)
define a lower-bounding distribution p with constant C' < oo, 2) guarantee that with high
probability a unique LSTD-RP solution exists at each iteration, and 3) define the slowest
[-mixing process among all the mixing processes M™ with 0 < k < K.

Theorem 10.3 (Performance bound of LSPI-RP) Let § > 0 and F and G be linear
spaces with dimensions D and d (d < D) as defined in Section 2 with d > 15log(8Kn/J).
At each iteration k, we generate a path of size n from the stationary [F-mixing process with
stationary distribution pr_1 = p™t-1. Letn satisfy the condztzon mn Fq. 10.13 for the slower (-

maxing process. Let V_y be an arbitrary initial value function, VO, .. VK 1 (Vg, .. VK 1) be
the sequence of value functions (truncated value functions) genemted by LSPI- RP, and T be
the greedy policy w.r.t. Vie_1. Then, under Assumption 4.1 and Assumptions 1-3 in Lazaric
et al. (2010b), with probability 1 — & (w.r.t. the random samples and the random spaces), we

have
max 8 log 24Kn/(5
10.17
ﬁ,/w“\/ sup [fo(x) 2 (10.17
K-—1
’y 2 Rmax}a

where C,,, is the concentrability term from Definition 2 in Antos et al. (2008), w, is the
smallest eigenvalue of the Gram matrixz of space F w.r.t. u, v, is v from Eq. 10.14 in which
w s replaced by w,, and & is € from Theorem 10.2 written for the slowest $-mixing process.

« - 4y
V* = V™|, < (1_7)2{( NV CCo

n 2y VinaxL i( 8log(12Kd/9) n l) L
1—7 Vy n n

Proof:  The proof follows similar lines as in the proof of Thm. 8 in Lazaric et al. (2010b)
and is available in Ghavamzadeh et al. (2010Db). O

!Note that the MDP model is needed to generate be extended to action-value functions and LSTD-RP-
a greedy policy 7. In order to avoid the need for the @), for simplicity we use value functions in the follow-
model, we can simply move to LSTD-@Q with random ing.
projections. Although the analysis of LSTD-RP can
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Remark. The most critical issue about Theorem 10.3 is the validity of Assumptions 1-3
in Lazaric et al. (2010b). It is important to note that Assumption 1 is needed to bound
the performance of LSPI independent from the use of random projections (see Lazaric et al.
(2010b)). On the other hand, Assumption 2 is explicitly related to random projections and
allows us to bound the term m(IIzV"). In order for this assumption to hold, the features
{goj}]D:l of the high-dimensional space F should be carefully chosen so as to be linearly
independent w.r.t. p.

6 Conclusion

Learning in high-dimensional linear spaces is particularly appealing in RL because it allows
to have a very accurate approximation of value functions. Nonetheless, the larger the space,
the higher the need of samples and the risk of overfitting. In this paper, we introduced
an algorithm, called LSTD-RP, in which LSTD is run in a low-dimensional space obtained
by a random projection of the original high-dimensional space. We theoretically analyzed
the performance of LSTD-RP and showed that it solves the problem of overfitting (i.e.,
the estimation error depends on the value of the low dimension) at the cost of a slight
worsening in the approximation accuracy compared to the high-dimensional space. We also
analyzed the performance of LSPI-RP, a policy iteration algorithm that uses LSTD-RP for
policy evaluation. The analysis reported in the paper opens a number of interesting research
directions such as: 1) comparison of LSTD-RP to ¢, and ¢; regularized approaches, and 2)
a thorough analysis of the case when D = oo and the role of || f,|

He(x) in the bound.

7 Technical details

7.1 Uniqueness of the LSTD-RP Solution (Proof of Lemma 3)

Proof: |Proof of Lemma 3 - Sketch| Following similar steps as in Lemma 4 in Lazaric et al.
(2010b) and using Lemma 2, for any 8 € R? with probability 1 — §’ — §” we obtain

D d 2log(2/0’
2l +< 2 VRIS > 181121 2 (1 - \/%) S0y

2A(n, d, 8" A(n,d, 6"y "
5212L|]ﬁ|]2\/%max{%,1} . (10.19)

where

Let 8 be such that ||gs||, = 0, then if the number of samples n satisfies the condition in
Lemma 3, we may deduce from Eq. 10.18 and 10.19 that 5 = 0. This indicates that given the
number of samples from Lemma 3, with probability 1—¢", the features ¥, ..., ¥, are linearly
independent on the states {X;} ;, and thus, v, > 0. The second statement of the lemma
is obtained by choosing [ to be the eigenvector of the Gram matrix %\IIT\I/ corresponding
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to the smallest eigenvalue v,,. For this value of 5, we have ||gs||, = /Val|f5]|- Finally, both
statements of the lemma are obtained by setting ¢’ = §” = §/2. O

7.2 LSPI with Random Projections (Proof of Theorem 3)

We report Assumptions 1-3 in Lazaric et al. (2010Db).

Assumption (Lower-bounding distribution)There exist a distribution p € S(X) such
that for any policy « that is greedy w.r.t. a function in the truncated space F, u < Cp™, where
C < o0 is a constant and p™ is the stationary distribution of policy n. Furthermore, given
the target distribution o € S(&X), we assume C,, < oo, where C,, is the concentrability
term from Definition 2 in Antos et al. (2008).

Assumption (Linear independent features) Let € S(X') be the lower-bounding distri-
bution from Assumption 7.2. We assume that the features ¢(-) of the function space F are
linearly independent w.r.t. u. In this case, the smallest eigenvalue w, of the Gram matrix
G, € RP*P w.rt. p is strictly positive.

Assumption (Slower B-mizing process) We assume that there exists a stationary (-
mixing process with parameters 3, b, s, such that for any policy 7 that is greedy w.r.t. a
function in the truncated space F , it is slower than the stationary [-mixing process with
stationary distribution p™ (with parameters By, by, k7). This means that 3 is larger and b
and x are smaller than their counterparts B;, br, and k..

Proof: We first notice that the equality

(I - ’}/Pwk)({/k - Vﬂk) = Vk - Tm“f/k

holds component-wise for any x € X. Let g, = (Vk — V7 ) and py be the stationary distribu-
tion of ;. We have

1V = T™ Vil lpe = 111 = vP™)exl[p, < (L + AP ™ g )llewlloe = (L+llexl e,

where we used the fact that P™ is the transition kernel for policy 7, and py is its stationary
distribution. From a direct application of Lemma 13 in Munos and Szepesvari (2008) and
the previous inequality, after K iterations we obtain

Ay K—1
(1 _ 7)2 (1 + rY) oir}gi}% C;,/p2k||€k||Pk + v o2 Rmax )

||‘/>i< - Vﬂ—KHo <

where ||ex]|,, is bounded as in Theorem 2 in the paper. The main issue in the previous bound
is the maximization over the iterations. We first focus on the maximum of the error ||exl|,, .
The only term in the statement of Theorem 2 explicitly depending on the specific iteration
is the magnitude (notice that the target function at iteration k is V™)

max_m(II%(V™)) = max

10.2
0<k<K O<k<K||ak||2?€15H90($)H2 ) (10.20)
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where TI% is the projection operator onto space F w.r.t. py and f,, = II%(V™). Since ay is
a random variable we cannot bound its fo-norm directly. Under Assumptions 2 and 3 it is
possible to show that for any f, € F

Cllfall?, = falli = lleCall} = " Gua = wullall3

where G, is the Gram matrix computed w.r.t. distribution p and w), is its smallest eigenvalue.
Here we used the fact that under Assumption 3, G, is full rank. As a result, for any iteration
k we have

1 C C
llow|l2 < w—ullfakl\i < w—#!\fakllik < w—ﬂllfakl\io :

The function f,, is the result of a projection w.r.t. norm p; of V™, which is bounded by
Vinax- Since 1% is a non-expansion in py, norm, || fa, || is upper bounded by Viuax. Thus, the
term in Eq. 10.20 can be bounded by 2

C
Hk Vﬂ-k g — Vmax .
TS5 V) < 4 Vo sp o)l

Now we bound the concentrability term C, ,, . From the definition of the concentrability
term and Assumption 2, we obtain

d(uP™P™ ... PT)
dpr

d(uP™ P™ ... P™)
dp

< C sup

T1yeesTs

Copp (M) = sup

1y Ts

‘ =C " copu(m).

Thus, Cy, < C - C,,. Putting everything together and reordering we obtain the final
statement. Finally, we discuss about the eigenvalues of the sequence of Gram matrices G,
obtained through iterations. By Assumption 2 and the definition of G, we have

(G = /X pilx)p; (2)uld) < C /X i3 () p(dz) = C(Gy)y

Let w, be the smallest eigenvalue of G, wy, be the smallest eigenvalue of G, , and a be the
eigenvector corresponding to wg. We have

wullallz € a’Gua < Ca'G,a = Cuwra’a = Cwllal]3,

thus, obtaining w, < Cwy, . O

“Note that the remaining term sup,c ||¢(2z)]2
does not depend on k and its specific value depends
on the feature space ¢(-) of F.






CHAPTER 11
Selecting the State-Representation in
Reinforcement Learning.

In this chapter, we consider the problem of selecting the right state-representation in a
reinforcement learning problem. Several models (functions mapping past observations to a
finite set) of the observations are given, and it is known that for at least one of these models
the resulting state dynamics are indeed Markovian. Without knowing neither which of the
models is the correct one, nor what are the probabilistic characteristics of the resulting MDP,
it is required to obtain as much reward as the optimal policy for the correct model (or for
the best of the correct models, if there are several). We propose an algorithm that achieves
that, with a regret of order 7%3 where T is the horizon time.

The work presented in this chapter is a joint work with Daniil Ryabko and has been
accepted to the 25th conference on advances in Neural Information Processing Systems

(NIPS 2011).
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1 Introduction

We consider the problem of selecting the right state-representation in an average-reward
reinforcement learning problem. Each state-representation is defined by a model ¢; (to which
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corresponds a state space S, ) and we assume that the number J of available models is finite
and that (at least) one model is a weakly-communicating Markov decision process (MDP).
We do not make any assumption at all about the other models. This problem is considered
in the general reinforcement learning setting, where an agent interacts with an unknown
environment in a single stream of repeated observations, actions and rewards. There are no
“resets,” thus all the learning has to be done online. Our goal is to construct an algorithm that
performs almost as well as the algorithm that knows both which model is a MDP (knows the
“true” model) and the characteristics of this MDP (the transition probabilities and rewards).

Consider some examples that help motivate the problem. The first example is high-level
feature selection. Suppose that the space of histories is huge, such as the space of video
streams or that of game plays. In addition to these data, we also have some high-level
features extracted from it, such as “there is a person present in the video” or “the adversary
(in a game) is aggressive.” We know that most of the features are redundant, but we also
know that some combination of some of the features describes the problem well and exhibits
Markovian dynamics. Given a potentially large number of feature combinations of this kind,
we want to find a policy whose average reward is as good as that of the best policy for
the right combination of features. Another example is bounding the order of an MDP. The
process is known to be k-order Markov, where k is unknown but un upper bound K >> k is
given. The goal is to perform as well as if we knew k. Yet another example is selecting the
right discretization. The environment is an MDP with a continuous state space. We have
several candidate quantizations of the state space, one of which gives an MDP. Again, we
would like to find a policy that is as good as the optimal policy for the right discretization.
This example also opens the way for extensions of the proposed approach: we would like
to be able to treat an infinite set of possible discretization, none of which may be perfectly
Markovian. The present work can be considered the first step in this direction.

It is important to note that we do not make any assumptions on the “wrong” models
(those that do not have Markovian dynamics). Therefore, we are not able to test which
model is Markovian in the classical statistical sense, since in order to do that we would need
a viable alternative hypothesis (such as, the model is not Markov but is K-order Markov).
In fact, the constructed algorithm never “knows” which model is the right one; it is “only”
able to get the same average level of reward as if it knew.

Previous work. This work builds on previous work on learning average-reward MDPs.
Namely, we use in our algorithm as a subroutine the algorithm UCRL2 of Jaksch et al. (2010)
that is designed to provide finite time bounds for undiscounted MDPs. Such a problem has
been pioneered in the reinforcement learning literature by Kearns and Singh (2002) and then
improved in various ways by Brafman and Tennenholtz (2003), Strehl et al. (2006), Tewari
and Bartlett (2007), Jaksch et al. (2010), Bartlett and Tewari (2009); UCRL2 achieves a
regret of the order DT/? in any weakly-communicating MDP with diameter D, with respect
to the best policy for this MDP. The diameter D of a MDP is defined in Jaksch et al. (2010)
as the expected minimum time required to reach any state starting from any other state. A
related result is reported in Bartlett and Tewari (2009), which improves on constants related
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to the characteristics of the MDP.

A similar approach has been considered in Ryabko and Hutter (2008); the difference is
that in that work the probabilistic characteristics of each model are completely known, but
the models are not assumed to be Markovian, and belong to a countably infinite (rather than
finite) set.

The problem we address can be also viewed as a generalization of the bandit problem
(see e.g. Robbins (1952), Lai and Robbins (1985), Auer et al. (2002)): there are finitely
many “arms”’, corresponding to the policies used in each model, and one of the arms is the
best, in the sense that the corresponding model is the “true” one. In the usual bandit setting,
the rewards are assumed to be i.i.d. thus one can estimate the mean value of the arms while
switching arbitrarily from one arm to the next (the quality of the estimate only depends on
the number of pulls of each arm). However, in our setting, estimating the average-reward of
a policy requires playing it many times consecutively. This can be seen as a bandit problem
with dependent arms, with complex costs of switching between arms.

Contribution. We show that despite the fact that the true Markov model of states is
unknown and that nothing is assumed on the wrong representations, it is still possible to
derive a finite-time analysis of the regret for this problem. This is stated in Theorem 11.1;
the bound on the regret that we obtain is of order 7%,

The intuition is that if the “true” model ¢* is known, but its probabilistic properties
are not, then we still know that there exists an optimal control policy that depends on the
observed state s;«; only. Therefore, the optimal rate of rewards can be obtained by a clever
exploration /exploitation strategy, such as UCRL2 algorithm Jaksch et al. (2010). Since we
do not know in advance which model is a MDP, we need to explore them all, for a sufficiently
long time in order to estimate the rate of rewards that one can get using a good policy in
that model.

Outline. In Section 2 we introduce the precise notion of model and set up the notations.
Then we present the proposed algorithm in Section 3; it uses UCRL2 of Jaksch et al. (2010)
as a subroutine and selects the models ¢ according to a penalized empirical criterion. In
Section 4 we discuss some directions for further development. Finally, Section 5 is devoted
to the proof of Theorem 11.1.

2 Notation and definitions

We consider a space of observations O, a space of actions A, and a space of rewards R (all
assumed to be Polish). Moreover, we assume that A is of finite cardinality A o |A| and

that 0 € R C [0,1]. The set of histories up to time ¢ for all ¢t € NU {0} will be denoted by
def

Hep = O x (Ax R x O)1 and we define the set of all possible histories by H o U Hoy.

Environments. For a Polish X', we Denote by P(X) the set of probability distribtitions
over X. Define an environment to be a mapping from the set of histories H to the set of
functions that map any action a € A to a probability distribution v, € P(R x O) over the
product space of rewards and observations.
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We consider the problem of reinforcement learning when the learner interacts with some
unknown environment e*. The interaction is sequential and goes as follows: first some h.; =
{0o} is generated according to ¢, then at time step ¢ > 0, the learner choses an action a; € A
according to the current history ho; € H;. Then a couple of reward and observations (r, o;)
is drawn according to the distribution (e*(h<t))q, € P(R x O). Finally, h;y; is defined by
the concatenation of h; with (as, r, 0;). With these notations, at each time step t > 0, 0,4
is the last observation given to the learner before choosing an action, a; is the action output
at this step, and r; is the immediate reward received after playing a;.

State representation functions (models). Let S C N be some finite set; intuitively,
this has to be considered as a set of states. A state representation function ¢ is a function
from the set of histories H to §. For a state representation function ¢, we will use the
notation S, for its set of states, and s;, := @(h<y).

In the sequel, when we talk about a Markov decision process, it will be assumed to be
weakly communicating, which means that for each pair of states uy, us there exists k € N and
a sequence of actions ay, .., a € A such that P(sgy1,, = ug|s1,, = U1, a1 = 0q...a = o) > 0.
Having that in mind, we introduce the following definition.

Definition 11.1 We say that an environment e with a state representation function ¢ is
Markov, or, for short, that ¢ is a Markov model (of e), if the process (sip,ar,1:),t € N is a
(weakly communicating) Markov decision process.

For example, consider a state-representation function ¢ that depends only on the last
observation, and that partitions the observation space into finitely many cells. Then an
environment is Markov with this representation function if the probability distribution on
the next cells only depends on the last observed cell and action. Note that there may be
many state-representation functions with which an environment e is Markov.

3 Main results

Given a set ® = {p;; j < J} of J state-representation functions (models), one of which
being a Markov model of the unknown environment e*, we want to construct a strategy
that performs nearly as well as the best algorithm that knows which ¢; is Markov, and
knows all the probabilistic characteristics (transition probabilities and rewards) of the MDP
corresponding to this model. For that purpose we define the regret of any strategy at time

T, like in Jaksch et al. (2010), Bartlett and Tewari (2009), as
T

AT)E Tp =

where r; are the rewards received when followti;llg the proposed strategy and p* is the
average optimal value in the best Markov model, ie., p* = limp %E(ZL ri(m*)) where
ri(m*) are the rewards received when following the optimal policy for the best Markov model.
Note that this definition makes sense since when the MDP is weakly communicating, the
average optimal value of reward does not depend on the initial state. Also, one could replace
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Tp* with the expected sum of rewards obtained in T steps (following the optimal policy) at
the price of an additional O(v/T) term.

In the next subsection, we describe an algorithm that achieves a sub-linear regret of order
T2/3,

3.1 Best Lower Bound (BLB) algorithm

In this section, we introduce the Best-Lower-Bound (BLB) algorithm, described in Fig-
ure 11.1.

The algorithm works in stages of doubling length. Each stage consists in 2 phases: an
exploration and an exploitation phase. In the exploration phase, BLB plays the UCRL2
algorithm on each model (¢;)1<j<s successively, as if each model ¢; was a Markov model, for
a fixed number 7; ; ; of rounds. The exploitation part consists in selecting first the model with
highest lower bound, according to the empirical rewards obtained in the previous exploration
phase. This model is initially selected for the same time as in the exploration phase, and then
a test decides to either continue playing this model (if its performance during exploitation
is still above the corresponding lower bound, i.e. if the rewards obtained are still at least as
good as if it was playing the best model). If it does not pass the test, then another model
(with second best lower-bound) is select and played, and so on. Until the exploitation phase
(of fixed length 7; ) finishes and the next stage starts.

The length of stage ¢ is fixed and defined to be 7; %1 9i Thus for a total time horizon T,

the number of stages I(T") before time 7" is I(T) o Llogy (T + 1)1 Each stage i (of length

7;) is further decomposed into an exploration (length 7;;) and an exploitation (length 7;5)
phases.

Exploration phase. All the models {¢;};<; are played one after another for the same

amount of time 7, ; © 71 Fach episode 1 < j < J consists in running the UCRL2 algo-

=
rithm using the model of states and transitions induced by the state-representation function
¢;. Note that UCRL2 does not require the horizon 7" in advance, but requires a parameter p
in order to ensure a near optimal regret bound with probability higher than 1 — p. We define

this parameter p to be §;(d) in stage i, where

5:(8) & (20 — (J71 4 1)2%/3 4 4) 1275 (11.1)

The average empirical reward received during each episode is written fi; 1(¢;).

Exploitation phase. We use the empirical rewards fi;1(p;) received in the previous
exploration part of stage ¢ together with a confidence bound in order to select the model to
play. Moreover, a model ¢ is no longer run for a fixed period of time (as in the exploration
part of stage i), but for a period 7;2(¢) that depends on some test; we first initialize J :=
{1,...,J} and then choose

> def ~ .
J = arg maX:ui,l(SOj) - 2B(27 Pis 5) ’ (112)
JjET
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Parameters: f,6
For each stage i > 1 do
Set the total length of stage i to be 7; := 2¢.

1. Exploration. Set 7;1 = Ti2/3. For each j € {1,...,J} do

— Run UCRL2 with parameter 6;() defined in (11.1) using ¢; during
7i1,7 steps: the state space is assumed to be S%, with transition
structure induced by ;.

— Compute the corresponding average empirical reward fi;1(p;) re-

ceived during this exploration phase.

2. Exploitation. Set 7;92 = 7; — 7,1 and initialize J := {1,...,J}.
While the current length of the exploitation part is less than 7; 2 do

— Select j = arg max fi;1(pj) — 2B(4,¢j,0) (using (11.3)).
JjeJ

— Run UCRL2 with parameter §;(0) using @5 update at each time step
t the current average empirical reward ﬁ,gt(goﬁ from the beginning
of the run. Provided that the length of the current run is larger than
7i1,7, do the test

ﬁz’,z,t(@;) Z ﬁm(go;) — 2B(1, @5, 5).

— If the test fails, then stop UCRL2 and set J := 7 \ {}\} fg=0
then set J :={1,...,J}.

Figure 11.1: The Best-Lower-Bound selection strategy.
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where we define

. Alo og ( Ti1, J)
B(i,,8) % 34f(r; — 1+ 71)|S,| T—” (11.3)
i1,
where § and the function f are parameters of the BLB algorithm. Then UCRL2 is played
using the selected model ¢ for the parameter 6;(d). In parallel we test whether the average
empirical reward we receive during this exploitation phase is high enough; at time ¢, if the

length of the current episode is larger than 7y ; 7, we test if

Nth(SOA) ,UZ I(SDA) _QB(i>90§> 5) (11'4)

If the test is positive, we keep playing UCRL2 using the same model. Now, if the test fails,
then the model J is discarded (until the end of stage i) i.e. we update J := 7 \ {j} and we
select a new one according to (11.2). We repeat those steps until the total time 7; 9 of the
exploitation phase of stage i is over.

Remark Note that the model selected for exploitation in (11.2) is the one that has the
best lower bound. This is a pessimistic (or robust) selection strategy. We know that if the
right model is selected, then with high probability, this model will be kept during the whole
exploitation phase. If this is not the right model, then either the policy provides good rewards
and we should keep playing it, or it does not, in which case it will not pass the test (11.4)
and will be removed from the set of models that will be exploited in this phase.

3.2 Regret analysis

Theorem 11.1 (Main result) Assume that a finite set of J state-representation functions
O is given, and there exists at least one function ¢* € ® such that with ¢©* as a state-
representation function the environment is a Markov decision process. If there are several
such models, let p* be the one with the highest average reward of the optimal policy of the
corresponding MDP. Then the regret (with respect to the optimal policy corresponding to ©*)
of the BLB algorithm run with parameter 0, for any horizon T, with probability higher than
1 — 9 is bounded as follows

1/2 1/2
A(T) < cf(T)S(AJlog ((J6)71) 1og2(T)) T%/3 4 c’DS(A 1og(5*1)1og2(T)T) +e(f, D),
(11.5)
for some numerical constants ¢, and c(f, D). The parameter f(t) can be chosen to be any
increasing function, for instance the choice f(t) :=logyt + 1, gives c(f, D) < 2.

The proof of this result is reported in Section 5.

Remark. Importantly, the algorithm considered here does mot know in advance the
diameter D of the true model, nor the time horizon 7. Due to this lack of knowledge, it uses
a guess f(t) (e.g. log(t)) on this diameter, which result in the additional regret term c(f, D)
and the additional factor f(7'); knowing D would enable to remove both of them, but this
is a strong assumption. Choosing f(t) := log,t + 1 gives a bound which is of order 72/3
in T but is exponential in D; taking f(t) := t° we get a bound of order 7%/3*¢ in T but of
polynomial order 1/¢ in D.
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4 Discussion and outlook

Intuition. The main idea why this algorithm works is as follows. The “wrong” models
are used during exploitation stages only as long as they are giving rewards that are higher
than the rewards that could be obtained in the “true” model. All the models are explored
sufficiently long so as to be able to estimate the optimal reward level in the true model, and
to learn its policy. Thus, nothing has to be known about the “wrong” models. This is in
stark contrast to the usual situation in mathematical statistics, where to be able to test a
hypothesis about a model (e.g., that the data is generated by a certain model versus some
alternative models), one has to make assumptions about alternative models. This has to be
done in order to make sure that the Type II error is small (the power of the test is large):
that this error is small has to be proven under the alternative. Here, although we are solving
seemingly the same problem, the role of the Type II error is played by the rewards. As long
as the rewards are high we do not care where the model we are using is correct or not. We
only have to ensure that the true model passes the test.

Assumptions. A crucial assumption made in this work is that the “true” model ¢* be-
longs to a known finite set. While passing from a finite to a countably infinite set appears
rather straightforward, getting rid of the assumption that this set contains the true model
seems more difficult. What one would want to obtain in this setting is sub-linear regret with
respect to the performance of the optimal policy in the best model; this, however, seems
difficult without additional assumptions on the probabilistic characteristics of the models.
Another approach not discussed here would be to try to build a good state representation
function, as what is suggested for instance in Hutter (2009). Yet another interesting general-
ization in this direction would be to consider uncountable (possibly parametric but general)
sets of models. This, however, would necessarily require some heavy assumptions on the set
of models.

Regret. The reader familiar with adversarial bandit literature will notice that our bound
of order T2/3 is worse than T''/? that usually appears in this context (see, for example Auer
et al. (1995)). The reason is that our notion of regret is different: in adversarial bandit
literature, the regret is measured with respect to the best choice of the arm for the given
fized history. In contrast, we measure the regret with respect to the best policy (for knows
the correct model and its parameters) that, in general, would obtain completely different
(from what our algorithm would get) rewards and observations right from the beginning.

Estimating the diameter? As previously mentioned, a possibly large additive constant
c(f, D) appears in the regret since we do not known a bound on the diameter of the MDP in
the “true” model, and use log T instead. Finding a way to properly address this problem by
estimating online the diameter of the MDP is an interesting open question. Let us provide
some intuition concerning this problem. First, we notice that, as reported in Jaksch et al.
(2010), when we compute an optimistic model based on the empirical rewards and transitions
of the true model, the span of the corresponding optimistic value function sp(\A/*) is always
smaller than the diameter D. This span increases as we get more rewards and transitions
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samples, which gives a natural empirical lower bound on D. However, it seems quite difficult
to compute a tight empirical upper bound on D (or sp(l/}*)). In Bartlett and Tewari (2009),
the authors derive a regret bound that scales with the span of the true value function sp(V*),
which is also less than D, and can be significantly smaller in some cases. However, since we
do not have the property that sp(‘/}*) < sp(V*), we need to introduce an explicit penalization
in order to control the span of the computed optimistic models, and this requires assuming
we know an upper bound B on sp(V*) in order to guarantee a final regret bound scaling with
B. Unfortunately this does not solve the estimation problem of D, which remains an open
question.

5 Proof of Theorem 11.1

In this section, we now detail the proof of Theorem 11.1. The proof is stated in several parts.
First we remind a general confidence bound for the UCRL2 algorithm in the true model.
Then we decompose the regret into the sum of the regret in each stage 7. After analyzing the
contribution to the regret in stage ¢, we then gather all stages and tune the length of each
stage and episode in order to get the final regret bound.

5.1 Upper and Lower confidence bounds
From the analysis of UCRL2 in Jaksch et al. (2010), we have the property that with proba-
bility higher than 1 — ¢, the regret of UCRL2 when run for 7 consecutive many steps from

time ¢; in the true model ¢* is upper bounded by
Alog(Z
p— = Z < 34D|3¢*y\/ﬁ, (11.6)
T
t=t1
where D is the diameter of the MDP. What is interesting is that this diameter does not

need to be known by the algorithm. Also by carefully looking at the proof of UCRL, it can
be shown that the following bound is also valid with probability higher than 1 — ¢":

ti+7—1
1 Alog(Z
- re— p* < 34D|S,| Alos(F)

t=t1
We now define the following quantity, for every model ¢, episode length 7 and ¢’ € (0,1)

Alog(+
Bp(r,¢,8) < 34D|S,| Alog(y) (11.7)
5.2 Regret of stage i

In this section we analyze the regret of the stage i, which we denote A;. Note that since each
stage 1 < I is of length 7; = 2¢ except the last one I that may stop before, we have

ZA“ (11.8)

where I(T) = tlogy(T + 1)1. We further decompose A; = Ay; + A, into the regret
corresponding to the exploration stage A;; and the regret corresponding to the exploitation
stage A; 2.
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7;1 1s the total length of the exploration stage ¢ and 7; o is the total length of the exploita-

. . . def 7; . .
tion stage i. For each model ¢, we write 7,7 ; = "2 the number of consecutive steps during

which the UCRL2 algorithm is run with model ¢ én the exploration stage ¢, and 7;2(¢) the
number of consecutive steps during which the UCRL2 algorithm is run with model ¢ in the
exploitation stage 1.

Good and Bad models. Let us now introduce the two following sets of models, defined
after the end of the exploration stage, i.e. at time ¢;.

g ¢ {oe®; Hialp) —2B(i,9,0) > fia(¢™) — 2B(i, 0%, 0) )\ {¢"},
B = {p€®; fualp) —2B(i,0.0) < fuin(¢*) — 2B(i,¢",0)} .

With this definition, we have the decomposition ® = G; U {¢*} U B;.

5.2.1 Regret in the exploration phase

Since in the exploration stage ¢ each model ¢ is run for 7;; ; many steps, the regret for each
model ¢ # ¢* is bounded by 7,1 5p*. Now the regret for the true model is 7; 1 ;(p* — 111 (¢"*)),
thus the total contribution to the regret in the exploration stage i is upper-bounded by

Aip < 710" — 1 (9")) +(J = DT gp™. (11.9)

5.2.2 Regret in the exploitation phase
By definition, all models in G; U {¢*} are selected before any model in B; is selected.

The good models. Let us consider some ¢ € G; and an event (); under which the
exploitation phase does not reset. The test (equation (11.4)) starts after 7;, s, thus, since
there is not reset, either 7, 5(¢) = 7,1, s in which case the contribution to the regret is bounded
by 71,00, or T,2(¢) > 71,5, in which case the regret during the (7;2(p) — 1) steps (where
the test was successful) is bounded by

(Ti2(@) = 1)(p* — Hia(p) +2B(i, ¢, 6))
(Ti2(0) = 1)(p* — i (¢*) + 2B(4, 9", 9)),

and now since in the last step ¢ fails to pass the test, this adds a contribution to the regret

(Ti2(0) = D)(p" = Hlipro(p)-1(9) <
<

at most p*.
We deduce that the total contribution to the regret of all the models ¢ € G; in the
exploitation stages on the event €); is bounded by

Nia(Gi) < max{7i1p", (Ti2(e) = D(p* — fia (") + 2B, 9%, 6)) + p*}. (11.10)

peG
The true model. First, let us note that since the total regret of the true model during the
exploitation step 7 is given by 7;2(¢*)(p* — Hiz2,:(*)) , then the total regret of the exploration
and exploitation stages in episode ¢ on {2; is bounded by

A < gt — (") + T (J = 1)p" + Ti2(0") (0" — Higtir . (97) +

> max{r; 150", (Tia(e) = 1)(p* — Fia(¢") + 2B(0,9%,0)) + p*} + Y Tiale)p” .
weG; pEB;
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Now from the analysis provided in Jaksch et al. (2010) we know that when we run the
UCRL2 with the true model ¢* with parameter J;(9), then there exists an event € ,; of
probability at least 1 — d;(d) such that on this event

p* = Hia (") < Bp(Tiag, ¢*, 6:(0))
and similarly there exists an event €2y, of probability at least 1 — §;(d), such that on this
event

p* — Hi2:(0*) < Bp(Tia(¢”), ", 61(6)) .
Now we show that, with high probability, the true model ¢* passes all the tests (equation
(11.4)) until the end of the episode i and thus equivalently, with high probability no model

p € B; is selected, so that Z Ti2(p) = 0.

For the true model, aft& s 7(p* ,t) > 7;1.7, there remains at most (7;2 — 7,15 + 1) possible
timesteps where we do the test for the true model ¢*. For each test we need to control
pi2.(p*), and the event corresponding to fi; 1(¢*) is shared by all the tests. Thus we deduce
that with probability higher than 1 — (7,2 — 7,15 +2)d;(d) we have simultaneously on all time
step until the end of exploitation phase of stage 1,

it (") — p* + p* — i (e”)
—BD(T(SD*JL), @, 5i(5)) - BD(Ti,l,Ja @, 51'(5))
_2BD(TZ',1,J7 80*7 61(5>> .

Now provided that f(¢;) > D, then Bp(7;1,7,¢",0i(0)) < B(i, ", ), thus the true model
passes all tests until the end of the exploitation part of stage 7 on an event {23 ; of probability

ﬁi,z,t(‘ﬁ*) - ﬁi,l(@*)

VoV

higher than 1 — (7,2 — 7315 + 2)0;(0). Since there is no reset, we can choose €; def Q3. Note

that on this event, we thus have Z Ti2(p) = 0.

peB;
By using a union bound over the events €;;, (s, and (23;, then we deduce that with

probability higher than 1 — (7,2 — 71,5 +4)3;(9),
Ai < TiaBp(Tiag, 9%, 0i(8))) + (110 (J — 1) + |Gillp" + 702(¢") Bp(7i2(907), %, 0:(6))
+ Z max{ (71,7 — 1)p*, (Ti2() — 1)(Bp(Ti1,, ¢", 6:(9)) + 2B(4,0*,0)} .

@Egz
Now using again the fact that f(¢;) > D, and after some simplifications, we deduce that
A; < Ti1gBp(Ting, 7, 0i(0)) + Ti2(0") Bo(Tia(9"), ¢, 6:(6))

+ Y (mialp) = D3B(i, ", 6) + iaa (] + |G| = 1)p*
peg;
Finally, we use the fact that 7Bp(7, ¢*,;(0)) is increasing with 7 to deduce the following

rough bound that holds with probability higher than 1 — (7,2 — 7517 + 4)d;(9)

A < Ti2B(i, ¢, 0) + Ti2Bp(Ti, 9", 0i(9)) + 2J 71,007,
where we used the fact that 7,2 = 7;2(¢*) + Z Tio()
peg
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5.3 Tuning the parameters of each stage.

We now conclude by tuning the parameters of each stage, i.e. the probabilities d;(0) and the
length 7;, 7,1 and 7; 2. The total length of stage ¢ is by definition

Ti =Tl +Ti2 =TixgJ +Tia,

def 2/3 7213
and then we have 7,0 = 7, — 7;'" and 7,5 = “5.
Now using these values and the definition of the bound B(i, ¢*,d), and Bp(7;.2, ¢*, 4;(9)), we

deduce with probability higher than 1 — (7,2 — 7,17 + 4)6;(9) the following upper bound

2/3
Ai < 34f(ti)5\/AJ10g(J; (5>> 2/3+34DS\/A10g (5(5))n+272/3p*,

with ¢; = 28 — 1 + 2%/3 and where we used the fact that ( 2/3> Tio < \/_72/3.

(3

; def 2/3
where 7, = 2'. So we set 7,7 = 7'2-/

We now define 6;(9) such thgt 5,(8) L (20 — (J7 4 1)2%/3 4 4) 127§
Since for the stages i € Z, = {z > 1; f(t;) < D}, the regret is bounded by A; < 7;p%,

then the total cumulative regret of the algorithm is bounded with probability higher than
1 — 0 (using the defition of the 6;(d)) by

A(T) < Z[34f(ti)8\/JA log (23;3) +2]2%/3 4 34D Sy | Alog (?)2 +3 2.

i¢To i€ T
where t; = 20 — 1 4 22/3 L T
We conclude by using the fact that since I(T") < logy(7'+1), then with probability higher
than 1 — ¢, the following bound on the regret holds

1/2 1/2
A(T) < ¢ f(T)s(Ajlog(J(syl 1og2(T)> T3 4 c’Ds(A log(671) 1og2<T)T) +e(f, D).
for some constant c, ¢/, and where c(f, D) = ;1. 2ip*. Now for the special choice when

FT) € 1og, (T + 1), then i € Ty means 2 + 2%/3 < 2P 4 2 thus we must have i < D, and
thus c(f,d) < 2P.



CHAPTER 12

Perspectives and Future Work.

In this concluding section, I would like to briefly mention some of the immediate future works
already planned after this PhD thesis. First, there are obviously some natural extensions to
the chapters presented here.

e Following chapter 2 and the work by Garivier and Cappé (2011), it is natural to extend
the use of the Kullback-Leibler divergence in bandit theory to other classes of distri-
butions. This would require techniques coming from transport theory and non trivial
extensions of Sanov’s Theorem.

e It seems natural to extend the ideas developped in chapter 4 and chapter 11 about model
selection or model aggregation in bandit, game theory and reinforcement learning. This
will require developing tools for non-asymptotic hypothesis testing, and is also linked
with code theory as well as random graphs, and definitely opens a large avenue of
research about the question of adaptivity in sequential learning.

e Also it seems natural to apply recent advances from PAC analysis to bandits, and
continue developing this field of research, see chapter 5.

e Chapter 6 studies the use of Gaussian random matrices for regression, that are designed
in a non-adaptive way. It seems natural to extend this idea to data-driven matrix gen-
eration, which would need a more intricate analysis due to the fact that this introduces
a dependency. Of course the same idea, i.e. to use a data-dependent random operator,
applies to chapter 7 as well.

e [t would be very nice to apply results for regression with Markov design such as those
developped by Stéphane Gaiffas to the TD algorithm, as it would enable to both gen-
eralize and unify chapter 9 and chapter 10.

Of course there are plenty of other perspectives of research, including studying the effect of
adding a numerical cost to the notion of regret in bandit, addressing the cover-shift problem
in reinforcement learning, working on inverse reinforcement learning as well as topics raised
in the foreword chapter...etc. I would really like to work on the scarcely addressed problem
of cooperative bandits, from a non-asymptotic and adaptive perspective, all the more so
that there is a big practical motivation coming from Brain Machine Interfaces as well as few
theoretical results.
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Finally, better understanding the statistical properties of the empirical processes involved
in regression or in reinforcement learning by means of local central limit theorems and adap-
tive confidence bounds (for instance) is a deep, interesting question that would allow for
much more precise statements than only current first-order analysis. This is left for future
work.

More generally, developing the right theoretical tools that enable to both address such
questions and at the same time can be used in practical algorithms is actually challenging
and needs communication between seemingly distant areas of research, which is difficult.
However I believe that we really need strong ideas both practical and theoretical in order to
succeed in such a task, and thus strong communication as well.



Summary of Scientific Activity.

Here is a brief overview of the research activity during these three years.

Publications. Note that conference papers and journals currently under review do not
appear in this list.

2011
e Finite-Time Analysis of Multi-armed Bandits Problems with Kullback-Leibler
Divergences, Maillard et al. (2011).
e Adaptive bandits: Towards the best history-dependent strategy, Maillard and
Munos (2011).
2010
e Finite-Sample Analysis of Bellman Residual Minimization, Maillard et al.
(2010).
e Scrambled Objects for Least-Squares Regression, Maillard and Munos (2010a).
e LSTD with Random Projections, Ghavamzadeh et al. (2010a).
e Online Learning in Adversarial Lipschitz Environments, Maillard and Munos
(2010Db).
2009

e Compressed Least Squares Regression, Maillard and Munos (2009).

Complexity versus Agreement for Many Views, Maillard and Vayatis (2009).

Broadcast. Finally, as a service to the profession, I created the google group “Prob-
ability and Statistics news” [PS-news:http://groups.google.fr/group/maths-ps-news|
in order to help broadcasting job announcements or conference events related to math-
ematical probability and statistics, like the google group “Machine-Learning news” [ML-
news:http://groups.google.fr/group/ml-news| does successfully for the machine learn-
ing community. The goal is here to provide a tool in order to facilitate inter and intra-
communication for the two strong communities of Probability and of Statistics at a world-
scale level.
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