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ABSTRACT: This monograph deals with adaptive supervised classification,
using tools borrowed from statistical mechanics and information theory,
stemming from the PAC-Bayesian approach pioneered by David McAllester
and applied to a conception of statistical learning theory forged by Vladimir
Vapnik. Using convex analysis on the set of posterior probability measures,
we show how to get local measures of the complexity of the classification
model involving the relative entropy of posterior distributions with respect
to Gibbs posterior measures. We then discuss relative bounds, comparing
the generalization error of two classification rules, showing how the margin
assumption of Mammen and Tsybakov can be replaced with some empirical
measure of the covariance structure of the classification model. We show
how to associate to any posterior distribution an effective temperature relat-
ing it to the Gibbs prior distribution with the same level of expected error
rate, and how to estimate this effective temperature from data, resulting
in an estimator whose expected error rate converges according to the best
possible power of the sample size adaptively under any margin and paramet-
ric complexity assumptions. We describe and study an alternative selection
scheme based on relative bounds between estimators, and present a two
step localization technique which can handle the selection of a parametric
model from a family of those. We show how to extend systematically all the
results obtained in the inductive setting to transductive learning, and use
this to improve Vapnik’s generalization bounds, extending them to the case
when the sample is made of independent non-identically distributed pairs of
patterns and labels. Finally we review briefly the construction of Support
Vector Machines and show how to derive generalization bounds for them,
measuring the complexity either through the number of support vectors or
through the value of the transductive or inductive margin.
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Introduction

Among the possible approaches to pattern recognition, statistical learning
theory has received a lot of attention in the last few years. Although a
realistic pattern recognition scheme involves data pre-processing and post-
processing that need a theory of their own, a central role is often played by
some kind of supervised learning algorithm. This central building block is
the subject we are going to analyse in these notes.

Accordingly, we assume that we have prepared in some way or another a
sample of N labelled patterns (X;,Y;)Y,, where X; ranges in some pattern
space X and Y; ranges in some finite label set Y. We also assume that we
have devised our experiment in such a way that the couples of random vari-
ables (X;,Y;) are independent (but not necessarily equidistributed). Here,
randomness should be understood to come from the way the statistician
has planned his experiment. He may for instance have drawn the X;s at
random from some larger population of patterns the algorithm is meant to
be applied to in a second stage. The labels Y; may have been set with the
help of some external expertise (which may itself be faulty or contain some
amount of randomness, so we do not assume that Y; is a function of Xj,
and allow the couple of random variables (X;,Y;) to follow any kind of joint
distribution). In practice, patterns will be extracted from some high dimen-
sional and highly structured data, such as digital images, speech signals,
DNA sequences, etc. We will not discuss this pre-processing stage here, al-
though it poses crucial problems dealing with segmentation and the choice of
a representation. The aim of supervised classification is to choose some clas-
sification rule f : X — Y which predicts Y from X making as few mistakes
as possible on average.

The choice of f will be driven by a suitable use of the information provided
by the sample (X;,Y;)Y, on the joint distribution of X and Y. Moreover,
considering all the possible measurable functions f from X to Y would not
be feasible in practice and maybe more importantly not well founded from a
statistical point of view, at least as soon as the pattern space X is large and
little is known in advance about the joint distribution of patterns X and
labels Y. Therefore, we will consider parametrized subsets of classification
rules {fp : X — Y; 0 € ©,,,}, m € M, which may be grouped to form a big
parameter set © = J,,,c;; Om.

The subject of this monograph is to introduce to statistical learning the-



6 Introduction

ory, and more precisely to the theory of supervised classification, a number of
technical tools akin to statistical mechanics and information theory, dealing
with the concepts of entropy and temperature. A central task will in partic-
ular be to control the mutual information between an estimated parameter
and the observed sample. The focus will not be directly on the descrip-
tion of the data to be classified, but on the description of the classification
rules. As we want to deal with high dimensional data, we will be bound
to consider high dimensional sets of candidate classification rules, and will
analyse them with tools very similar to those used in statistical mechanics to
describe particle systems with many degrees of freedom. More specifically,
the sets of classification rules will be described by Gibbs measures defined
on parameter sets and depending on the observed sample value. A Gibbs
measure is the special kind of probability measure used in statistical me-
chanics to describe the state of a particle system driven by a given energy
function at some given temperature. Here, Gibbs measures will emerge as
minimizers of the average loss value under entropy (or mutual information)
constraints. Entropy itself, more precisely the Kullback divergence function
between probability measures, will emerge in conjunction with the use of
exponential deviation inequalities: indeed, the log-Laplace transform may
be seen as the Legendre transform of the Kullback divergence function, as
will be stated in Lemma 1.1.3 (page 16).

To fix notation, let (X;,Y;)XY; be the canonical process on Q = (X x Y)¥
(which means the coordinate process). Let the pattern space be provided
with a sigma-algebra B turning it into a measurable space (X,B). On the
finite label space Y, we will consider the trivial algebra B’ made of all its
subsets. Let M4 [(K x Y)N, (B @ B')®N] be our notation for the set of prob-
ability measures (i.e. of positive measures of total mass equal to 1) on the
measurable space [(X x Y), (B x B')®N]. Once some probability distribu-
tion P € ML[(X x Y)V, (B ® B')®N] is chosen, it turns (X;, ;)X into the
canonical realization of a stochastic process modelling the observed sample
(also called the training set). We will assume that P = ®f\i 1 Pi, where for
eachi=1,...,N, P, € M#(DC x Y, B ® B’), to reflect the assumption that
we observe independent pairs of patterns and labels. We will also assume
that we are provided with some indexed set of possible classification rules

Re = {fo: X — Y;0 € O},

where (0, 7) is some measurable index set. Assuming some indexation of
the classification rules is just a matter of presentation. Although it leads
to heavier notation, it allows us to integrate over the space of classification
rules as well as over (2, using the usual formalism of multiple integrals. For
this matter, we will assume that (6,z) — fyp(z) : (O x X, BRT) — (Y, B’)
is a measurable function.

In many cases, as already mentioned, © = J,,c;; Om Will be a finite
(or more generally countable) union of subspaces, dividing the classification

model Rg = |,,cas Ro,, into a union of sub-models. The importance of
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introducing such a structure has been put forward by V. Vapnik, as a way
to avoid making strong hypotheses on the distribution P of the sample. If
neither the distribution of the sample nor the set of classification rules were
constrained, it is well known that no kind of statistical inference would be
possible. Considering a family of sub-models is a way to provide for adaptive
classification where the choice of the model depends on the observed sample.
Restricting the set of classification rules is more realistic than restricting the
distribution of patterns, since the classification rules are a processing tool
left to the choice of the statistician, whereas the distribution of the patterns
is not fully under his control, except for some planning of the learning ex-
periment which may enforce some weak properties like independence, but
not the precise shapes of the marginal distributions P; which are as a rule
unknown distributions on some high dimensional space.

In these notes, we will concentrate on general issues concerned with a
natural measure of risk, namely the expected error rate of each classification
rule fy, expressed as

1 N
NZ: i) # Y. (0.1)

As this quantity is unobserved, we will be led to work with the corresponding
empirical error rate

1 N
0.) = 5 L LX) # ¥, (02)

This does not mean that practical learning algorithms will always try to
minimize this criterion. They often on the contrary try to minimize some
other criterion which is linked with the structure of the problem and has
some nice additional properties (like smoothness and convexity, for exam-
ple) Nevertheless, and independently of the precise form of the estimator
f:Q — © under study, the analysis of R(G) is a natural question, and often
corresponds to what is required in practice.

Answering this question is not straightforward because, although R(0) is
the expectation of r(#), a sum of independent Bernoulli random variables,
R(@) is not the expectation of r(a), because of the dependence of § on
the sample, and neither is r(@\) a sum of independent random variables.
To circumvent this unfortunate situation, some uniform control over the
deviations of r from R is needed.

We will follow the PAC-Bayesian approach to this problem, originated in
the machine learning community and pioneered by McAllester (1998, 1999).
It can be seen as some variant of the more classical approach of M-estimators
relying on empirical process theory — as described for instance in Van de
Geer (2000).

It is built on some general principles:
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e One idea is to embed the set of estimators of the type h:0— 0
into the larger set of regular conditional probability measures p :
(2, (BaB)®N) — ML(O,T). We will call these conditional probabil-
ity measures posterior distributions, to follow standard terminology.

e A second idea is to measure the fluctuations of p with respect to the
sample, using some prior distribution 7 € M}r(@, T), and the Kullback
divergence function K(p, 7). The expectation P{X(p, )} measures the
randomness of p. The optimal choice of m would be P(p), resulting in
a measure of the randomness of p equal to the mutual information
between the sample and the estimated parameter drawn from p. Any-
how, since P(p) is usually not better known than PP, we will have to
be content with some less concentrated prior distribution =, result-
ing in some looser measure of randomness, as shown by the identity
P[X(p,m)] = P{X[p,P(p)]} + K[P(p), 7]

e A third idea is to analyse the fluctuations of the random process
0 +— r(0) from its mean process 6 — R(6) through the log-Laplace
transform

_i log { / / exp [—Ar(@,w)]ﬂ(dQ)P(dW)} :

as would be done in statistical mechanics, where this is called the
free energy. This transform is well suited to relate mingeg 7(0) to
infgpce R(0), since for large enough values of the parameter A, cor-
responding to low enough values of the temperature, the system has
small fluctuations around its ground state.

e A fourth idea deals with localization. It consists of considering a prior
distribution 7 depending on the unknown expected error rate function
R. Thus some central result of the theory will consist in an empiri-
cal upper bound for fK[p,wexp(_ﬁR)], where ey, (—gR), defined by its

density
d exp(—BR)

%[WeXP(—ﬂR)] = 7[exp(—BR)]’

is a Gibbs distribution built from a known prior distribution © €
ML(@,‘J’), some inverse temperature parameter 5 € R, and the ex-
pected error rate R. This bound will in particular be used when p is
a posterior Gibbs distribution, of the form me,_g,). The general idea
will be to show that in the case when p is not too random, in the sense
that it is possible to find a prior (that is non-random) distribution 7
such that K(p,7) is small, then p(r) can be reliably taken for a good
approximation of p(R).

This monograph is divided into four chapters. The first deals with the
inductive setting presented in these lines. The second is devoted to relative
bounds. It shows that it is possible to obtain a tighter estimate of the mutual
information between the sample and the estimated parameter by comparing
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prior and posterior Gibbs distributions. It shows how to use this idea to
obtain adaptive model selection schemes under very weak hypotheses.

The third chapter introduces the transductive setting of V. Vapnik (Vap-
nik, 1998), which consists in comparing the performance of classification
rules on the learning sample with their performance on a test sample in-
stead of their average performance. The fourth one is a fast introduction to
Support Vector Machines. It is the occasion to show the implications of the
general results discussed in the three first chapters when some particular
choice is made about the structure of the classification rules.

In the first chapter, two types of bounds are shown. Empirical bounds
are useful to build, compare and select estimators. Non random bounds are
useful to assess the speed of convergence of estimators, relating this speed
to the behaviour of the Gibbs prior expected error rate 3 +— Teyp(—gr)(R)
and to covariance factors related to the margin assumption of Mammen
and Tsybakov when a finer analysis is performed. We will proceed from the
most straightforward bounds towards more elaborate ones, built to achieve
a better asymptotic behaviour. In this course towards more sophisticated
inequalities, we will introduce local bounds and relative bounds.

The study of relative bounds is expanded in the third chapter, where
tighter comparisons between prior and posterior Gibbs distributions are
proved. Theorems 2.1.3 (page 72) and 2.2.4 (page 93) present two ways
of selecting some nearly optimal classification rule. They are both proved
to be adaptive in all the parameters under Mammen and Tsybakov margin
assumptions and parametric complexity assumptions. This is done in Corol-
lary 2.1.17 (page 86) of Theorem 2.1.15 (page 85) and in Theorem 2.2.11
(page 110). In the first approach, the performance of a randomized estima-
tor modelled by a posterior distribution is compared with the performance
of a prior Gibbs distribution. In the second approach posterior distributions
are directly compared between themselves (and leads to slightly stronger
results, to the price of using a more complex algorithm). When there are
more than one parametric model, it is appropriate to use also some doubly
localized scheme: two step localization is presented for both approaches, in
Theorems 2.3.2 (page 116) and 2.3.9 (page 131) and provides bounds with a
decreased influence of the number of empirically inefficient models included
in the selection scheme.

We would not like to induce the reader into thinking that the most sophis-
ticated results presented in these first two chapters are necessarily the most
useful ones, they are as a rule only more efficient asymptotically, whereas,
being more involved, they use looser constants leading to less precision for
small sample sizes. In practice whether a sample is to be considered small is
a question of the ratio between the number of examples and the complexity
(roughly speaking the number of parameters) of the model used for classifica-
tion. Since our aim here is to describe methods appropriate for complex data
(images, speech, DNA| ...), we suspect that practitioners wanting to make
use of our proposals will often be confronted with small sample sizes; thus
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we would advise them to try the simplest bounds first and only afterwards
see whether the asymptotically better ones can bring some improvement.

We would also like to point out that the results of the first two chapters
are not of a purely theoretical nature: posterior parameter distributions can
indeed be computed effectively, using Monte Carlo techniques, and there
is well-established know-how about these computations in Bayesian statis-
tics. Moreover, non-randomized estimators of the classical form 6 : Q — ©
can be efficiently approximated by posterior distributions p : @ — M (©)
supported by a fairly narrow neighbourhood of é\, more precisely a neigh-
bourhood of the size of the typical fluctuations of 5, so that this randomized
approximation of # will most of the time provide the same classification as
0 itself, except for a small amount of dubious examples for which the clas-
sification provided by 6 would anyway be unreliable. This is explained on
page 20.

As already mentioned, the third chapter is about the transductive setting,
that is about comparing the performance of estimators on a training set and
on a test set. We show first that this comparison can be based on a set of
exponential deviation inequalities which parallels the one used in the induc-
tive case. This gives the opportunity to transport all the results obtained in
the inductive case in a systematic way. In the transductive setting, the use
of prior distributions can be extended to the use of partially exchangeable
posterior distributions depending on the union of training and test patterns,
bringing increased possibilities to adapt to the data and giving rise to such
crucial notions of complexity as the Vapnik—Cervonenkis dimension.

Having done so, we more specifically focus on the small sample case, where
local and relative bounds are not expected to be of great help. Introducing
a fictitious (that is unobserved) shadow sample, we study Vapnik-type gen-
eralization bounds, showing how to tighten and extend them with some
original ideas, like making no Gaussian approximation to the log-Laplace
transform of Bernoulli random variables, using a shadow sample of arbi-
trary size. shrinking from the use of any symmetrization trick, and using a
suitable subset of the group of permutations to cover the case of indepen-
dent non-identically distributed data. The culminating result of the third
chapter is Theorem 3.3.3 (page 153), subsequent bounds showing the sep-
arate influence of the above ideas and providing an easier comparison with
Vapnik’s original results. Vapnik-type generalization bounds have a broad
applicability, not only through the concept of Vapnik—Cervonenkis dimen-
sion, but also through the use of compression schemes (Little et al., 1986),
which are briefly described on page 144.

The beginning of the fourth chapter introduces Support Vector Machines,
both in the separable and in the non-separable case (using the box con-
straint). We then describe different types of bounds. We start with com-
pression scheme bounds, to proceed with margin bounds. We begin with
transductive margin bounds, recalling on this occasion in Theorem 4.2.2
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(page 174) the growth bound for a family of classification rules with given
Vapnik—Cervonenkis dimension. In Theorem 4.2.4 (page 176) we give the
usual estimate of the Vapnik—Cervonenkis dimension of a family of separat-
ing hyperplanes with a given transductive margin (we mean by this that the
margin is computed on the union of the training and test sets). We present
an original probabilistic proof inspired by a similar one from Cristianini et
al. (2000), whereas other proofs available usually rely on the informal claim
that the simplex is the worst case. We end this short review of Support
Vector Machines with a discussion of inductive margin bounds. Here the
margin is computed on the training set only, and a more involved combina-
torial lemma, due to Alon et al. (1997) and recalled in Lemma 4.2.6 (page
180) is used. We use this lemma and the results of the third chapter to
establish a bound depending on the margin of the training set alone.

In appendix, we finally discuss the textbook example of classification by
thresholding: in this setting, each classification rule is built by thresholding
a series of measurements and taking a decision based on these thresholded
values. This relatively simple example (which can be considered as an in-
troduction to the more technical case of classification trees) can be used to
give more flesh to the results of the first three chapters.

It is a pleasure to end this introduction with my greatest thanks to An-
thony Davison, for his careful reading of the manuscript and his numerous
suggestions.
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Chapter 1

Inductive PAC-Bayesian
learning

The setting of inductive inference (as opposed to transductive inference to
be discussed later) is the one described in the introduction.

When we will have to take the expectation of a random variable Z : Q —
R as well as of a function of the parameter h : © — R with respect to some
probability measure, we will as a rule use short functional notation instead
of resorting to the integral sign: thus we will write P(Z) for [, Z(w)P(dw)
and 7(h) for f@ h(0)w(de).

A more traditional statistical approach would focus on estimators 0
! — O of the parameter § and be interested on the relationship between
the empirical error rate r(0), defined by equation (0.1, page 7), which is the
number of errors made on the sample, and the expected error rate R(g),
defined by equation (0.2, page 7), which is the expected probability of error
on new instances of patterns. The PAC—BayesianAapproach instead chooses
a broader perspective and allows the estimator 6 to be drawn at random
using some auxiliary source of randomness to smooth the dependence of
9 on the sample. One way of representing the supplementary randomness
allowed in the choice of é\, is to consider what it is usual to call posterior
distributions on the parameter space, that is probability measures p :  —
M}F(@, T), depending on the sample, or from a technical perspective, regular
conditional (or transition) probability measures. Let us recall that we use the
model described in the introduction: the training sample is modelled by the
canonical process (X;,Y;)N, on Q = (f)C X H)N, and a product probability
measure P = ®fi 1 P on Q is considered to reflect the assumption that
the training sample is made of independent pairs of patterns and labels.
The transition probability measure p, along with P € ML(Q), defines a
probability distribution on 2 x © and describes the conditional distribution
of the estimated parameter ) knowing the sample (X;, Y;)Y,.

The main subject of this broadened theory becomes to investigate the
relationship between p(7), the average error rate of 6 on the training sample,

13



14 Chapter 1. Inductive PAC-Bayesian learning

and p(R), the expected error rate of 0 on new samples. The first step towards
using some kind of thermodynamics to tackle this question, is to consider the
Laplace transform of p(R) — p(r), a well known provider of non-asymptotic
deviation bounds. This transform takes the form

P{exp|A[p(R) - p(r)] | }.

where some inverse temperature parameter A € R, as a physicist would
call it, is introduced. This Laplace transform would be easy to bound if p
did not depend on w € Q (namely on the sample), because p(R) would then
be non-random, and

1 N

plr) =5 D_rlYi # fo(X0)],

=1

would be a sum of independent random variables. It turns out, and this will
be the subject of the next section, that this annoying dependence of p on w
can be quantified, using the inequality

p(R) = p(r) < A~ log{r [exp[A(R — 1)]| } + A% (p, ),

which holds for any probability measure 7 € M_lk(@) on the parameter space;
for our purpose it will be appropriate to consider a prior distribution 7
that is non-random, as opposed to p, which depends on the sample. Here,
K(p, ) is the Kullback divergence of p from m, whose definition will be
recalled when we will come to technicalities; it can be seen as an upper
bound for the mutual information between the (X;,Y;)Y; and the estimated
parameter 9. This inequality will allow us to relate the penalized difference
p(R) — p(r) — A~1K(p, ) with the Laplace transform of sums of independent
random variables.

1.1. BASIC INEQUALITY

Let us now come to the details of the investigation sketched above. The
first thing we will do is to study the Laplace transform of R(6) — r(0), as
a starting point for the more general study of p(R) — p(r): it corresponds
to the simple case where 9 is not random at all, and therefore where p is a
Dirac mass at some deterministic parameter value 6.

In the setting described in the introduction, let us consider the Bernoulli
random variables 0;(0) = 1[Y; # fo(X;)], which indicates whether the clas-
sification rule fy made an error on the ith component of the training sample.
Using independence and the concavity of the logarithm function, it is readily
seen that for any real constant A
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log{]P{exp[— } Zlog{ [exp Z)}}
< Nlog{]i[ i\f;IP [exp(—%ai)} }

The right-hand side of this inequality is the log-Laplace transform of a
Bernoulli distribution with parameter - Zf\il P(0;) = R(#). As any Bernoulli
distribution is fully defined by its parameter, this log-Laplace transform is
necessarily a function of R(#). It can be expressed with the help of the family
of functions

®,4(p) = —a 'log{l — [1 —exp(—a)|p}, a€R,pe(0,1). (1.1)

It is immediately seen that ®, is an increasing one-to-one mapping of the
unit interval onto itself, and that it is convex when a > 0, concave when
a < 0 and can be defined by continuity to be the identity when a = 0.
Moreover the inverse of @, is given by the formula

3-1(g) 1 — exp(—aq)

= R,q € (0,1).

This formula may be used to extend ®;! to ¢ € R, and we will use this
extension without further notice when required.
Using this notation, the previous inequality becomes

log{IP{exp[—)\r(Q)]}} < —)\<I>% [R(G)], proving

LEMMA 1.1.1. For any real constant A and any parameter 0 € O,

P{exp{A[% [R(0)] — r(@)} }} <1

In previous versions of this study, we had used some Bernstein bound, in-
stead of this lemma. Anyhow, as it will turn out, keeping the log-Laplace
transform of a Bernoulli instead of approximating it provides simpler and
tighter results.

Lemma 1.1.1 implies that for any constants A € Ry and € €)0, 1),

P [@Q [R(0)] + logf) < 7“(6’)] >1-e

log(€)
A

Choosing \ € arg max <I>% [R(0)] + , we deduce
+

LEMMA 1.1.2. For any € €)0,1), any 0 € O,

]P{R(e) < inf @3 { (6) — log;e)]} >1—e

AeR 4 ﬁ
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We will illustrate throughout these notes the bounds we prove with a small
numerical example: in the case where N = 1000, ¢ = 0.01 and r(0) = 0.2,
we get with a confidence level of 0.99 that R(6) < .2402, this being obtained
for A = 234.

Now, to proceed towards the analysis of posterior distributions, let us

put Ux(0,w) = )\[@% [R(6)] — r(@,w)] for short, and let us consider some

prior probability distribution 7 € M (O, T). A proper choice of 7 will be an
important question, underlying much of the material presented in this mono-
graph, so for the time being, let us only say that we will let this choice be as
open as possible by writing inequalities which hold for any choice of 7 . Let
us insist on the fact that when we say that 7 is a prior distribution, we mean
that it does not depend on the training sample (X;, Y;)Y ,. The quantity of

interest to obtain the bound we are looking for is log{IP{ﬂ [exp(UA)H }
Using Fubini’s theorem for non-negative functions, we see that

log{IP |:7T [exp(U,\)H } = log{ﬂ[IP [exp(UA)]] } <0.

To relate this quantity to the expectation p(Uy) with respect to any poste-
rior distribution p :  — M}r(@), we will use the properties of the Kullback
divergence X (p, ) of p with respect to m, which is defined as

[log(%)dp,  when p is absolutely continuous
K(p,m) = with respect to ,

400, otherwise.

The following lemma shows in which sense the Kullback divergence function
can be thought of as the dual of the log-Laplace transform.

LEMMA 1.1.3. For any bounded measurable function h : © — R, and any
probability distribution p € ML (©) such that X(p,m) < oo,

log{ﬂ-[exp(h)] } = p(h) - :K(pv 7T) + x(pv 7Texp(h))v

dTexp(n)  explh(0)]

where by definition i lexp()] Consequently
log{m[exp(h)]]} = sup p(h) —K(p, 7).
peEML (©)

The proof is just a matter of writing down the definition of the quanti-
ties involved and using the fact that the Kullback divergence function is
non-negative, and can be found in Catoni (2004, page 160). In the duality
between measurable functions and probability measures, we thus see that
the log-Laplace transform with respect to 7 is the Legendre transform of
the Kullback divergence function with respect to 7. Using this, we get

lP{eXp{ ejs\}[llp(@)p[U)\(H)] - j<(pﬂf)}} <1,
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which, combined with the convexity of A® » , proves the basic inequality we
N
were looking for.

THEOREM 1.1.4. For any real constant A,

ples| s Ao, o) - o] - 06|}

peM (©)

< IP{exp Lejsvlé%) /\[p(@%oR) - p(r)} - Jc(p,ﬂ)} } <1

We insist on the fact that in this theorem, we take a supremum in p €
ML (©) inside the expectation with respect to P, the sample distribution.
This means that the proved inequality holds for any p depending on the
training sample, that is for any posterior distribution: indeed, measurability
questions set aside,

IP{exp[ sup A[P[UA(Q)]_K(“W)H}

pEN, (©)

-  sup o IP{eXp [A [p[UA(0)] — K(p, ﬂ)]H }

p:Q—>J\/[}r

and more formally,

s e pln0)] -0

p:Q—J\/&

§IP{exp[ sup )\[p[U)\(Q)]_j{(paﬂ-)}]}’

peEM} (©)

where the supremum in p taken in the left-hand side is restricted to regular
conditional probability distributions.
The following sections will show how to use this theorem.

1.2. NON LOCAL BOUNDS

At least three sorts of bounds can be deduced from Theorem 1.1.4.

The most interesting ones with which to build estimators and tune pa-
rameters, as well as the first that have been considered in the development
of the PAC-Bayesian approach, are deviation bounds. They provide an em-
pirical upper bound for p(R) — that is a bound which can be computed
from observed data — with some probability 1 — €, where € is a presumably
small and tunable parameter setting the desired confidence level.

Anyhow, most of the results about the convergence speed of estimators
to be found in the statistical literature are concerned with the expectation
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IP[,O(R)], therefore it is also enlightening to bound this quantity. In order
to know at which rate it may be approaching infg R, a non-random upper
bound is required, which will relate the average of the expected risk P [,o(R)]
with the properties of the contrast function 6 — R(0).

Since the values of constants do matter a lot when a bound is to be used
to select between various estimators using classification models of various
complexities, a third kind of bound, related to the first, may be considered
for the sake of its hopefully better constants: we will call them wunbiased
empirical bounds, to stress the fact that they provide some empirical quan-
tity whose expectation under IP can be proved to be an upper bound for
P [,o(R)], the average expected risk. The price to pay for these better con-
stants is of course the lack of formal guarantee given by the bound: two
random variables whose expectations are ordered in a certain way may very
well be ordered in the reverse way with a large probability, so that basing
the estimation of parameters or the selection of an estimator on some unbi-
ased empirical bound is a hazardous business. Anyhow, since it is common
practice to use the inequalities provided by mathematical statistical theory
while replacing the proven constants with smaller values showing a better
practical efficiency, considering unbiased empirical bounds as well as devia-
tion bounds provides an indication about how much the constants may be
decreased while not violating the theory too much.

1.2.1. UNBIASED EMPIRICAL BOUNDS. Let p: Q — ML (©) be some fixed
(and arbitrary) posterior distribution, describing some randomized estima-
tor 0 : Q2 — O. As we already mentioned, in these notes a posterior distri-
bution will always be a regular conditional probability measure. By this we
mean that

e for any A € T, the map w — p(w,4) : (2, (B ® B)*N) — Ry is
assumed to be measurable;

e for any w € Q, the map A — p(w, A) : T — R4 is assumed to be a
probability measure.

We will also assume without further notice that the o-algebras we deal
with are always countably generated. The technical implications of these
assumptions are standard and discussed for instance in Catoni (2004, pages
50-54), where, among other things, a detailed proof of the decomposition of
the Kullback Liebler divergence is given.

Let us restrict to the case when the constant A is positive. We get from
Theorem 1.1.4 that

exp {A{% Plo(R)]| = P[o(r)] } — P[X(p, w)}} <1, (12

where we have used the convexity of the exp function and of ® . Since we
N
have restricted our attention to positive values of the constant A\, equation
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(1.2) can also be written

P[p(R)] < <I>§1{1P[p(7“) + A" K(p, )] }

~
leading to

THEOREM 1.2.1. For any posterior distribution p :  — Mﬁ(@), for any
positive parameter A,

1—exp [—N_IIP [)\p(T) + XK(p, 77)]}

1 —exp(—4)

A K(p, )
S]P{N[l—exp(—]i‘[)] [p(r)—l— A ]}

The last inequality provides the unbiased empirical upper bound for p(R) we
were looking for, meaning that the expectation of
2 [p(r) + %ﬂ} is larger than the expectation of p(R). Let us
N [1—exp(—% ]

notice that 1 < % < [1 — ﬁ]_l and therefore that this coeffi-
N [1—exp(—ﬁ)]

cient is close to 1 when A is significantly smaller than V.

If we are ready to believe in this bound (although this belief is not mathe-
matically well founded, as we already mentioned), we can use it to optimize
A and to choose p. While the optimal choice of p when A is fixed is, according
to Lemma 1.1.3 (page 16), to take it equal to Texp(—Ar), & Gibbs posterior
distribution, as it is sometimes called, we may for computational reasons be
more interested in choosing p in some other class of posterior distributions.

For instance, our real interest may be to select some non-randomized
estimator from a family 60, : Q@ — 0,,, m € M, of possible ones, where
O,, are measurable subsets of ©® and where M is an arbitrary (non nec-
essarily countable) index set. We may for instance think of the case when
0 € argming,, 7. We may slightly randomize the estimators to start with,
considering for any 6 € ©,, and any m € M,

P[p(R)] <

Am(0) = {0 € O [fo (X)L, = [foxa)] Y, },

and defining p,, by the formula

o gy _ 110 € M)
dm m[An@n)]

Our posterior minimizes K(p, 7) among those distributions whose support
is restricted to the values of 6 in ©,, for which the classification rule fy is
identical to the estimated one f@n on the observed sample. Presumably, in
many practical situations, fy(x) will be p;, almost surely identical to f5 (z)
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when 6 is drawn from p,,, for the vast majority of the values of z € X and
all the sub-models ©,,, not plagued with too much overfitting (since this is
by construction the case when x € {X; : i =1,..., N}). Therefore replacing
§m with py, can be expected to be a minor change in many situations. This
change by the way can be estimated in the (admittedly not so common) case
when the distribution of the patterns (X;)¥ ; is known. Indeed, introducing
the pseudo distance

NZ]P f9 7éf9’( )]7 979/€®a (13)

one immediately sees that R(6") < R(0) + D(0,6’), for any 6,0" € ©, and
therefore that R N
R(0) < pm(R) + pm [D(-, tgm)}

Let us notice also that in the case where O, C R% and R happens to
be convex on A,, (0 ), then pp(R) > R[[ 0pm d@)], and we can replace
O with 6, = J 0pm(df), and obtain bounds for R(6,,). This is not a very
heavy assumption about R, in the case where we consider 0 € argming,, 7.
Indeed, Hm, and therefore A, (0 ), will presumably be close to arg ming,, R,
and requiring a function to be convex in the neighbourhood of its minima
is not a very strong assumption.

Since r(0) = pm(r), and K(pm, ) = —log{ﬂ[Am(@\m)] }, our unbiased
empirical upper bound in this context reads as

) {r@m) _ Logtrln Bu)]} } |

N[1- exp(—%)]

Let us notice that we obtain a complexity factor — log{W[Am(é\m)] } which
may be compared with the Vapnik—Cervonenkis dimension. Indeed, in the
case of binary classification, when using a classification model with Vapnik—
Cervonenkis dimension not greater than h,,, that is when any subset of X
which can be split in any arbitrary way by some classification rule fy of the
model ©,, has at most h,, points, then

{An(0):0€0,)}

N hm

is a partition of ©,, with at most (e components: these facts, if not

already familiar to the reader, will be proved in Theorems 4.2.2 and 4.2.3
(page 174). Therefore

eN
eie%fm —log{m[Am(0)]} < humlog <hm) — log[7(Om)].

Thus, if the model and prior distribution are well suited to the classification
task, in the sense that there is more “room” (where room is measured with
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m) between the two clusters defined by O, than between other partitions of
the sample of patterns (X;)¥,, then we will have

eN

—log{ 7 [An(@)]} < B log ( - ) ~ log[r(Om)].

m

An optimal value m may be selected so that

R e A ~ log{n[An(Bm)]}
m € arg min {)\g}lRf+ N[ = exn(=3)] <7“(9m) - 3 ) } .

Since pg, is still another posterior distribution, we can be sure that

]P{R(9m) — pa[D(, gm)]} < Ppm(R)]

. A ~ 10g{7T[Af;L(§;ﬁ)]}
<nf P {N[l ] (T(é’m) - 3 ) } :

Taking the infimum in A inside the expectation with respect to P would
be possible at the price of some supplementary technicalities and a slight
increase of the bound that we prefer to postpone to the discussion of devia-
tion bounds, since they are the only ones to provide a rigorous mathematical
foundation to the adaptive selection of estimators.

1.2.2. OPTIMIZING EXPLICITLY THE EXPONENTIAL PARAMETER A. In this
section we address some technical issues we think helpful to the understand-
ing of Theorem 1.2.1 (page 19): namely to investigate how the upper bound
it provides could be optimized, or at least approximately optimized, in A. It
turns out that this can be done quite explicitly.

So we will consider in this discussion the posterior distribution p : 2 —
ML (©) to be fixed, and our aim will be to eliminate the constant A from
the bound by choosing its value in some nearly optimal way as a function of
IP[p(r)], the average of the empirical risk, and of P[KX(p, )], which controls
overfitting.

Let the bound be written as

e(\) = [1 — exp(—%)]_l {1 — exp[—%l?[p(r)] — NﬁllP[fK(p, 7[')]] } .
We see that

IP[p(r)] B 1 ‘
exp [%]P[p(r)] + N-1P[X(p, W)]] 1 exp(f) -1

Na% log[p(N)] =

Thus, the optimal value for A is such that

[exp(%) — I]P[p(r)] = exp [%P[p(r)] + N_lIP[fK(p, W)]] —1.
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Assuming that 1 > %P[p(r)] > w, and keeping only higher order

terms, we are led to choose
\ \/ 2NP [K(p, )]
Plp(r)]{1 =P [p(r)]}’

THEOREM 1.2.2. For any posterior distribution p: @ — M. (0),

obtaining

B  [PEGmPRE)] _ PK(p.m)
1 eXp{ NT—Plo(r)]] N }

PR ()]
1 —exp {— N]P[p(r)}{l—]?[p(r)]}}

P[p(R)] <

This result of course is not very useful in itself, since neither of the two
quantities P[p(r)] and P[K(p,7)] are easy to evaluate. Anyhow it gives a
hint that replacing them boldly with p(r) and K(p, 7) could produce some-
thing close to a legitimate empirical upper bound for p(R). We will see in
the subsection about deviation bounds that this is indeed essentially true.

Let us remark that in the third chapter of this monograph, we will see
another way of bounding

. 1 d .
A1€I]1Rf+ <I>% (q + )\) , leading to

THEOREM 1.2.3. For any prior distribution w € M}r(@), for any posterior
distribution p : @ — ML (0),

Plp(R)] < <1 + MW) {]P[p(r)] L PlX(p,m)]

N \/ op [gc(p,yr)p?[px)] {1-Pl0)]} P[KE\/;;W)]Q }

P[X(p,m)]

as soon as P [p(r)] + 5N

1
< )
- 2
P [X(p, )]

5N otherwise.

and P[p(R)] < P[p(r)] +
This theorem enlightens the influence of three terms on the average expected
risk:

e the average empirical risk, P[p(r)], which as a rule will decrease as the
size of the classification model increases, acts as a bias term, grasping the
ability of the model to account for the observed sample itself;

e a variance term +P[p(r)]{1 —P[p(r)]} is due to the random fluctua-
tions of p(r);
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e a complexity term P [fK (p, 77)] , which as a rule will increase with the size
of the classification model, eventually acts as a multiplier of the variance
term.

We observed numerically that the bound provided by Theorem 1.2.2 is
better than the more classical Vapnik-like bound of Theorem 1.2.3. For in-
stance, when N = 1000, P [p(r)] = 0.2 and P[X(p, 7)] = 10, Theorem 1.2.2
gives a bound lower than 0.2604, whereas the more classical Vapnik-like ap-
proximation of Theorem 1.2.3 gives a bound larger than 0.2622. Numerical
simulations tend to suggest the two bounds are always ordered in the same
way, although this could be a little tedious to prove mathematically.

1.2.3. NON RANDOM BOUNDS. It is time now to come to less tentative
results and see how far is the average expected error rate PP [p(R)] from its
best possible value infg R.

Let us notice first that

)\p(T) + fK(p, 77) = K(p, Trexp(f)\r)) - log{ﬂ- [exp(—/\r)] }

Let us remark moreover that r — log |:7[' [exp(—)\r)ﬂ is a convex functional,

a property which from a technical point of view can be dealt with in the
following way:

IP{log [7‘(‘ [exp(—)\r)ﬂ} = IP{ sup  —Ap(r) — ﬂC(p,ﬂ')}

peEM} (©)

> sup P{-d(r)~K(pm)} = sup —Ao(R) ~ K(p,7)
peM’ () pEM, (©)

- log{ﬂ[exp(—)\R)]} = — [ Mrexp(—pr (R)dB.  (1.4)
These remarks applied to Theorem 1.2.1 lead to

THEOREM 1.2.4. For any posterior distribution p :  — Mﬁ(@), for any
positive parameter A\,

1- €xXp {_% f())\ ﬂ-exp(—ﬂR) (R)dﬁ - %IP [:K(pa 7Texp(—/\7‘))] }
1-— exp(—%)

P[p(R)] <

1
e~y {0 exo(-m) (R)A5 + P [K(p, Tesp(-3n)] }-

This theorem is particularly well suited to the case of the Gibbs poste-
rior distribution p = ey~ ), Where the entropy factor cancels and where
P [Trexp(,M) (R)] is shown to get close to infg R when N goes to +00, as soon
as A\/N goes to 0 while A goes to 4oc0.
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We can elaborate on Theorem 1.2.4 and define a notion of dimension of
(©, R), with margin n > 0 putting

dy(©,R) = sup B[Texp(—pgr)(R) — essinf R — 7]
BER4 T

< - log{ﬂ[R < essinf R + 7] } (1.5)

This last inequality can be established by the chain of inequalities:

ﬁﬂ-exp(—BR) (R) < foﬁﬂ-exp(—wR)(R)dv = - lOg{ﬂ- [exp(—ﬁR)] }
< ﬂ(ess iI;fR + 77) — log [W(R < ess iI;fR + 77)} )

where we have used successively the fact that A — ey, (_xr)(R) is decreasing
(because it is the derivative of the concave function A — — log{ [exp(—AR)] })
and the fact that the exponential function takes positive values.

In typical “parametric” situations do(©, R) will be finite, and in all cir-
cumstances d, (0, R) will be finite for any 7 > 0 (this is a direct consequence
of the definition of the essential infimum). Using this notion of dimension,
we see that

A
/ Texp(—BR) (R)dB < A(essinf R + 1)
0 T

A
_|_/0 [C?/\(l—essir%fR—n)] ag

= A(essiI;fR%—n) +d,(©, R)log [dn(g\,R)(l - essiEfR - n)} .

This leads to

COROLLARY 1.2.5 With the above notation, for any margin n € Ry, for
any posterior distribution p : Q@ — M (O),

P[p(R)] < inf &3}

— A
ARy W

d
essinfR+n+7nlog

<6A> P{K[Pvﬂexpur)]}]
dy A

If one wants a posterior distribution with a small support, the theorem
can also be applied to the case when p is obtained by truncating Texp(—xr)
to some level set to reduce its support: let ©, = {6 € © : r(§) < p}, and let
us define for any ¢ €)0,1) the level p; = inf{p : Texp—ar)(Op) > ¢}, let us
then define p, by its density

_dpa py _ 1OE6)
dwexp(—)\r) Texp(—=Ar) (@pq)
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then pg = Texp(—ar) and for any ¢ € (0, 1(,

I —exp {_% fo/\ Texp(—gR) (R)dB — %}

Plpy(R)] < I —exp(—2)

1

1.2.4. DEVIATION BOUNDS. They provide results holding under the dis-
tribution P of the sample with probability at least 1 — ¢, for any given
confidence level, set by the choice of € €)0,1(. Using them is the only way
to be quite (i.e. with probability 1 — €) sure to do the right thing, although
this right thing may be over-pessimistic, since deviation upper bounds are
larger than corresponding non-biased bounds.

Starting again from Theorem 1.1.4 (page 17), and using Markov’s inequal-
ity P [exp(h) > 1] < P[exp(h)], we obtain

THEOREM 1.2.6. For any positive parameter X, with IP probability at least
1 — €, for any posterior distribution p : @ — ML (0),

() < a3 {pr) + om0

1 — exp {—Ap(r) K(p, m) —log(e) }

N N
1-— exp(—%)

A
<
N [1—exp (-7)]
We see that for a fixed value of the parameter A, the upper bound is
optimized when the posterior is chosen to be the Gibbs distribution p =

)+ X0 2 o],

Texp(—Ar)-

Ilﬁ thi)s theorem, we have bounded p(R), the average expected risk of an
estimator 6 drawn from the posterior p. This is what we will do most of the
time in this study. This is the error rate we will get if we classify a large
number of test patterns, drawing a new 6 for each one. However, we can also
be interested in the error rate we get if we draw only one 6 from p and use
this single draw of 9 to classify a large number of test patterns. This error
rate is R(6). To state a result about its deviations, we can start back from
Lemma 1.1.1 (page 15) and integrate it with respect to the prior distribution

7 to get for any real constant A

P{w[exp{A[%(R) = }]} <1

For any posterior distribution p :  — M (©), this can be rewritten as

P{p[exp{A[%(R) — 7| log(42) + log(e)] }} } <e



26 Chapter 1. Inductive PAC-Bayesian learning

proving

THEOREM 1.2.7 For any positive real parameter A, for any posterior distri-
bution p : @ — M (0), with Pp probability at least 1 — e,

7@ < 03 {r@) 3 os( 22
e eip(—ﬁ)] [r@ AT log (6_137/;)] '

Let us remark that the bound provided here is the exact counterpart of the
bound of Theorem 1.2.6, since log(j—fr) appears as a disintegrated version of
the divergence X (p, 7). The parallel between the two theorems is particularly
striking in the special case when p = 7oy, (). Indeed Theorem 1.2.6 proves
that with IP probability at least 1 — e,

Texp(ar) (R) < @;1{_10g{”[exp(—i7’)] } +log(e) }

N

whereas Theorem 1.2.7 proves that with P, probability at least 1 —e¢

R() < @;1{

N

B log{ﬂ [exp(—)\r)] } + log(e) }
h )

showing that we get the same deviation bound for ey~ () under P and

for 6 under PTexp(=ar)-

We would like to show now how to optimize with respect to A the bound
given by Theorem 1.2.6 (the same discussion would apply to Theorem 1.2.7).
Let us notice first that values of A less than 1 are not interesting (because
they provide a bound larger than one, at least as soon as € < exp(—1)). Let
us consider some real parameter a > 1, and the set A = {a*;k € IN}, on
which we put the probability measure v(a*) = [(k + 1)(k +2)]~!. Applying
Theorem 1.2.6 to A\ = o at confidence level 1 — m, and using a
union bound, we see that with probability at least 1 — €, for any posterior
distribution p,

oo(a2 )\
)~ log(e) + 21 SR
p(R) < ;,réfA@%/ p(r) + b\

Now we can remark that for any A € (1,+4o0(, there is A € A such that
a~IA < X < \. Moreover, for any g € (0,1), 8 — @El(q) is increasing on
R+ . Thus with probability at least 1 — ¢, for any posterior distribution p,

o)< gt 93 {0t + X [Xlom) —ost + 2100 (551
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o 1 —exp {—%P(T) - [fK(p, 7) — log(e) + 210g<k;i§;o(i;))} }

Ae(1,00( 1-— exp(—%)

Taking the approximately optimal value

A::¢2NQDQmW)bﬁd]
o —p(r)]

we obtain

THEOREM 1.2.8. With probability 1 — €, for any posterior distribution p :
Q — ML(O), putting d(p,e) = K(p, ) —log(e),

) < 1 —exp {—?\I;P(T) - % {d(P, €) + log[(k + 1)(k + 2)}} }

T keN 1 o/‘”
exXp N

ad(p,€)
oo RO a0 oo (D) ||

N[1—p(r)] N log()

<
2ad(p, €)
1l —exp|—
[’¢Nmmu—pvn
Moreover with probability at least 1 — €, for any posterior distribution p such
that p(r) =0,

p

K(p,m) — log(e)}
~ .

p(R) <1—exp [—

We can also elaborate on the results in an other direction by introducing
the empirical dimension

de = sup B[Texp(—pr) (1) — essinfr] < —log[r(r = essinfr)]. (1.6)
,BER+ ™ ™

There is no need to introduce a margin in this definition, since r takes at
most N values, and therefore 77(7" = essinf, 7") is strictly positive. This leads
to

COROLLARY 1.2.9. For any positive real constant X, with P probability at
least 1 — €, for any posterior distribution p : Q — ML (O),

<6)\> n K[IO’ Trexp(—)\r)] - log(e)

de
p(R) < &7t |essinfr + == log
~ ™ de A

A

We could then make the bound uniform in A and optimize this parameter
in a way similar to what was done to obtain Theorem 1.2.8.
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1.3. LOCAL BOUNDS

In this section, better bounds will be achieved through a better choice of
the prior distribution. This better prior distribution turns out to depend on
the unknown sample distribution IP, and some work is required to circumvent
this and obtain empirical bounds.

1.3.1. CHOICE OF THE PRIOR. As mentioned in the introduction, if one
is willing to minimize the bound in expectation provided by Theorem 1.2.1
(page 19), one is led to consider the optimal choice 7 = P(p). However, this
is only an ideal choice, since IP is in all conceivable situations unknown. Nev-
ertheless it shows that it is possible through Theorem 1.2.1 to measure the
complezity of the classification model with IP{JC [p, IP(p)] }, which is nothing
but the mutual information between the random sample (X, Yz)f\’:1 and the
estimated parameter é, under the joint distribution IPp.

In practice, since we cannot choose m = P(p), we have to be content
with a flat prior m, resulting in a bound measuring complexity according
to P[K(p, )] = P{X[p,P(p)]} + K[P(p), ] larger by the entropy factor
K[P(p), 7| than the optimal one (we are still commenting on Theorem 1.2.1).

If we want to base the choice of 7 on Theorem 1.2.4 (page 23), and if we
choose p = Texp(—ar) to optimize this bound, we will be inclined to choose
some 7 such that

%foAWexp(—ﬁR)(R)dB = _i IOg{TF [exp(—/\R)] }

is as far as possible close to infpeg R(#) in all circumstances. To give a more
specific example, in the case when the distribution of the design (XZ)Z]\L 1 is
known, one can introduce on the parameter space © the metric D already
defined by equation (1.3, page 20) (or some available upper bound for this
distance). In view of the fact that R(8) — R(0') < D(0,6’), for any 6, 0’ € ©,

it can be meaningful, at least theoretically, to choose 7 as

1

”:;k(kﬂ)”’“’

where 7, is the uniform measure on some minimal (or close to minimal)
2 %-net N(©, D, 27%) of the metric space (6, D). With this choice

- ilog{ﬂ[eXp(—AR)]} < inf R(0)
i i%f {Q—k n log(lN(@,D,Q—ki\p + log[k(k +1)] } |

Another possibility, when we have to deal with real valued parameters,

meaning that © C R is to code each real component 6; € R of § = (6;)%_,
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to some precision and to use a prior u which is atomic on dyadic numbers.
More precisely let us parametrize the set of dyadic real numbers as

D— {r[s, m,p, (b;)f_,] = s2™ (1 + i bj?j)

j=1

cse{-1L,+1},meZ,peNb; e {0,1}},

where, as can be seen, s codes the sign, m the order of magnitude, p
the precision and (bj)§:1 the binary representation of the dyadic number
r [3, m,p, (bj)z?:ﬂ- We can for instance consider on D the probability distri-
bution

p{rls,mp, 0371} = [30ml + D(ml + 2+ DE+227] (17

and define 7 € ML (R?) as 7 = p®?. This kind of “coding” prior distribu-
tion can be used also to define a prior on the integers (by renormalizing
the restriction of p to integers to get a probability distribution). Using pu
is somehow equivalent to picking up a representative of each dyadic inter-
val, and makes it possible to restrict to the case when the posterior p is
a Dirac mass without losing too much (when © = (0,1), this approach is
somewhat equivalent to considering as prior distribution the Lebesgue mea-
sure and using as posterior distributions the uniform probability measures
on dyadic intervals, with the advantage of obtaining non-randomized esti-
mators). When one uses in this way an atomic prior and Dirac masses as
posterior distributions, the bounds proven so far can be obtained through a
simpler union bound argument. This is so true that some of the detractors
of the PAC-Bayesian approach (which, as a newcomer, has sometimes re-
ceived a suspicious greeting among statisticians) have argued that it cannot
bring anything that elementary union bound arguments could not essentially
provide. We do not share of course this derogatory opinion, and while we
think that allowing for non atomic priors and posteriors is worthwhile, we
also would like to stress that the upcoming local and relative bounds could
hardly be obtained with the only help of union bounds.

Although the choice of a flat prior seems at first glance to be the only
alternative when nothing is known about the sample distribution PP, the
previous discussion shows that this type of choice is lacking proper localisa-
tion, and namely that we loose a factor K {IP [ﬂ'exp(_ ,\T)] , 7T}, the divergence
between the bound-optimal prior P[ﬂexp(, M)}, which is concentrated near
the minima of R in favourable situations, and the flat prior 7. Fortunately,
there are technical ways to get around this difficulty and to obtain more
local empirical bounds.
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1.3.2. UNBIASED LOCAL EMPIRICAL BOUNDS. The idea is to start with
some flat prior 7 € M! (0), and the posterior distribution p = Texp(—Ar)
minimizing the bound of Theorem 1.2.1 (page 19), when 7 is used as a prior.
To improve the bound, we would like to use P [Wexp(_ /\T)] instead of 7, and we
are going to make the guess that we could approximate it with me.,(_gr) (we
have replaced the parameter A with some distinct parameter § to give some
more freedom to our investigation, and also because, intuitively, IP [Wexp(_ ,\r)]
may be expected to be less concentrated than each of the e,y it is
mixing, which suggests that the best approximation of P [Wexp(_ M)ﬁ by some
Texp(—gR) May be obtained for some parameter 3 < A). We are then led to
look for some empirical upper bound of fK[p,wexp(_ﬂR)]. This is happily
provided by the following computation

P{K[p,Terp(_sn]} = P[K(p,m)] + BB [o(R)] + log{ x [exp(~AR)] )
= P{X[p, Texp(-gm)] } + AP [p(R —1)]
+ log{ﬂ[exp(—ﬁR)] } - P{logﬂ[exp(—ﬂr)] }

Using the convexity of r — log{w[exp(—ﬁr)] } as in equation (1.4) on page
23, we conclude that

0 < P{X[p, Texp(—pr)| } < BP[p(R —1)] + P{XK[p, Texp(—pn)] }-

This inequality has an interest of its own, since it provides a lower bound
for P[p(R)]. Moreover we can plug it into Theorem 1.2.1 (page 19) applied
to the prior distribution 7ey,(—gr) and obtain for any posterior distribution
p and any positive parameter A that

0, (Plo(r)]} < P{o) + Lol =)+ 1P {K[pmeian] } }

In view of this, it it convenient to introduce the function

®u(p) = (1= )" [a(p) — bp]
=—(1- b)fl{cfl log{l — p[l — exp(—a)} } + bp},
p€(0,1),a €)0,00(,b € (0,1(.

This is a convex function of p, moreover

1p(0) = {a7 [1 = exp(—a)] —bp(1 )7,

showing that it is an increasing one to one convex map of the unit interval
unto itself as soon as b < a~! [1 — exp(—a)]. Its convexity, combined with
the value of its derivative at the origin, shows that

a1 —exp(—a)| —
Bualp) > oA,

Using this notation and remarks, we can state
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THEOREM 1.3.1. For any positive real constants 3 and X\ such that 0 < 8 <
N[l - exp(—%)], for any posterior distribution p : Q@ — ML (0),

X » Mexp(—Br
lP{p(T) - W} < P[p(R)]

<y {run S]]
= NI- eipfm 5 o+ W]

, N
Thus (taking X = 2[3), for any 8 such that 0 < 3 < =,

P[p(R)] <

1 X y Nexp(—pPr

Note that the last inequality is obtained using the fact that 1 — exp(—x) >
xTr — %2, x € ]R+.

COROLLARY 1.3.2. For any 8 € (0, N(,

P [Texp(~r) ()] < P [Texp(—pr) (R)]
< inf A ﬂ/\
Ae(—Nlog(1—£),00( N[1 — exp(—7)] —

P [Texp(—pr) ()]

the last inequality holding only when 3 < 5.

It is interesting to compare the upper bound provided by this corollary
with Theorem 1.2.1 (page 19) when the posterior is a Gibbs measure p =
Texp(—pr)- We see that we have got rid of the entropy term K [Wexp(,m), 7r],
but at the price of an increase of the multiplicative factor, which for small
values of % grows from (1 — %)*1 (when we take A = ( in Theorem
1.2.1), to (1 — %)_1. Therefore non-localized bounds have an interest of
their own, and are superseded by localized bounds only in favourable cir-
cumstances (presumably when the sample is large enough when compared
with the complexity of the classification model).

Corollary 1.3.2 shows that when % is small, Texp(—gp)(r) is a tight ap-
proximation of e, (—g) (R) in the mean (since we have an upper bound and
a lower bound which are close together).

Another corollary is obtained by optimizing the bound given by Theorem
1.3.1 in p, which is done by taking p = Teyp(—xr)-
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COROLLARY 1.3.3. For any positive real constants B and \ such that 0 <

@
A\
=
—
|
D
"
=
|
Z|>-

= N[l — exp(—%)] — ﬂIP [fﬁ)\wexp(—’w) (T)d71| .

Although this inequality gives by construction a better upper bound for
infyer, IP[ﬂeXp(,M)(R)] than Corollary 1.3.2, it is not easy to tell which
one of the two inequalities is the best to bound IP[T('eXp(_ ,\T)(R)] for a fixed
(and possibly suboptimal) value of A, because in this case, one factor is
improved while the other is worsened.

Using the empirical dimension d. defined by equation (1.6) on page 27,
we see that

T A
— dy < essinfr +d.1 = .
)\—ﬁ/ﬁ Texp(—r) (T)dY < ess in r +d. log (ﬂ)

Therefore, in the case when we keep the ratio % bounded, we get a better
dependence on the empirical dimension d. than in Corollary 1.2.9 (page 27).

1.3.3. NON RANDOM LOCAL BOUNDS. Let us come now to the localization
of the non-random upper bound given by Theorem 1.2.4 (page 23). Accord-
ing to Theorem 1.2.1 (page 19) applied to the localized prior Tey,(—gr),

AL {P[p(R)]} < IP{AP(T) +X(p,m) + BP(R)} +log{m [exp(—SR)] }
= P{X [, Texp(-an)] — log{r[exp(=Ar)]} + Bp(R) } +log{r [exp(~BR)]}
< P{X [, Tesp(-ar)) +p(R) } ~log{m [exp(~AR)] } +log{x [exp(~BR)]},
where we have used as previously inequality (1.4) (page 23). This proves

THEOREM 1.3.4. For any posterior distribution p : Q — ML (0), for any
real parameters [ and A such that 0 < 3 < N[l — exp(—%)],

K[ Texp(—an)] } }

X— 7
< ey e e ]}

Let us notice in particular that this theorem contains Theorem 1.2.4 (page
23) which corresponds to the case § = 0. As a corollary, we see also, taking

plo()] <87 {5 [ e+

A B
NoX




1.3. Local bounds 33

P = Texp(—ar) and A = 23, and noticing that v — ey, (—yr)(R) is decreasing,
that

' p
P Texp(—Ar (R) < inf Texn(_ 3R (R)
[ p(—Ar) ] B,B<N[1—exp(—%)] N[l - eXp(—%)] -3 p(—BR)
1
S 7rex 2R (R)
1-% p(—5R)

We can use this inequality in conjunction with the notion of dimension with
margin 7 introduced by equation (1.5) on page 24, to see that the Gibbs
posterior achieves for a proper choice of A and any margin parameter > 0
(which can be chosen to be equal to zero in parametric situations)

. . 4d,,
1r){f P [Trexp(—)\r) (R)] < ess H%f R+ n+ W
2dy (essinfr R+n)  4d2
py — (1.8
Deviation bounds to come next will show that the optimal A can be esti-
mated from empirical data.
Let us propose a little numerical example as an illustration: assuming that
dp = 10, N = 1000 and essinf, R = 0.2, we obtain from equation (1.8) that
inf\ P[Texp(—rm) (R)] < 0.373.

1.3.4. LOCAL DEVIATION BOUNDS. When it comes to deviation bounds,

for technical reasons we will choose a slightly more involved change of prior

distribution and apply Theorem 1.2.6 (page 25) to the prior Tey,(—ga 5 oR]-
N

The advantage of tweaking R with the nonlinear function ® s will appear in

N
the search for an empirical upper bound of the local entropy term. Theorem
1.1.4 (page 17), used with the above-mentioned local prior, shows that

IP{ sup )\{p(CDA oR) — p(r)} — K[p, Texp(—po gOR)]} <1l (1.9
pEM (V) Y N

Moreover
K[, Texpl-po_ s oR]] = K[p, Texp(—pr)] + Bp [‘Ilg oR — T}
+ log{ﬂ [exp(—ﬂ@_% oR)} } — log{ﬂ [exp(—ﬁr)} }, (1.10)

which is an invitation to find an upper bound for log{ﬁ [exp [—B(I)_AORH }—
N

log{w [exp(—ﬂr)] } For conciseness, let us call our localized prior distribu-

tion 7, thus defined by its density

@ o exp{—ﬂ@i% [R(Q)]}
dr* " Tr{exp [—ﬁq)i% oR)| } ‘
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Applying once again Theorem 1.1.4 (page 17), but this time to —/3, we see
that

S B

_ { [ eXp ﬁ@_%OR))”—F inf ﬁp(r)+9<(p,7r)]}

peN (©)

xp
< { [log exp( ﬁcb_%oR))} } + B7(r) + K(w,n)} }
_ ]P{exp [ﬁ[ﬂ(r) —ﬁ(@_%oR)} —|—fK(7r,7r)} } <1. (1.11)

Combining equations (1.10) and (1.11) and using the concavity of ® 5,

N
we see that with IP probability at least 1 — ¢, for any posterior distribution
p:Q— ML(O),

0 < K(p, ) < K[p, Texp(—pr)] + 5 {<I>_% [p(R)] - p(?“)} — log(e).
We have proved a lower deviation bound:

THEOREM 1.3.5 For any positive real constant 3, with P probability at least
1 — €, for any posterior distribution p : @ — ML (),

exp{f[ [p(?“) _ iK[P,Wexp(—Zrﬂ - log(E)} } 1 o

exp(%) -1 -

We can also obtain a lower deviation bound for 6. Indeed equation (1.11)
can also be written as

P{wexp(m) [exp{ﬁ[r ~@ 5o R} }]} <1.

This means that for any posterior distribution p : Q@ — M (0),
P{p[exp{ﬁ[r —® 50 R] — log(ﬁf_m) }] } <1

N

We have proved

THEOREM 1.3.6 For any positive real constant (3, for any posterior distri-
bution p : @ — ML(O), with Pp probability at least 1 — ¢,

log(——92 ) _oo(e
R(é\) > (I):lﬁ |:7“ é\ B Og(dﬂ’exp(ﬂﬁr)> Og( ):|
B[ o Lo8lamisy) —log(e)
exp{N[r(g)_ J¢] }}—1‘

exp(ff) —1
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Let us now resume our investigation of the upper deviations of p(R).
Using the Cauchy-Schwarz inequality to combine equations (1.9, page 33)
and (1.11, page 34), we obtain

P{exp[l sup Ap(‘IMOR)—ﬁp(‘bBOR)—(A—B)P(T)_K[P’WeXP(—ﬂT)]]}
pEM(O) N N

~plew[t s (Mol@yon) o)} -0

pEM} (©)

< exn[(to{fewn(-0_y 0]}~ tos{efesmi-om)] )|}
< P{exp[ sup <A{P(%°R) —plr)} - x(p’ﬂﬂ }1/2

peEM (©)

®loxp| (oa{rfexp(-90_gom)]} ~ton{x[exn-m]} )]} <1

(1.12)
Thus with P probability at least 1 — ¢, for any posterior distribution p,

AB s [o(R)] = 58 _s [p(R)]

< )\p(@ o R) — ﬂp(@_% o R)

S (>‘ - ﬁ)p(?“) + K(p, 7Texp(fﬁr)) - 210g(€)

(It would have been more straightforward to use a union bound on devi-
ation inequalities instead of the Cauchy-Schwarz inequality on exponential
moments, anyhow, this would have led to replace —2log(e) with the worse
factor 21log(2).) Let us now recall that

2>

AP, (p) — ﬁ@_%(p) = —Nlog{l — [1 — exp(—%)]p}

— Nlog{l + [exp(%) — l]p},

2
N

and let us put

B = ()‘ - ﬂ)p(?“) + :K:[p’ 7I'exp(fﬂr)] - 210g(6)
A
= K[p7 Wexp(—Ar)] + f/g Texp(—¢&r) (T’)dé~ -2 log(e).
Let us consider moreover the change of variables @ = 1 — exp(—%) and

v = exp(%) — 1. We obtain [1 — ap(R)][1+vp(R)] > exp(—%), leading to

THEOREM 1.3.7. For any positive constants a, v, such that 0 < v < a < 1,
with P probability at least 1 — €, for any posterior distribution p : Q —
ML (©), the bound

_log[(l - a)(l + 7)] r :K(pa 7"-exp[—Nlog(H—v)T]) - 210g(€)
a—vy o)+ N(a—7)

M(p) =



36 Chapter 1. Inductive PAC-Bayesian learning

—Nlog(l—a)
X [pa Texp[N log(lfa)r]] + / Texp(—¢r) (’f‘)d§ -2 10g(6>
Nlog(1+7)
N(a—7) ’

18 such that

p(R) < 0‘2;7” <\/1 + m{l —exp[—(a—~)M(p)]} - 1) < M(p),

Let us now give an upper bound for R(@ ). Equation (1.12 page 35) can
also be written as

IP{ [wexp(_m){exp [)\Q)% o R— ﬁ@i% o R—(\— ﬂ)r} }} é} <1

This means that for any posterior distribution p: Q — Mi_(@),

]P{ [p{exp [/\cb% o R=pO_s5 0 R~ (A= B)r - 1og(d¢)] }] %} <1.

Texp(—pBr)
Using the concavity of the square root function, this inequality can be

weakened to

dTexp(—pr)

]P{p[exp{; [)\CD% o R=B® 50 R~ (\=f)r— 1og(L)} }} } <1.
We have proved

THEOREM 1.3.8.  For any positive real constants A and 3 and for any pos-
terior distribution p : Q@ — ML (©), with Pp probability at least 1 — e,

20, [R(B)] - B0 _s [RO)] < (A~ A)r(@) + 1og[L(§)} ~ 2log(e).

dexp(—pr)

z|>

>

Putting a =1 — exp(—ﬁ), v = exp(%) —1 and

logll-a)+)] o 108 | gy ()] — 2lo()
a7 N(a—7)

—Nlog(l—a)
_dp _
o8 O]+ [ Tt () de 210s(0

N(a—7) ’

M(6) =

we can also, in the case when v < a, write this inequality as

R() <27 <\/1 + 40‘77{1 - exp[—(a —7)M(§)]} - 1) < M(H).

- 2y (v — )2
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It may be enlightening to introduce the empirical dimension d. defined
by equation (1.6) on page 27. It provides the upper bound

A
/ Wexp(—ér)(r)df < (A= B)essinfr + d. log (2) ,
B T

which shows that in Theorem 1.3.7 (page 35),

- log[(1+7)(1 — a)]

M(p) < essinf r
T a Q
—log(l—«
n dclog [ﬁ} + ‘:K[:Oa Texp|N log(l—a)r]] —2 log(e)
N(a—7) ‘
Similarly, in Theorem 1.3.8 above,
1 1 1-—
M(0) < o[l +)(1 ~ )] essinfr
Y- a i
—log(1—a) dp _
+ de 10g|: IOg(1+’Y) :| + log |:d7rexp[N10g(l—a)r] (9) 2 IOg(e)
N(a—=7)

Let us give a little numerical illustration: assuming that d. = 10, N =
1000, and essinf; r = 0.2, taking ¢ = 0.01, « = 0.5 and v = 0.1, we obtain
from Theorem 1.3.7 Texp (N iog(1—a)r] (1) = Texp(—693r)(R) < 0.332 < 0.372,
where we have given respectively the non-linear and the linear bound. This
shows the practical interest of keeping the non-linearity. Optimizing the
values of the parameters a and ~ would not have yielded a significantly
lower bound.

The following corollary is obtained by taking A\ = 23 and keeping only
the linear bound; we give it for the sake of its simplicity:

COROLLARY 1.3.9. For any positive real constant 8 such that exp(%) +

exp(—%) < 2, which is the case when 3 < 0.48N, with P probability at least
1 — €, for any posterior distribution p : ) — M}k(@),

ﬁp(r) + JC[P, 7Texp(—ﬁr)] -2 log(e)
R
A= N exn(2) —exo(-2)]

f@Qﬁ Texp(—£&r) (T>d§ +X [pv 7Texp(—2ﬁ7’)] —2 IOg(e)
N[2 — exp(%) — exp(—%)]

Let us mention that this corollary applied to the above numerical example
gives Teyxp(—200r) () < 0.475 (when we take 3 = 100, consistently with the
choice v = 0.1).
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1.3.5. PARTIALLY LOCAL BOUNDS. Local bounds are suitable when the
lowest values of the empirical error rate r are reached only on a small part
of the parameter set ©. When O is the disjoint union of sub-models of differ-
ent complexities, the minimum of r will as a rule not be “localized” in a way
that calls for the use of local bounds. Just think for instance of the case when
0= U%zl ©,,,, where the sets @1 C Oy C --- C Oy are nested. In this case
we will have infg, r > infg, r > --- > infg,, r, although ©,; may be too
large to be the right model to use. In this situation, we do not want to local-
ize the bound completely. Let us make a more specific fanciful but typical
pseudo computation. Just imagine we have a countable collection (O, )menr
of sub-models. Let us assume we are interested in choosing between the es-
timators §m € argming,, , maybe randomizing them (e.g. replacing them
with Wexp( /\T)). Let us imagine moreover that we are in a typically para-
metric situation, where, for some priors 7 € M}r(@m), m € M, there is a
“dimension” d,, such that [z Tenep(— /\r)( r) — r(é\m)] ~ dp,. Let pu € MY (M)
be some distribution on the index set M. It is easy to see that (UT)exp(—ar)
will typically not be properly local, in the sense that typically

:U’{ﬂexp(f)d“) (T’)TF [exp(—)\r)] }
,u{w [exp(—Ar)] }
Z [(glf r) + 4o exp[—)\(i@nwfl r) — dpm log(%)],u(m)

m

(uﬂ')exp(f)\r) (7“) =

~ meM
Z exp [—)\(glﬂf r) —dp 10g(§::)]#(m)
meM
= L it () + % () ~ Froeluom)

+ log{ exp|—dm log(d/\)],u(m)}.
where we have used the approximations
A
—log{w[exp(—)\r)]} :/0 ﬂexp(_ﬁr)(r)dﬁ

A
o~ / (inf r) + [%3 A 1]d =~ A(inf 7) + d [log () +1],
0 m

m

> m h(m) exp[—h(m)]v(m) N en( b 1
S exph(m)p(m) L (m) ~loglv(m)], v € M (
p(m) exp[—d, log(7-)

5= ) exp [y log will

These approximations have no pretension to be rigorous or very accurate,
but they nevertheless give the best order of magnitude we can expect in

and M), taking

v(m) =
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typical situations, and show that this order of magnitude is not what we are
looking for: mixing different models with the help of u spoils the localization,
introducing a multiplier log(ﬁ) to the dimension d,, which is precisely
what we would have got if we had not localized the bound at all. What
we would really like to do in such situations is to use a partially localized
posterior distribution, such as 71'?}( _y» Where 7 is an estimator of the best
sub-model to be used. While the most straightforward way to do this is to
use a union bound on results obtained for each sub-model ©,,, here we are
going to show how to allow arbitrary posterior distributions on the index
set (corresponding to a randomization of the choice of m).

Let us consider the framework we just mentioned: let the measurable
parameter set (©,T) be a union of measurable sub-models, © = J,,c1s Om
Let the index set (M, M) be some measurable space (most of the time it will
be a countable set). Let p € ML (M) be a prior probability distribution on
(M, M). Let m : M — M (©) be a regular conditional probability measure
such that w(m,©,,) = 1, for any m € M. Let ur € ML (M x ©) be the
product probability measure defined for any bounded measurable function
h: M x 0 — R by

)= [ (/ .y, i) ) utaim).

For any bounded measurable function h : @ x M x © — R, let Tepp) :
Q x M — M! (0) be the regular conditional posterior probability measure
defined by
AT exp(h) (m,0) = exp [h(m, 0)}
dm ’ m[m, exp(h)]’

where consistently with previous notation m(m, h) = [g h( m(m,df) (we
will also often use the less explicit notation 7r(h)) For short let

U(0,w) =A@ [R(O)] = B9_5 [R(O)] = (A = B)r(0, ).

Integrating with respect to u equation (1.12, page 35), written in each sub-
model ©,, using the prior distribution 7(m, -), we see that

lP{eXp LGJSV[??M) p;Milalv%(@) % [(Vp)(U)—V{fK( [P Texp(r)] }} —K(v, u)] }

<plow| s u( s p0) =Ko ) X010 |

veM (M) p:M—ML (©)
= ]P{u[eXp{é sup [p(U) K[, Texp(— ]}
pM—M (©)
= :U’{]P [exp{% sup |:p(U) pvﬂ-exp (—pBr) }}:| } <1
p:M—M (©)
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This proves that

1
P< exp 3 sup sup Vp[)\ N
veM (M) p:M—M () N

(R) — ﬁq)ﬁ()]

— (A= Bp(r) = 2K(v, 1) = v{K[p, Texp(—pr)] }] } <1. (1.13)

Introducing the optimal value of r on each sub-model 7*(m) = essinf(,, )7
and the empirical dimensions

de(m) = Ssup § [Wexp(—ér) (ma T) - T*<m)]7
EeR 4

we can thus state
THEOREM 1.3.10. For any positive real constants B < X, with P probability

at least 1 — €, for any posterior distribution v : Q — M#(M), for any
conditional posterior distribution p: Q x M — ML (0©),

vp[AD 3 (R) ~ Bo_s (R)] < A& [vp(R)] — 0% _s [vp(R)] < Bi(v,p),

-
where By (v, p) = (A = B)vp(r) + 2K (v, ) + v{XK[p, Texp(—pr)] } — 21og(e)

A
=V |:/6 7Texp(—ozr) (T‘)da} + 2%(7/, M) + I/{g{[p, ﬂ-exp(—)\r)] } —2 log(e)

_ log{u [exp (_; //j Texp(—ar) (T)d(x)] }

+ 2K [v ( rlexp(n) )1/2] + {XK[p, Texp(—rn) ] } — 21og(e),

7 [exp(

and therefore By (v, p) < 1/[()\ — B)r* + log<%>de} + 2K (v, )
+ V{K [pa 7Texp(—)\'r)] } -2 log(e),

as well as B1(v, p) < —2log{,u[exp<—()‘_2ﬁ)r* — %log(g)de>] }

+ 2K [Vy F o texp(—ar)] 1/2] + V{K[p7 ﬂ—exp(—)\’r’)] —2 IOg(G).
(W)

Thus, for any real constants o and v such that 0 < v < a < 1, with P
probability at least 1 — €, for any posterior distribution v : ) — M},_(M) and
any conditional posterior distribution p: Q x M — ML (0©), the bound

QIK(I/,/,L)—H/{{K [p,ﬂ(1+,y),Nr] }—2 log(e)
N(a—)

N(al—y){%{ [”’ “(W)W] + V{K[P’ T(1-a)vr] }}

m[(14+7) N7

vp(r) +

Ba(w, p) = —'2El0=2)+v)]



1.3. Local bounds 41

2 1 [ 1 /Nlog(la) ( )dg}
- Ogy M |eXP|—5 Texp(—er)\» T
N(a - 7) 2 Nlog(1+~) p(=€r)

_ 2log(e)
N(a—7)
satisfies
o — 4o
vp(R) < 20(7 <\/1 + ﬁ{l — exp[—(a =) Ba(v, P)]} - 1)
< Ba(v, p).

If one is willing to bound the deviations with respect to Prp, it is enough
to remark that the equation preceding equation (1.13, page 40) can also be

written as
} <1

]P{p oR—()\—ﬁ)r}]}l/Q

Thus for any posterior distributions v : @ — MY (M) and p: Q@ x M —
ML(O),

{Wexp(_m) [exp{)\@ﬁ oR— (P

B
N

P{V[{p[exp{)@g oR—pB® soR

—(A=p0)r— 2log(g—l’:) - log(ﬁf_m)}} }1/2} } <1

Using the concavity of the square root function to pull the integration with
respect to p out of the square root, we get

s

1
IPI/p{eXp [2{@]@ oR—pO_ s oR

—(A=0)r— 210g(g—7’;) - log(ddp)}} } <1

Mexp(—pr)

This leads to

THEOREM 1.3.11. For any positive real constants 3 < A, for any posterior
distributions v : @ — ML (M) and p : @x M — ML (©), with Pvp probability
at least 1 — e,
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+2log [ 2 ()] + log[ 72— (, 0)] — 2log(e)

dTexp(—Ar)
1 A
= QIOg{u [exp <_2/ﬁ Texp(—ar) (r)daﬂ }

+2 log[dﬂ(ﬂexiw)uz ()] + log [ g2 (i,0)] — 2log(e).
7lexp(=pr)]

Another way to state the same inequality is to say that for any real constants
a and v such that 0 < v < a < 1, with Pvp probability at least 1 — €,

~

R(m, 0)
a—y 4oy PN
< 2y <\/1 + W{l — exp[—(a —v)B(m, )]} — 1>
< B(im, 0),
where
B(m,9) — - °¢ld ;O‘)il ), .9)
2log[%(m)] + g[dw(lff)im (m, /9\)] — 21log(e)
i N{a—7)

2 1 g[ dv
= 0
N(a—1) dlu( l(l—c)N7] )1/2

1og[dﬂd7f)(m, 5)} — 2log(e)

(l—a)NT

N(a—7) .
bl )]

Let us remark that in the case when v =

+

B o 172 and po=
([( ) ])

w[(14+5)~ V7]
T(1—a)Nr, We get as desired a bound that is adaptively local in all the O,

(at least when M is countable and p is atomic):
B(v,p) € —xr2— log{u{exp [N log[(1+7)(1 —a)]r
? =  N(a—v) 2

. —log(l—a) \ d. . 210g(€)
10g ( log(1+7) ) 2:| }} N(O{ _ ,y)

< i {_1og[(1a)(1+'7)] (m)

meM o=
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—log(l—a) de(m) log [Eﬂ(m)]
+log (Tt W6 — 2 My (-
The penalization by the empirical dimension d.(m) in each sub-model is as
desired linear in d(m). Non random partially local bounds could be obtained
in a way that is easy to imagine. We leave this investigation to the reader.

1.3.6. TWO STEP LOCALIZATION. We have seen that the bound optimal
choice of the posterior distribution v on the index set in Theorem 1.3.10
(page 40) is such that

@m N 7 [exp(=Ar(m,-))] éex 1 /\7r . de
du( ) (W[exp(—ﬂr(m,))]) = p[ 2/B exp(—ar)( ) )d :

This suggests replacing the prior distribution p with @ defined by its density

d—ﬁ(m _oxXp [—h(m)]
dp plexp(=h)]’

g
where h(m) = —§/ Texp(—a®_ 1 oR) [@_% oR(m,-)]da. (1.14)
ﬁ N

The use of ¢_ 2 oR instead of R is motivated by technical reasons which will
appear in subsequent computations. Indeed, we will need to bound

A
v |:/5 ﬂ_exp(—oﬁbi%oR) ((1)7% OR)dOz

in order to handle X (v, ). In the spirit of equation (1.9, page 33), starting

back from Theorem 1.1.4 (page 17), applied in each sub-model O,, to the

prior distribution Texp(—yao , og) and integrated with respect to 1, we see
-N

that for any positive real constants A, v and n, with P probability at least
1 — ¢, for any posterior distribution v : Q — M (M) on the index set and
any conditional posterior distribution p: Q x M — ML (0),

Vp(A(I)% oR—P_n oR) < Avp(r)
+vK(p,m) +K(v, ) + l/{log [7r [exp(—fycl)_% oR)H } —log(e). (1.15)

Since x — f(z) LD, — 7@,%(37) is a convex function, it is such that
N

F(@) > 2£'(0) = 2N { [1 — exp(—3)] + exp(F) — 1] }.

Thus if we put
n[1 — exp(—)]
exp(%) -1

v = , (1.16)
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we obtain that f(x) > 0, z € R, and therefore that the left-hand side
of equation (1.15) is non-negative. We can moreover introduce the prior
conditional distribution 7 defined by

dj(m - exp[—f®_ 1 o R(0)]
dr _ﬂ{m,exp[—ﬁq)_%oR]}.

With P probability at least 1 — ¢, for any posterior distributions v :  —
ML(M) and p: Q x M — M (0),
B0p0) + v [X(p. )] = AK[pr Ty} = vl {m [exa -1}

< K [p.Texp-m]} + Bo(r) + v [X(7. )]
< {X[p, Texp(—m)] } + BV (2_7z 0 R)
+ %[(K(I/, ) — log(e)] + l/[fK(ﬁ, 7r)]

= {X [, Texp(—pnr)| } — ”{log [W [exp(—B_4 OR)]] }
+ 2[X (v, 1) — log(e)].

Thus, coming back to equation (1.15), we see that under condition (1.16),
with IP probability at least 1 — ¢,

0 < (A= B)wp(r) + v{X[p, Texp(—pr)] }
¥
-V |:/ 7Texp(—oAI>7ﬂoR) (Q)i% OR)d(X:| + (1 + %) [:K(V: ﬁ) + log(%)] .
ﬂ N
Noticing moreover that
(A = B)vp(r) + {X[p, Texp(—pr)] }

A
= {X[p, Texp(-an] } +¥ [ /ﬁ Mexp(—ar) (T)da]’

and choosing p = Teyp(—ar), We have proved

THEOREM 1.3.12. For any positive real constants (3, v and n, such that
v < nlexp(F) — 1]_1, defining A by condition (1.16), so that
A= —Nlog{l — %[exp(%) —1] }, with I probability at least 1 — €, for

any posterior distribution v : ) — M}r(M), any conditional posterior dis-
tribution p : Q x M — M (0),

v
14 |:/5 Wexp(—a@f%oR) (‘I’f% OR)dOé:|

<v [/; Texp(—ar) (r)da} + (14 9) [X(v, ) +10g(2)].
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Let us remark that this theorem does not require that § < 7, and thus
provides both an upper and a lower bound for the quantity of interest:

COROLLARY 1.3.13. For any Ipositive real constants 3, v and n such that
max{f,v} < n[exp(%) - 1]7 , with P probability at least 1 — €, for any
posterior distributions v : Q@ — ML (M) and p: Q x M — ML (0),

ol
v Mexp(—ar (r)da] —(1+ 2)|X(v, ) + log %
[/_Nlogu_]@[exp(;)_l]} p(=ar) (1+3)1 (2)]

ol
<v [/ Wexp(,aq)_ﬂom((l)_% oR)da}
B N

— N log{1— 2 exp(3)-1]}
<v |:/ Mexp(—ar) (T)da:|
B

+ (14 2)[X(v,m) +1og(2)].

We can then remember that

¥
:K(Va ﬁ) = 5(7/ - ﬁ) |:/,8 Wexp(—a@f%oR) ((I);Z,OR)dO{| + iK:(Va M) - :K(ﬂ, :u)a
to conclude that, putting

Gp(a) = —Nlog{l - Slexp(F) —1]} >a,  a€Ry, (1.17)

and

d—y(m o M where h(m) = ¢ Texp(—ar) (M, 7)da,  (1.18)
e plexp(=h)] Gy (9)

the divergence of v with respect to the local prior 7z is bounded by
[L-¢(1+ )X .o
Gn(v) N Y
< 5” |:/[3 7Texp(—ozr)(r)doi| - E:u |:/ Texp(—ar) (r)da:|

G(8)
+ K (v, 1) — K (7, ) + £(2 + H2) log ()

Gn(’Y)
<6 [ Fap-an(r)da] + K04
B8

+ log{u [exp <—f /G:(B) Texp(~ar) (T)da>] }

+ §(2 + LZV) log(%)

Gn(B) Gn(v)
X1, 7) + v [( /ﬂ [ )wexpwxr)da]
Y
+ 5(2 + %) log(%).

We have proved
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THEOREM 1.3.14.  For any positive constants 3, v and n such that
max{3,7} < nlexp(#) — 1}_1, with P probability at least 1 — €, for any
posterior distribution v : Q — M}F(M) and any conditional posterior distri-
bution p: Q@ x M — ML (©),

K(v,71) < P—g@+fﬁ}l{x@ﬁ)

([ [ i

+&(2+ L;W) log(i)}
AN .
< [1—5(14—5)} {JC(V,U)

+év [[Gn(v) — 7+ Gy(B) = Bl + log<%(ﬁﬁ)§w>de}

#E(2+ 2 log(3) |,

where the local prior [t is defined by equation (1.14, page 43) and the local
posterior U and the function G, are defined by equation (1.18, page 45).

We can then use this theorem to give a local version of Theorem 1.3.10 (page
40). To get something pleasing to read, we can apply Theorem 1.3.14 with

constants (3, 4" and 1 chosen so that ﬁ =1, Gn(ﬂ/) = and 7 = A,
U

where § and A are the constants appearing in Theorem 1.3.10. This gives

THEOREM 1.3.15.  For any positive real constants 0 < X and n such that
A< n[exp(%) — 1]_1, with P probability at least 1 — €, for any posterior
distribution v : Q — M}r(M), for any conditional posterior distribution
p:x M —ML(O),

vp[AD, (R) = BO_p (R)] < AD, [vp(R)] = BD_s [vp(R)] < Bs(v, p),

2 2
N N

Gn(N)
where Bs(v,p) = v [/ Texp(—ar) (r)da]

Gy (B)
G (B)
+ E Kv,
< n ) [vom ) fﬁ)‘wexp<,ar>(r)da}

—|—I/{j< P Texp( /\r]}+ <4+ (/8) )10g( )
) — G, l(ﬂ)}r —i—log( ) }
G, (8) K Lo 1

) [V, Iuexp [7 (3+G77T(6)) f@)‘ ﬂexp<7ar>(r)do¢]

n
Gy L (B)+A 4
+ V{K(pv 7Texp(—)\r)] } + (4 + n ) log(;),

)

exp| (3+

<v|lann

+ (34
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and where the function Gy, is defined by equation (1.17, page 45).

A first remark: if we had the stamina to use Cauchy Schwarz inequalities (or
more generally Holder inequalities) on exponential moments instead of using
weighted union bounds on deviation inequalities, we could have replaced
log(%) with —log(e) in the above inequalities.

We see that we have achieved the desired kind of localization of Theorem
1.3.10 (page 40), since the new empirical entropy term

Ko, Hesep ¢ 3 Texp(—ar) (r)dar]

cancels for a value of the posterior distribution on the index set v which is of
the same form as the one minimizing the bound Bj (v, p) of Theorem 1.3.10
(with a decreased constant, as could be expected). In a typical parametric
setting, we will have

/ et (1) = (3 = 8)r*(m) +1og (3) de (),

and therefore, if we choose for v the Dirac mass at

- . . log(%)
m € argmin,, e *(m) + pe de(m),

and p(m, ) = Texp(—ar) (M, -), we will get, in the case when the index set M
is countable,

log()

o 1]
Bs(v, p) < max { [Go(N) = G (B)]. (A - ﬁ)"}

G ' (B)+A 4
+ (4 + %) log(g).
This shows that the impact on the bound of the addition of supplemen-
tary models depends on their penalized minimum empirical risk 7*(m) +
log(3)
A=

o 5

meM

d.(m). More precisely the adaptive and local complexity factor

~—

exp[—<3+ @)—1

~—

» {(A — B)[r*(m) — r* ()] +log(4) [de(m) — de()] }] }
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replaces in this bound the non local factor

K(v, p) = —log[p(m)] = 1Og[ Z ZET)]

m)
meM

which appears when applying Theorem 1.3.10 (page 40) to the Dirac mass
v = dz. Thus in the local bound, the influence of models decreases expo-
nentially fast when their penalized empirical risk increases.

One can deduce a result about the deviations with respect to the posterior
vp from Theorem 1.3.15 (page 46) without much supplementary work: it is
enough for that purpose to remark that with P probability at least 1 — e,
for any posterior distribution v : Q@ — M (M),

v [log{ﬁexp(m [GXP{)‘(I’% (R)—pe_p (R)}] }]

Gn(N)
-V / L Texp(—ar) (T‘)dOé
Gy (8)

— (4 + %) log<%) <0,

this inequality being obtained by taking a supremum in p in Theorem 1.3.15
(page 46). One can then take a supremum in v, to get, still with IP probability
at least 1 — ¢,

logq p 1\ - [
{ exp {7(3+G"T(/B)> f[;\ ﬂexp(_aT)(r)da]

(31-502)
{Wexp(f)\r) [exp{)‘@% (R) - 6(1),% (R)}] } !
X exp| — 3+ —1—= Texp(—ar (T‘)dOé
-1
4+ G (B)+A
< i os(?)-
g+ 2l

1 _
Using the fact that x — z“ is concave when o = (3 + G"T(’g)) ' < 1, we get
for any posterior conditional distribution p : Q x M — M (0),

H —1 -1 p
exp |:— (3+G"T(/G)> f/g‘ Texp(—ar) (r)da] {
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We can thus state

THEOREM 1.3.16. For any € €)0, 1(, with P probability at least 1—e, for any
posterior distribution v : Q — M! 1 (M) and conditional posterior distribution
p:Qx M —ML(O), for any & E)O, 1(, with vp probability at least 1 — &,

+(3+ 9 2) v (™)
eXP[ (3+°2 (6)) I3 ”exp<—ar>(7")da}

dp . (B)+X 4 Gy (B)
g | g ) (4 P () — (3 952 o).

Note that the given bound consequently holds with IPrp probability at least
(-1 -€>1—c—¢

1.4. RELATIVE BOUNDS

The behaviour of the minimum of the empirical process 6 — r() is known
to depend on the covariances between pairs [r(6),7(6')], 6,6’ € ©. In this
respect, our previous study, based on the analysis of the variance of r(0)
(or technically on some exponential moment playing quite the same role),
loses some accuracy in some circumstances (namely when infg R is not close
enough to zero).

In this section, instead of bounding the expected risk p(R) of any posterior
distribution, we are going to upper bound the difference p(R) —infg R, and
more generally p(R) — R(6), where 6 € © is some fixed parameter value.

In the next section we will analyse p(R) — Texp(—gr) (1), allowing us to
compare the expected error rate of a posterior distribution p with the error
rate of a Gibbs prior distribution. We will also analyse p;(R) — p2(R), where
p1 and pg are two arbitrary posterior distributions, using comparison with
a Gibbs prior distribution as a tool, and in particular as a tool to establish
the required Kullback divergence bounds.
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Relative bounds do not provide the same kind of results as direct bounds
on the error rate: it is not possible to estimate p(R) with an order of precision
higher than (p(R)/N)/2, so that relative bounds cannot of course achieve
that, but they provide a way to reach a faster rate for p(R) — infg R, that
is for the relative performance of the estimator within a restricted model.

The study of PAC-Bayesian relative bounds was initiated in the second
and third parts of J.-Y. Audibert’s dissertation (Audibert, 2004b).

In this section and the next, we will suggest a series of possible uses
of relative bounds. As usual, we will start with the simplest inequalities
and proceed towards more sophisticated techniques with better theoretical
properties, but at the same time less precise constants, so that which one is
the more fitted will depend on the size of the training sample.

The first thing we will do is to compute for any posterior distribution
p: Q — M (0) arelative performance bound bearing on p(R) — infg R. We
will also compare the classification model indexed by © with a sub-model
indexed by one of its measurable subsets ©1 C ©. For this purpose we will
form the difference p(R) — R(6), where 6 € ©1 is some possibly unobservable
value of the parameter in the sub-model defined by ©1, typically chosen in
argming, R. If this is so and p(R) — R(f) = p(R) — infe, R, a negative
upper bound indicates that it is definitely worth using a randomized esti-
mator p supported by the larger parameter set © instead of using only the
classification model defined by the smaller set ©;.

1.4.1. BASIC INEQUALITIES. Relative bounds in this section are based on

the control of r(6) — r(f), where 0,0 € ©. These differences are related to
the random variables

$i(6,0) = 04(8) — () = L[ fo(X:) # Yi] — 1[f5(X,) # Vi].

Some supplementary technical difficulties, as compared to the previous
sections, come from the fact that 1;(0,6) takes three values, whereas o;(6)
takes only two. Let

N
Y(0,8) = r(0) — r(§) = %Zm(e,é), 6,4 ce, (1.19)

and R'(6,6) = R(A) — R(A) = P[r'(6, 9~)] We have as usual from indepen-
dence that

log{IP[exp[ ' (0, 0 ]} Zlog{ [exp w(ﬁ 0)]]}
< Nlog{;r 'XN:IP{eXp{—])\}wi(G,g)] }}
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Let C; be the distribution of 1;(6,8) under P and let C' = + SN Ce
Mi_ ({—1, 0, 1}) With this notation

log{lP [exp [—Ar'(@, 5)]] } < Nlog{/we{_1 o exp(—]?[w)C(dip)}.

(1.20)

The right-hand side of this inequality is a function of C. On the other

hand, C being a probability measure on a three point set, is defined by two

parameters, that we may take equal to [¢C(dy) and [2C(dip). To this
purpose, let us introduce

N
- _ _ _ 1 ~ ~
M(9,6) = /¢20(d¢) = C(H) 4 O(-) =+ S P[20.5), 0.dco.
i=1
It is a pseudo distance (meaning that it is symmetric and satisfies the triangle
inequality), since it can also be written as

N
M(60,8) = 5 SR # Y]~ 1[f5(X0) # ¥

=1

}, 0,0 € ©.

It is readily seen that

N log {/exp <—Jif¢> C*(cw)} = =AW, [R'(0,6), M'(6,0)],

where

m —

Wa(pm) = —a Mog[(1 = m) + "L exp(—a) + "L expla)]

=—a! log{l — sinh(a)[p — m tanh(%)] } (1.21)
Thus plugging this equality into inequality (1.20, page 51) we get
THEOREM 1.4.1. For any real parameter A,
1og{P[exp[—Ar’(e,§)]]} < -\ [R'(6,0),M'(6,0)], 0.0¢€80,

where 1’ is defined by equation (1.19, page 50) and ¥ and M’ are defined
Just above.

To make a link with previous work of Mammen and Tsybakov — see e.g.
Mammen et al. (1999) and Tsybakov (2004) — we may consider the pseudo-
distance D on © defined by equation (1.3, page 20). This distance only
depends on the distribution of the patterns. It is often used to formulate
margin assumptions, in the sense of Mammen and Tsybakov. Here we are
going to work rather with M ' as it is dominated by D in the sense that
M'(0,0) < D(6,0), 6,0 € ©, with equality in the important case of binary
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classification, hypotheses formulated on D induce hypotheses on M’, and
working with M’ may only sharpen the results when compared to working
with D.

Using the same reasoning as in the previous section, we deduce

THEOREM 1.4.2. For any real parameter A, any 0 e O, any prior distribu-
tion m € M*L(O),

P{exp[ sup )\[p{\I/g[R’(.,g),M’(.jg)}}—p[r’(.jg)]]—f](f(p,w)]}<1.

peML (©)

We are now going to derive some other type of relative exponential in-
equality. In Theorem 1.4.2 we obtained an inequality comparing one observed
quantity p[r/(-,6)] with two unobserved ones, p[R'(-,0)] and p[M'(-,0)],
— indeed, because of the convexity of the function AW A,

Ap{ W [R(60),M'(0)]} > AU {p[R(-,0)], p[M'(-,6)]}.

This may be inconvenient when looking for an empirical bound for p[R/(-, 5)] ,
and we are going now to seek an inequality comparing p[R’ (-, 5)] with em-
pirical quantities only.

This is possible by considering the log-Laplace transform of some modified
random variable x;(0, 9~) We may consider more precisely the change of
variable defined by the equation

A A
€xXp <—NX2‘> =1- N%,

which is possible when % € )—1,1( and leads to define

N A
Xi=—~ log (1 - N¢i) -

We may then work on the log-Laplace transform

log{IP exp{—j\}éxiw,g)}] } = log{IP f[l<1 - 2@(9,5))] }
= log{IP exp{élog[l - %wi(e, 5)] }] }

We may now follow the same route as previously, writing

bg{n» exp{img{l - (0.0 }] }
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_N1 A prys(0.8)] | < Nlog[1 — 2R,
—;Og[l—N [4:i(0, )]]— Og[ N 6,6)]-

Let us also introduce the random pseudo distance

1 N
:N;wwe?

Z( [Fo(X0) # ¥i] — L[f5(x) # V]|

0,0 cO. (1.22)

Z\H

This is the empirical counterpart of M’, implying that P(m') = M’. Let us
notice that

_ log(1 - 2y —log(l+ 2 ~
N log(1 — %) +log(1 + %)

5 m'(0,6)

_;log<1> (0.9) + 5 log(1 — 22)m'(0.5).

1+ %

A
Let us put v = glog<1+1§) so that

N
A = Ntanh(%) and & log(l - ﬁ‘,—i) = —Nlog[cosh(3)].
With this notation, we can conveniently write the previous inequality as
IP{exp [—Nlog[l — tanh(3)R'(0, 5)]
— 7' (6,8) — Nlog[cosh(3)]m'(6,0) | } <1

Integrating with respect to a prior probability measure w € Mﬂr(@), we
obtain

THEOREM 1.4.3. For any real parameter v, for any g c O, for any prior
probability distribution = € M*(O),

]p{exp[ sup {—Np{log[1—tanh(]V)R’(-ﬁ)]}

peML (©)

— 'yp[r'(',g)} — Nlog[cosh(%)]p[m'(-,a)] — X(p, W)}] } <1
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1.4.2. NON RANDOM BOUNDS. Let us first deduce a non-random bound
from Theorem 1.4.2 (page 52). This theorem can be conveniently taken
advantage of by throwing the non-linearity into a localized prior, considering
the prior probability measure p defined by its density

d exp{—AV , [R'(0,0), M'(6,0)] + GR'(6,0)}
“C(g) = N - - N
dr" rexp{-Aw [R(-8),M/(0)] + BR(-0)} |

Indeed, for any posterior distribution p: Q — M (0),

K(p, 1) = Klp, ) + Ap{ s [R(,0),M'(,0)] } = Bp[R'(-,0)]
+log{ 7 [exp{-AW [R(0), M'(,0)] + BR(,0)]}] }-

Plugging this into Theorem 1.4.2 (page 52) and using the convexity of the
exponential function, we see that for any posterior probability distribution

p:Q— ML(O),
BP{p[R'(-,6)]} < XP{p[r'(-,0)]} + P[X(p, )]
+log{7r[exp{f)\‘11% [R'(-,0), M'(-,)] +ﬂR’(-,5)}}] }
We can then recall that
Ap [r’(-, 5)] +X(p,m) = fK[p, ﬂ'exp(,AT)] — log{w {exp[—)\r’(-, 5)]} },

and notice moreover that
—IP{log{W [exp [—)\7"(-, 5)]} }} < — log{ﬂ [exp[—)\R'(-, g)ﬂ },

since ' = P(r') and h log{w[exp(h)]} is a convex functional. Putting

these two remarks together, we obtain

THEOREM 1.4.4. For any real positive parameter X\, for any prior distri-
bution m € M(©), for any posterior distribution p : Q — M} (0),

PR (0)]} < 5P [X(p:Texp(-an)]
+ Lo [exp{ Ay [RC.0),000.8)] + 570}
— ;log{ﬂ[exp[—)\R,(v g)ﬂ}

< —P[K(p, Wexp(_,\r))]

I
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+ ;log{w[exp{ [Nsinh(%) — B]R'(-,0)
+ 2N sinh(2)*M'(, ) }|}

——log{ [exp CAR(- N]]}.

It may be interesting to derive some more suggestive (but slightly weaker)
bound in the important case when ©; = © and R(f) = infg R. In this case,
it is convenient to introduce the expected margin function

o(z) =sup M'(0,0) — zR'(0,60), z€R,. (1.23)
0cO

We see that ¢ is convex and non-negative on R.y. Using the bound M’ (6, ] ) <
xR'(6,0) + ¢(x), we obtain

P{p[R'(-0)]} < ;]P[K(Paﬂexp(—mﬂ

+ G loa{ w|exo{ (¥ sinh() 1 — s tann()] - 5} | |

+ Nsinh(]’\\%tanh(ﬁv)w(m) — ;log{ﬂ[exp[—/\R’(-, 5)]] }

Let us make the change of variable v = N sinh(%) [1- mtanh(iN)] — B to
obtain

COROLLARY 1.4.5. For any real positive parameters x, v and X\ such that
v < tanh(74)~ and 0 < 7 < N sinh(3)[1 - xtanh(3)]

Pp(R)] —inf R < {Nsinh(3)[1 ~ wtanh()] —7}
A
X { /7 [Texp(—ar)(R) — inf R|do

+ Nsinh(%) tanh(iN) () + P[K(p, Texp(—r)] }

Let us remark that these results, although well suited to study Mammen
and Tsybakov’s margin assumptions, hold in the general case: introducing
the convex expected margin function @ is a substitute for making hypotheses
about the relations between R and D.

Using the fact that R'(,0) > 0, § € © and that p(z) > 0, = € Ry, we
can weaken and simplify the preceding corollary even more to get

COROLLARY 1.4.6. For any real parameters 3, X and x such that x > 0
2
and 0 < B < A— xﬁ‘—N, for any posterior distribution p :  — M}r(@),
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Plp(R)] <inf R
2 -1 A
+ [)\ — x;‘—N — ﬁ] {/ﬁ [ﬂ'exp(,aR)(R) — igf R} da

2
+PAK[p: 0]} + 9003 |

Let us apply this bound under the margin assumption first considered by
Mammen and Tsybakov (Mammen et al., 1999; Tsybakov, 2004), which says
that for some real positive constant ¢ and some real exponent x > 1,

R'(6,0) > cD(0,0)", 0 €0. (1.24)
In the case when x = 1, then p(c™!) = 0, proving that
~ fA Texp(—~R) [R,(,g)]d’}/
P{Tesep(-xr) [R (- 0)] } < —— . ) o 1 A
N sinh(5)[1 — ¢! tanh(5y)] — 8
N -
< fﬁ Texp(—r) |1 (0)]dy
_— A N )\2 N .
2cN

= we obtain

A _cN
2 7 4o

Taking for example A = %, 8=

cN
. 8 2 ~
]P[ﬂ-exp(*Q_lcNT)(R)] < inf R + 67N /cf Texp(—vR) [R/(" 0)] d’y
<inf R+ 2movp [R(0)].

If moreover the behaviour of the prior distribution 7 is parametric, meaning
that Teyx,(—srR) [R'(-,0)] < %, for some positive real constant d linked with
the dimension of the classification model, then

8log(2)d 5.55d
— N —_—

P[Teyp(— ey (R)] < inf R+ N

<inf R+

In the case when k > 1,

1 1

pla) < (s = 1)~ = () o1 = (1= w7 (mew) T,

thus P{ 7 s [R'(0)]}
~ 1
< fﬁ)\ 7Texp(f'yR) [R/(,Q)]d’)/-f- (1 - R_l)(ﬂcx) H_12)\7N‘

1
Taking for instance 8 = %, T = %, and putting b = (1 — k™) (cr) "1, we
obtain

K

A e 2A\ -1
7rexp(—'yR)[]% (79)]d7+b N :

P[Wexp(—)\r)(R)] —infR < 4/
A2
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- iy d
In the parametric case when ey, (—yR) [R/(-, 0 )] < 2, we get

41og(2 N\ "ot
P [y (R)] — inf B < 2052 <A> '

A N
Taking
~ r=l K
X =27 [8log(2)d] 2" (ke) =T N 7w T,
we obtain
log(2)d\ 71
P[5y (R)] — inf R < (2 — 571 ()77 <8mg]\§)d) -

We see that this formula coincides with the result for k = 1. We can thus
reduce the two cases to a single one and state

COROLLARY 1.4.7. Let us assume that for some 0 € O, some positive
real constant ¢, some real erponent K > 1 and for any 0 € ©, R(0) >
R(0) + ¢D(0,0)". Let us also assume that for some positive real constant d
and any positive real parameter 7y, Texp(—yr)(R) —inf R < %. Then

P[r ()]

k=1 1k
exp{ —271[8log(2)d] 2+—T1 (kc)2r—T N 2x—1 7‘}

<infR+ (2 1) (o) 2 <81gN(2)d) o

Let us remark that the exponent of N in this corollary is known to be the
minimax exponent under these assumptions: it is unimprovable, whatever
estimator is used in place of the Gibbs posterior shown here (at least in the
worst case compatible with the hypotheses). The interest of the corollary
is to show not only the minimax exponent in N, but also an explicit non-
asymptotic bound with reasonable and simple constants. It is also clear that
we could have got slightly better constants if we had kept the full strength
of Theorem 1.4.4 (page 54) instead of using the weaker Corollary 1.4.6 (page
55).

We will prove in the following empirical bounds showing how the constant
A can be estimated from the data instead of being chosen according to some
margin and complexity assumptions.

1.4.3. UNBIASED EMPIRICAL BOUNDS. We are going to define an empirical
counterpart for the expected margin function . It will appear in empirical
bounds having otherwise the same structure as the non-random bound we
just proved. Anyhow, we will not launch into trying to compare the be-
haviour of our proposed empirical margin function with the expected margin
function, since the margin function involves taking a supremum which is not
straightforward to handle. When we will touch the issue of building prov-
ably adaptive estimators, we will instead formulate another type of bounds
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based on integrated quantities, rather than try to analyse the properties of
the empirical margin function.
Let us start as in the previous subsection with the inequality

ﬂIP{p[R/(',g)]} < P{Ap[r'(‘,gﬂ + K(p, 77)}
+ log{ﬂ [exp{—/\\ll% [R'(., 9), M-, 67)] +BR(-,0) }] }

We have already defined by equation (1.22, page 53) the empirical pseudo-
distance

~ 1 N ~
m'(0,0) = & > i(6,6)°.
=1

Recalling that P[m’(@,g)] = M’'(6,6), and using the convexity of h —
log{ﬂ [exp(h)] }, leads to the following inequalities:

log{ﬂ'{exp{—)\\I/% [R(-,8),M'(-.0)] +5R’(-,§)}}}
< log{ﬁ[exp{—Nsinh(%)R’(-, 0)
+ Nsinh(2) tanh(A)M'(-,0) + BR(-,0)] }} }
< P{log{ﬂ[exp{—[N sinh(2) — 8]r'(~,0)
+ NSinh(%)tanh(ﬁ)m’(-,g)}] }}
We may moreover remark that

Ap[r' (-, 5)] +X(p,m) = [ — Nsinh(3) + A p[r'(,, 5)]
+X[p, Texp{~[N Sinh(%)—ﬁlr}}
— log{ﬂ[exp{— [Nsinh(%) - B]7'(, 67)}] }
This establishes

THEOREM 1.4.8. For any positive real parameters 8 and X\, for any poste-
rior distribution p : @ — ML (©),

~ sinh(3) — ~
P{o[R(-8)]} < ]P{ [1 - W}pw.,m]

X [p’ Wexp{—[N sinh(%)—ﬁ}r}]
B

07108 My ot )1y [ xR [N simb () tan( ) ()] }}

+
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Taking 3 = & sinh(%;), using the fact that sinh(a) > a, a > 0 and expressing

tanh($) = a~'[y/1 4 sinh(a)? — 1] and a = log[\/1 + sinh(a)? + sinh(a)],

we deduce

COROLLARY 1.4.9. For any positive real constant 8 and any posterior dis-
tribution p : Q@ — M1 (O),

P{p[R'(-,0)]} < ]P{ []g log(\/@—k %) - 1] plr'(-,0)]

~~

<1

1
+3 {K [0+ Texp(—r)]

+log {wexp(_ﬁr){exp [N(\/@ 1) 8)] }} }}

This theorem and its corollary are really analogous to Theorem 1.4.4 (page
54), and it could easily be proved that under Mammen and Tsybakov margin
assumptions we obtain an upper bound of the same order as Corollary 1.4.7
(page 57). Anyhow, in order to obtain an empirical bound, we are now going
to take a supremum over all possible values of 6, that is over ©1. Although
we believe that taking this supremum will not spoil the bound in cases when
over-fitting remains under control, we will not try to investigate precisely if
and when this is actually true, and provide our empirical bound as such. Let
us say only that on qualitative grounds, the values of the margin function
quantify the steepness of the contrast function R or its empirical counterpart
r, and that the definition of the empirical margin function is obtained by
substituting IP, the true sample distribution, with P = (% Zfil 5(X1-,Yi))®N
the empirical sample distribution, in the definition of the expected margin
function. Therefore, on qualitative grounds, it seems hopeless to presume
that R is steep when r is not, or in other words that a classification model
that would be inefficient at estimating a bootstrapped sample according to
our non-random bound would be by some miracle efficient at estimating
the true sample distribution according to the same bound. To this extent,
we feel that our empirical bounds bring a satisfactory counterpart of our
non-random bounds. Anyhow, we will also produce estimators which can be
proved to be adaptive using PAC-Bayesian tools in the next section, at the
price of a more sophisticated construction involving comparisons between a
posterior distribution and a Gibbs prior distribution or between two poste-
rior distributions. B

Let us now restrict discussion to the important case when § € arg ming, R.

I

To obtain an observable bound, let 6 € arg mingee r(6) and let us introduce
the empirical margin functions

p(x) = supm’ (6, 5) —xz[r(0) — r(g)], x € Ry,
0cO
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~ ~

P(z) = sup m'(0,0) — z[r() — r(0)], =€ Ry.
0O

Using the fact that m’(6,6) < m/(0,8) + m/(8,6), we get

COROLLARY 1.4.10. For any positive real parameters 3 and X, for any pos-
terior distribution p : Q@ — Mk (©),

wlotm] - gt < {1 - 222 o) - 6]

X [p, Texp{—[N sinh(%)fﬁ]r}]

B
07108 Mgty ey X[V sinh (3) tanh (3 )m'(, )] |
NN s 3 _Nsinh(%)—)\ ]}
+5 Nsmh(N) tanh(QN)(p {N sinh(%> tanh(ﬁ) (1 B '

Taking 3 = 5 smh(%), we also obtain

P[p(R)] - iéllfR < IP{ [fg 1og( 1448 26) 1} [p(r) — ()]

<1

1
+3 {K [P: Texp(—pr)]

i ol - o]
+ g(m -1)?

Note that we could also use the upper bound m/(6,8) < = [r(0)—r(0)] +5(z)
and put o = N sinh(%)[1 — z tanh(5})] — 3, to obtain

COROLLARY 1.4.11. For any non-negative real parameters x, a and A, such

that o < Nsinh(%) [1- xtanh(ﬁ)] , for any posterior distribution p : Q —
ML(8),

P[p(R)] — inf R

inh(2)[1 - 2] — A
<P {1_Ns‘1nh§, [1 — 2 tanh( 2/]\\,)] A (1) — ()]
N sinh(5)[1 — 2 tanh(5y)] — «
K [P, Texp(~ar)]

+
N sinh %)[1 —xtanh A )] -«



1.4. Relative bounds 61

N sinh(%) tanh(QiN)
N simh( 21— 7
N sinh($y)[1 — z tanh(5y)] — o

X {w(x) + 6(]\7 Sinh(},;thh(z?v)ﬂ }

Let us notice that in the case when ©; = O, the upper bound provided by
this corollary has the same general form as the upper bound provided by
Corollary 1.4.5 (page 55), with the sample distribution PP replaced with the

empirical distribution of the sample P = (% Zf\i 10¢ Xi,Yi))®N- Therefore,
our empirical bound can be of a larger order of magnitude than our non-
random bound only in the case when our non-random bound applied to the
bootstrapped sample distribution P would be of a larger order of magnitude
than when applied to the true sample distribution IP. In other words, we
can say that our empirical bound is close to our non-random bound in every
situation where the bootstrapped sample distribution P is not harder to
bound than the true sample distribution P. Although this does not prove
that our empirical bound is always of the same order as our non-random
bound, this is a good qualitative hint that this will be the case in most
practical situations of interest, since in situations of “under-fitting”, if they
exist, it is likely that the choice of the classification model is inappropriate
to the data and should be modified.

Another reassuring remark is that the empirical margin functions @ and

~

¢ behave well in the case when infgr = 0. Indeed in this case m/(0,6) =
1(6,68) = r(6), 6 € ©, and thus p(1) = 3(1) = 0, and

o(z) < —(x —1)infe, r, z > 1.
This shows that in this case we recover the same accuracy as with non-
relative local empirical bounds. Thus the bound of Corollary 1.4.11 does
not collapse in presence of massive over-fitting in the larger model, causing
r(é) = 0, which is another hint that this may be an accurate bound in many

situations.

1.4.4. RELATIVE EMPIRICAL DEVIATION BOUNDS. It is natural to make
use of Theorem 1.4.3 (page 53) to obtain empirical deviation bounds, since
this theorem provides an empirical variance term.

Theorem 1.4.3 is written in a way which exploits the fact that v; takes
only the three values —1, 0 and +1. However, it will be more convenient for
the following computations to use it in its more general form, which only
makes use of the fact that ¢; € (—1,1). With notation to be explained
hereafter, it can indeed also be written as

IP{exp[ sup {=Npfioe[1 - ap(u)]}

peN, (©)

n Np{ﬁ[loga - w)} } — K(p, w)}] } <1. (1.25)
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We have used the following notation in this inequality. We have put

E (X:,Y3)

so that P is our notation for the empirical distribution of the process
(X;,Yi)X |. Moreover we have also used

1 N
P=P(F)= ) P,
=1

where it should be remembered that the joint distribution of the process
(X5, Y)Y, is P = @Y, P.. We have considered (6, ) as a function defined

on X x Y as $(0,0)(z,y) = 1]y # fol@)] — L[y # F()], (2,9) € X x Y s0
that it should be understood that

1 N
N ~
Z { [Yi # fo(X )}—1[E#fg(Xi)]}:R’(0,9).

In the same way

P [log(l ~ b } Z log[1 — \i;(0,6)].

Moreover integration with respect to p bears on the index 6, so that

pfog[1-ap)]} = | . 1og{1 - ZleP[wi(e, )] }p(cw),
p{ﬁ[bgu - A@b)}} - /066{ Zlog [1— Ai(60,0)] }p<de).

We have chosen concise notation, as we did throughout these notes, in
order to make the computations easier to follow.

To get an alternate version of empirical relative deviation bounds, we
need to find some convenient way to localize the choice of the prior dis-
tribution 7 in equation (1.25, page 61). Here we propose replacing m with
B = Texp{—Nlog[1+8P(y)]}» Which can also be written Texp{—N log[1+BR' (- )]}
Indeed we see that

K(psp) = Np{log[l + BP()] } + X(p,m)
+ log{ﬂ [exp{—Nlog [1+ 6P (V)] }] }



1.4. Relative bounds 63

Moreover, we deduce from our deviation inequality applied to —, that (as
long as 3 > —1),

IP{exp [NM{P[log(l + 69)] } - Nu{log[l + BP()] }] } <1.
Thus
]P{exp [log{ﬂ lexp{~Nlog[1+ P(w)]}] }
— log{ﬂ' [exp{—Nﬁ[log(l + BY)] }} }} }
< IP{exp {—Nu{log[l + 5P(¢)]} — K, 7)
+ Nu{Pllog(1-+ )]} + K(um)| < 1.

This can be used to handle X(p, ), making use of the Cauchy—Schwarz
inequality as follows

P{exp[; [—Nlog{(l Ap[P )
+Np{ [log (1- Azp]}
{

—log W[exp{ NP[log(1 +W)]}HH}

(i)}

< IP{eXp [—Nlog{ (1 —Ap [PW)])}
1/2
+ Np{ [log(l )\1/1)}} K(p, N)] }
X IP{eXp [log{w [exp{—Nlog[l + ﬁP(T/))] }} }

1/2
— 1og{7r[exp{—NF[1og(1 + Bv)] }} }] } <1
This implies that with IP probability at least 1 — e,

— Niog{ (1= xp[P()] ) (1+ Bo[P(w)]) }
< ~Np{Plog(1 - 20)] }
+ X(p,m) + log{w [exp{—N?[log(l + 69)] }} } — 2log(e).
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It is now convenient to remember that

F[log(l - )\1/1)} = %log <:_i) (6,0) + %log(l — 22)m!(6,0).

We thus can write the previous inequality as

— Nlog{(l — )\p[R/(-,g)]) (1 +ﬂp[R/(',§)])}
N 1+ A
lo g<

5 H) p[r'(-,0)] - glog(l — \)p[m/(-,0)] + K(p, )

+tog rlexp{ - 5 tog (1 50) (.0

<

Let us assume now that 6 € arg mm@1 R. Let us introduce 8 € arg ming r.
Decomposing 7' (6,6) = (6 Q) G 0) and considering that

m'(0,0) < m'(6, 0)+m(0 9)
we see that with IP probability at least 1 — ¢, for any posterior distribution
p:— ML(O),

—Nlog{(l—)\pR’ )<1+ﬂpR’ ~)}
];71 (Hi) (e 5)]—51%(1—%) [/ (-,8)] + K(p, )
+ log{Tr [exp{ logGJrg) [7(,0)] — Ylog(1 — B2)m'(-, 5)}] }

+ ¥ log | {45 [7@) — r(8)

— Nlog[(1 =A%) (1 = 52)]m!(8,0) — 2log(e).

Let us now define for simplicity the posterior v : Q — M (©) by the
identity

dy ) exp{—% log(if—)‘>r’(0, A) + % log(1 — A2)m/(#, A)}
% .
woxp{ ¥ og(£2) /(-0 + F1ox(1 - (D)}
Let us also introduce the random bound
1 N oo [ (1N (A-6) 7
B= Nlog{u[exp[ log[w}r (,0)

- Ftogf(1 -1 - (9] |}
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(1=XN)(148) | 1 v
+ 68;1@1)) 5 log [7(1+>\)(1—6)}T (0,0)

1 ~ 2
- - log[(l -2 - BQ)]m'(H, 0) — —log(e).
2 N
THEOREM 1.4.12. Using the above notation, for any real constants 0 < 3 <

A < 1, for any prior distribution = € M.(0), for any subset ©1 C ©, with
P probability at least 1 — €, for any posterior distribution p : 2 — Mi_(@),

~log{ (1= Ap(R) ~inf B] ) (1+ B[o(R) ~ inf R] ) } < J{(]’i;w +B.

Therefore,

—inf
p(R) inf R

A W@A% - exp (- o)) )

c b (ne 20,

Let us define the posterior 7 by the identity
W _ exp[——log (Hﬁ) r'(0,0) — ¥ log(1 — ﬁQ)m'(e,(?)}
e[ Y 108 (125) #(.0) — S tos(1 - (D))}

It is useful to remark that

% log{y [exp [% log(%) (-, 5)

- glog[(l — (1 - gH]m'(, 5)]} }

This inequality is a special case of

1og{7r [exp(g)] } — log{w [exp(h)} }
= /a 1 Texplhta(g—h)] (9 = h)da < Texng) (g — h),

which is a consequence of the convexity of a +— log{ﬂ [exp [h +a(g— h)]} }
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Let us introduce as previously @(x) = supgee m/ (6, 0)—x1(6,6), z € Ry.
Let us moreover consider ¢(z) = suppeg, m'(6, 0)—a1'(,0), x € Ry. These
functions can be used to produce a result which is slightly weaker, but maybe
easier to read and understand. Indeed, we see that, for any = € Ry, with P
probability at least 1 — ¢, for any posterior distribution p,

— Ni1og{ (1= M[R'(0)]) (1+ B[R, 0)]) |

N (14 X) .o
=g loe [(1 — (- v)x} ol 9)]

_ glog[(l ~ A% (1 - B3] 5() + K(p, )

+ log{Tr [exp{—g log {%} (-, A)}] }

_glog[(l—)?)(l_ﬂz)]a —log [(1 = A2)(1 - 3?)]

- N (148) Texp(—ar) [T (.’ 9)] da
2 log[m]

+ K(,O, g a+») ]r}) -2 IOg(E)

exp{ =5 gl oxmye

log | A+ (1=0)

N ) o | 8 [(H)(lw)
) log[(l -1 -8 )] P(z) + ¢ —log[(1 — A2)(1 — 32)]

THEOREM 1.4.13. With the previous notation, for any real constants 0 <
8 < A < 1, for any positive real constant x, for any prior probability distri-
bution m € ML(O), for any subset ©1 C ©, with P probability at least 1 — ¢,
for any posterior distribution p : Q — M}F(@), putling

N a+x
1 /z tog | 3 e |

B(p) = Ny o) Texp(—ar) [7”‘/(', é\)] da
N = 0) J 5 108 =525
N K(p, ﬂ-exp{*%log[%]r}) — 2log(e)
N =5)

1 log [%}
— 710g[(1 — )\2)(1 - ﬁ2)] Plz)+¢ —log[(1 = X2)(1 — 3?)]

2(A - )
1+)
log [u—ixﬁ} )

< ————d.log
- N\ — 1+
(A=5) (10g(<1ﬂ(><1)ﬂ2>z>
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K(p,m — 2log(¢)

BXP{*% log[%]r})

" NO-B)

(=N (1+8)
—log[(1 =A)(1=p2)] | |

log [(IH)(PB)}

) P
_mlog[(l_V)(l—62)] plz) +¢

the following bounds hold true:

— inf
p(R) in R

(ol et o)1
< B(p).

Let us remark that this alternative way of handling relative deviation bounds
made it possible to carry on with non-linear bounds up to the final result.
For instance, if A = 0.5, 8 = 0.2 and B(p) = 0.1, the non-linear bound gives
p(R) —infg, R < 0.096.
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Chapter 2

Comparing posterior
distributions to Gibbs priors

2.1. BOUNDS RELATIVE TO A GGIBBS DISTRIBUTION

We now come to an approach to relative bounds whose performance can
be analysed with PAC-Bayesian tools.

The empirical bounds at the end of the previous chapter involve taking
suprema in 6 € ©, and replacing the expected margin function ¢ with some
empirical counterparts @ or ¢, which may prove unsafe when using very
complex classification models.

We are now going to focus on the control of the divergence K [p, Texp(—f R)] .
It is already obvious, we hope, that controlling this divergence is the crux
of the matter, and that it is a way to upper bound the mutual information
between the training sample and the parameter, which can be expressed as
ZK[,O, IP(p)] = JC[p, Wexp(,gR)] —JC[IP(p), ﬂexp(,ﬂR)} , as explained on page 28.

Through the identity

K [p: Texp(—pr)] = B[p(R) — Texp(—ar) (R)]
+X(p,m) — K[ﬂ'exp(,ﬁR), Tr], (2.1)

we see that the control of this divergence is related to the control of the
difference p(R) — Texp(—gr) (R). This is the route we will follow first.

Thus comparing any posterior distribution with a Gibbs prior distribu-
tion will provide a first way to build an estimator which can be proved to
reach adaptively the best possible asymptotic error rate under Mammen and
Tsybakov margin assumptions and parametric complexity assumptions (at
least as long as orders of magnitude are concerned, we will not discuss the
question of asymptotically optimal constants).

Then we will provide an empirical bound for the Kullback divergence
X [p, Texp(—f R)] itself. This will serve to address the question of model selec-
tion, which will be achieved by comparing the performance of two posterior
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distributions possibly supported by two different models. This will also pro-
vide a second way to build estimators which can be proved to be adaptive
under Mammen and Tsybakov margin assumptions and parametric com-
plexity assumptions (somewhat weaker than with the first method).

Finally, we will present two-step localization strategies, in which the per-
formance of the posterior distribution to be analysed is compared with a
two-step Gibbs prior.

2.1.1. COMPARING A POSTERIOR DISTRIBUTION WITH A (IBBS PRIOR.
Similarly to Theorem 1.4.3 (page 53) we can prove that for any prior distri-
bution 7 € M (0),

IP{% ® %{exp [—Nlog(l — Ntanh(%)R')

— 47’ — Nlog[cosh(%)]m H} <1l (22

Replacing 7 with 7., (_gr) and considering the posterior distribution p ®
Texp(—BR), Provides a starting point in the comparison of p with Texy(—gR);
we can indeed state with IP probability at least 1 — € that

~ Nlog{1 — tanh (%) [#(R) — exp(_pm)(R)] }

< Y [,0(7") - 7"-exp(—ﬂl'%)("ﬂ)] + NIOg [COSh(%)] [P ® 7Texp(—ﬁR)] (m/)
+ iK[p, Wexp(_ﬁR)] —log(e). (2.3)

Using equation (2.1, page 69) to handle the entropy term, we get

— Nlog{1 — tanh(3) [p(R) — Tesp(-pm) (R)] } = BIO(R) = Texp(pmy(R)]
< [p(r) = Texp(—r) ()] + Nlog[cosh ()] p @ Texp(—sr) (M)
+ K(p,m) — K[ Texp(—gr) 7| — log(e). (2.4)

We can then decompose in the right-hand side vy [p(r) — Texp(—gr) ()] into

(v =N [p(r) = Texp(—pr) ()] + A[p(r) = Texp(—pr) (r)] for some parameter A
to be set later on and use the fact that

A [p(r) - 7Texp(fﬁ’R) (T)] + Nlog [COSh(%)] P ® 7Texp (ml)
+ K (p, ™) = K[ Texp(—pR): 7]
< Ap(r) + K(p,m) + log{ [exp{ Ar + N log [cosh )] p(m }} }
- 9{[[}, Texp(— )\r)} + 1Og{Trexp( Ar) [eXP{Nlog [COSh(%)] (m,)}] }a

to get rid of the appearance of the unobserved Gibbs prior me.,(—gr) in most
places of the right-hand side of our inequality, leading to
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THEOREM 2.1.1. For any real constants 3 and vy, with P probability at least
1 — ¢, for any posterior distribution p : Q@ — Mi_(@), for any real constant
A,
[N tanh(%) = 8] [p(R) = Texp(—pr) (R)]
<-N Og{l - tanh( )[ (R) — Texp(—pR) (R)} }
- /8 [IO(R) Texp(—BR) (R)]
< (’7 - )‘)[ (T) — Texp(—AR) (T)] + fK[p, Texp(—Ar ]
—i—log{wexp( Ar) [exp{N log [cosh ]
= X[, Texp(—r)]
+ log{ﬂexp( —yr) [exp{ v — A)r + Nlog[cosh(F)]p (m')}]}

- (7 - )‘)T‘-exp(—,@R) (T) - IOg(E)'

p(m)}] } — 10g(e)

We would like to have a fully empirical upper bound even in the case when
A # . This can be done by using the theorem twice. We will need a lemma.

LEMMA 2.1.2 For any probability distribution m € ML (©), for any bounded
measurable functions g,h: © — R,

Texp(—g) (g) - 7Texp(fh)(g) < 7Texp(fg)(h) — Tlexp(—h) (h)

PROOF. Let us notice that

0 < K(Texp(—g)» Texp(—h)) = Texp(—g) (M) +H1og{m [exp(—h)] }+K (Texp(—g), 7)
= 7Texp(—g)(h) - 7Texp(—h)(h) - K(Wexp(—h% ) + g{(ﬂ-exp(—g)v )
= Tlexp(—g) (h)_ﬂ'exp(fh) (h)_x(ﬂ'exp(fh)’ 7I-)_7"—exp(fg) (g)_log{ﬂ' [exp(—g)] }

Moreover

log{ﬂ- [exp ] } < Texp(—h )(g) + j<(7"-exp(—h)a7"-)7

which ends the proof. [J
For any positive real constants 3 and A\, we can then apply Theorem 2.1.1
t0 p = Texp(—ar), and use the inequality

A
B [Wexp(—kr) (r) — Texp(—pBR) (T)] < Texp(—Ar) (R) — Texp(—pBR) (R) (25)

provided by the previous lemma. We thus obtain with IP probability at least
1—e¢

— Nlog{l — tanh(%)% [Wexp(_)\r) (7) = Texp(—4R) (r)} }

-7 [ﬂ—exp(—/\r) (’l“) — Texp(—BR) (7")]
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< log{ﬂexp(_M) [exp{Nlog [cosh(%)]ﬂexp(_M) (m')}] } —log(e).
Let us introduce the convex function
F,o(x) = —Nlog[l — tanh(%)z] — ax > [N tanh(%) — a]x.
With P probability at least 1 — e,

— Texp(—AR) (T) < /\ierllgi{_ﬂexp()\r) (T)

+ fF%},; [log{wexp(_,\r) [exp{Nlog [cosh(%)]ﬁexp(_/\r)(m')}] }

- log(f)] }

Since Theorem 2.1.1 holds uniformly for any posterior distribution p, we can
apply it again to some arbitrary posterior distribution p. We can moreover
make the result uniform in § and ~ by considering some atomic measure
v € M! (R) on the real line and using a union bound. This leads to

THEOREM 2.1.3.  For any atomic probability distribution on the positive
real line v € Mi(]RQ, with P probability at least 1 — €, for any posterior
distribution p : QQ — Mi(@), for any positive real constants 5 and v,
[N tanh(3) = B8] [p(R) = Texp(—pr) (R)]
< F’y,ﬁ [p(R) - 7Texp(fﬂlﬂz) (R)] < B(pa /87'7)7 where

B(p,B,7) = MEB&{& - {JC [ Texp(=xim)]

)\QG]R,)\Q>’%y tanh(F)*
+ (’7 - /\1) [p(?’) — Texp(—Aar) (T)]
+ log{ﬁexp(_xlr) [eXP{N log[cosh(7)] p(m’)}} } — log[ev(B)v(v)]

B
+O =My F log{
T A2

Texp(—Aar) {exp{N log [COSh(%)] Texp(—Aar) (m/) }] }

~ log [w(ﬂ)u(v)]] }

< inf K0, o —
> MERL M <y { [/07 exp( )\17“)]
A2€R N2> 52 tanh(3) !

+ (7 - >‘1) [p(T) — Texp(=Xar) (T)]
+ log{ﬂexp(_xlr) [exp{N]og [cosh(%)] p(m’)}} }
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g (-2

N 1 exp(—Aazr
A2 [% tanh(3) — )\%} Og{ﬂ p(=22 )[

exp{ N 1og[cosh ()] Tesp(-xor) (1)} | }

g 1-21)
{1 " AQW} log[ev(B)v(7)] }

_l’_

where we have written for short v(3) and v(v) instead of v({B}) and v({7}).

Let us notice that B(p, 3,7v) = +o0o0 when v(3) = 0 or v(y) = 0, the unifor-
mity in 8 and v of the theorem therefore necessarily bears on a countable
number of values of these parameters. We can typically choose distributions
for v such as the one used in Theorem 1.2.8 (page 27): namely we can put
for some positive real ratio oo > 1

1

v(a®) = k+ 1)k +2)

ke N,

or alternatively, since we are interested in values of the parameters less than
N, we can prefer

ok — 1os(a) log(N)
(%) log(aN)’ 0sk< log(ar)

We can also use such a coding distribution on dyadic numbers as the one
defined by equation (1.7, page 29).

Following the same route as for Theorem 1.3.15 (page 46), we can also
prove the following result about the deviations under any posterior distri-
bution p:

THEOREM 2.1.4 For any € €)0, 1(, with P probability at least 1 — €, for any
posterior distribution p : ) — M#(@), with p probability at least 1 — &,

_ dp 5
F, 5[R(0) — Toxp(—sr)(R)] < inf log |7 ———(0
Y8 B(0) = Texp(—sm) (R)] /\16131?,/\197 {Og[ /\17“)( )]

A2€R,\2> 527 tanh( )1
(’Y )‘1> [ (9) Texp(—Aar) (T)]
108 ] ey, [xp{ NV log [cosh%)] 0)}]} — tog[ew(B)v(7)]

+ (v — >\1

L

()
[log
Te (,\Qr)( )}]}

~togfe ()] }

N

Texp(—Aar) [GXP{N log [Cosh(%)
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The only tricky point is to justify that we can still take an infimum in A;
without using a union bound. To justify this, we have to notice that the
following variant of Theorem 2.1.1 (page 71) holds: with P probability at
least 1 — ¢, for any posterior distribution p : @ — ML (©), for any real
constant A,

P{F%ﬁ [R — Texp(~pm) (R)] } < K[y Texp(—n)]
+p Li\glfglog{wexp(_w) [exp{(v — A)r + Nlog[cosh(F)]m/(, @\)}} }
= (1= -] 1os(e).
We leave the details as an exercise.
2.1.2. THE EFFECTIVE TEMPERATURE OF A POSTERIOR DISTRIBUTION.

Using the parametric approximation Tey,(—qr) (1) — infer =~ %e, we get as
an order of magnitude

B(ﬂ-exp(—klr)’ B, 'Y) S _(’Y - Al)de [)\51 - Afl}

A1
- 2dc log A1 — Nlog[cosh(F)]z
B (1- %) A2
2 e g ()
(1-21) N
+ 2N log[cosh(7)] [1 + )i [ﬂ tanh(%w) - /\ﬁ] ] o(x)
g (12

Therefore, if the empirical dimension d, stays bounded when N increases, we
are going to obtain a negative upper bound for any values of the constants
A1 > A2 > [, as soon as 7y and % are chosen to be large enough. This
ability to obtain negative values for the bound B (Wexp(, Air)» Y5 B), and more
generally B(p,~, 3), leads the way to introducing the new concept of the
effective temperature of an estimator.

DEFINITION 2.1.1 For any posterior distribution p :  — M! (©) we define
the effective temperature T'(p) € R U {—o0,+00} of p by the equation

p(R) =m R).

exp(— 7t (

Note that 8 + Texp(—gr)(R) : R U{~00,+0c} — (0,1) is continuous and
strictly decreasing from esssup,. R to essinf; R (as soon as these two bounds
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do not coincide). This shows that the effective temperature T'(p) is a well-
defined random variable.
Theorem 2.1.3 provides a bound for T'(p), indeed:

PROPOSITION 2.1.5. Let

B(p) = €R; inf  B(p,3,7) <0},

B(p) = sup{p v (p,B,7) <0}
where B(p, 3,7) is as in Theorem 2.1.3 (page 72). Then with P probability
at least 1 —¢, for any posterior distribution p : @ — M'(0), T(p) < B(p)~ L,

or equivalently p(R) < T expl=A(p) R] (R).

This notion of effective temperature of a (randomized) estimator p is inter-
esting for two reasons:

e the difference p(R)—7eyp(—pr) (1) can be estimated with better accuracy
than p(R) itself, due to the use of relative deviation inequalities, leading to
convergence rates up to 1/N in favourable situations, even when infg R is
not close to zero;

e and of course Tey,(—gr) (1) is a decreasing function of 3, thus being able
to estimate p(R) — Texp(—gr) (12) with some given accuracy, means being able
to discriminate between values of p(R) with the same accuracy, although
doing so through the parametrization 3 +— Teyp(—gr)(R), which can neither
be observed nor estimated with the same precision!

2.1.3. ANALYSIS OF AN EMPIRICAL BOUND FOR THE EFFECTIVE TEMPERA-
TURE. We are now going to launch into a mathematically rigorous analysis
of the bound B(7eyxp(—A,r),8,4) Provided by Theorem 2.1.3 (page 72), to show

that inf pett (©) T ) R}(R) converges indeed to infg R at some optimal

‘ exp[-B
rate in favourable situations.

It is more convenient for this purpose to use deviation inequalities involv-
ing M’ rather than m’. It is straightforward to extend Theorem 1.4.2 (page

52) to

THEOREM 2.1.6. For any real constants 3 and ~y, for any prior distributions
€ M_ﬁ_(@), with P probability at least 1 —n, for any posterior distribution
p:Q— ML(0),

VP ® Texp(—gr) [ W2 (B, M')] <99 @ Texp(—pr) (') + K(p, 1) — log(n).

In order to transform the left-hand side into a linear expression and in the
same time localize this theorem, let us choose i defined by its density

;L’;(el) = C lexp [—ﬁR(el)

_ 7/@{\117V [R'(61,02), M'(61,62)]

— % Sinh(%)R/(el, 92) }ﬂ-exp(fﬁR) (dHQ):| s
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where C' is such that p(©) = 1. We get

K(p, 1) = Bp(R) + 71p @ Texp(—pr) [¥ 2 (R, M) — T sinh(F) R'] + K(p, 7)

4 log{ /@ exp [—ﬁR(Gl)
[ {5 [RO.02).0001.00)]

— % sinh(3)R'(01, 02) }Wexp(,ﬁR) (d@g)] ﬂ(d@l)}

= /B[p(R) — Tlexp(—BR) (R)]
+ 9P @ Texp(—pr) [V 2 (R, M) — Zsinh(F) R']
+ :K(p7 71') - fK(ﬂ-exp(—ﬁR)a 7T)
+ log{/e exp |:—’}/ /@{\Ij;\/’ [R/(Hl, 92), M/(Ql, 02)]

— Msinh(F) R/ (61, 92)}wexp(_ﬁR) (deg)] wexp(_ﬁm(del)}.

a2
N

Thus with P probability at least 1 —n,
[N sinh(3) — 8] [p(R) — Texp(—pr) (R)]
<A [p(r) = Texp(—pr) (1) ] +K(p, ) = K(Texep(—sr)> 7) —log(n) +C(5,7)

where C(3,7) = log{/@exp [—7/@{\11% [R'(01,02), M'(01,62)]

_ % Sinh(%)R/(Gl, 02) }ﬂ'exp(fﬁR) (deg):| Texp(—BR) (d@l) } (26)
Remarking that

j{[pa 7Texp(—ﬂR)] = ﬁ [:O(R) — Texp(—fBR) (R)] + :K(,O, 71') - CK(Trez)(p(—ﬁR)? ﬂ'),

we deduce from the previous inequality

THEOREM 2.1.7.  For any real constants B and -y, with P probability at
least 1 —n, for any posterior distribution p : Q — ML (O),
NSlnh(%) [IO(R) — Texp(—BR) (R)] < ’)/[[)(T') — Texp(—BR) (’f‘)]
+ iK[pa 7Texp(—ﬁR)] - log(n) + C(ﬂv 7)
We can also go into a slightly different direction, starting back again from
equation (2.6, page 76) and remarking that for any real constant \,
A [p(?“) — Mexp(—SBR) (T’)] + :K(p? 7T) - ‘:K(Wexp(—ﬁR)? 7‘—)
< Mo(r) + K(p, ) +log{m[exp(=Ar)] } = K[p, Texp(-an)] -
This leads to
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THEOREM 2.1.8.  For any real constants 3 and 7y, with P probability at
least 1 —n, for any real constant A,

[N sinh() — 8] [p(R) = Texp(—pr) (R)]
< (’7 - A) [p(T) — Tlexp(—BR) (7’)] + fK[pv 7rexp(—/\r)] - 10g(77) + 0(187'7)’
where the definition of C(f3,7) is given by equation (2.6, page 76).

We can now use this inequality in the case when p = ey~ ) and com-
bine it with Inequality (2.5, page 71) to obtain

THEOREM 2.1.9 For any real constants B and vy, with IP probability at least
1 —n, for any real constant A,

[%A Slnh(%) - 7] [ﬂ'exp(f/\r) (T) — Texp(—pBR) (T)] < C(ﬁ, ’V) - log(n>

We deduce from this theorem

PROPOSITION 2.1.10 For any real positive constants (31, P2 and ~y, with P

probability at least 1 —n, for any real constants A1 and A2, such that Ao <
P23 sinh(F) ™t and Ay > B1 3 sinh(F) 71,

Texp(—A1r) (T) — Texp(—Aar) (’I”) < Texp(—B1R) (T) — Tlexp(—B2R) (T)
C(B1,7) +1og(2/n)  C(B2,7) +log(2/n)

Al o A2 : :
N—llsmh(%) - - %smh(%)

Moreover, Teyp(—g,r) and Texp(—g,r) being prior distributions, with P prob-
ability at least 1 — 7,

V[ Texp(—p1R) () = Texp(— 1) (7)]

< Y Texp(—B1R) ® Texp(—B2R) [‘IJ (R/a M/)] - 10g(77)

_x
N

Hence

PROPOSITION 2.1.11 For any positive real constants (31, P2 and ~y, with P

probability at least 1 —n, for any positive real constants A1 and o such that
A2 < Basinh(F) ™! and Ay > By % sinh(F) 7,

Texp(—A1r) (T) — Texp(—Aar) (’I”)
< Texp(—p1 R) ® Texp(—B2R) [\I’—% (R,’ M,)]
. log(7)  C(B1,7) +log(3)  C(B2,7) +log(})

(
Y % sinh(3) —v v — % sinh(3)
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In order to achieve the analysis of the bound B(mexp(—x,r), 8,7) given by
Theorem 2.1.3 (page 72), it now remains to bound quantities of the general
form

log{ﬂexp(—xr) [GXP{N log [cosh(3)] Texp(-ar) (M) }} }

= sup Nlog [COSh(%)] P& Texp(—A) (m/) -X [pv 7Texp(—)\'r)] .
peM (©)

Let us consider the prior distribution p € M (© x ©) on couples of
parameters defined by the density

d(igﬂ(@l, f2) =C " exp{_ﬂR(Qﬁ — BR(62) + a®_a [M'(01,02)] }’

where the normalizing constant C' is such that u(© x ©) = 1. Since for
fixed values of the parameters § and 6’ € ©, m/(6,0'), like r(6), is a sum
of independent Bernoulli random variables, we can easily adapt the proof
of Theorem 1.1.4 on page 17, to establish that with IP probability at least
1 — n, for any posterior distribution p and any real constant A,

ap @ Toxp(—xr) (M) < AP @ Toxp(— ) [P o (M)]
+ K(p @ Texp(—rr), 1) — log(n)

= X[p: Texp(-pr)] + K [Texp(—rr)> Texp(—5R)]
+ lOg{ﬂ'eXp(,ﬂR) @ Texp(—AR) [exp(o@_% oM')} } — log(n).

Thus for any real constant 8 and any positive real constants « and -, with
P probability at least 1 — 7, for any real constant A,

10g{7fexp(4r) [eXp{Nlog [cosh(F)] Texp(-ar) (m/)}} }

< swp (¥ togleosh (RN o R + X [Ty T
PEM, (O)

+ 1og{Texp(- 1) © Texp(-pr) [exp(a®_ga o M')] |

- log(n)} - K[p,wexp(_xr)]) (2.7)

To finish, we need some appropriate upper bound for the entropy
fK[p,WeXp(_ﬁ R)]. This question can be handled in the following way: using
Theorem 2.1.7 (page 76), we see that for any positive real constants v and
B, with P probability at least 1 — n, for any posterior distribution p,

K[ﬂ» 7I-exp(—ﬂR)] = ﬁ[P(R) - 7Texp(—ﬁR)(R)] + fK(p, 77) - gc(ﬂ-exp(—ﬁR)aTr)

< Tz [710) ~ Tt )



2.1. Bounds relative to a Gibbs distribution 79

+ K[, Texp(—pr)) — log(n) + C(6, 7)]

+ :K(p7 71') - CK‘(7I-exp(—ﬁR)> 7T)
< K|

»)

+ ]\]Slfh(]’\yf){x[pv 7Texp(—,ﬁ’R)] + C(ﬂa 7) - log(n)}

P T eoxp(—

Py
N sinh( %)

In other words,

THEOREM 2.1.12. For any positive real constants 6 and v such that 8 <
N sinh(3), with P probability at least 1 — 1, for any posterior distribution

p:Q— ML(0),

fK[pv Mexp[-B% sinh(l)—lr}] C(ﬁ,’y) — log(n)
fK[P, Wexp(fﬁR)] < Nﬁ - Nsmh(%) s

a N sinh(3) &

where the quantity C(B,v) is defined by equation (2.6, page 76). Equiva-
lently, it will be in some cases more convenient to use this result in the
form: for any positive real constants A\ and ~y, with P probability at least
1 —mn, for any posterior distribution p : Q@ — ML (©),

_ Koo an] |, COS sinh(3).7) ~log(n)

:K[p’ Texp|— )\— 51nh(%)R}] = 1-_2 A
v B

N log |cosh(+
Choosing in equation (2.7, page 78) a = g[ 3 (N)] and

L= Nsinh(%)

N1 h(*
8 = )\% sinh(3), so that o = ogl[cos)\ (N)} , we obtain with P proba-
Y

bility at least 1 — ),

108 { Fexp(—rr) [ex0 (I Log[c0sh ()] Faxp(-ary ()} ]}
< 2[C(8,7) + log(2)]
(1 - 7) [log{ﬂexp( BR) @ Texp(—oR) [exp(a®_a oM )]}
+ log(g)] .
This proves

ProrosiTION 2.1.13.  For any positive real constants A < ~y, with P prob-
ability at least 1 —n,
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log{ﬂexp(—xr) [GXP{N log [cosh(3)] Texp(-ar) (M) }} }

< 2’3 [C(% sinh(F), ) + log(3)]

_+0_7ﬁg %%_MM)][

N log[cosh(+
exp <>\(]V):|(p log[cosh(%)] OM’>:| }

1-2 S
+ (1 — %) log(%).

We are now ready to analyse the bound B(mexp(—»,r),3,7) of Theorem
2.1.3 (page 72).

THEOREM 2.1.14. For any positive real constants A1, A2, B1, B2, B and 7,
such that

A <7, Br < N)‘l sinh(3),
A2 <7, P2 > N)‘Q sinh(3),
6 < NM tanh(3),

with P probability 1—n, the bound B(Texp(—x,r), B577) of Theorem 2.1.3 (page
72) satisfies

B(Texp(=rir)> B57)

gl
C(p1.7) +loa(3) | C(Bar) + () }
Flsinh(g) —v v - %sinh(%)

<(v- A1){7Te>cp(—ﬁufe) D Texp(~par) [V 3 (R, M)] +

i (1 - %) log(7) —log[v({B})v({~})e]

+(v— >\1)A2 F_ﬂ'y {232 [C(% sinh(),7) + log(%)}

’A2

_ A2
+ (1 2 ) 1Og{ﬂ-exp[ N¢2 sinh( )R] [
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N log[cosh ()]
€xXp (1)\21\7(1)_ log[cosh(%)] OM/
v 17%2

+ (1 _ %) log (1) —log[v({BHv({7})e] }

where the function C(0,7) is defined by equation (2.6, page 76).

2.1.4. ADAPTATION TO PARAMETRIC AND MARGIN ASSUMPTIONS. To help
understand the previous theorem, it may be useful to give linear upper-
bounds to the factors appearing in the right-hand side of the previous in-
equality. Introducing 6 such that R() = infe R (assuming that such a
parameter exists) and remembering that

( m) < a”'sinh(a)p + 2a~ " sinh(%)*m, a€ Ry,
—a(p) <a [ xp(a) — 1]p, a€ Ry,

( m) > a”'sinh(a)p — 2a” ' sinh(%)%m, a€ Ry,
M'(61,62) < M'(61,0) + M (62,0). 61,05 € O,
M'(61,0) < (91,5) + o(x), xRy, 0, €0,

the last inequality being rather a consequence of the definition of ¢ than a
property of M’, we easily see that
Texp(—iR) @ Texp(—gor) [ ¥ - 3 (B, M')]

< & sinh(F) [Texp(— oy 1) (R) = Texp(— o) (R)]

+ % sinh(ﬁ)zwexp(_glm @ Texp(—B2R) (M)

% Slnh(%) [ﬂexp(fﬁlR) (R) - 71-(3)(13(718252) (R)]

N | ~ ~
sinh(5%)? { Toxp( 1) (B (- )] + oo o) (B, 0)] }

IN

2z
+

+ % sinh( ) (o).
that
O(p.7) < 1og{7rexp(_m{exp [2V snh ()P (M) }}
< log{ﬂexp(ﬁR){eXp |2 sinh (55)*M'(-,0)] }}
+ 2N sinh(5% ) *Texp(_pr) [M' (-, 0))]
()

< log{ﬂexp(gR){exp [290]\7 sinh(; ) )} }}

+ 22N sinh(%)Qﬂ'eXp(_ﬁR) [R (-, 9)] + 4N smh(lN) o(z)
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B ~
= Texn(—ar) | B (-, 0)] da
/,8 2z N sinh(5%)? plmef) [ ( )]
+ 2z N sinh(ﬁ)Qwexp(_ﬁR) [R’(-, 5)] + 4N sinh(%)%p(w)
<4xN Sinh(%)Qﬂ—exp[ (B— 2:thmh(iN) )R] [R/( 5)]
+ 4N sinh (5% )? ¢ (),

and that

log{n53 o [op(Na®-aodr') |}
< 2log{7rexp(_ﬁR) [exp (N [exp(a) — 1] M'(:, ﬂ }

<2zN [eXp(a) - 1] Texp|[—(8—xNexp(a)—1]) R][ ( )]
+ 22N [exp(a) — 1] ().

Let us push further the investigation under the parametric assumption
that for some positive real constant d
/@Em /Bﬂ-exp( BR) [RI( 0)] =d, (2.8)
This assumption will for instance hold true with d = § when R: © — (0, 1)
is a smooth function defined on a compact subset © of R™ that reaches its
minimum value on a finite number of non-degenerate (i.e. with a positive
definite Hessian) interior points of ©, and 7 is absolutely continuous with
respect to the Lebesgue measure on © and has a smooth density.

In case of assumption (2.8), if we restrict ourselves to sufficiently large
values of the constants 3, (1, (2, A1, A2 and 7 (the smaller of which is as
a rule (3, as we will see), we can use the fact that for some (small) positive
constant J, and some (large) positive constant A,

g(1 —6) < Texp(—an) [R(0)] < g(l +9), a> A (2.9)

«

Under this assumption,

Texp(—F1R) ® Texp(—B2R) [\Ij l(R, M’)]
< Fsinh()[£(1+0) - £(1-9)]

+ 2% sinh(gr)*(1+8) [ + ;] + 7 sinh(gk) ¢ (@).

C(B,v) <d(1+90) IOg<WW)
+ 2z sinh(5k ) (1+6) + 4N sinh(5%)%p ().
log{ M exp(—BR) [exp(Na(I)_aoM’)}}

d(1+ )
B—eNfexp(a) — 1]

< 2zN [exp(a) — 1] + 2N [exp(a) — 1] ().
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Thus with P probability at least 1 — ),

B(ﬂ-exp(fx\ﬂ“)? 57 7) S -

(v = A1) & sinh(F) £ (1 - )
+ (v — /\1){ smh(%)(lgf)d

+ 228 sinh(5)*(1+0) [5 + 4] + 4

log(7)
7 sinh (5% )%¢(x) + 777
14+6)d
. 4z N sinh(5)? 5172I(N+sir3h( o + 4N sinh(5% )¢ (z) + log(%)
]\g\l smh( ) —
: 14+6)d
. 4xN Smh(ﬁ)?ﬂzﬂxg\ftigh( e + 4N sinh(5%)%¢(z) + 10g(77])}
v = %AQ sinh( )
+— {433]\7 sinh (5% )% (1+9)d
Y

smh( Ty—22N sinh(5%)?

+ 4N sinh (5% )? ¢ () + log(f,)}
+ (1— /;){265( +5)<

—1
A1 Sinh(%) 1
log[cosh(%)]
7y | exp I a -1

~

LoN [exp (10g[cosh(l

ﬂ)‘l}@(“”)}
+ (12 ) tog(Z

) to(Z) — log [v({BHM({7))e]

= 2)\2{ . 146)d
v “72 0 42N sinh (% )2 (L+)
]\%2 tanh() — 1{ Y (2) e

11—

o sinh( N) 2z N sinh(z% )?

+4Nsmh(iN) o(x )—i—log(;)}

-1
2d(1 + 5) <m [szm )] 1)

Ao
1_2A2
=

9N |:eX (10g[cosh(

p (Bl —1]90(90)]
(1 2) tog(Z) ~ log[v(B)v(7)d }

Now let us choose for simplicity S = 2X2 = 403, 51 = \1/2 = /4, and let
us introduce the notation
C) =

N
?sinh(%),

83
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84

Cy = J;Ttanh(]’zf),
N2 72

Cs = ?[GXP(W) - 1]
2N2(1 - 28y 2

v g
and Cy = 5 [ Xp<2N2(1 - 2ﬂ)) 1},
v
to obtain

_@(1 —8)d

M{4(1+5)d + l’i(l + 46

. 2\ 1 2 log(£
gl <Cl _ 7) + L Cyp(a) + gQ(") —log[v(B)v(v)e]

N

>—1{45{w7501u + 5)d(2501 - a:q;;)_l

+ (1 - 25){2d(1 + 5)% [4551 (1 . 25) - %

This simplifies to

C
B<7Texp(f)\1r)7577) < _§1(1 - 5)d%
1+ 2
-1+ 4021—2) log[v(B)v(7)e]

(14 0)dzy 2\ !
t—x 19 ﬁ(ﬁ - %)
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-1 -1
c 4C1 8
2(1-%) (%) o 7(40;—2)}

+(1+]3>ﬁdmz{cl (& - @)‘1

6 "=, \or — N3
28\ 1 [4c 23 2,171
+<177)2C’2 1[041(177)7%} }
5
S{ac: )+402 2}

This shows that there exist universal positive real constants A, As, B,
By, Bs, and B, such that as soon as %{wl} < Alg < Ao,

2

2 3C
+N‘P<$){21+ O + o

B<7Texp(f)\1r)7 ﬁa 7) < _Bl(l — 5)d% + B2(1 + 5)d

42
— Bslog[v(B)v(v)en] +B4N90( ).

(1+5)

Thus Texp(—a,r)(R) < Texp(—pr)(R) < infe R + as soon as

B By

E< = .

Y 146 B35 p(x)—Bs log[v(B)v(v)en]
By E1 53 + =K (1i6)d

Choosing some real ratio a > 1, we can now make the above result uniform

for any

Boyeh, ™

{ofikem,0< k< Y, (2.10)
by substituting v(3) and v(v) with 08(a)  and —log(n) with —log(n) +

10g( N)
log(aN)
2log { Tog (@) }

Taking n = e for simplicity, we can summarize our result in

THEOREM 2.1.15. There exist positive real universal constants A, B, Bs,
B3 and By such that for any positive real constants o > 1, d and §, for
any prior distribution w € M}F(@), with P probability at least 1 — €, for any
B,7 € Ao (where A, is defined by equation (2.10) above) such that

I8 .
su — | Texn(—g ) (R) —inf R| — 1| < ¢
Gy g [esaomy () — il B

and such that also for some positive real parameter x

8 B,

N - 7 v (1+6) B4%<p(x)7233 log(e)+4Bs3 IOg[lflggg))] )
(-0 * (1-9)d

~ymax{z, 1} < A
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the bound B(ﬂexp(,%r),ﬂ,’y) given by Theorem 2.1.3 on page 72 in the case
where we have chosen v to be the uniform probability measure on A, satisfies
B(m 1), 3,7) <0, proving that ﬂ(wexp(,%”) > B and therefore that

exp(—3

(1+6)d
5

What is important in this result is that we do not only bound ey, x » (R),

7Texp(—'y%)(R) < 7Texp(—,@R)(R) < ing +

but also B (Wexp(_% s 3,7), and that we do it uniformly on a grid of values
of # and ~, showing that we can indeed set the constants 8 and v adaptively
using the empirical bound B(?Texp(_%r), B,7).

Let us see what we get under the margin assumption (1.24, page 56).
When k = 1, we have p(c™!) < 0, leading to

COROLLARY 2.1.16. Assuming that the margin assumption (1.24, page 56)
is satisfied for k =1, that R : © — (0, 1) is independent of N (which is the
case for instance when P = P®N), and is such that
. / .
6/1_13_100/8 [WEXP(_ﬁ/R) (R) B Héf R] = d’
there are universal positive real constants Bs and Bg and N1 € IN such that
for any N > Ny, with P probability at least 1 — €

Bsd B
Texp(—55) () < inf R + =5 [1 + =2 log(

log(N)\1*
cN d € ’
where ¥ € argmaxyep, max{ﬂ € AQ;B(TFeXp(_,yg),ﬁ,’y) < 0}, where Ag is
defined by equation (2.10, page 85), and B is the bound of Theorem 2.1.3

(page 72).

1
When 1 > 1, ¢(z) < (1 — k1) (kex) =7, and we can choose v and z such
that %gp(z) ~ d to prove

COROLLARY 2.1.17. Assuming that the margin assumption (1.24, page 56)
is satisfied for some exponent k > 1, that R : © — (0,1) is independent of
N (which is for instance the case when P = P®N ), and is such that
. / . _
ﬂ/l_lg}oo’@ [ﬂ-exp(*/BIR) (R) - H®1f R] - d’
there are universal positive constants By and Bg and N1 € IN such that for
any N > N1, with IP probability at least 1 — €,

2K K
. S Bsg log(N)\ 12T [ d 21
Wexp(fﬁ%)(R) < HéfR + Brc 2n-1 [1 + i log( ; ¥ ,

where 7 € argmax.ep, max{ﬁ € AQ;B(WGXP(,V%),/B,’}/) < 0}, Ao being de-
fined by equation (2.10, page 85) and B by Theorem 2.1.3 (page 72).
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We find the same rate of convergence as in Corollary 1.4.7 (page 57), but this
time, we were able to provide an empirical posterior distribution Texp(—7%)
which achieves this rate adaptively in all the parameters (meaning in partic-
ular that we do not need to know d, ¢ or k). Moreover, as already mentioned,
the power of N in this rate of convergence is known to be optimal in the
worst case (see Mammen et al. (1999); Tsybakov (2004); Tsybakov et al.
(2005), and more specifically in Audibert (2004b) — downloadable from its
author’s web page — Theorem 3.3, page 132).

2.1.5. ESTIMATING THE DIVERGENCE OF A POSTERIOR WITH RESPECT TO
A GIBBS PRIOR. Another interesting question is to estimate K [p, ﬂexp(,ﬁR)]
using relative deviation inequalities. We follow here an idea to be found first
in (Audibert, 2004b, page 93). Indeed, combining equation (2.3, page 70)
with equation (2.1, page 69), we see that for any positive real parameters
B and A, with P probability at least 1 — ¢, for any posterior distribution
p:Q— ML(O),

K[p, Texp(—pR)] < Ntafw{v[p(r) — Texp(—pR) ()]

+ Nlog[cosh(F)]p® Texp(—aR) (M)

+ fK[ﬁ? 7rexp(—ﬁR)] - IOg(E)} +X P, 7T) - j<:[7rexp(—ﬁR)a 7T]

)+ Ntafh() {-’K [p: Tesxp(—gm)] — log(e)}

S JC [p7 ﬂ-exp[— B~ %

< T
Ntanh(%)

) log[cosh(7)] p(m’)] }] .

+ log|m B {exp [L
eXp[_Ntanh(%)T] tanh(%

We thus obtain

THEOREM 2.1.18. For any positive real constants B and v such that 8 <
N tanh(3;), with P probability at least 1 — €, for any posterior distribution
p:Q— ML(0),

RN
fK[p, ﬂ-exp(—;@R)] < <1 — %tanh (%) >
p
X {K[K% Mexp[— 51 tanh(%)—lrﬂ - mlog(e)
+ log{ﬂ 8 _ [exp{ﬂtanh(l)*1 log[cosh(l)]p(m’)}} }}
exp[— 5 tanh(3) =17 N N

This theorem provides another way of measuring over-fitting, since it gives

an upper bound for K[Wexp[fﬁ—]\;’tanh(%)_lr]’TreXp(_ﬁR)]’ It may be used in
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combination with Theorem 1.2.6 (page 25) as an alternative to Theorem
1.3.7 (page 35). It will also be used in the next section.

An alternative parametrization of the same result providing a simpler
right-hand side is also useful:

COROLLARY 2.1.19.  For any positive real constants 8 and ~ such that

B < ~, with P probability at least 1 — €, for any posterior distribution p :
Q—ML(0),

AN 8
K[p’ 7I-exp[fN%tanh(%)R]] < <1 o '}’) :K[p’ ﬂ—eXP(—BT)] o ; 10g(6)

+ log{wexp(_m) [exp{Ng log[cosh()] p(m”) }} } }

2.2. PLAYING WITH TWO POSTERIOR AND TWO LOCAL PRIOR
DISTRIBUTIONS

2.2.1. COMPARING TWO POSTERIOR DISTRIBUTIONS. Estimating the ef-
fective temperature of an estimator provides an efficient way to tune pa-
rameters in a model with parametric behaviour. On the other hand, it will
not be fitted to choose between different models, especially when they are
nested, because as we already saw in the case when © is a union of nested
models, the prior distribution me.,(_gg) does not provide an efficient local-
ization of the parameter in this case, in the sense that me.p—gr)(R) does
not go down to infg R at the desired rate when 3 goes to +oo, requiring a
resort to partial localization.

Once some estimator (in the form of a posterior distribution) has been
chosen in each sub-model, these estimators can be compared between them-
selves with the help of the relative bounds that we will establish in this
section. It is also possible to choose several estimators in each sub-model, to
tune parameters in the same time (like the inverse temperature parameter
if we decide to use Gibbs posterior distributions in each sub-model).

From equation (2.2 page 70) (slightly modified by replacing 7 ® 7 with
7!l @ 7?), we easily obtain

THEOREM 2.2.1.  For any positive real constant X\, for any prior distribu-
tions ', % € Mi_(@), with P probability at least 1 — €, for any posterior
distributions p1 and pa : @ — ML(O),

~ Nog{1 — tann (%) [p2(R) ~ p1(R)| } < Apa(r) = pr (1)
+ Nlog [cosh(%)]pl ® pa(m')
+ fK(pl,ﬂl) + fK(pg,WQ) — log(e).
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This is where the entropy bound of the previous section enters into the
game, providing a localized version of Theorem 2.2.1 (page 88). We will use
the notation

Za(g) = tanh(a) ™ [1 - exp(~ag)] < —

~ tanh(a )

a,q € R. (2.11)

THEOREM 2.2.2. For any € €)0,1(, any sequence of prior distributions
(7%)ien € ML(O)N, any probability distribution 1 on N, any atomic proba-
bility distribution v on Ry, with P probability at least 1 —¢, for any posterior
distributions p1, pa : @ — ML (),

p2(R) — p1(R) < B(p1, p2), where
{ [p2(r) = pa(r)]

+ & log[cosh(g)] p1 @ pa(m)

B(p1,p2) = inf =
’ AB1<v1,82<y2€R,i,jEN

2>

n M{J{ [m, Wéxp(*ﬁﬂ")}

ga!

+ log{wéxp(_ﬂlr) [exp{ﬁl '% log[cosh(%)] o1 (m) }} }

- filog [V(%)]}
—i—log{ Tescp(—far) [exp{@ 10g[COSh(WW2)] (ml)}}}
- leog [V(’m)]}

- - log[3~'v(B1)v(Ba2)v (N (i) p(j)e]

~ 1 ~ 1 g3~ 1 2 KAL)
-0 @ -0 ; -
The sequence of prior distributions (7%);e should be understood to be typ-
ically supported by subsets of © corresponding to parametric sub-models,
that is sub-models for which it is reasonable to expect that

QET Bl exp(—gR) (1) — ess i7l;lif R
exists and is positive and finite. As there is no reason why the bound
B(p1, p2) provided by the previous theorem should be sub-additive (in the
sense that B(p1, p3) < B(p1,p2)+ B(p2, p3)), it is adequate to consider some
workable subset P of posterior distributions (for instance the distributions of

the form Wexp( ) i € N, 8 € Ry), and to define the sub-additive chained
bound
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n—1
B(p,p) = inf{z B(pk, p+1); 1 € N*, (pr)i_g € PH,
k=0

po = Ps Pn = p’}, p,p €P. (2.12)

PROPOSITION 2.2.3.  With P probability at least 1 — €, for any posterior
distributions p1,p2 € P, pa(R) — p1(R) < B(p1,p2). Moreover for any
posterior distribution py € P, any posterior distribution pa € P such that

B(p1, p2) = inf,,cp B(p1, p3) is unimprovable with the help of B in P in the
sense that inf ,,cp B(pa2, p3) > 0.

PRrOOF. The first assertion is a direct consequence of the previous theorem,
so only the second assertion requires a proof: for any p3 € P, we deduce
from the optimality of ps and the sub-additivity of B that

B(p1,p2) < Blp1, p3) < Blp1, p2) + B(p2, p3)-

O

This proposition provides a way to improve a posterior distribution p; € P
by choosing pz € arg min,cp B(p1, p) whenever B(p1, p2) < 0. This improve-
ment is proved by Proposition 2.2.3 to be one-step: the obtained improved
posterior ps cannot be improved again using the same technique.

Let us give some examples of possible starting distributions p; for this
improvement scheme: p; may be chosen as the best posterior Gibbs dis-
tribution according to Proposition 2.1.5 (page 75). More precisely, we may
build from the prior distributions 7%, i € IN, a global prior 7 = Y, p(i)7".
We can then define the estimator of the inverse effective temperature as in
Proposition 2.1.5 (page 75) and choose p; € argmin,cp ﬁ(p), where P is as
suggested above the set of posterior distributions

P = {miponi i ENBER, }.

This starting point p; should already be pretty good, at least in an asymp-
totic perspective, the only gain in the rate of convergence to be expected
bearing on spurious log(NV) factors.

2.2.2. ELABORATE USES OF RELATIVE BOUNDS BETWEEN POSTERIORS.
More elaborate uses of relative bounds are described in the third section
of the second chapter of Audibert (2004b), where an algorithm is proposed
and analysed, which allows one to use relative bounds between two posterior
distributions as a stand-alone estimation tool.

Let us give here some alternative way to address this issue. We will assume
for simplicity and without great loss of generality that the working set of
posterior distributions P is finite (so that among other things any ordering
of it has a first element).
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It is natural to define the estimated complexity of any given posterior
distribution p € P in our working set as the bound for inf;cy K(p, 7) used
in Theorem 2.2.1 (page 88). This leads to set (given some confidence level
1—¢)

C(p) =  inf (1 - 5)_1{%[% Tep(—r))

B<veR L ,ieN Y
—I—log{ Texp(—r) [exp{ﬁNlog[cosh(%)] (m’)}}}

_ f log[3™ v ()v(B)u(i)e] }

Let us moreover call v(p), B(p) and i(p) the values achieving this infimum,
or nearly achieving it, which requires a slight change of the definition of
C(p) to take this modification into account. For the sake of simplicity, we
can assume without substantial loss of generality that the supports of v and
w are large but finite, and thus that the minimum is reached.

To understand how this notion of complexity comes into play, it may be
interesting to keep in mind that for any posterior distributions p and p’ we
can write the bound in Theorem 2.2.2 (page 89) as

B(p,p") = inf 2, [p'(r) = p(r) + Sx(p, p)], (2.13)

A
ARy N
where

C(p) +C(p) log(3'e)

Sx(psp') = Salp', p) <
B log{

Ny
)y

]

log[cosh(gy)] pp' (m')+ A -
[

)} los{v[B()]n
) A1 - L))

[
A(L -

— / _ lo V()\)]
e oy ) oy g

[(@m ) +Gem -0+ 1} P
(Let us recall that the function Z is defined by equation (2.11, page 89).)

Thus for any p, p’ such that B(p',p) > 0, we can deduce from the mono-
tonicity of = that
N

/ _ < f
p'(r) —p(r) Alel}hSA(p, ),

proving that the left-hand side is small, and consequently that B(p, p') and
its chained counterpart defined by equation (2.12, page 90) are small:

Blp,p') < Blp,p') < Aglf =, [28A(p, )]

It is also worth noticing that B(p,p’) and E(p, p') are upper bounded in
terms of variance and complexity only.
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The presence of the ratios BEZ g should not be obnoxious, since their values

should be automatically tamed by the fact that 3(p) and v(p) should make
the estimate of the complexity of p optimal.

As an alternative, it is possible to restrict to set of parameter values (8
and « such that, for some fixed constant ¢ > 1, the ratio % is bounded away
from 1 by the inequality % > (. This leads to an alternative definition of

C(p):

. AN i
e(p) = ’YZC/Bg]lRf.JrviEW(l B ’)/) {':K[p, 7rexp(*ﬂr)]
—I—log{ Texp(—Ar) [exp{ﬁNlog[cosh(%)] (m’)}}}

B _ . log[v(B)p(i)]  log(37te)
- Drogls wwautind | - N - ),

We can even push simplification a step further, postponing the optimization
of the ratio %, and setting it to the fixed value (. This leads us to adopt the
definition

C(p) = inf (1_4_1)_1{g<[/”772xp(—ﬂr)]

BER €N
1o nt o [exn{ § toelcosh(§9)] o)} }
-t loglau] +2 g0} (210

With either of these modified definitions of the complexity C(p), we get
the upper bound

~ N
Sa(p: ) < Sa(p. p') & S log[eosh(F)] p @ o/ (m)
¢+

1
+ e+ o) - b)) 219

With these definitions, we have for any posterior distributions p and p’

B(p.p) < Jnf u}v{p (r) = p(r) + Sx(p, p’)}-

Consequently in the case when B(p/, p) > 0, we get

B(p,p) < Bp,#) < inf = [25x(p, 0)]-
To select some nearly optimal posterior distribution in P, it is appropriate
to order the posterior distributions of P according to increasing values of

their complexity C(p) and consider some indexation P = {p1,..., pas}, where
Clor) < Clpkt1), 1 <k < M.
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Let us now consider for each pi € P the first posterior distribution in P
which cannot be proved to be worse than pj according to the bound B:

t(k) = min{j e {1,...M} : Blpj, pi) > o}. (2.16)

In this definition, which uses the chained bound defined by equation (2.12,
page 90), it is appropriate to assume by convention that B (p,p) = 0, for any
posterior distribution p. Let us now define our estimated best p € P as pg,
where

k= min(arg maxt). (2.17)

Thus we take the posterior with smallest complexity which can be proved
to be better than the largest starting interval of P in terms of estimated
relative classification error.

The following theorem is a simple consequence of the chosen optimisation
scheme. It is valid for any arbitrary choice of the complexity function p —

C(p).

THEOREM 2.2.4.  Let us put t= t(E), where t is defined by equation (2.16)
and k is defined by equation (2.17). With P probability at least 1 — €,

0, 1<j<t

EP'MO )/ %\§]<Ea
o(R) < pi(R) +  BPipei): |
B(pj, p;) + B(pg; pg),  J € (argmaxt),

Blpj.pr), jef{k+1,...,M}\ (argmaxt),

where the chained bound B is defined from the bound of Theorem 2.2.2 (page
89) by equation (2.12, page 90). In the mean time, for any j such that
t<j<k,t(j) <t=maxt, because j ¢ (argmaxt). Thus

pp(R) < pyjy(R) < pj(R) + Aiel}Ri Ea

while py)(r) < p;(r) + inf Sx(pj: p));
eR4

125\ (pj Pe(s))]

where the function Z is defined by equation (2.11, page 89) and Sy is defined
by equation (2.13, page 91). For any j € (argmaxt), (including notably k),

B(pg, pj) = B(pg, pj) > 0,

B(pj, p;) = B(pj, pg) > 0,

s0 in this case

Pp(R) < pj(R) + inf Za[Sx(pjs pp) + Salop pp) + SA(Pjyﬂ;;)]v
€R+ N

while p(r) < pj(r) + inf Sx(pj, pp)s
AeR 4
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pr(r) < pp(r) + Aielﬁllkf+ Sx(pp: p7),

and pi(R) < py(R) + inf 2, [293(0;. 7))

Finally in the case when j € {% +1,.. .,M} \ (argmaxt), due to the fact
that in particular j ¢ (argmaxt),

B(pz, pj) > Blpg, pj) > 0.

Thus in this last case

Thus for any j = 1,..., M, pz(R) — p;j(R) is bounded from above by an
empirical quantity involving only variance and entropy terms of posterior
distributions py such that £ < j, and therefore such that C(pe) < C(p;).
Moreover, these distributions pg are such that pe(r)—p;(r) and p,(R)—p;(R)
have an empirical upper bound of the same order as the bound stated for
pi(R) — pj(R) — namely the bound for py(r) — p;(r) is in all circumstances
not greater than E;l applied to the bound stated for pz(R) — p;j(R), whereas

N

the bound for pe(R)—p;(R) is always smaller than two times the bound stated
for pp(R) — p;j(R). This shows that variance terms are between posterior
distributions whose empirical as well as expected error rates cannot be much
larger than those of p;.

Let us remark that the estimation scheme described in this theorem is very
general, the same method can be used as soon as some confidence interval
for the relative expected risks

—B(p2,p1) < p2(R) — p1(R) < B(p1, p2) with P probability at least 1 — ¢,

is available. The definition of the complexity is arbitrary, and could in an
abstract context be chosen as

G(Pl) = inf B(ph PQ) + B(pQ) Pl)
p27£p1
PROOF. The case when 1 < j < t is straightforward from the definitions:
when j < t, B(pj,pz) < 0 and therefore pr(R) < p;(R).
In the second case, that is when ¢ < j < E, j cannot be in argmaxt,

because of the special choice of k in argmaxt. Thus ¢(j) < t and we deduce
from the first case that

pp(R) < pyiy(R) < pi(R) + B(pj, prs)-
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Moreover, we see from the defintion of ¢ that B (Pe(j)> pj) > 0, implying
Pi(s)(r) < pg(r) + Ik Sx (0, py(s)),
and therefore that
Pp(R) < pj(R) +inf 2 [25(pj, pu(j)]-

_In the third case j belongs to arg maxt. In this case, we are not sure that
B(pz, pj) > 0, and it is appropriate to involve ¢, which is the index of the first
posterior distribution which cannot be improved by p;, implying notably

that E(pA, pr) > 0 for any k € argmaxt. On the other hand, p; cannot
either improve any posterior distribution pp with k € (argmaxt), because
this would imply for any ¢ < t that B(py, pp) < Blps, pi) + B(pk, pp) <0,
and therefore that ¢(¢ t) >t + 1, in contradiction of the fact that ¢ = maxt.
Thus B(py, p7) > 0, and these two remarks imply that

pi(r) < pj(r) + ik Sx(pj: pp):
pr(r) < pp(r) + )\inf Sx(pp p7)
(S
< pji(r) + Jnf Sx(pj: pp) + \nf Sx(pz p7)
and consequently also that

Pr(R) < p;(R) + Blpj. py)
<pi(R)+ imf =, [Sx(pj, pp) + Sx(pp p7) + Sx(pj; Vk)]

and that

pi(R) < pi(R) + inf = [28x(pj, pp)] < pi(R) +2 inf 225 [Sx(ps,p7)].

A

N AER 4

the last inequality being due to the fact that = . is a concave function. Let us
N

notice that it may be the case that k < ¢, but that only the case when j >t

is to be considered, since otherwise we already know that pz(R) < p;(R).

In the fourth case, j is greater than %, and the complexity of p; is
larger than the complexity of p;. Moreover, j is not in argmaxt, and thus

E(pﬁ, pj) > 0, because otherwise, the sub-additivity of B would imply that
Bl(py, p;) <0 for any £ <t and therefore that ¢(j) >t = maxt. Therefore

pi(r) < pji(r) + il Sx(pi Pg),
and

Pr(R) < pj(R) + Blpj.pp) < pj(R) + | inf = [25:(p5: 7))

=2
N
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2.2.3. ANALYSIS OF RELATIVE BOUNDS. Let us start our investigation of
the theoretical properties of the algorithm described in Theorem 2.2.4 (page
93) by computing some non-random upper bounds for B(p, p’), the bound of
Theorem 2.2.2 (page 89), and C(p), the complexity factor defined by equation
(2.14, page 92), for any p, p’ € P.

This analysis will be done in the case when

P = {ngp(_m) c v(8) > 0, (i) > o},

in which it will be possible to get some control on the randomness of any
p € P, in addition to controlling the other random expressions appearing
in the definition of B(p, o), p,p’ € P. We will also use a simpler choice of
complexity function, removing from equation (2.14 page 92) the optimization
in ¢ and 3 and using instead the definition

i def —1\— i
e(7T-exp(—,8r)) = (1 _C 1) 110g{7rexp(—67’)|:

exp{%log[COSh(%)] Texp(— BT)(m/)}]}

¢C+1

R

log[#(A)u(i)]. (218)

With this definition,

; ) N , )
N Tesp(—r) Texp(—pm)) < Xlog[COSh(%)] Mesxp(—5r) © Tesep(— ) (M)
e[’ )] +C[r g

exp(—f3 (—/3’7")]
A

(C+1) _
+ mlog[?) 11/()\)6],

where S) is defined by equation (2.13, page 91), so that

_l’_

B[ﬂ-éxp(fﬁr)’ﬂ-gxp(fﬁ/r)] - )\lerllRerE])\\’{ ixp( ,8’7')< ) ‘f;Xp( [31”)( )
+ 92 [Texp(— ﬁr)?”ixpewﬂ}'

Let us successwely bound the various random factors entering mto the def-

inition of B|r! Texp(— o) exp( i )] The quantity Wexp( ﬁ/r)( r) — 7’ Texp(— 67’)( r)
can be bounded using a slight adaptation of Proposition 2.1.11 (page 77).

PROPOSITION 2.2.5. For any positive real constants X\, N and v, with P
probability at least 1 — n, for any positive real constants (3, ' such that

B < AFsinh(%)~! and 3’ > X3 sinh(F) 7!,
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Trixp(—,@’r)(r) B exp( ﬁr)( r)
= 7Tgxp(—/\’R) ® ﬂ-éxp(—)\R) [ %(R/ )]
log () CJ(XW)ﬂLlOg(;) C'(A, ) + log(})
* Ng — _ N8 E
Y (%)=~ v— 5 sinh(g)

)

where

Cl()",)/) d:ef log{/ eXp |:_,Y/ {\IJ% [R/(91792)7M,(017‘92)]
(S] (C]
_gsmh(%)R(el,eg)} T AR)(ozag)} . AR)(del)}
< log{wéxp(_)\R) {exp{QN Slnh(ﬁ) Wéxp(_)\R) (M’) }] }

As for szp(i ar) © Wexp( ﬁ,r)(m’ ), we can write with P probability at least
1 — n, for any posterior distributions p and p’ : Q — Mi_(@),

v @ p(m') <log [ngp(,m) © T v lexp[18_ 3 (M) }}
+ K[ o am] + K [0 T )] — log(m).

We can then replace A with ﬁ% Sinh(%) and use Theorem 2.1.12 (page 79)
to get

PROPOSITION 2.2.6. For any positive real constants v, X\, N, 3 and (3,
with P probability 1 — 1,
p @ p'(m)
J /
= 10g{ exp[— ﬁN smh(N)R] 7Texp[ ,6’— smh(%/ )R] {exp [IY(I)_% (M )} }]

n X[ mep(— )] N O[5 sinh(5), A] —log(3)

1-8 3-1
/ .7 )\/
N K[p ,wexp(/_ﬁ,r)] . CI B/ 5 sinh(x),\] —log(}) log (1),
1-4 &-1 3
N !

The last random factor in B(p, p’) that we need to upper bound is

log{ﬂéxp(fm) [exp{ﬁ%log[eosh(%)] Texp(— Br)(m’)}]}.

A slight adaptation of Proposition 2.1.13 (page 79) shows that with IP prob-
ability at least 1 — 7,
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5 { iy [0 (8% Tog[cosh)] sy (m)}]
28 @2
- -9 log{< p[—NT"sinh%)R]) [

S (
N log |cosh(+)
eXp< l[ 1 N ] P log[cosh(]jv—)] © M/):| }
B g1

<

ok [NTﬁ sinh(3), }

+ (1+ g) log(%),

where as usual ® is the function defined by equation (1.1, page 15). This
leads us to define for any 4,7 € IN, any 3,5 € Ry,

®2
™ log{ ( exp[—— smh( )R]) I:

eXp(Nlog[COSh(C a2l ® pca) OM/)H

¢—1 _log[czsfhiﬁ
- Ei{mog[ﬂﬂ)u(i)} +log(g)}. (2.19)

Recall that the definition of C*()\,7) is to be found in Proposition 2.2.5,
page 96. Let us remark that, since

exp [Naq)_a(p)] = exp{Nlog [1 + [exp(a) - l}p} }

< exp{N[exp(a) — 1]p}, pe€(0,1),a € R,

we have

| —

- 2 z.
C(4,8) < 1 log{wexp[_]gsinh(%,)m
eXp{QN SlIlh(CTV)2 pr[,ﬁ Sinh(%)m (M/) }:| }
®2
+ log{ ( exp[—f Slnh(Wﬁ)R]) |:
eXp{ [exp{ ~log [cosh(%)]} — 1}M’}] }

g +1 {21 g[1(B)u()] + log (1) }

Let us put

$a[(6.8). (. 8] 2 T log[cosh(3)] inf 5~ {

vER4
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log |:( xp[*f sinh($2)R] ® Wixp[iﬁ sinh( <2 )R]) {exp [7(1)_% (M/)] }:|

+ =
CI [ X sinh(52), ¢ — log(Z) _
[ 1 — _bg(g)}
+ 1 C@i,B8)+ C(j,8) — ¢+ log [3_11/()\)6]]
ALY ’ (-1 ’

where

Let us remark that

Sx[@@,8),(,8)] < inf

YERY
A

2N lg{( e><p[ffsmh( )R}®Trixp[——smh( )R}){

N —)

A 2\,
* <2N7(C —1) - 1)) g{ exp[qsmh(ﬁ)m[

exp{2Nsmh(<—N) exp[——smh( R (M') }]}

+A7! log{ ( exp[— % sinh(§ ")RJ)@ [

exp{ [exp{ “log [cosh(%)}} — 1}M’}] }

o sl o
INA(C—1) T M=) B el X sinn(GR
exp{2N Smh(w ) Mexpl- ¥ sinh(S°) ) () }] }
®2
1
+ A~ Og{( exp[_—smh(%)RJ [

exp{ [exp{ “llog [cosh(cw)]} — I}M’}] }

CHA e o
TAN(C— 1)y log[3™ v () v(B)v (8" (i) u(5)n]

¢€+1) _ N _
BT (2 log [27 ' (B)w (5" ) (i) u(5)n] + log 3 1V()\)e]>.

Let us define accordingly
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B[(i,0),(j,8)] &
(R, M’)]

- . j i
nE: {a,éﬁ% Fham @ Tt [

Clog(d) | CU(a'y) —log(F) | Cila,n) - 10g(§)]
A Yinh() — 7 v~ Psinh(3)

a/

—|—§)\ [(%ﬂ)? (.77/8/)] }’

where

1 =vNv(e)v(nvB)v(a vy )v(B) (@) wi)n.

PROPOSITION 2.2.7.
o With P probability at least 1 —n, for any 8 € Ry and i € NN,
G(W;XP(—BT)) < e(%ﬁ);
o With P probability at least 1 —3n, for any A, S, B €Ry, anyi,j € N,
S [(Z7 ﬁ)7 (]a /B/)} < S [(,La ﬁ)a (]7 ﬁ,)] 5
o With P probability at least 1 — 4n), for anyi,j € N, any 8,3 € Ry,
B(Tréxp(_ﬁr)a Trixp(—ﬁ’r)) S B [(Za B)a (]7 ﬂ/)] :
It is also interesting to find a non-random lower bound for € (Wéxp(_ ﬁr))'
Let us start from the fact that with P probability at least 1 — 7,

i i i i log(n)
Texp(—aR) ® Texp(—aR) [(I)’Yﬁ' (M/)] < Texp(—aR) ® Texp(—aR) (m/) - NG :

On the other hand, we already proved that with P probability at least 1 —n,

[0 .
0<|(1l——|XK|p, 7’
> < Ntanh(])\‘,)) [P 71.exp(fozR)]

< ]\ftajh(])\‘,){/\[p(r) - ﬂ-éxp(aR)(r)]

+ Nlog [cosh(%)] PR Wéxp(_aR) (m') — 10%(77)}
+ :K(p’ Wi) - :K(Wéxp(faR)’ ﬂ—i) :

Thus for any £ > 0, putting 0 = Wﬁ(i)’ with P probability at least 1 —1,
N

gﬂéxp(—aR) ® Tréxp(—aR) [(I)WW’ (MI)]

< Mexp(—aR) {log [Wém(—ﬁr) {

exp [5 X log[cosh( )] e gy (M) + gm’] }] }
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(45
< 210g{ exp(—fr) [exp{[éJrﬂ]AVlOg[COSh(ﬁ)]] Texp(— Br)(m)}]}
()l

Taking § = 5 N’ we get with IP probability at least 1 — n

4/8;\[ ( Texp[-BY tanh(%)R}) - {‘I)vﬁ’ (M/)]

Putting
2
A= ]Yy log[cosh(%)]
def ’ytanh{ X log[cosh(%)] } .
N log[cosh()] SRR

and Y(v) =

this can be rewritten as
BN ; ®?
o log[cosh(3)] (Trexp(—ﬁ'r('y)R)) [(I)% (M’)]

~
< log{ﬂgxp(ﬁr) [exp{ﬁ],\yf log [COSh(%)]ﬂéxp(iﬁr) (m')}] }

B (N2 1og2[f;h(7v)} - 5N10g2[§3?h(m ) 1og<727>.

It is now tempting to simplify the picture a little bit by setting 7 = =,
leading to
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PROPOSITION 2.2.8. With P probability at least 1 —n, for any i € IN, any
ﬁ € IR,+,

¢ [ﬂ—éxp(—ﬂr)] 2 Q(Z, ﬁ>

df 1 | N i o
= C—1{4 log[cosh($)] (ﬁexp<—ﬁr(<ﬁ)R)) [‘I’% (M /)]

2023 N log [cosh(%)] . '
i <N2 log [cosh($D)] 23 log (2 v (B)u(i)n]

N

(S 1){1og [v(B)u(i)] +2 " log(37"e) }}

where G[ngp(iﬂr)] is defined by equation (2.18, page 96).

We are now going to analyse Theorem 2.2.4 (page 93). For this, we will
also need an upper bound for Sy(p,p’), defined by equation (2.13, page
91), using M’ and empirical complexities, because of the special relations
between empirical complexities induced by the selection algorithm. To this
purpose, a useful alternative to Proposition 2.2.6 (page 97) is to write, with
P probability at least 1 — n,

Y& p'(m') <vp @ p [®_ 4 (M)]

+ X [0, Top(-amy] + X[, Wixp(—xR)] — log(n),
and thus at least with P probability 1 — 37,

v ® p'(m) <vp®p'[@_5 (M)]

+ (1 - C_l)_l{g{[p’ 71-éxp(—,@r)]

+10g{ Tl [exp{ & log[cosh ()] p(m))}] } — ¢~ log(ﬁ)}

T IR C T

+ log{wixp(_ﬁ,r) [exp{% log [cosh(%ﬁl)]p(m’)}} } — ¢! log(n)}
— log(n).

When p = Wéxp(_ 6r) and p' = ngp(_ gy We get with P probability at least
1 - for any ﬂv 5,7 s R-‘ra any i7 .7 € ]Na

@ p (m') <vp @ p' [ o [(M')]

I
—

i ; [log [3_11/(7)17]] .

+€(p) +C(p) -

I
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PROPOSITION 2.2.9. With P probability at least 1—n, for any p = Féxp(_ﬁr),

any p' = ﬂ'éxp( gy € P,

$5(0. /) <~ log[eosh(3)] p @ o/ [8_3, (M)]

1+ Y log[cosh(2
+ o oeleosh N o) 4 ()

1
- ((Cc_—i_l)))\{log [37 0 (N)e] + % log [cosh(%)] log[37'w(v)n] }
In order to analyse Theorem 2.2.4 (page 93), we need to index P =
{ Ply--ey pM} in order of increasing empirical complexity C(p). To deal in

a convenient way with this indexation, we will write C(i, 3) as G[ Texp(— ﬁT)],
Q(Z’ﬁ) as e[ exp( ,6’7‘)] and ?[(Z,ﬂ), (j’ﬂ/)] as §[ﬂ-éxp(—ﬂr)’ éxp(—ﬁ’r)]‘

With P probability at least 1 — ¢, when t< 7 < E, as we already saw,

pp(R) < pi(R) < pj(R) + )\inf = [28x(pj, )],
(S

2
N

where i = t(j) < t. Therefore, with P probability at least 1 — e — 7,

pi(R) < p;j(R) + inf E)\{QJ;\] log[cosh(%)]pj ® pi [CIL% (M")]

ARy N
1+%10g[cosh( )]

+4 3 C(ps)

D sl 00 Y o) sl ot |

Z[>

We can now remark that

Ea(p+q) < Zalp) + ¢E,(p)g < Za(p) + Z,(0)g = Za(p) +

and that

S_,(p+q) <P _o(p)+ 9 ,(0)g=D_,(p) + e}{p(z)_lq_

Moreover, assuming as usual without substantial loss of generality that there
exists f € argmine R, we can split M'(6,6') < M'(6,60) + M'(0,8'). Let us
then consider the expected margin function defined by

o(y) =sup M'(0,0) — yR'(0,0), y € Ry,
0cO

and let us write for any y € R4,
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pi @ pi[®_o (M')] < pj @ pi{®_3 [M'(.,0) +yR'(.,0) + o(y)] }
( )]}+Ny[exp§N)—1][ ~

< pi{®_y [M'(.0) + oy pi(R) = R(0)]

and
2y N [exp(2L) — 1] log[cosh (2 ~

_ (Zégjl)li {log [37'w(N)e] + T log cosh ()] log [3™ /(7)) }}

With P probablhty at least 1 — e — n, for any A, v, =, y € Ry, any
je{t.....k—1},
pp(R) — R(6) < pi(R) — R(0)
-1
- (1 B 2yN [exp(%) — 1] lo g[cosh(ﬁ‘,)]) {

'ytanh(%

(1 n 2z N [exp(]’iianh](;(:) [COSh(%)] ) [pj(R) _ R(g)]

+ Eﬁf{ziv log [cosh(%)]fb,% [o(2) + o(y)]

1+ Ylog[cosh(3
A £ Wl

>

- (Qéc_—z;i{log [3_1V(/\)6] + % log [cosh(%)] log [3_11/(7)77] }}}

Now we have to get an upper bound for p;(R). We can write p; = Wﬁxp(iﬁ,”,
as we assumed that all the posterior distributions in P are of this special
form. Moreover, we already know from Theorem 2.1.8 (page 77) that with
P probability at least 1 — n,

[NSlnh(%) ﬂc ][ Texp( B’r)(R) _ﬂ-ﬁxp(—ﬁ’g—lR)(R)]
< CUB'CH B —log[v(B)u(t)n).

This proves that with IP probability at least 1 — € — 2n,
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pp(R) < R(9)

n <1 2yN [exp (7 )t h]()\)g[cosh(])\‘,)]>_1{
7 tanh (%

(1 N 2z N [exp(v)tanh}(l )g[cosh(ﬁ,)] >

~CUCTBL ) — log (B ()]
x(wﬁxp<<—w><R>—R<9>+ Nsinh(%) - ¢-1p' )

+Z. {2/]\\[ log [cosh(%)] oo [p(2) + ¢(y)]

A 1+ % log)[\cosh(])\‘])] g

2(¢+1) -1 N A -1
_ DA {log [3 1/()\)6] + 5 log [cosh(ﬁ)] log [3 1/(7)77]} .

The case when j € {E +1,....M } \ (argmaxt) is dealt with exactly in
the same way, with i = ¢(j) replaced directly with k itself, leading to the

same inequality. N
The case when j € (argmaxt) is dealt with bounding first p7.(R) — R(0)

in terms of py(R) — R(f), and this latter in terms of pi(R) — R(6). Let us
put

A0 n) = ( 2:5N[exp(fy)tan;](j/\\[)g[cosh(]i‘,)]>’
Bay) =1+ 2N [exp(fy)tan}ll](;)g[cosh(fv)],
D) = 2y { B logleosh ()] [t + )] 220)
+41 + 2 log£cosh(}v)] &)
—?éc_—i_l)l))\{lo 310 (\)e]

+Jj log|cosh ()] log[3™"v/(7)n] }}

where €(p;) = C(¢,/3') is defined, when p; = Wﬁxp(_ﬁ

page 98). We obtain, still with IP probability 1 — e — 27,

n° 7 D()‘7’7ap')
pp(R) — R(0) < A00) [pe(R) — R(0)] + W,

7 B()‘af}/) Py D(Avﬂ)/vp)
pi(R) — R(0) < AN ) [pj(R) = R(0)] + W

ry» by equation (2.19,
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The use of the factor D(\,~, p;j) in the first of these two inequalities, instead
of D(A, 7, pp), is justified by the fact that €(p;) < €(p;). Combining the two
we get

n° B(>‘7/7)2 n |:B()‘7’Y)
A AN )

Pl < RO+ 352 len ) = RO+ | 5555 1]

Since it is the worst bound of all cases, it holds for any value of j, proving

THEOREM 2.2.10. With P probability at least 1 — e — 2n,

~(R) < R(f)+ inf
pp(R) < R(0) Z.ﬁMx’y{

exp(—pr)

< R(0)+ inf
4,8,A,7,2,y

i 5, CU(¢'B, B) — log[v(B)u(i)n]
W (ﬂ-exp(—{—lﬁR) (R) - R(Q) + NSlnh(%) ~ C—lﬁ )

[B()\, ’V) + 1:| D()\”Y’ ﬂ-éxp(—ﬂr)) }

AN, ) AN, 7)

where the notation A(X,v), B(X,y) and D(\,v,p) is defined by equation
(2.20 page 105) and where the notation C*(3,7) is defined in Proposition
2.2.5 (page 96).

The bound is a little involved, but as we will prove next, it gives the same
rate as Theorem 2.1.15 (page 85) and its corollaries, when we work with a
single model (meaning that the support of y is reduced to one point) and the
goal is to choose adaptively the temperature of the Gibbs posterior, except
for the appearance of the union bound factor — log [y(ﬂ)] which can be made
of order log [log(N )] without spoiling the order of magnitude of the bound.

We will encompass the case when one must choose between possibly sev-
eral parametric models. Let us assume that each 7 is supported by some
measurable parameter subset ©; ( meaning that 7/(©;) = 1), let us also
assume that the behaviour of 7 is parametric in the sense that there exists
a dimension d; € R4 such that

sup [ TI'ZX _ R) —inf R| < d;. 2.21
5 Bt am (R) ~ gt B 2:21)

Then

C'(A ) < log{ﬂ—éxp(—/\R) [eXp{w sinh(gly) “M'(. 5)}] }
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+ 2N Sinh(%)Qﬂ'éxp(_kR) [M/(‘a 5)]
< IOg{Wéxp(—/\R) [exp 2o N sinh(ﬁ)2 [R — R(g)] }} }
+ 22N sinh (5% ) 7l g [R — R(O)]
+ 4N Sinh(ﬁ) o(z)
. 2 4
<2zN Slnh(%) ﬂ—exp{ [A—2z N sinh(5%)?]| R} [R R(Q)]
+ 2xN sinh(ﬁ) exp( AR) [R R(G)]
+4N smh(iN) o(z).

Thus
C'(\, ) <4N smh(iN) (m [iélifR - R(g)] + o(x)

+ xdi T :z:di
2X  2) —4aNsinh(5%)* )

In the same way,

C(>i,p) < ?N smh(—ﬁ) [ [iélifR - R(g)] + o(x)

LS <1 + ! >
2N sinh(%) 1—x¢ tanh(C—N)

2

+ 2N [exp(%) — 1} (gp(:c) + x[iélifR — R(g)]

n x(d; )
Nsinh(%) —x(N [exp(%) — 1]

(C+1) ;
S [2 log[v(B)u(i)] + log(Z)]

In order to keep the right order of magnitude while simplifying the bound,
let us consider

2 2
Ci = maX{C -1, (ngm) sinh<7cg']‘{7"> )

it exp (fefin ) - 1 } (2.22)

Then, for any 3 € (0, Bmax),
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€p) < inf m ylinf R~ R(9)] + ¢(y) + ﬁ[l_ﬁcﬁjﬁﬂ]
——&fii@bﬂﬂﬂﬂ@ﬂ+k@@ﬂ.
Thus
DI b £ 3y {A[GXP(§> o) + o)
Lyt +A2*NZ [ ?CCiCSﬂ; (Z [inf 72~ R(O)] + ¢(2) + 5[1‘226:?—(1@0
~ Eg - B [2 log[v(3)1(i)] +1og(g)H
_ (2<(C_+1 )1; [log[B_lu()\)e] + 2?57 log [3_11/(7)77]]}

If we are not seeking tight constants, we can take for the sake of simplicity
A=y=0,x=yand ( = 2.

Let us put
xp (Bmax) _
Coy = max{Cl, N[e pé N ) 1] :
2 llen(2)) )
2.23
Bmax tanh (2222) " N tanh (2zex) |’ (2.23)
so that
-1 Coxf3 -1
AB,B) < (1_ - > 7
Coxp
B(B,8) <14 =%-,
' 2
D[ﬂﬁﬂréxp(_m)} < Cgﬁﬂgo(x)
Cy [12032 (- N »
¥ Gy fR— R( i
+< "‘N)ﬁ N (Z[léli ()]+(‘D(Z)+ﬁ[1_2zjcv’lﬁ]>
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and

T 2
(=)
N

Cy (120182 [ . ~ di
+<4+2]5)2[ ]\; <x[lng—R(9)]+@($)+m>

— 6log[v(B)u(i)] — 3log(2)}

_ 6502 [lo [Sfly(ﬂ) ] + % log [3 V(ﬂ)nﬂ }

We see in this expression that, in order to balance the various factors de-
pending on z it is advisable to choose z such that

T

, 5 _ o)
lélifR — R(9) = ,

as long as x < ﬁ.
Following Mammen and Tsybakov, let us assume that the usual margin
assumption holds: for some real constants ¢ > 0 and k > 1,

R(9) — R(8) > c¢[D(8,0)]".
As D(0, ] ) > M'(6, ] ), this also implies the weaker assumption
R(0) — R(0) >c[M'(6,0)]", 6¢co,
which we will really need and use. Let us take Bpnax = N and

[logy (V)]

v= ! Z Dok .

log2
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1
Then, as we have already seen, p(z) < (1 — ') (kcz) " T. Thus p(z)/z <

M _
ba” »1, where b= (1 — k') (ke) "1 Let us choose accordingly

~ K—1
. { def (inf@i R — R(9)>_*€ def N }
r=minz; = | —————~~ , Ty = )

b 4050

Using the fact that when r € (0, %), (1‘”) <1+ 167 <9, we get with P
probability at least 1 — e, for any 3 € supp v, in the case when x = z1 < x9,

==

. 2,8 k=1, e
pp(R) < lélifR + 538 Cy Nb " [1(51ifR — R(0)]

+ C;Q [138d + 166 log[l + logy (N )] — 134 log [,u(z)] — 1021og(e€) + 724],

and in the case when z = z9 < 1,

. . ~ B
pi(R) < %lif R+ 68C [lélif R — R(0)] +269C3 V@)

4 %2 [138 d; + 166 log[1 + logy ()] — 1341og[p(i)] — 1021log(e) + 724]
< ing+54102B o(x)

B
Thus with P probability at least 1 — ¢,

+ = [138 d; + 1661og[1 + logy (V)] — 134 log[p(i)] — 1021og(e) + 724] .

1
pp(R) <inf R+ inf 1082 C’%ﬁ Inax{b " [lnfR R(Q)] "

O; BE(L,N)
b 406 =
N

C
+ FQ {138 d; + 1661og[1 + logy (V)]

— 134log [p(i)] — 1021og(e) + 724].

THEOREM 2.2.11.  With probability at least 1 — €, for any i € N,

- < inf
pp(R) < i R

b [infe, R — R(9)] = {d: +log (182N 4 51

N Y

3
+ max ¢ 847C5 J
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166C5 [d; + log (2 4 5] 7

N Y

205 [1082 5] FT 47T

where Cy, given by equation (2.23 page 108), will in most cases be close to
1, and in any case less than 3.2.

This result gives a bound of the same form as that given in Theorem 2.1.15
(page 85) in the special case when there is only one model — that is when
u is a Dirac mass, for instance p(1) = 1, implying that R(61) — R(0) = 0.
Morover the parametric complexity assumption we made for this theorem,
given by equation (2.21 page 106), is weaker than the one used in Theorem
2.1.15 and described by equation (2.8, page 82). When there is more than
one model, the bound shows that the estimator makes a trade-off between
model accuracy, represented by infg, R — R(6), and dimension, represented
by d;, and that for optimal parametric sub-models, meaning those for which
infg, R = infg R, the estimator does at least as well as the minimax optimal
convergence speed in the best of these.

Another point is that we obtain more explicit constants than in Theorem
2.1.15. It is also clear that a more careful choice of parameters could have
brought some improvement in the value of these constants.

These results show that the selection scheme described in this section
is a good candidate to perform temperature selection of a Gibbs posterior
distribution built within a single parametric model in a rate optimal way,
as well as a proposal with proven performance bound for model selection.

2.3. TWO STEP LOCALIZATION

2.3.1. TWO STEP LOCALIZATION OF BOUNDS RELATIVE TO A GIBBS PRIOR.
Let us reconsider the case where we want to choose adaptively among a fam-
ily of parametric models. Let us thus assume that the parameter set is a dis-
joint union of measurable sub-models, so that we can write © = U,,c/Om,
where M is some measurable index set. Let us choose some prior probabil-
ity distribution on the index set u € M (M), and some regular conditional
prior distribution 7 : M — M} (©), such that n(i,0;) = 1, i € M. Let
us then study some arbitrary posterior distributions v : Q@ — M (M) and
p:QxM:— ML(O), such that p(w,i,0;) = 1, w € Q, i € M. We
would like to compare vp(R) with some doubly localized prior distribution

Hesep[— 1+B<2 S [Wexp(_gR)] (R) (where (2 is a positive parameter to be

set as needed later on). To ease notation we will define two prior distribu-
tions (one being more precisely a conditional distribution) depending on the
positive real parameters 8 and (s, putting

T = Texp(—BR) and = Mexp[—%ﬁ(R)]' (2.24)
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Similarly to Theorem 1.4.3 on page 53 we can write for any positive real
constants 3 and ~y

]P{(;m) ® (u7) [exp [—N]og[l — tanh(3) R’
— ! — Nlog[cosh(3)]m H} <1,

and deduce, using Lemma 1.1.3 on page 16, that
IP{exp{ sup sup {—Nlog[l — tanh(%)(vp — B7)(R)]
veM (M) p:M—M (©)
— (wp— TR (r) — Nlog[eosh(3)] (vp) © (77 ()
)

— v[K(p, 7] }} } <1 (2.25)

This will be our starting point in comparing vp(R) with p7(R). However,
obtaining an empirical bound will require some supplementary efforts. For
each index of the model index set M, we can write in the same way

_K(V7ﬂ

]P{mm[exp[—mogp — tanh(3)R'] —v7 — Nlog[cosh(%)]m H} <1

Integrating this inequality with respect to & and using Fubini’s lemma for
positive functions, we get

]P{,u(7r®7r) [exp |~ N log[1 —tanh(F) R'] — 31’ — N log[cosh(3;)]m H} <1

Note that (7T ® 7) is a probability measure on M x © x O, whereas (G 7T) ®
()  considered previously is a  probability = measure on
(M x ©) x (M x ©). We get as previously

IP{exp[ sup sup {—Nlog[l — tanh()v(p — ™) (R)]
VEM},'_(M) p:MHMi_(@)

— (o~ m)(r) — N log[cosh(7)]w(p @ 7)(m)

— K(v, 1) — v[K(p, 7)] }} } <1. (2.26)

Let us finally recall that

From equations (2.25), (2.26) and (2.28) we deduce
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PRroOPOSITION 2.3.1.  For any positive real constants 3, v and (2, with P
probability at least 1 — €, for any posterior distribution v : Q — Mi_(M) and
any conditional posterior distribution p : Q x M — M} (©),

~ Nlog[L — tanh(3)(vp — Am)(R)] — B(p — 7)(R)
< 3(vp — i) (r) + N log[cosh(7)] (vp)

and

— Nlog[1 — tanh(F)v(p — 7)(R)]
< y(p = ®)(r) + N log[cosh(3)]v(p @ ) ()
+X(v,x) + Z/[iK(p, ﬁ)] + log(%),
where the prior distribution @ is defined by equation (2.24) on page 111
and depends on (B and (5.

Let us put for short
T = tanh(3) and C = N log[cosh(3)].

We will use an entropy compensation strategy for which we need a couple
of entropy bounds. We have according to Proposition 2.3.1, with IP proba-
bility at least 1 — e,

v [

)| = 7)(R) 4+ v[K(p, ) — K(7, )]
< N% Wlp—)(r) + Cvlp @ 7)(m)
+ K(v, ;1) + v[K(p, 7)] + log(2)
+v[K(p,7) — K(7,m)].

Similarly

K(v, ) = (v = )7 (R) + X(v, p) — Xz, )
Y(v —p)7(r) + C(vm) @ (a7)(m')

+X(v, 1) +1og(2)| + K(v, ) — K(z, ).
Thus, for any positive real constants 3, v and (;, i = 1,...,5, with IP prob-

ability at least 1 — ¢, for any posterior distributions v, v3 :  — Mi_(@), any
posterior conditional distributions p, p1, pa, pa, p5 : 2 x M — ML (0),
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— Nlog[1 - T(wp — @) (B)] — ulp — T)(F)
<y(vp —a7)(r) + Clvp) @ (A7) (M)
+X(v, ;) + I/[TK(,O, ) — X(, 7T)] + log(%),

Cl B[K(p1, )] < Gyalpr —7)(r) + GOR(pr @ ) (m')

ﬂ

+Qﬂxwmﬂ+ﬁbﬂ)+ﬁiz[xmj) K (7, m)],
@fﬁaqpm)] < Gylpr — M) + GOV(pa © T) ()
+ KV, ) + Gr[K(p2, )] + (2 log(2)

+ Czj\gl/[x(mﬂr) - X(7, )],

G+ C2)NﬁT3<(V37M) < Cay(vs — BYR(r)

+ 3C[(v37) @ (v3p1) + (v3p1) @ (BT ] (') + (3K (v3, 1) + (31og(2)

+ a1+ ) [K(va ) = K ()],
C4]\ZTV3 [K(pa, )] < Cayvs(ps —7)(r)
+ CiCus(ps @ ) (m') + LK (vs, 1) + Qv [K(pa, )] + Calog(2)

+ C4N5TV3 [K(pa, ) = K(T, )],

C5Eﬁ[ﬂ<(p5, )] < Galps —T)(r) + GCTilps @ ) (m)

g

NT B[K(ps,m) — K(7, m)].

+ G [K(ps, T)| + (5 log(2) + (5 — 3

Adding these six inequalities and assuming that
G < G+ Q)5 —1], (2.29)

we find

— Nlog[l = T(vp —u7)(R)] — B(vp — i7)(R)
< =Nlog[l = T(vp — p7)(R)] — B(vp — 5T)(R)
+a (% - Dr[X(p, W)] + G (P - D)r[K(p2, T)]
+ G+ @5 -G - G]X(s, 1)
+ 44(7 - 1) v3[K(ps, )] + C5(% — 1) a[X(ps,7)]
<A(wp—a7)(r) + Qyilpr — 7)(r) + Gywv(p2 — 7)(r)
+ Gy(vs — )7 (r) + Cayva(pa — T)(r) + Gyi(ps —7)(r)
+C|(vp) @ (BT) + Qilp1 @ T) + Gav(pa O T)
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+ G3(v3) ® (v3p1) + C3(vzp1) © (BT)
+ Cav3(pa @ T) + G5lps @ )] (M)
+ (14 @) [K(v, p) = K(7, )] + v[K(p, ) — K (7, 7)]
+ QR [K (o1, m) — K (7, )] + I v [K(p2, ) — K(T, )]
+ G3(1+ ) M [K(vs, 1) = K@, )] + G B vs [K(pa, ) — K(m, )]
+ GG (K (ps, ™) — KT m)] 4+ (L4 G+ G+ G+ Ca+ Gs) log(2),

where we have also used the fact (concerning the 11th line of the preceding
inequalities) that

— B(vp — am)(R) + K(v, ) + v[K(p,7)]
< —Bvp =BT (R) + (14 Q)X (v, 1) + v[X(p, T)]
= (14 &) [X(v, p) — K(7, p)] +v[X(p, 7) — K(7, 7))

Let us now apply to 7 (we shall later do the same with 7z) the following
inequalities, holding for any random functions of the sample and the param-

eters h : Q2 xO© —=Rand g: 2 x6 — R,

T(g—h)—K(T,m) < sup plg —h) —K(p, )
p:OxM—M} (©)
= log{w[exp(g — h)]}
= log{ﬂ- [exp(_h)] } + log{ﬂ'exp(fh) [exp(g)] }
= _Fexp(—h)(h) - K(Wexp(—h% 71') + 1Og{ﬂ-exp(—h) [exp(g)] }

When h and g are observable, and A is not too far from gBr ~ SR, this gives a
way to replace 7 with a satisfactory empirical approximation. We will apply
this method, choosing p; and p5 such that g7 is replaced either with fp1,
when it comes from the first two inequalities or with p5; otherwise, choosing
p2 such that v7 is replaced with vps and p4 such that v37 is replaced with
v3p4. We will do so because it leads to a lot of helpful cancellations. For
those to happen, we need to choose p; = Texp(—;r)s ¢ = 1,2,4, where A1, Ag
and A4 are such that

1+ ¢y =G, (2.30)
Gy = (14 GN) A, (2.31)
(Ca—Ca)v = <4NﬁTA4, (2.32)
Gy = G N, (2.33)
and to assume that
G > G3. (2.34)

We obtain that with P probability at least 1 — ¢,
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— Nlog[1 = T(up —u7m)(R)] — Bvp — a7)(R)
<A(wp—np1)(r) + Cy(vsps — Bips)(r)

LG M {log [m {exp [CNf«Cl [vp+Cipi] (m/)] }]

|
. {k%{pQ{exp[Lﬂgﬁ;QNDOnﬁ]}]}
il
]}
o)

+ QAgz/g{log [p4{exp [C'NTC4 [C3V3P1 + C4P4

+ (14 Q) [K(v, 1) — K(, 1) | + v[K(p,m) — K(p2, 7
+ @1+ CQ)% (K (vs, 1) — K(7, )]

+ (1 + Zi:g) log(2)

In order to obtain more cancellations while replacing i by some posterior
distribution, we will choose the constants such that A5 = A4, which can be
done by choosing

€1¢!
= ) 2.35
G -G (2.35)
We can now replace 1z With piey, ¢, o) (r)=¢4p4(r), Where
g

& = , (2.36)

(1+¢) (1 + 75 G)
€ = 06 (2.37)

T Ur a0+ )

Choosing moreover v3 = flexp ¢, py (r)—£apa(r)» $0 iInduce some more cancella-
tions, we get

THEOREM 2.3.2. Let us use the notation introduced above. For any positive
real constants satisfying equations (2.29, page 114), (2.30, page 115), (2.31,
page 115), (2.32, page 115), (2.33, page 115), (2.84, page 115), (2.35, page
116), (2.36, page 116), (2.37, page 116), with P probability at least 1 —¢, for
any posterior distribution v : Q — ML (M) and any conditional posterior
distribution p : @ x M — ML (O),

— Nlog[l —T(vp —a7)(R)] — Blvp — ET)(R) < B(v, p, 5),
where B(v, p, ) € ~(vp — vsp1)(r)
+ (14 ) (1+ M)
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GNT

B+¢)(1+ 8L ¢g)
X log{ug [pl{exp [CNgcl [Vp + C1p1] (m’)] } +e2)(1+50¢3

s NT
NT
X P4{eXp {CNTC [Cav3p1 + C5pal (m )] }ﬁ(HQ)(H ’ CB)] }

1+C2NT {log{m eXp | 1 NTC2P2( )] }]}
+c4fifvs{log[p4{e [ i [Grap + Goalm ﬁ}”

+ (14 ¢2) [K (v, 1) — K(vs, )]

5
() - K] + (1436 0s(?)
=1

This theorem can be used to find the largest value B (vp) of B such that
B(v,p,3) < 0, thus providing an estimator for 5(vp) defined as vp(R) =
H8(0p) T B(vp) (1), where we have mentioned explicitly the dependence of 1z and
7 in B, the constant (o staying fixed. The posterior distribution vp may then
be chosen to maximize B(up) within some manageable subset of posterior
distributions P, thus gaining the assurance that vp(R) < EB(W))WB(W)(R),

with the largest parameter B (vp) that this approach can provide. Maximiz-
ing B(vp) is supported by the fact that limg o figTg(R) = essinf,. R.
Anyhow, there is no assurance (to our knowledge) that 3 +— fig7g(R) will
be a decreasing function of § all the way, although this may be expected to
be the case in many practical situations.

We can make the bound more explicit in several ways. One point of view
is to put forward the optimal values of p and v. We can thus remark that

v[yp(r) + K(p,m) — K(p2, m)] + (1 + () K (v, p)
=V |:ﬂ< [pa 7Texp(—'yr)] + )\2,02(7“) + /)\Z Texp(—ar) (r)da] + (1 + CQ)K(V? ,LL)

= V{X[p, Texp(-m] } + (1 + &)X v, Mexp(_)\%ii%(;)_l-&z Ny Texp(—ar) (r)da)]

A ¥
- (1 + CZ) log{:u [exp{l +2<2p2(’l“) - 1 ‘i<2 /)\ ﬂ-exp(—ar)(r)da}] }

Thus
B(v,p, 8) = (1+ ) [€103p1 (1) + Eavapa(r)

+ log{ p[exp(—&1p1(r) — Eapa(r))] }}

A 1 5
eXp{_ 1 +2<2 P(n) ~ 17, /AQ Mexp(—or) (r)da}] }

— (14 ¢) IOg{M
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—yusp1(r) + (1+ G) (1 + %43)

GQNT

B+¢) 1+ 8 ¢g)
X log{y3 [pl{exp [CNgcl [Vp + C1p1] (m/)] } 2)(1+75-¢3

C5NT
B(1+¢o) 1+ ¢q)
X ,04{6XP {CN?«@ [Gsv3p1 + Copa) (m/)] } e ] }

NIERESR o E———

n C4A,[3TV3{IOg !p4{exp [CN@@ [Csv3p1 + Capa) (m/)} }] }

+ {K [P, Texp(-m)] §

1 X r
+ ( + CQ) [V, Mexp(— A?izc(g ) 1+1<2 fgz Texp(—ar) (r)da)]

n <1+gg> log (2).

This formula is better understood when thinking about the following upper
bound for the two first lines in the expression of B(v, p, ):

(1+¢2) {§1V3P1 (r) 4 &avapa(r) +log{ p[exp(—£1p1(r) — Eapa(r))] }]
- (14+¢) 10g{u leXp{— . :\f@pz(r)

1 v
B 1+C2/A Texp(—ar) (T)da}] } —yv3p1(r)

~y
<v3 [)\202(7”) + / Texp(—ar) (T)da —7P1 (T):| :
A2

Another approach to understanding Theorem 2.3.2 is to put forward pg =
Texp(—Aor)s [OT some positive real constant Ao < 7, noticing that

v[K(po, m) = K(p2,m)] = Aov(p2 — po)(r) — v [K(p2, po)]-
Thus

B(v, po, 8) < v3[(v — Ao)(po — p1)(r) + Xo(pz — p1)(r)]
+(1+ &)1+ 56

X log{z/g
B(1+¢2)(1+ 850 ¢3)

X P4{6XP |:CN’]QC5 [Csvsp1 + C5p4] (m/)] } e ] }

GQNT
B(1+C2) (1+ T35 ¢3)

p1 {eXp [C‘N%1 [vpo + Crpn ] (m/)] }
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+(1+ CzNgT)V{log{P?{eXp [wf?@pg(m/)] }] }
n C4J\gy3{1og [p4{exp [C]Vg@ [Csv3p1 + Capa) (m,)} }] }

+ (1 + C2):K [V7 'uexp(— (y=2A0)po (1) +Agpa(r) ):|

1+¢2

5
—v[K(p2. po)] + <1 + ZQ) log(2).
i—1

In the case when we want to select a single model m(w), and therefore to
set v = d, the previous inequality engages us to take
m € arg min (v — Ag)po(m, ) + Aopa(m, 7).
meM
In parametric situations where

de.(m
Texp(—Ar) (T) = T*(m) + ()\ )7

we get

(7= Ao)po(m7) = Aopa(m, ) = 1" (m) + de(m) (5; + 22532)].

resulting in a linear penalization of the empirical dimension of the models.

2.3.2. ANALYSIS OF TWO STEP BOUNDS RELATIVE TO A GIBBS PRIOR.
We will not state a formal result, but will nevertheless give some hints
about how to establish one. This is a rather technical section, which can be
skipped at a first reading , since it will not be used below. We should start
from Theorem 1.4.2 (page 52), which gives a deterministic variance term.
From Theorem 1.4.2, after a change of prior distribution, we obtain for any
positive constants «; and ag, any prior distributions 11 and o € M}F(M ),
for any prior conditional distributions 71 and 72 : M — M! (©), with P
probability at least 1 — i, for any posterior distributions v1p; and vsp9,

a1 (v1p1 — vap2)(R) < ao(vipr — vap2)(r)
+K[(1p1) @ (vap2), (Fir T1) ® (Jia 7o)

+ 10g{(ﬁ1 1) ® (p2 72) [QXP{—%‘P%(RI: M)+ alR/}} } — log(n).

Applying this to a3 = 0, we get that

v~ v < [ﬂc[w) ® (vapn), (7) @ (s 71)]

1o (77) (7 ) [exp{an®_s (R 30)}] ot
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In the same way, to bound quantities of the form

10g{l/3 [pl {exp [Cl(l/p + Clm)(m’)} }pl

X P4{eXP [02 [C3v3p1 + Cspa) (m/)] }m] }

= SUP{pl Sup{Cl [(vp) @ (vsps) + Crvs(p1 @ ps)] (M) — K(ps, Pl)}

vs ps5

+ p2 SHP{CQ [G3(v3p1) @ (v5p6)
P6

+ G @ pn)) ') = Klpo.pi) } = K010

where C1, C, p1 and po are positive constants, and similar terms, we need
to use inequalities of the type: for any prior distributions p; 7;, i = 1, 2, with
P probability at least 1 — 7, for any posterior distributions v;p;, i = 1,2,
as(vip1) © (v2p2)(m') < log{ (i1 71) © (jia 7o) exp s ® —ay (M) }
+ X[(11p1) @ (vap2), (T T1) @ (2 T2)| — log(n).

We need also the variant: with IP probability at least 1 —7, for any posterior
distribution v1 : © — ML (M) and any conditional posterior distributions
P1, P2 : Qx M — M}i-(@)’
asi(p1 ® po) (') < log{ s (71 © 72) exp g _ o (M1)] }
+ K(v1, ) + v1{K[p1 @ p2, ™1 @ 2] } — log(n).

We deduce that

1og{u3 [m {eo] i+ |}

X P4{€Xp [02 [C3v3p1 + Cspa) (m')] }m] }
C

{log{(ﬁ ) @ (15 T5) exp [043@_% (M/)] }

s ps | O3

< sup{p1 sup
+X[(vp) ® (v5ps), (AT © (115 75)] + log(2)

+ G [10{%{175 (71 ® 7s5) exp [043‘1’7%3 (M/)} }

+ K(vs, fis) + vs{K[p1 ® ps5,T1 @ 75 } + 10g(,27)] } - 9<(p5,p1)]
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+p2oup [S;{log{@g 1) @ (7is ) exp s ® s (M) |
+ K [(wsp1) ® (vsps), (fis T1 @ (fis 76)] + log(2)
+G [log{ﬂg, (74 ® 76) exp [ag,@_aﬁg (M’)] }
+ K(vs, f15) + v5{K[ps ® pe, T4 @ 76| } + log(fi)] }

— K(ps, P4)] — K(vs, 1/3)}-

We are then left with the need to bound entropy terms like K(v3p1, 1371),
where we have the choice of g and 7y, to obtain a useful bound. As could
be expected, we decompose it into

K(vspr, ism) = K(vs, fig) + v3[K(p1,m1)].
Let us look after the second term first, choosing m1 = Teyp(—g, R)
v3[K(p1,m1)] = v3[B1(p1 — T1)(R) + K(p1, ) — K(71, )]

< oﬁzi {am(m = m)(r) + K(vs, fiz) + v3[K(p1, 71)]

+ log{ﬁg (%?2) [exp{—az\I/aWz(R/, M) + 041R,}} } - log(n)]
+ v3[K(p1,m) — K(71, )]

< gi [fK(VS, 1i3) + v3[K(p1,71)]

o i (77 [exp{ ~aneg (.01 + n )] = o)

a2
N

+ VS{K['Ol’ 7Texp(—ﬁ})é%r)] }

Thus, when the constraint A\ = 5}1—?2 is satisfied,
~ B\~ B -
X <(1—-=—=] —|X
V3[ (plaﬂ'l)] > < al) o (v3, fi3)

+ log{ﬁg (72) [exp{—agllla (R',M'") + alR/}} } - log(n)] :

a2
N

We can further specialize the constants, choosing a; = N sinh(5#), so that

—ag\I/Q
N

2
(R, M) + a1 R < 2N sinh(%) M.
2N
We can for instance choose as =, ay = N sinh(3) and ) = )\1% sinh(%),
leading to
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PROPOSITION 2.3.3. With the notation of Theorem 2.5.2, the constants be-
N Sinh(3)R)’ with P proba-

ing set as explained above, putting 7 = Tesp(— 2 sinh
5

bility at least 1 — 7,
V3 [K(p17%1):| < <1 - 7) |:J<(V37ﬁ3)

+ log{[lg (%?2) [exp{QN sinh(ﬁfM'}} } — log(n)] .

+ 1og{[l3 (%?2) {exp{QN sinh(ﬁ)QM/}} } - 10%(77)}

+ (1 - )\71)17/3 [K(p, p1)]-

In a similar way, let us now choose fi3 = flexp[—azw(R))- We can write
K(v, n3) = as(v — p3)™(R) + K(v, p) — K(ps, p)

< Z—i’ [ag(u — p3)w(r) + K(v, 1)

+1og{ (75m) ® (7is) [exp{ ~2W ey (R, M') + s R}] } - 1og(n)]
+ XK(v, 1) — Kz, p)-

Let us choose ap = 7, oy = N sinh(3), and let us add some other entropy
inequalities to get rid of 7 in a suitable way, the approach of entropy com-
pensation being the same as that used to obtain the empirical bound of
Theorem 2.3.2 (page 116). This results with P probability at least 1 — n in

(1 _ %)g{(% fis) < z—i’ [V(V — pi3)7(r)

ai
+ log{(ﬁgﬁ) ® (1137 [exp{—fylll%(R’, M)+ a1R/}} } + log(,%)]

+ K(Vv M) - :K(ﬁi%a M)y

+ Coltz [ K(ps, m) — X(7, )],

(1 s on 7] < ary [wzg(m 7))
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+ log{ﬁg (ﬁ®2) [exp{—’ylll%(R', M) + alR/}} } + log(i)]
+ Crps [K(pr, m) — K (7, )],
p

@0—)ww%mﬂsgibm%—mm+xwm>

o1
+ log{ﬁg (ﬁ®2) [exp{—'ylll%(R', M) + a1R'}} } + log(z)]
+ (v [K(ps, ™) — K (T, )],
B

(1= 2)v[ximm) <62 [t = 00) + K04 )

aq
+ log{ﬁg (7?) [exp{—y\lf%(R', M) + alR/}} } + log(z)]
+ Gov [K(pg, m) — K (7, )],

where we have introduced a bunch of constants, assumed to be positive, that
we will more precisely set to

rg +x9 = 1,
(GofB + wgar) - = A,
ai
(GrB+ wgas)l = A7,
ai
(s — 358043)1 = Ag,
ai

(CoB3 — 909043)0%1 = Ag.

We get with P probability at least 1 — 7,

(1 - %i — (G + C9)0i>9<(1/, fiz) <
Z—j [’y [V(ajgpg + x9p9)(1) — f13(w8p6 + 339P7)(T)]
n %j log{(ﬁgﬁ) ® (i37) [eXp{fw%(R/, M) + Oz1R/}} }
+ G+ G+ G+ Cg)fl log {73 (7°2) [exp{—1 3 (R'. M) + on R} | }
+ K (v, 1) — K(fiz, ) + (Z—j’ +(G+ ¢+t cg)(fl) log(37)-

Let us choose the constants so that A\{ = A7 = Ag, Ay = Ag = g, 043:1390%1 =&
and 385 = &,4. This is done by setting

_ &
& +&

zs
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o G
&1+ &

as = 5 sinh(F) (& + &),

Go = siun(F) M),

C7 = % sinh(%) (Al g 51)7

Gs = fjsinh(mwg’f”,

6o = Ysin(p) P,

The inequality Ay > & is always satisfied. The inequality Ay > &4 is required
for the above choice of constants, and will be satisfied for a suitable choice
of (3 and (4.

Under these assumptions, we obtain with P probability at least 1 —n

(12— (G + ) )i < (0 = i) € + 000 (0)
n %’ log{(ﬁgﬁ) ® (fis7) [exp{—'y\ll%(R', M)+ alR’}} }
+ (C6 + ¢7 + Cs + Cg)oi 10g{/73 (7%?) [GXP{—V‘I’%(R/, M') + OélR/}} }

+ K(v, 1) — K(fis, i) + (%’ +(G+ ¢+t 49)51) log(37)-
This proves

ProPOSITION 2.3.4. The constants being set as explained above, with P
probability at least 1 —n, for any posterior distribution v : Q@ — M} (M),

i) < (1- 2 - G+ @l ) [scwm)
+ Z—i’ log{(ﬁgf) ® (fisT) [exp{—v\ll%(R/, M) + alR'}} }
+ (C6 + ¢7 + Cs + Cg)fl log{ﬁ:% (7%?) [eXP{—V‘l’%(R/, M') + OélR/}} }
+ (% + (C6 + 7+ (g + CQ)i) 1og(,27)] .
Thus

Ay 1A
1+ (1-2)

e (CR ) P

% [Zj log{(ﬁgf ® (s7) [exp{—’yll’%(R/, M/) + OélRl}} }

K(vzpr, 3 m) <
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+ (C6 + (7 + G + C9)Oi log{ﬁg (7%?) [GXP{—V‘I’%(R', M') + 061R'}} }

+ (% + (6 + Cr+ (s + Co) b ) log(f])]

a1

+ (1 - )"\y1> 1>:y1 [log{ﬁg(ﬁw) [exp{ZN sinh(%fM’}} } — log(g)] .
We will not go further, lest it may become tedious, but we hope we have given
sufficient hints to state informally that the bound B(v, p, 5) of Theorem 2.3.2
(page 116) is upper bounded with P probability close to one by a bound of
the same flavour where the empirical quantities » and m’ have been replaced
with their expectations R and M’.

2.3.3. TWO STEP LOCALIZATION BETWEEN POSTERIOR DISTRIBUTIONS.
Here we work with a family of prior distributions described by a regular
conditional prior distribution 7 = M — M! (©), where M is some mea-
surable index set. This family may typically describe a countable family of
parametric models. In this case M = IN, and each of the prior distributions
7(i,.), i € IN satisfies some parametric complexity assumption of the type
lim sup 3 [Texp(—gR) (i, -) (R) — ess inf R| = d; < +o0, i€ M.
B——+o0 m(3,.)
Let us consider also a prior distribution u € ML (M) defined on the index
set M.

Our aim here will be to compare the performance of two given posterior
distributions vy p1 and vypg, where vy, 15 : ) — ML(M ), and where p1, p2 :
Q x M — ML (©). More precisely, we would like to establish a bound for
(v1p1 — v2p2)(R) which could be a starting point to implement a selection
method similar to the one described in Theorem 2.2.4 (page 93). To this
purpose, we can start with Theorem 2.2.1 (page 88), which says that with
P probability at least 1 — €,

— Nlog{1 - tanh(3) (vip1 — vapa) (R)} < Awip1 — vap)(r)
+ Nlog[cosh(3:)] (v1p1) ® (vapa)(m') + K(vi, i) + K(va, )
+ 11 [K(p1,7)] + v2[K(p2,7)] — log(e),

where i € MY (M) and 7 : M — M’ (©) are suitably localized prior dis-
tributions to be chosen later on. To use these localized prior distributions,
we need empirical bounds for the entropy terms K(v;, i) and v; [K(pi,%)],
i=1,2.

Bounding v[X(p,7)] can be done using the following generalization of
Corollary 2.1.19 page 88:

COROLLARY 2.3.5. For any positive real constants v and \ such that v <
A, for any prior distribution @ € M}r(M) and any conditional prior distri-
bution m: M — M}F(@), with IP probability at least 1 — €, for any posterior
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distribution v : Q@ — MYL(M), and any conditional posterior distribution
p:QxM—ML(O),

1 _
Ko Tt o) } S K097 €) + 5501,
v

where
. -1
K'(v,p, 70 6) € (1 - }) {V[%(p, Texp(—r))

_ %log(e) + V{log |:7Texp(—'77') <exp{N% log [cosh(%)]p(m/)})] }}

To apply this corollary to our case, we have to set

™= 71—exp[fN} tanh(%)R] :

Let us also consider for some positive real constant 8 the conditional prior
distribution

T = Mexp(—AR)
and the prior distribution
n= HMexp[—am(R)]:

Let us see how we can bound, given any posterior distribution v : Q —
ML (M), the divergence X (v, r). We can see that

K(v, 1) = (v — AF(R) + K(v, p) — K(f ).

Now, let us introduce the conditional posterior distribution

T = Mexp(—r)
and let us decompose
(v - W FR)] = v[F(R) - 7(B)] + (v — 1) [7(R)] +[F(R) - 7(R)].
Starting from the exponential inequality
P [,u[ﬁ Q7| exp{—Nlog[l — tanh(3)R'] — 7' — Nlog [cosh(%)]m/}] <1,
and reasoning in the same way that led to Theorem 2.1.1 (page 71) in the
simple case when we take in this theorem \ = v, we get with IP probability

at least 1 — ¢, that

— Nlog{1 — tanh(3)v(% — 7)(R)} + Bu(7 — 7)(R)
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<v [log{%{exp{]\ﬂog [cosh(%)%(m')}} }] + K(v, ) — log(e).

— Nlog{1 — tanh({)a(7 — 7)(R)} — Bu(7 — 7)(R)
<u [log{ [eXp{Nlog [cosh(%)%(m')}] }] —log(e).

In the meantime, using Theorem 2.2.1 (page 88) and Corollary 2.3.5
above, we see that with P probability at least 1 — 2¢, for any conditional
posterior distribution p: Q x M — M} (0),

— Nlog{1 — tanh(3)(v = @)p(R) } < A(v = Wp(r)

+ Nlog[cosh(7)] (vp) @ (7ip) (M) + (v + @) K(p, T) + K (v, 72) — log(e)

< Av —@)p(r) + Nlog[cosh(3)] (vp) ® (Ep)(m') + K (v, 72) — log(e)

(
47 et et o]

+ (%—1)71[9«1/ n) — 2log(e)].

Putting all this together, we see that with P probability at least 1 — 3¢,
for any posterior distribution v € M}F(M ),

z> o

a _
{1 B N tanh(3) + B N tanh(% ]:K(V’ )<

)(1-3)
a[Ntanh(;\’,)—Fﬁ}l{y[log{ [exp{mo;[cosh(]v)} (m/)}}}] —10g(6)}
o[ tani(3) -] i o exw {3 o cosn )] ()} | - 1ot}

+ a[N tanh(3)] _1{
Av — )7 (r) + Nlog[cosh(3)] (v7) ® (7)) (m)
+ (1 - %)_1(1/ +7n) [log{% [exp{N} log [cosh(%)]%(m')}} }}

1+}
1—

Q%m}+%mm—%wﬂy

Replacing in the right-hand side of this inequality the unobserved prior
distribution @z with the worst possible posterior distribution, we obtain

THEOREM 2.3.6. For any positive real constants o, 3, v and X\, using the
notation,

T = Texp(—pBR)>
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H= Mexp[—am(R)]>
T = Texp(—yr);
B= Flexp[—a3 tanh(3) =17 (r)]’

with P probability at least 1 — €, for any posterior distribution v : Q —

ML(M),

[1 " Ntanh(3)+ 8 Ntanh(2)(1— K)]x(u,u) < K(v, 1)

+ Nt +ﬁ{ [log [exp{ N log[cosh(3)] 7 M}
AT - { [log {[exp{ N log cosh(3)](m }}}]}

o rfoo vt}

[e]3

g [ {exp |V log[cosh(3)]7(m)| }] T

}

1+% 5
%)—5+ Ntanh($)(1 -3 )} log ().

aloglcosh(%)]

() ()|

X exp[

1
+ +
[N tanh(3) + 8 = N tanh(
This result is satisfactory, but in the same time hints at some possible
improvement in the choice of the localized prior i, which is here somewhat
lacking a variance term. We will consider in the remainder of this section
the use of

B = Hexp[—am(R)—Fr@m(M')s (2.38)

where £ is some positive real constant and 7™ = is some appropriate

xp(—BR)
conditional prior distribution with positive real parameter B . With this new
choice

K(v, i) = a(v —@)7(R) + &(v — m) (7 @ 7)(M') + K(v, 1) — K (7, p).-

We already know how to deal with the first factor a(r — )7 (R), since
the computations we made to give it an empirical upper bound were valid
for any choice of the localized prior distribution . Let us now deal with
E(v—n)(7em)(M'). Since m/(6,0") is a sum of independent Bernoulli random
variables, we can easily generalize the result of Theorem 1.1.4 (page 17) to
prove that with IP probability at least 1 — ¢

N[1—exp(—$)]v(F @ 7)(M)
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< CQ% [V(% ® %)(M')] <(v(re7)(m')+X(v, 1) — log(e).
In the same way, with IP probability at least 1 — ¢,

— Nlexp(%) — a7 @ 7)(M)
< —(@_¢ [a(F @ 7)(M)] < —CA(F @ 7)(m') —log(e).
We would like now to replace (7 ® 7)(m’) with an empirical quantity. In

order to do this, we will use an entropy bound. Indeed for any conditional
posterior distribution p: Q x M — M} (0),

v[X(p. )] = Brlp — F)R) + v[X(p. ) ~ K(.)]

fgNmi@p{ww_%WQ+Nbﬂm%@ﬂwp®ﬁ@ﬂ

+ K(v,m) + v[K(p, )] — log(e)} +v[X(p,m) — K(7,7)].
Thus choosing 3 = N tanh(3),

(T = p)(r) + v[K(F,m) — K(p, )]
< Nlog[cosh(F)]|v(p @ 7)(m') + K (v, i) — log(e).
Choosing p = 7, we get
v[K(7,7)] < Nlog[cosh(F)]|v(@ & 7)(m') + K(v,z) — log(e).
This implies that
ev(® @ R)(m) = v{F[ER(m)] - X(F7) } +v[K(F7)
< y{log [?{exp [&m(m/)] }} }
+ N log[cosh(%)|v(7 @ T)(m) + K(v, m) — log(e).
Thus
{¢ — Nlog[cosh(3)] }v(7 @ 7)(m)
< V{log [ﬁ{exp [eR(m/)] }} } + K (v, 1) — log(e)

Vp«i 7?)] < (Nlog[g)] - 1) B [V{bg [ﬁ{exp [E%(m’)] }} }

cosh(

+X(v, 1) — 10g(6)] + K(v, ) — log(e).
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Taking for simplicity £ = 2N log [cosh(%)] and noticing that

2N log[cosh(F)] = —Nlog(1 — %22)7
we get

THEOREM 2.3.7. Let us put 7 = Texp(—BR) and T = Texp(—r), Where 7y

1§ some arbitmry positive real constant and B = Ntanh(%), so that v =

N 10g<1+—) With P probability at least 1 — ¢,

N

v[KF,7)] <v [log{ [exp{QN log[cosh()]7(m/ )}] }] +2[K (v, m)—log(e)].
As a consequence

wEem)(m)=wrEer)(m)-—vKFer7em)| +2v[XKT,7)]

zR
.Z,
§
\_:
—
| S
H,_/ [E—
| IS
+
e
A
—
X
=
N—
|
—
o
o
—
3
.

+2v [log{ [exp{2N log[cosh(
Let us take for the sake of simplicity ( = 2N log [cosh(%)] to get

Cv(reT)(m') < 3V{log [ﬁ ® %[exp((m’)ﬂ } + 4[K (v, ) — log(e)].
This proves

PROPOSITION 2.3.8. Let us consider some arbitrary prior distribution @ €
ML (M) and some arbitrary conditional prior distribution m: M — M (©).

Let B < N be some positive real constant. Let us put 7 = and T =

exp(—AR)
Texp(—r), With B = N tanh(3;). Moreover let us put ¢ = 2N log [cosh(%)].
With IP probability at least 1 —2¢, for any posterior distribution v € M}i_(M),

3V{10g [ﬁ ® %[exp(@m’)ﬂ } + 5[3((u i) — log(e)]

v(reT) (M) < N1 — exp( 7 ]

S T o))

+5[X(v, ;) — log(e)] }

In the same way,

~ Gl & 7)) < i{log 7 © & exp(~cm)] |
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+ 2 [log{ [exp{QN log[cosh(F)]7 (m’)}} }} — 4log(e)
and thus

N[exp(l ) - 1] {M{log [ﬁ ® %[exp(—(m’)]]}

+ 20 [log{ [exp{2N log[cosh(F)]7 (m')}} }} — 5log(e)}.

(7 & F)(M) <

Here we have purposely kept ( as an arbitrary positive real constant, to be
tuned later (in order to be able to strengthen more or less the compensation
of variance terms).

We are now properly equipped to estimate the divergence with respect to
i, the choice of prior distribution made in equation (2.38, page 128). Indeed
we can now write

1- Ntanh?]?,) +8 Ntanh(g)( -7) a Ntaji(]v)?]x(y’ )
< Ntanha]‘([) e {1/ [log{%[exp{Nlog [cosh(%)]%(m’)}} }] — log(e)}
+ Ntanha]“([) — {u [log{% [exp{Nlog [cosh(%)]?r\(m’)}} }} — log(e)}

* Ntarclyh(f\‘,) {
A(v — )7(r) + Nlog[cosh(%)] (v7) ® (m7)(m)
+ (1 — %)71(1/ +7) [log{ [exp{N7 log [cosh(2)]7 (m')}} }}
SERS 1og<e>}

a
N

v o los{ o 7 o 2N ogleosn ]} - 5100}

¢ {u{log [ﬁ@ﬁ[exp(—(m')]}}

" N[exp(%) —1]
+20 [log{ [exp{QN log[cosh(#)]7 (m')}} }] -5 log(e)}.

+ K(v, p) = X(1, ).

It remains now only to replace in the right-hand side of this inequality &
with the worst possible posterior distribution to obtain

THEOREM 2.3.9. Let A > v > (3, (, a and & be arbitrary positive real

constants. Let us use the notation T = Texp(—gR)s T = Texp(— Ntanh(Z)R)>
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T = Texp(—y ) = flexp[— M(R) ¢rom(m’) and let us define the posterior
dzstmbutwn n:Q— ML(M) b

dp { a\ ~
—— ~expy ——————~7(T)

: TRT /
Nexp(5) = 1] log{Tr ® 7 [exp(—(m/)] }}

Jr

Let us assume moreover that

b
)1 —%)  Ntanh(3)2

«

< 1.
N tanh(3;) + ﬂ N tanh(

2> 2

With P probability at least 1 — €, for any posterior distribution v : Q —
MY(M),

K {1 N Ntanha;@ e
(0} 56 -1 R
- Ntanh(y)(1-3) Ntanh(g,p] {K(Vv i)
Ntanh?xf) e {y[log{%[exp{Nlog [cosh(%)]%(m’)}} }} }

o {y [bg{%[exp{N § tog[cosh(3)]7(m)} }] }

+ N & ] {y{log [%@%[exp(—(m’)ﬂ }}

+1og{ | { [exp {3 tog cosn ) () |} 50

o

X {%[exp{N7 log [cosh(%)]7 (m’)}} }Nt“h(%)(“%)
2

X { [exp{QNlog [cosh(F)]7 (m/)}} }N[“p(%)‘l]
x exp{Nlog [cosh(2)] [(v7) @ 7] (m')}] }

o n « n 20[(]. + %)
Ntanh(3)+ 8  Ntanh(3) -3  Ntanh(3)(1— 1)

5¢ 5¢ ;
* N tanh(4)? - N[exp( ) — 1]] log(e)}.



2.3. Two step localization 133

The interest of this theorem lies in the presence of a variance term in the
localized posterior distribution gz, which with a suitable choice of parameters
seems to be an interesting option in the case when there are nested models:
in this situation there may be a need to prevent integration with respect to
i in the right-hand side to put weight on wild oversized models with large
variance terms. Moreover, the right-hand side being empirical, parameters
can be, as usual, optimized from data using a union bound on a grid of
candidate values.

If one is only interested in the general shape of the result, a simplified
inequality as the one below may suffice:

COROLLARY 2.3.10. For any positive real constants A > v > 3, (, a and
&, let us use the same notation as in Theorem 2.53.9 (page 131). Let us put
moreover

A = « o i 5¢
N tanh() + 3 Ntanh(%)( —3)  Ntanh(g)?’

Ay = « o . 3€
Ntanh(%) + 5 Ntanh(%)( —3)  Ntanh(g)?

= Vo9 1

Ay = a o n 2¢
Ntanh(%) B Ntanh(%)( -3) N[exp(%) —1]’

) 20(1+ %)

» = Ntanh(%) +8 " Ntanh(Z) - " Ntanh(2)(1 - 1)

ot

5¢ £
N tanh(3;)? N[exp(%) —1] ’
C1 =2N log[cos (%)],
Cy = Nlog [cosh(%)}

Let us assume that A1 < 1. With P probability at least 1—e, for any posterior
distribution v : @ — ML (M)

K(v,p) < K(v,a, 3,7, A, &, ¢, €) def (1 — Al)l{iK(y, )
—|—A21/[log< % exp Clm )} + Asv [log(%@%[exp(—(m')])}

ctos 5 [F(exolcin] )] exo(ca ) o #)n)
+A5log(§)}~

Putting this corollary together with Corollary 2.3.5 (page 125), we obtain
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THEOREM 2.3.11. Let us consider the notation introduced in Corollary 2.3.5
(page 125) and in Theorem 2.3.9 (page 131) and its Corollary 2.5.10 (page
188). Let us consider real positive parameters A, v1 < A} and v4 < Ny. Let
us consider also two sets of parameters a;, B;, Vi, Mi» &, Ci where © = 1,2, both
satisfying the conditions stated in Corollary 2.3.10 (page 133). With P prob-
ability ot least 1 — €, for any posterior distributions vi,ve : 2 — M}i_(M),
any conditional posterior distributions p1,pe : 2 x M — M}F (@),

— Nlog{l — tanh(%)(vlpl — ygpg)(R)} < )\(ylpl — l/ng)(T‘)
+ Nlog[cosh(3)] (v1p1) ® (v2p2) (M)
+K/(V17/017717 /17§) +K/(V27/0277§7 /27§)

1
+ 7 K (v, 01, 81,7, M,8, 5 §)

12
M

1
+ = K (v2, a2, B2, 72, A2, &2, G2, £) — log ().
T

This theorem provides, using a union bound argument to further optimize
the parameters, an empirical bound for v1p;(R) — v2p2(R), which can serve
to build a selection algorithm exactly in the same way as what was done in
Theorem 2.2.4 (page 93). This represents the highest degree of sophistication
that we will achieve in this monograph, as far as model selection is concerned:
this theorem shows that it is indeed possible to derive a selection scheme in
which localization is performed in two steps and in which the localization of
the model selection itself, as opposed to the localization of the estimation
in each model, includes a variance term as well as a bias term, so that it
should be possible to localize the choice of nested models, something that
would not have been feasible with the localization techniques exposed in
the previous sections of this study. We should point out however that more
sophisticated does not necessarily mean more efficient: as the reader may
have noticed, sophistication comes at a price, in terms of the complexity of
the estimation schemes, with some possible loss of accuracy in the constants
that can mar the benefits of using an asymptotically more efficient method
for small sample sizes.

We will do the hurried reader a favour: we will not launch into a study
of the theoretical properties of this selection algorithm, although it is clear
that all the tools needed are at hand !

We would like as a conclusion to this chapter, to put forward a simple
idea: this approach of model selection revolves around entropy estimates
concerned with the divergence of posterior distributions with respect to lo-
calized prior distributions. Moreover, this localization of the prior distribu-
tion is more effectively done in several steps in some situations, and it is
worth mentioning that these situations include the typical case of selection
from a family of parametric models. Finally, the whole story relies upon es-
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timating the relative generalization error rate of one posterior distribution
with respect to some local prior distribution as well as with respect to an-
other posterior distribution, because these relative rates can be estimated
more accurately than absolute generalization error rates, at least as soon
as no classification model of reasonable size provides a good match to the
training sample, meaning that the classification problem is either difficult
Or noisy.



136 Chapter 2. Comparing posterior distributions to Gibbs priors




Chapter 3

Transductive PAC-Bayesian
learning

3.1. BASIC INEQUALITIES

3.1.1. THE TRANSDUCTIVE SETTING. In this chapter the observed sample

(X;,Y:)N | will be supplemented with a test or shadow sample (X;, K)Ei}l}g

This point of view, called transductive classification, has been introduced by
V. Vapnik. It may be justified in different ways.

On the practical side, one interest of the transductive setting is that it is
often a lot easier to collect examples than it is to label them, so that it is not
unrealistic to assume that we indeed have two training samples, one labelled
and one unlabelled. It also covers the case when a batch of patterns is to be
classified and we are allowed to observe the whole batch before issuing the
classification.

On the mathematical side, considering a shadow sample proves techni-
cally fruitful. Indeed, when introducing the Vapnik—Cervonenkis entropy
and Vapnik—Cervonenkis dimension concepts, as well as when dealing with
compression schemes, albeit the inductive setting is our final concern, the
transductive setting is a useful detour. In this second scenario, intermediate
technical results involving the shadow sample are integrated with respect to
unobserved random variables in a second stage of the proofs.

Let us describe now the changes to be made to previous notation to adapt
them to the transductive setting. The distribution IP will be a probability
measure on the canonical space Q = (X xY)F+DN and (X;, YZ-)Z(ZJ{DN will be
the canonical process on this space (that is the coordinate process). Unless
explicitly mentioned, the parameter k indicating the size of the shadow
sample will remain fixed. Assuming the shadow sample size is a multiple
of the training sample size is convenient without significantly restricting
generality. For a while, we will use a weaker assumption than independence,
assuming that P is partially exchangeable, since this is all we need in the
proofs.

137
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DEFINITION 3.1.1. For i = 1,...,N, let 7; : © — § be defined for any
w = (wj )(kH)N € Q by

Ti(W)itjN = Wit (—1)N> Jg=1...k,
Ti(W)i = WitkN,
and 7;(W)m+jN = WmyjN, mFi,m=1,...,N,j=0,...k.

Clearly, if we arrange the (k+1)N samples in a N x (k+1) array, 7; performs
a circular permutation of k+1 entries on the ¢th row, leaving the other rows
unchanged. Moreover, all the circular permutations of the ith row have the
form 77, j ranging from 0 to k.

The probability distribution IP is said to be partially exchangeable if for
anyi=1,...,N,Por, ' =P.

This means equivalently that for any bounded measurable function h :
Q— R, P(hor) =P(h).

In the same way a function h defined on Q will be said to be partially
exchangeable if ho71; = h for any ¢« = 1,..., N. Accordingly a posterior
distribution p : © — M} (©,T) will be said to be partially exchangeable
when p(w, A) = p[Ti(w),A], forany w € Q,anyi=1,...,N and any A € 7.

For any bounded measurable function h, let us define T;(h) = k%&—l Z?:o ho
Tij . Let T(h) = Tn o---0Tj(h). For any partially exchangeable probability
distribution PP, and for any bounded measurable function h, IP[T(h)] =
P(h). Let us put

0i(0) = 1[fo(X;) #Y;],  indicating the success or failure of fy
to predict Y; from X;,

N
1
=N Z ),  the empirical error rate of fy
i=1 on the observed sample,
] (k+1)N
ro(0) = N Z 0i(0), the error rate of fy on the shadow sample,
i=N+1
(k+1)N
_ 7’1(9) + ]CT'Q(@)
= = i he global
7(0) k1 k—i—lN Z oi( the global error

rate of fy,

Ri(0) =P|[fo(X;) #Yi],  the expected error
rate of fy on the ith input,

N
= %Z Ri(0) =P[r1(0)] =P[r2(f)], the average expected

error rate of fy on all inputs.

We will allow for posterior distributions p : & — M’ (©) depending on the
shadow sample. The most interesting ones will anyhow be independent of
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the shadow labels Yy 1, ..., Y(341)n. We will be interested in the conditional
expected error rate of the randomized classification rule described by p on
the shadow sample, given the observed sample, that is, P [p(rg)\(Xi, Yz)f\iﬂ
This is a natural extension of the notion of generalization error rate: this is
indeed the error rate to be expected when the randomized classification rule
described by the posterior distribution p is applied to the shadow sample
(which should in this case more purposefully be called the test sample).

To see the connection with the previously defined generalization error
rate, let us comment on the case when IP is invariant by any permutation of
any row, meaning that

P[h(wos)] =P[h(w)] for all s € S({i+ jN;j=0,...,k})
and all @ = 1,..., N, where G(A) is the set of permutations of A, ex-
tended to {1,...,(k+ 1)N} so as to be the identity outside of A. In other
words, IP is assumed to be invariant under any permutation which keeps
the rows unchanged. In this case, if p is invariant by any permutation of
any row of the shadow sample, meaning that p(w o s) = p(w) € M (0),
s € 6({i+jN;j =1,...,k}), i = 1,...,N, then P[p(ro)|(X;, V)N, ] =
+ Zf\il P[p(ciyn)|(Xi, Y;)Y,], meaning that the expectation can be taken
on a restricted shadow sample of the same size as the observed sample. If
moreover the rows are equidistributed, meaning that their marginal distri-
butions are equal, then
P[p(ra)|(Xi, Yo) Iy | = Pplon1)|(Xi, Yo)Ly].

This means that under these quite commonly fulfilled assumptions, the ex-
pectation can be taken on a single new object to be classified, our study
thus covers the case when only one of the patterns from the shadow sam-
ple is to be labelled and one is interested in the expected error rate of this
single labelling. Of course, in the case when P is i.i.d. and p depends only
on the training sample (X;,Y;)" ,, we fall back on the usual criterion of
performance P [p(r2)[(Zi)X] = p(R) = p(Ry).

3.1.2. ABSOLUTE BOUND. Using an obvious factorization, and considering
for the moment a fixed value of § and any partially exchangeable positive real
measurable function A : 2 — R, we can compute the log-Laplace transform
of r1 under T', which acts like a conditional probability distribution:

log{T[exp )\7“1 } Zlog{ exp(— z)]}
< Nlog{;f ZTZ [exp(—%ai)] } = —)@%(F),
i=1

where the function ® » was defined by equation (1.1, page 15). Remarking
N
that T{exp [)\ [@%(F) - 7"1]] } = exp [/\Q%(F)]T[exp(—)\rl)] we obtain
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LEMMA 3.1.1. For any 6 € © and any partially exchangeable positive real
measurable function A : Q — Ry,

—_ B <1
T{exp [)\{CD% [7(0)] 7“1(9)}}} <1
We deduce from this lemma a result analogous to the inductive case:

THEOREM 3.1.2. For any partially exchangeable positive real measurable
function A : Q x © — Ry, for any partially exchangeable posterior distribu-
tion ™: Q — ML(O),

]P{exp[ sup p[)\[q)
peM (©)

(F) — rl]] — K(p, Tr)} } <1

A
N

The proof is deduced from the previous lemma, using the fact that =7 is
partially exchangeable:

IP{exp[ sup p[)\[fb
peM (0)

)
_ ]p{ﬂ{exp [)\[@%(?) — 7“1]} }} = IP{T?T{GXP )\[@%(F) — 7”1]]}

3.1.3. RELATIVE BOUNDS. Introducing in the same way

N
(6,0 = 5 S[ULAo(0) £ V]~ 1 [fw(X0) £ V]

(k+1)N

(I<:+11)N 3 ‘11 [fo(X0) £ Yi] — L[ for(X:) # Vi]
=1

and  m(0,0) =

)

we could prove along the same line of reasoning

THEOREM 3.1.3. For any real parameter X\, any g O, any partially ex-
changeable posterior distribution 7 : Q — M (O),

P{exp[ sup )\[,0{\1/%[?(')—?(5)’m('79)]}

peM ()

= o) = n@)] - x|} <1,

where the function ¥ x» was defined by equation (1.21, page 51).
N
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THEOREM 3.1.4. For any real constant -y, for any g c O, for any partially
exchangeable posterior distribution 7 : Q — ML (0),

]p{exp[ sup {—Np{log[1—tanh(7v)[r(.)_r(é)ﬂ}

peM (0)
—[p(r1) = r1(9~)] - Nlog[cosh(%)]p[m'(-,g)] - X(p, W)}] } <1

This last theorem can be generalized to give

THEOREM 3.1.5. For any real constant v, for any partially exchangeable
posterior distributions 7, 72 : Q — ML(O),

IP{exp[ sup {—Nlog{l — tanh(%) [pl (T) — pg(?)] }

p1,p2EM ()

—[p1(r1) — p2(r1)] — Nlog[cosh(F)]p1 @ p2(m’)

K, ) ﬂ<<p2,7r2>}] } <1

To conclude this section, we see that the basic theorems of transductive
PAC-Bayesian classification have exactly the same form as the basic inequal-
ities of inductive classification, Theorems 1.1.4 (page 17), 1.4.2 (page 52) and
1.4.3 (page 53) with R(0) replaced with 7(6), r(0) replaced with r1(f) and
M’(6,6) replaced with m(6,8).

Thus all the results of the first two chapters remain true under the hy-
potheses of transductive classification, with R(0) replaced with 7(0), r(0)
replaced with r1(6) and M'(0,6) replaced with m(6,0).

Consequently, in the case when the unlabelled shadow sample is observed,
it is possible to improve on the Vapnik bounds to be discussed hereafter by
using an explicit partially exchangeable posterior distribution m and resorting
to localized or to relative bounds (in the case at least of unlimited computing
resources, which of course may still be unrealistic in many real world situa-
tions, and with the caveat, to be recalled in the conclusion of this study, that
for small sample sizes and comparatively complex classification models, the
improvement may not be so decisive).

Let us notice also that the transductive setting when experimentally avail-
able, has the advantage that

40,0 (kjl)N Z 1[fo (X3) # fo(X,)]
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is observable in this context, providing an empirical upper bound for the
difference 7(6) — p(7) for any non-randomized estimator 6 and any posterior
distribution p, namely

~ ~

7(0) < p(F) + pld(-,0)].

Thus in the setting of transductive statistical experiments, the PAC-Bayesian
framework provides fully empirical bounds for the error rate of non-randomized
estimators 0 : Q — ©, even when using a non-atomic prior 7 (or more gen-
erally a non-atomic partially exchangeable posterior distribution ), even
when © is not a vector space and even when 6 — R(f) cannot be proved to
be convex on the support of some useful posterior distribution p.

3.2. VAPNIK BOUNDS FOR TRANSDUCTIVE CLASSIFICATION

In this section, we will stick to plain unlocalized non-relative bounds. As
we have already mentioned, (and as it was put forward by Vapnik himself in
his seminal works), these bounds are not always superseded by the asymp-
totically better ones when the sample is of small size: they deserve all our
attention for this reason. We will start with the general case of a shadow
sample of arbitrary size. We will then discuss the case of a shadow sample
of equal size to the training set and the case of a fully exchangeable sam-
ple distribution, showing how they can be taken advantage of to sharpen
inequalities.

3.2.1. WITH A SHADOW SAMPLE OF ARBITRARY SIZE. The great thing
with the transductive setting is that we are manipulating only 71 and 7
which can take only a finite number of values and therefore are piecewise
constant on ©. This makes it possible to derive inequalities that will hold
uniformly for any value of the parameter § € ©. To this purpose, let us
consider for any value § € © of the parameter the subset A(f) C © of
parameters 6 such that the classification rule fg answers the same on the

extended sample (Xi)l(-iJ{l)N as fp. Namely, let us put for any 8 € ©

A0) = {0 € ©; fo(Xi) = fo(Xi),i=1,...,(k+ 1)N}.

We see immediately that A(#) is an exchangeable parameter subset on which
r1 and r9 and therefore also 7 take constant values. Thus for any 6 € © we
may consider the posterior py defined by

dpo
dm

-1

©) =1[0 € AO)]x[AW0)] ",

and use the fact that pg(r1) = r1(0) and py(T) = 7(6), to prove that
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LEMMA 3.2.1. For any partially exchangeable positive real measurable func-
tion X : Q2 x © — R such that

Aw, ) = A\w,0), 00,0 cAl),weq, (3.1)

and any partially exchangeable posterior distribution w : ) — M}r(@), with
P probability at least 1 — €, for any 6 € ©,

o) + 5O <)

We can then remark that for any value of A independent of w, the left-
hand side of the previous inequality is a partially exchangeable function of
w € €. Thus this left-hand side is maximized by some partially exchangeable
function A, namely

A

arg mfm{(l)fv [?(9)] + log{eﬂ[A(@)]}}

is partially exchangeable as depending only on partially exchangeable quan-
tities. Moreover this choice of A\(w, ) satisfies also condition (3.1) stated in
the previous lemma of being constant on A(f), proving

LEMMA 3.2.2. For any partially exchangeable posterior distribution 7w :  —
ML (©), with P probability at least 1 — ¢, for any 6 € © and any A € Ry,

o N Iog{mE\A(Q)] }

[7(0)] < r1(0).

2>

Writing 7 = % and rearranging terms we obtain

THEOREM 3.2.3. For any partially exchangeable posterior distribution 7 :
Q — ML(O), with P probability at least 1 — €, for any 0 € O,

e [ log{em [A(6)] }
Fel p<N1(9)+ ) " (6)

N
9) < inf _
r2(6) < >\1€r]lR+ 1 —exp(—%) k

If we have a set of binary classification rules {fyp; 0 € ©} whose Vapnik—
Cervonenkis dimension is not greater than h, we can choose h7r such that
m[A(6)] is independent of # and not less than (e(kfl)]\f) , as will be
proved further on in Theorem 4.2.2 (page 174).

Another important setting where the complexity term —log{ﬂ[A(ﬁ)]}
can easily be controlled is the case of compression schemes, introduced by
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Little et al. (1986). It goes as follows: we are given for each labelled sub-
sample (X;,Y:)ics, J C {1,..., N}, an estimator of the parameter

0[(Xi,Y)ics] =05, JC{1,...,N},|J| <h,

where
N
0: ] |(xxy)—o
k=1
Is an exchangeable function providing estimators for sub-samples of arbitrary
size. Let us assume that 6 is exchangeable, meaning that forany k =1,..., N
and any permutation o of {1,...,k}

~

0[(331791)5:1] = 5[(xa(i)7ya(i))§:1]a (xz}yi)?:l € (x X g)k

In this situation, we can introduce the exchangeable subset
{éj;Jc {1,...,(k+ )N} |J| < h} ce,

which is seen to contain at most

Eh: <(k +‘1)N> . (e(k—;l)N)h

=0~ 7

classification rules — as will be proved later on in Theorem 4.2.3 (page 174).
Note that we had to extend the range of J to all the subsets of the extended
sample, although we will use for estimation only those of the training sample,
on which the labels are observed. Thus in this case also we can find a partially
exchangeable posterior distribution 7 such that

NG B G

We see that the size of the compression scheme plays the same role in
this complexity bound as the Vapnik—Cervonenkis dimension for Vapnik—
Cervonenkis classes.

In these two cases of binary classification with Vapnik—Cervonenkis di-
mension not greater than kA and compression schemes depending on a com-
pression set with at most h points, we get a bound of

\ hlog (M) — log(e)
1 —exp —er(H) - N

f) < —— inf
r2(f) < k /\IEI%M 1—exp(—4)
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Let us make some numerical application: when N = 1000, h = 10, = 0.01,
and infg 71 = 7r1(0) = 0.2, we find that r2(0) < 0.4093, for k between 15 and
17, and values of A equal respectively to 965, 968 and 971. For k = 1, we

find only 72(0) < 0.539, showing the interest of allowing k to be larger than
1.

3.2.2. WHEN THE SHADOW SAMPLE HAS THE SAME SIZE AS THE TRAINING
SAMPLE. In the case when k& = 1, we can improve Theorem 3.1.2 by taking
advantage of the fact that T;(o;) can take only 3 values, namely 0, 0.5 and
1. We see thus that T;(o;) — (ID% [T;(05)] can take only two values, 0 and

1 1
5= é%(i), because Q%(O) =0 and <I>%(1) = 1. Thus

Ti(0i) — @ [Ti(o3)] = [1 = [1 = 2Ti(00)|] [3 — 22 (3)]-

2>
N[ =

This shows that in the case when k£ =1,

N
log{T[exp(—)\rl)]} = —\F + %ZTl(Uz) — @% [T;(04)]

<.
Il
—

(][ —1-27].
_N A

Noticing that 1 — ® » (3) = & log[cosh(5x)], we obtain

2>

THEOREM 3.2.4. For any partially exchangeable function A : 2 x © — R,
for any partially exchangeable posterior distribution m : ) — M}F(@),

IP{exp [ sup p [/\(F —71)
peM? (0)

— Nlog[cosh(#x)] (1 — |1 — 2?])} - K(p,ﬂ)} } <1
As a consequence, reasoning as previously, we deduce

THEOREM 3.2.5. In the case when k = 1, for any partially exchangeable
posterior distribution m : Q — ML (©), with P probability at least 1 — e, for
any 0 € © and any A € Ry,

r(6) - Ylogleosh(2)] (1 - [1 - 2r@)) + ELTEOL )
and consequently for any 6 € ©,
- 120
ro(0) < 2 inf —r1(6).

ARy 1 — 2 log[cosh(H)]
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In the case of binary classification using a Vapnik—Cervonenkis class
of Vapnik—Cervonenkis dimension not greater than h, we can choose w
such that —log{m[A(0)]} < hlog(%X) and obtain the following numer-
ical illustration of this theorem: for N = 1000, h = 10, ¢ = 0.01 and
infgr; = rl(é\) = 0.2, we find an upper bound 7“2(5) < 0.5033, which
improves on Theorem 3.2.3 but still is not under the significance level %
(achieved by blind random classification). This indicates that considering
shadow samples of arbitrary sizes some noisy situations yields a significant
improvement on bounds obtained with a shadow sample of the same size as

the training sample.

3.2.3. WHEN MOREOVER THE DISTRIBUTION OF THE AUGMENTED SAMPLE
IS EXCHANGEABLE. When £ = 1 and P is exchangeable meaning that
for any bounded measurable function h : € — R and any permutation

s € 6({1,...,2N}) P[h(w o s)] = P[h(w)], then we can still improve the
bound as follows. Let

T'(h) = % > h(w o s).
s€6({N+1,...2N})
Then we can write
1—|1=2T5(c3)| = (05 — 0i4N)* = 05 + Oip N — 20:0i 4N
Using this identity, we get for any exchangeable function A : Q2 x © — R,

T{exp [A(r — 1) — log[cosh(5x )] EN:(@ +oi4N — 20i0i+N)] }g 1.

i=1

Let us put
AN = % log [cosh(ﬁ)}, (3.2)
1 N
?}(6) = ﬁ ;(Uz + 0N — 20i0i+N)- (33)

With this notation
T{exp{A[F - — AQW]}} < 1.
Let us notice now that
T'[v(0)] =7(0) — r1(0)r2(0).

Let m : © — M (©) be any given exchangeable posterior distribution. Using
the exchangeability of P and 7 and the exchangeability of the exponential
function, we get

IP{ﬂ' [exp{)\[F —r — AT — 7’17“2)] }} } = IP{TF [exp{)\[F —r; — AT'(v)] }} }



3.2. Vapnik bounds for transductive classification 147

< ]P{’]T[T, exp{A[F — r1 — Av] }}} = IP{T'W [exp{)\[? — 71 — Av] }} }
:P{w[exp{)\[?—ﬁ ]} {Tﬂ[exp{)\ T—r— Av]}}}
:IP{ [Texp{)\[r—rl ]}}} 1.

We are thus ready to state

THEOREM 3.2.6. In the case when k = 1, for any exchangeable probability
distribution P, for any exchangeable posterior distribution w: Q) — M}F(@),
for any exchangeable function X : Q2 x © — Ry,

P{exp[ sup p{)\[F = AN — mg)]} ~ K(p,ﬂ')] } <1,

pEML (O)
where A(N) is defined by equation (3.2, page 146).

We then deduce as previously

COROLLARY 3.2.7. For any exchangeable posterior distribution © : 1 —
M}r(@), for any exchangeable probability measure P € Mﬁ(Q), for any mea-
surable exchangeable function A : Q x © — R, with P probability at least
1—¢, for any 0 € O,

oglem|A
7(0) < r1(0) + AN) [F(0) — r1(0)r2(0)] — 1g{/[\(,9)]}7
where A(N) is defined by equation (3.2, page 146).

In order to deduce an empirical bound from this theorem, we have to make
some choice for A(w, #). Fortunately, it is easy to show that the bound holds
uniformly in A, because the inequality can be rewritten as a function of only
one non-exchangeable quantity, namely 71 (6). Indeed, since ro = 27 — 1, we
see that the inequality can be written as

log{em [A(6)] .

7(0) < r1(8) + AN[F(9) — 2r(0)r1(8) + 11(6)*] — 3

It can be solved in r1(f), to get

n(0) = (A 7(6), - log{en[A0)]}),

where

FOLT,d) = [2A(>\)]_1{2rA(/\) -

n \/[1 — 7AW + 4A()\){7[1 - AW - f}}
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Thus we can find some exchangeable function A(w, #), such that
f()\(w,ﬁ),?(ﬂ),—10g{e7r[A(0)]}> — sup f(ﬂ,?(@),—10g{ew[A(0)]}>.
BeR+

Applying Corollary 3.2.7 (page 147) to that choice of A, we see that

THEOREM 3.2.8. For any exchangeable probability measure P € ML(Q),
for any exchangeable posterior probability distribution m : ) — M}F(@), with
P probability at least 1 — €, for any 0 € ©, for any A € Ry,

_ _ log{em|A(H
7(6) < 1(6) + AW [F(6) - i (O)ra(0)] — ELTIEOL
where A(N) is defined by equation (3.2, page 146).

Solving the previous inequality in r5(6), we get

COROLLARY 3.2.9. Under the same assumptions as in the previous theo-
rem, with P probability at least 1 — €, for any 6 € ©,

o < it 7“1(‘9){1+ %log[cosh(ﬁ)]} — 2log{e7r)\[A(9)]}
r2(0) < )\ler]lm 1— % log [cosh(ﬁ)] [1 — er(g)]

Applying this to our usual numerical example of a binary classification model
with Vapnik—Cervonenkis dimension not greater than h = 10, when N =

~

1000, infg r; = r1(f) = 10 and € = 0.01, we obtain that r2(6) < 0.4450.

3.3. VAPNIK BOUNDS FOR INDUCTIVE CLASSIFICATION

3.3.1. ARBITRARY SHADOW SAMPLE SIZE. We assume in this section that

P-(@n) o {fmn 1),

where P, € ML (f)C X 1g}): we consider an infinite i.i.d. sequence of independent
non-identically distributed samples of size N, the first one only being ob-
served. More precisely, under P each sample (X, ;n, Yitjn)Y; is distributed
according to ®f\; 1 Pi, and they are all independent from each other. Only
the first sample (X;, Yz)lj\i1 is assumed to be observed. The shadow samples
will only appear in the proofs. The aim of this section is to prove better Vap-
nik bounds, generalizing them in the same time to the independent non-i.i.d.
setting, which to our knowledge has not been done before.

Let us introduce the notation P’ [h(w)] = P[h(w) | (X;, ;)X ], where h
may be any suitable (e.g. bounded) random variable, let us also put =

[(x x YN
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DEFINITION 3.3.1. For any subset A C IN of integers, let €(A) be the set of
circular permutations of the totally ordered set A, extended to a permutation
of IN by taking it to be the identity on the complement IN'\ A of A. We will
say that a random function h : Q — R is k-partially exchangeable if

h(wos)=h(w), se€€({i+jN;j=0,...,k}),i=1,...,N.

In the same way, we will say that a posterior distribution 7 :  — M (©)
is k-partially exchangeable if

T(wos)=n(w)eML(®), se€¢({i+jN;j=0,...,k}),i=1,...,N.

Note that IP itself is k-partially exchangeable for any k in the sense that for
any bounded measurable function h: 2 — R

P[h(wos)] =Plh(w)], se€({i+jN;j=0,...,k}),i=1,...,N.
Let Ay(6) = {0’ € 0 [fo(x)]HTIN = [fg(xi)]gﬂlw}, 0 c0,ke N,
(k+1)N

! > 1[fs(X;) #Y;]. Theorem 3.1.2 shows
i=1

(k+1)N £
that for any positive real parameter A and any k-partially exchangeable
posterior distribution m, : 2 — Ml (0),

and let also 7 (0) =

IP{exp [sup A [@A
SE) N

(?k) — Tl] + log{eﬂk [Ak(e)] }] } <e.
Using the general fact that

Plexp(h)] = IP{]P’ [exp(h)]} > IP{GXP [P’ (h)] }7

and the fact that the expectation of a supremum is larger than the supremum
of an expectation, we see that with IP probability at most 1—e¢, for any 6 € O,

P{o, [m(0)] } <o) - Pl{log{mim(eﬂ i

For short let us put
dy(0) = —log{em; [Ar(0)] },
d),(0) = _P’{log{ewk [Ak(0)] }},
d(9) = —IP{log{eﬂk [Ak(a)] }}

We can use the convexity of @, and the fact that P'(7y) =
N
establish that

r1+kR

i1 o b0

o o]} 2 5, [2O44R0]

# o E+1

We have proved
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THEOREM 3.3.1. Using the above hypotheses and notation, for any sequence
T ) — M},_(@), where my, is a k-partially exchangeable posterior distribu-
tion, for any positive real constant A, any positive integer k, with IP proba-
bility at least 1 — €, for any 6 € O,

We can make as we did with Theorem 1.2.6 (page 25) the result of this

theorem uniform in A € {a?; j € N*} and k € IN* (considering on k the
prior ﬁ and on j the prior ﬁ), and obtain

THEOREM 3.3.2. For any real parameter a > 1, with P probability at least
1—¢, for any 6 € O,

R(9) <
1— exp{—(j‘\;m(e) — %{d;ﬁ-(e) + log [k(k +1)j(J + 1)] }}
inf ,
KEN*,jEN® = {1 — exp (—%)}
B ?”1(9)
o

As a special case we can choose 7, such that log{ﬂk [Ak (0)] } is independent
of 6 and equal to log(91), where

k+1)N
M = [{ (X)) 0 € 0}
is the size of the trace of the classification model on the extended sample of
size (k + 1)N. With this choice, we obtain a bound involving a new flavour
of conditional Vapnik entropy, namely

di(8) = P [log(M) [(Zi)iL,] — log(e).

In the case of binary classification using a Vapnik—Cervonenkis class of
VapnikaervoAnenkis dimension not greater than i = 10, when N = 1000,

infgr; = r1(0) = 0.2 and € = 0.01, choosing o = 1.1, we obtain R(f) <
0.4271 (for an optimal value of A = 1071.8, and an optimal value of k = 16).

3.3.2. A BETTER MINIMIZATION WITH RESPECT TO THE EXPONENTIAL PA-
RAMETER. If we are not pleased with optimizing A on a discrete subset
of the real line, we can use a slightly different approach. From Theorem
3.1.2 (page 140), we see that for any positive integer k, for any k-partially
exchangeable positive real measurable function A : 2 x © — R, satisfy-
ing equation (3.1, page 143) — with A(6) replaced with Ag(f) — for any
€ €)0,1) and n €)0,1),

P{Pfexpsup [0 () = 1) + os{erm [A40)]} ]} < en

2
N
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therefore with IP probability at least 1 — e,

IP’{eXp [Slelp)\[q) (T1) — r1] + log{enm [Ak(6)] }} } <n,

2
N

and consequently, with P probability at least 1 — ¢, with I’ probability at
least 1 — n, for any 6 € O,

log{enmy, [Ak(9)] }

D, (Tr) + 3 <r.

A
N

Now we are entitled to choose

Mw, 0) € arg max @ (Tg) + 1og{€777rk [Ak(‘g)] }

A’ERJF N )\/

This shows that with P probability at least 1 — ¢, with I’ probability at
least 1 — n, for any 6 € O,

~1
sup @ (7y) — di(0) . og(n) <,

A
AeR 4 N

which can also be written

di(0) _ _log(n)
P

Thus with P probability at least 1 — ¢, for any 8 € ©, any A € R,

P (Fk)—T'l— AeR;.

2
N

P’ [(I)IAV(rk) - k)(\e)] < —log;") + [1 P log;")]n

On the other hand, ® » being a convex function,
N

] > (I)% [P/(?k)] -7 —d>%

kR 4+ r d;s
— & =%
A( k+1 > TN

IP/|:(I)]/:7(T;€)—7’1—JI€)(\9)

N

Thus with P probability at least 1 — ¢, for any 6 € O,

d;, —log(n)(1 — n)].

A

kR—'_T]_ . -1
< inf ® 1-—
1S v [

We can generalize this approach by considering a finite decreasing sequence
n=1>mn>n>-->n;>ns+1 =0, and the corresponding sequence of
levels
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log(J) — log(e)

Ljjgi=1—r1— 3

Taking a union bound in j, we see that with P probability at least 1 — ¢, for
any 6 € ©, for any A € Ry,

B Jk + log(J)

IP/|:(I)J>\\7(T]€)—’F1 \ ZLj:|§T]j, 7=0,....J+1,

and consequently

P [@g(m) e dy, + log(J)}

A

Lrw _ dy, +log(J) s
< /0 P’ |:(I)§[(7’k) —ry — f > a] da < ;T]j_l(Lj — Lj_l)

J—1
_ log(J) —log(e) —log(ns)|  log(m) ) 1
_nJ[1 - /\ \ +; + log )

Let us put
di [0, (n;)]=1] = di.(0) + log(.J) — log(m)

J—1
nj €ny
+ n; log <> + log <—) nJ-
; ’ Nj+1 J

We have proved that for any decreasing sequence (nj)‘j]:l, with P proba-
bility at least 1 — ¢, for any 6 € O,

dlkl [97 (m‘)fzﬂ } .

kR
7o iy ot [7"1(1 —n7)+ns+ 3

k+1 T xRy *

REMARK 3.3.1. We can for instance choose J = 2, g = ﬁ, N = m,
resulting in

€

log(10N) 10N

loglog(10N)  log (22X
" = d), +1og(2) + loglog(10N) + 1 — 0glog(10N) _ o8 ()

In the case where N = 1000 and for any € €)0,1), we get d] < d}. + 3.7, in
the case where N = 10°, we get d} < d}, + 4.4, and in the case N = 10%, we
get dif < dj +4.7.

Therefore, for any practical purpose we could take dj = dj + 4.7 and
ny = 1(+N in the above inequality.

Taking moreover a weighted union bound in k, we get
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THEOREM 3.3.3. For any € €)0,1), any sequence 1 > n; > -+ > n;5 >
0, any sequence my, :  — Mi(@), where m s a k-partially exchangeable
posterior distribution, with P probability at least 1 — €, for any 0 € O,

1
RO) < int "L int @1 ri(0) 4 a1 - 11(0)]

T kelN*  k  AeRy W
dj [0, (77]')}']:1] + log [k(k + 1)]} B rl(e)‘

* A

COROLLARY 3.3.4. For any € €)0,1), for any N < 10, with P probability
at least 1 — €, for any 0 € O,

B P’ [log(My) [ (Z)X,] — log(e) + log[k(k + 1)] + 4.7] } _ri(0)
N k-

Let us end this section with a numerical example: in the case of binary
classification with a Vapnik—Cervonenkis class of dimension not greater than

~

10, when N = 1000, infgr = r1(f) = 0.2 and € = 0.01, we get a bound

~

R(0) < 0.4211 (for optimal values of k = 15 and of A = 1010).

3.3.3. EQUAL SHADOW AND TRAINING SAMPLE SIZES. In the case when
k =1, we can use Theorem 3.2.5 (page 145) and replace ®3'(g) with {1 —
N

% log [cosh(ﬁ)] }_1q, resulting in
THEOREM 3.3.5. For any ¢ €)0,1), any N < 10°, any one-partially ex-

changeable posterior distribution m : Q — M},_(@), with P probability at
least 1 — €, for any 0 € O,

1 dy(0) +4.7

{1 + 2N Jog [cosh(5y)] }7"1(9) + -+ 21()>\
R(6) < inf o~ Al
AER+ 1 — 2¥ log[cosh(zy)]

3.3.4. IMPROVEMENT ON THE EQUAL SAMPLE SIZE BOUND IN THE I.I.D. CASE.
Finally, in the case when P is i.i.d., meaning that all the P; are equal, we
can improve the previous bound. For any partially exchangeable function
A2 x O — Ry, we saw in the discussion preceding Theorem 3.2.6 (page
147) that

T[exp ATK — 1) — A()\)’UH <1,

with the notation introduced therein. Thus for any partially exchangeable
positive real measurable function A :  x © — R satisfying equation (3.1,
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page 143), any one-partially exchangeable posterior distribution 7; : Q@ —
ML(©),
IP{eXp {sup)\[Fk(G) —71(0) — A(\)v(8)] + log [em [A(Q)H } <1
0O
Therefore with IP probability at least 1 — €, with IP’ probability 1 — 7,

T4(0) < 1(6) + AN)0(0) + 5 [4(0) ~ log(n)]

dy(6) — log(n)]

)\/
satisfies the required conditions, to show that with P probability at least
1 — ¢, for any 6 € ©, with P/ probability at least 1 — 7, for any A € R,

dy1(0) — log(n)
3 :

We can then take a union bound on a decreasing sequence of J values
m > --- > ny of n. Weakening the order of quantifiers a little, we then
obtain the following statement: with P probability at least 1 — ¢, for any
0O, forany \e Ry, forany j=1,...,J

We can then choose A(w, 0) € arg )\m}flg AN)v(0)+ , which
/6 +

7e(0) < r1(0) + A(N)v(0) +

IP’{rk(H)—n(e)—A(/\)v(e)—dl(a) J;log(J) _log/(\nj)] <.

Consequently for any A € R,

v

di(0) + 10g(J)}

A
1 1 —1 —1
<_ og(m) I P og(J) — log(e) — log(n.s)
A A
J—1 " "
+3 ZLlog <J> .
j; A Nj+1
Moreover P’ [v(f)] = # — r1R, (this is where we need equidistribution)
thus proving that
R—r _ A\ dy [0, (nj)i—,]

S?[R+T1—2T1R:|+ ! —&-771][1—7“1((9)}.

2 A

Keeping track of quantifiers, we obtain

3-]:1, any € €)0,1), any

one-partially exchangeable posterior distribution w : Q — M}F(@), with P
probability at least 1 — €, for any 6 € ©,

THEOREM 3.3.6. For any decreasing sequence (1)

R(#) < inf
AeR 4

1" N
{1 + % log[cosh(ﬁ)] }7"1(9) + W)w + 277J[1 — rl(é?)]

1-— % log [cosh(ﬁ)] [1—2r(6)]
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3.4. GAUSSIAN APPROXIMATION IN VAPNIK BOUNDS
3.4.1. GAUSSIAN UPPER BOUNDS OF VARIANCE TERMS. To obtain formu-

las which could be easily compared with original Vapnik bounds, we may
replace p — ®,(p) with a Gaussian upper bound:

LEMMA 3.4.1. For any p € (0, %), any a € Ry,

For any p € (%, 1),

PROOF. Let us notice that for any p € (0,1)

9 pexp(—a)
gal0%aP)] = - hm+mw )’
o _ pexp(— pexp(—a)
%a [—a®ap)] = 1—p+peXp —a) <1 1—p+peXp(—a)>
{p(l— p) pe(0,3),
~la € (3:1).

Thus taking a Taylor expansion of order one with integral remainder:

ﬂw+/pﬂ—mw—®%
0 a2
—a®(a) < =—ap+ 5p(l-p), pe(03),

-I—/al( b)db +a2
—a —(a— =—ap+ —
D ) 4 P

This ends the proof of our lemma. [J

LEMMA 3.4.2. Let us consider the bound

2d\ 2dq(1 — d?
B(q,d):<1+N> |: ++\/ q q N2:|, qG]R+,d€IR+.

Let us also put

B(q,d) =

_ B(q,d)  B(g,d) < 3,
q+ % otherwise.

For any positive real parameters q and d

d _
Alerg+<1>]v <q+ /\> < B(q,d)
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d
PROOF. Let p = ir/%f @;1 <q + Y ) For any A € Ry,
N

p- oA D1 (pAY) <o a

<
5N (r) <q+

Thus

A d
p<q-+ lnf —(pA )[1—(p/\%)]+x

+ 2N
2d(p A 5)[1—(p A 3)] d
= < —.
q+\/ N =4ty oN
2dp' (1 —p/
Then let us remark that B(q, d) = sup {p’ ER,;p <q+ p(Np)} .

If moreover 1 > B(q,d), then according to this remark & > g + /5% > p.

Therefore p < %, and consequently p < q + 4/ W, implying that p <
B(gq,d). O

3.4.2. ARBITRARY SHADOW SAMPLE SIZE. The previous lemma combined
with Corollary 3.3.4 (page 153) implies

COROLLARY 3.4.3. Let us use the notation introduced in Lemma 3.4.2 (page

155). For any € €)0, 1), any integer N < 10°, with P probability at least 1—e,

for any 6 € ©,
k+

R(9) < klenﬂ\fl* T{B [n(e) + —

1 (9) '

dy(0) + log [k(k + 1)] + 4.7} } -

10N

3.4.3. EQUAL SAMPLE SIZES IN THE L.I.D. CASE. To make a link with
Vapnik’s result, it is useful to state the Gaussian approximation to Theorem
3.3.6 (page 154). Indeed, using the upper bound A(\) < 4N, where A(N) is
defined by equation (3.2) on page 146, we get with IP probability at least
1—c¢

A 2d! \/ 2d}(R + 11 — 2r1 R)
R—ri—2n;< inf —[R —2mR|+ =2 1
1 Ny < )\IGI]IRJr 4N[ +7r 1 ] + \ N ,

which can be solved in R to obtain
COROLLARY 3.4.4. With P probability at least 1 — €, for any 0 € O,

di(6)
N

. \/4d'1'(9) [1—ri(0)]r(0) | d(6)?

R(0) <ri(0) +

[1 - 27‘1(0)] + 277J

4} (0)
N

+ [1—2r(0)] +

~ INE [1 — 27’1(9)]77J.



3.4. Gaussian approrimation in Vapnik bounds 157

This is to be compared with Vapnik’s result, as proved in Vapnik (1998,
page 138):

THEOREM 3.4.5 (VAPNIK). For any i.i.d. probability distribution P, with
P probability at least 1 — €, for any 6 € ©, putting

dy = log[P(9M1)] + log(4/e),

de + 4dvT‘1 (0) 4d%/
N N NZ©

Recalling that we can choose (nj)?zl such that 1y = 2 = g5 (which brings

a negligible contribution to the bound) and such that for any N < 107,
d{(0) < P[log(M) | (Zi)iL1] — log(e) + 4.7,

we see that our complexity term is somehow more satisfactory than Vapnik’s,
since it is integrated outside the logarithm, with a slightly larger additional
constant (remember that log4 ~ 1.4, which is better than our 4.7, which
could presumably be improved by working out a better sequence 7;, but not
down to log(4)). Our \/f/ariance term is better, since we get r1(1 —r;), instead

of 71. We also have —-

trick.

Let us illustrate these bounds on a numerical example, corresponding to
a situation where the sample is noisy or the classification model is weak. Let
us assume that N = 1000, infgr; = r1(f#) = 0.2, that we are performing
binary classification with a model with Vapnik—Cervonenkis dimension not
greater than h = 10, and that we work at confidence level € = 0.01. Vapnik’s
theorem provides an upper bound for R(#) not smaller than 0.610, whereas
Corollary 3.4.4 gives R(f) < 0.461 (using the bound d” < d, + 3.7 when
N = 1000). Now if we go for Theorem 3.3.6 and do not make a Gaussian
approximation, we get R(f) < 0.453. It is interesting to remark that this
bound is achieved for A = 1195 > N = 1000. This explains why the Gaussian
approximation in Vapnik’s bound can be improved: for such a large value of
A, Ar1(6) does not behave like a Gaussian random variable.

Let us recall in conclusion that the best bound is provided by Theorem
3.3.3 (page 153), giving R(f) < 0.4211, (that is approximately 2/3 of Vap-
nik’s bound), for optimal values of £ = 15, and of A = 1010. This bound can
be seen to take advantage of the fact that Bernoulli random variables are
not Gaussian (its Gaussian approximation, Corollary 3.4.3, gives a bound
R(6) ~ 0.4325, still with an optimal k£ = 15), and of the fact that the op-
timal size of the shadow sample is significantly larger than the size of the
observed sample. Moreover, Theorem 3.3.3 does not assume that the sample
is i.i.d., but only that it is independent, thus generalizing Vapnik’s bounds
to inhomogeneous data (this will presumably be the case when data are col-
lected from different places where the experimental conditions may not be

the same, although they may reasonably be assumed to be independent).

: dy o
instead of 2W, because we use no symmetrization
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Our little numerical example was chosen to illustrate the case when it is
non-trivial to decide whether the chosen classifier does better than the 0.5
error rate of blind random classification. This case is of interest to choose
“weak learners” to be aggregated or combined in some appropriate way in
a second stage to reach a better classification rate. This stage of feature
selection is unavoidable in many real world classification tasks. Our little
computations are meant to exemplify the fact that Vapnik’s bounds, al-
though asymptotically suboptimal, as is obvious by comparison with the
first two chapters, can do the job when dealing with moderate sample sizes.



Chapter 4

Support Vector Machines

4.1. How TO BUILD THEM

4.1.1. THE CANONICAL HYPERPLANE. Support Vector Machines, of wide
use and renown, were conceived by V. Vapkik (Vapnik, 1998). Before in-
troducing them, we will study as a prerequisite the separation of points by
hyperplanes in a finite dimensional Euclidean space. Support Vector Ma-
chines perform the same kind of linear separation after an implicit change of
pattern space. The preceding PAC-Bayesian results provide a fit framework
to analyse their generalization properties.

In this section we deal with the classification of points in R¢ in two
classes. Let Z = (z;,y:)Y, € (R? x {—1,+1})N be some set of labelled
examples (called the training set hereafter). Let us split the set of indices
I ={1,...,N} according to the labels into two subsets

I, ={iel :y;=+1},
I_={iel :y;=—1}.
Let us then consider the set of admissible separating directions

Az = {w e R* : supinf((w, ;) — b)y; > 1},
beR €1

which can also be written as

Az ={we R ?el?i(<w’xi> +2< ng}f:(@u,x»}

As it is easily seen, the optimal value of b for a fixed value of w, in other
words the value of b which maximizes inf;c;({(w, z;) — b)y;, is equal to

1
by = 5 [masx(w, 23) + minfuw, ;)|

LEMMA 4.1.1. When Az # &, inf{||w||? : w € Az} is reached for only one
value wy of w.

159
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PROOF. Let wg € Az. The set Az N {w € R? : ||w|| < ||wo||} is a compact
convex set and w > |jw|? is strictly convex and therefore has a unique
minimum on this set, which is also obviously its minimum on Az. O

DEFINITION 4.1.1. When Ay # @, the training set Z is said to be linearly
separable. The hyperplane

H={zcR?: (wg,z)— by =0},
where

wz = argmin{||w|| : w € Az},

bz =by,,

is called the canonical separating hyperplane of the training set Z. The
quantity |[wyz||~! is called the margin of the canonical hyperplane.

As miner, (wz, z;) — max;er_(wz,r;) = 2, the margin is also equal to half
the distance between the projections on the direction wy of the positive and
negative patterns.

4.1.2. COMPUTATION OF THE CANONICAL HYPERPLANE. Let us consider
the convex hulls X and X_ of the positive and negative patterns:

x+ = {Z NiTi - ()‘i)iebr S R{:, Z N = 1},

el i€l
X_ = {Z Ay ()‘i)z‘el_ € ]Ri’, Z N\ = 1}‘
iel_ iel_

Let us introduce the closed convex set

V=X, -X_= {$+7l‘7 cxy € Xy, Gx,}.
As v s |[v||? is strictly convex, with compact lower level sets, there is a
unique vector v* such that

* (12 : 2
= inf v e Vi,
"I = it (el : v € V)
LEMMA 4.1.2. The set Ay is non-empty (i.e. the training set Z is linearly
separable) if and only if v* # 0. In this case

2 *

TP

and the margin of the canonical hyperplane is equal to %H’U*H
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This lemma, proves that the distance between the convex hulls of the pos-
itive and negative patterns is equal to twice the margin of the canonical
hyperplane.

PROOF. Let us assume first that v* = 0, or equivalently that X, NX_ # @.
For any vector w € RY,

min{w, x;) = min (w, x

i€I+< » i) a:ex+< ),

max(w, r;) = max{w, T

z‘el,< i) xex,< ),
so miner, (w,r;) — max;er_{(w,x;) < 0, which shows that w cannot be in
Az and therefore that Ay is empty.

Let us assume now that v* # 0, or equivalently that X, NX_ = &. Let
us put w* = 2v*/||v*||%. Let us remark first that

min(w*, x;) — max{w*, z;) = inf (w*, x) — sup (w*, z)

= iel_ z€Xy reX
- x+€xi+r,lo£,ex, (whzy =)
= e )
Let us now prove that inf,cy(v*,v) = |[v*||2. Some arbitrary v € V being

fixed, consider the function
B [Bo+ (1= B)w*|*:[0,1] — R.

By definition of v*, it reaches its minimum value for 8 = 0, and therefore
has a non-negative derivative at this point. Computing this derivative, we
find that (v —v*,v*) > 0, as claimed. We have proved that

min(w*, z;) — max(w*, z;) = 2,
el el

and therefore that w* € Az. On the other hand, any w € Az is such that

2< ZIQ}EWJQ — max(w, z;) = inf (w, v) < [lw]] inf fJo]| = [lw]| [}o"].

This proves that ||w*|| = inf{|lw| : w € Az}, and therefore that w* = wy
as claimed. O
One way to compute wz would therefore be to compute v* by minimizing

{HZ Avizi|® : (M)ier € Rfr, Z)‘i - 272%/\@' _ 0}_
el i€l icl

Although this is a tractable quadratic programming problem, a direct com-
putation of wyz through the following proposition is usually preferred.
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ProroOSITION 4.1.3. The canonical direction wyz can be expressed as

N
*
Wz = E G YTy,
i=1
N

where (of);L, s obtained by minimizing
inf{F(a) : ¢ € A}

where

A= {(ai)iel eRL, Zaiyi = 0},

el
and

F(a)= HZ QYT g 220@.

i€l el

PROOF. Let w(a) = 3, iyiw; and let S(a) = 137, ; ;. We can express
the function F(«a) as F(a) = ||w(a)||? — 4S(a). Moreover it is important to
notice that for any s € Ry, {w(a) : o € A, S(a) = s} = sV. This shows that
for any s € Ry, inf{F(«) : « € A,S(a) = s} is reached and that for any
as € {a € A : S(a) = s} reaching this infimum, w(as) = sv*. As
s +— s?||v*||?> — 4s : Ry — R reaches its infimum for only one value s*
of s, namely at s* = W, this shows that F'(«) reaches its infimum on
A, and that for any o € A such that F(a*) = inf{F(a) : a € A},
w(a*) = #v* =wyz. O

4.1.3. SUPPORT VECTORS.
DEFINITION 4.1.2. The set of support vectors 8 is defined by
S ={z : (wz,x;) —bz =y}
PROPOSITION 4.1.4.  Any o* minimizing F(«) on A is such that
{z; 1af >0} CS8.

This implies that the representation wy = w(a™*) involves in general only
a limited number of mon-zero coefficients and that wy = wy, where Z' =

{(ziyyi) =2 € 8}

PROOF. Let us consider any given ¢ € Iy and j € I_, such that o > 0 and
o > 0. There exists at least one such index in each set /_ and I, since
the sum of the components of a* on each of these sets are equal and since
Y rer @ > 0. For any t € R, consider

ap(t) = af +ti(k € {i,5}), kel
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The vector «(t) is in A for any value of ¢ in some neighbourhood of 0,
therefore %|t:0F[a(t)] = 0. Computing this derivative, we find that

yilw(a®), zi) + yi{w(a’), ;) = 2.
As y; = —yj, this can also be written as
yi[(w(a®), zi) = bz] + y;[(w(a”),z;) — bz] = 2.
As w(a*) € Ag,
yp[(w(a®),zk) —bz] > 1, kel
which implies necessarily as claimed that
yi[(w(e), ) — bz] = y;[(w(a®),z;) —bz] = 1.

g

4.1.4. THE NON-SEPARABLE CASE. In the case when the training set Z =
(z;,9:)Y, is not linearly separable, we can define a noisy canonical hyper-
plane as follows: we can choose w € R¢ and b € R to minimize

N
C(w,b) = [1 = ((w,z:) = b)ui] | + 5llwl?, (4.1)

i=1

where for any real number r, r; = max{r, 0} is the positive part of r.

THEOREM 4.1.5. Let us introduce the dual criterion

N X
F(a)= Zai ~5 Zyiaixi
i=1 i=1

2

N
and the domain A’ = {oz € ]Rf o < 1,0 = 1,...,N,Zyiai = 0}. Let
i=1

a* € A’ be such that F(o*) = sup,ec 4 F(a). Let w* = Zf\il yiozi. There
is a threshold b* (whose construction will be detailed in the proof), such that

C(w*,b*) = inf C(w,b).
weRLbER

COROLLARY 4.1.6. (SCALED CRITERION) For any positive real parameter A
let us consider the criterion

N

Ca(w,b) =AY 1= ((w, z:) — bui] , + 5wl
i=1
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N
and the domain A\ = {a € Rﬁ cay < A%i = 1,...,N,Zyio¢i = 0}. For
=1

any solution o of the minimization problem F(a*) = sup,eq F(), the

vector w* = Zz]\il Yo T s such that

inf Cy(w*,b) = inf  Cy(w,Db).
nf ONw™b) = i Oaw,h)

In the separable case, the scaled criterion is minimized by the canonical
hyperplane for A large enough. This extension of the canonical hyperplane
computation in dual space is often called the box constraint, for obvious
reasons.
PROOF. The corollary is a straightforward consequence of the scale property
Cy(w,b,z) = N2C(A\"'w, b, \x), where we have made the dependence of the
criterion in € R explicit. Let us come now to the proof of the theorem.
The minimization of C(w, b) can be performed in dual space extending the
couple of parameters (w, b) to W = (w,b,7) € R% x R x ]Rf and introducing
the dual multipliers a € IRf and the criterion

N N
Gla,w) =Y 7+ Y e [l = ((w,z:) = b)yi] — v} + 5lw]*.
=1 =1

We see that
C(w,b) = inf sup G[a, (w, b,w)],
VERﬁ ae]Rf
and therefore, putting W = {(w,b,7) : w € R4,b € R,y € Rf}, we are led
to solve the minimization problem

G(ax,wy) = inf sup G(a,w),
ﬁewang

whose solution Wy = (wx, bx, 7x) is such that C(ws, by) = inf ,, pycgar C(w, b),
according to the preceding identity. As for any value of o/ € RY,

inf sup G(a,w) > inf G(d/, W),
EGWQER_‘['\_] wew

it is immediately seen that

inf sup G(a,w) > sup inf G(a,w).
weW aeRY acRY weW

We are going to show that there is no duality gap, meaning that this in-
equality is indeed an equality. More importantly, we will do so by exhibiting
a saddle point, which, solving the dual minimization problem will also solve
the original one.



4.1. How to build them 165

Let us first make explicit the solution of the dual problem (the interest of
this dual problem precisely lies in the fact that it can more easily be solved
explicitly). Introducing the admissible set of values of a,

N
A':{aERN:Ogozigl,izl,...,N,Zyiai:O},
=1

it is elementary to check that

inf Gla,(w,0,0)], aecA,
inf G(a,w) = { weRr?
weWw —00, otherwise.

N
Gla, (w,0,0)] = Fwl® + e (1 = (w,z:)y),

=1

we see that inf,,cge G[o, (w,0,0)] is reached at

N
Wo = E Yi OG5
i=1

This proves that

inf G(a,w) = F(a).
wew

The continuous map «a — inf; 135G (o, W) reaches a maximum o, not nec-
essarily unique, on the compact convex set A’. We are now going to exhibit
a choice of w* € W such that (a*,w*) is a saddle point. This means that we
are going to show that

G(a*,w") = inf G(a*,w) = sup G(a,w").
wew CYG]Rﬂ

It will imply that

inf sup G(a,w) < sup G(a,w") = G(a",w")
weW aeRd acRY

on the one hand and that

inf sup G(a,w) > inf G(a*,w) =G(a", W)
TEW aeRd wEW

on the other hand, proving that

G(a*,w*) = inf sup G(o,w)
EEW@G]R_‘A_’

as required.
CONSTRUCTION OF w*.
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e Let us put w* = wyx.
o If there is j € {1,..., N} such that 0 < o <1, let us put

b* = (xj, w") —yj.
Otherwise, let us put
b* = sup{(z;,w*) —1:0; >0,y;, =+1,i=1,...,N}.

e Let us then put

<0, of =0,
- ((wz) —b")y; =0, 0<af <1, (4.2)
af =1,

it will show that ~* € Rﬁ and therefore that w* = (w*,b*,7*) € W. It will
also show that

N
Glayw) =Y af + Y aill = (@ 25) = b )i + 5" %,
i=1

sk
1,05 =0

proving that G(a*,w*) = SUD R Y G(a,w*). As obviously G(a*,w*) =
G[o*, (w*,0,0)], we already know that G(a*,w*) = inf_ 3 G(a*,w). This
will show that (a*,w*) is the saddle point we were looking for, thus ending
the proof of the theorem.

PROOF OF EQUATION (4.2). Let us deal first with the case when there is
Jj€{l,...,N} such that 0 < o < 1.

For any i € {1,..., N} such that 0 < o} < 1, there is € > 0 such that for
any t € (—e,€), o* + ty;e; — ty;e; € A', where (eg)l_, is the canonical base
of RN. Thus %|t:0F(a* + ty;e; — tyje;) = 0. Computing this derivative, we
obtain

F(o* + tyie; — tyjej) = yi — (™, x) + (w*, z5) — 5
=yi[1 = ((w, ;) — b )y

Thus 1— ((w, z;) —b*)y; = 0, as required. This shows also that the definition
of b* does not depend on the choice of j such that 0 < aj < 1.

For any ¢ € {1,..., N} such that o = 0, there is ¢ > 0 such that for
any t € (0,¢), a* + te; — ty;ye; € A’. Thus %ﬁzoF(O‘* +te; — tyiyjej) <0,

Ot |t=0

showing that 1 — ((w*, i) — b*)yi < 0 as required.
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For any i € {1,..., N} such that o = 1, there is € > 0 such that a* —
te; + tyiyje; € A'. Thus %\t:OF(O‘* — te; + tyyje;) < 0, showing that 1 —
((w*,z;) — b*)y; > 0 as required. This shows that (a*,w*) is a saddle point
in this case.

Let us deal now with the case where a* € {0,1}"V. If we are not in the
trivial case where the vector (y;)Y; is constant, the case a* = 0 is ruled out.
Indeed, in this case, considering o* + te; + te;, where y;y; = —1, we would
get the contradiction 2 = %“:OF(Q* + te; + te;) < 0.

Thus there are values of j such that o = 1, and since Zf\i Loy = 0,
both classes are present in the set {j : o = 1}.

Now for any 4,5 € {1,...,N} such that of = 04] 1 and such that
Yy =+1landy; = -1 F(a* —te; —tej) = =2+ (w*, x;) — (w*, ;) <0.
Thus

Kél
' Dt [t=0

sup{{w”, ;) —1:a; = 1L,y; = +1} <inf{{w",2;) +1: 0 = 1,y; = —1},

showing that
1— ((w*,xk) — b*)yk >0,ar =1.

Finally, for any ¢ such that a; = 0, for any j such that o =1 and y; = yi,
we have

&\t:oF(a* + te; — tej) = yi(w*, z; — $j> <o,

showing that 1 — ({(w*, @;) — b*)y; < 0. This shows that (a*,w*) is always a
saddle point.

4.1.5. SUPPORT VECTOR MACHINES.

DEFINITION 4.1.3. The symmetric measurable kernel K : X xX — R is said
to be positive (or more precisely positive semi-definite) if for any n € IN,
any (z)l, € X7,

aierngnZZaZ (xi, i) > 0.

=1 j=1

Let Z = (xy, yi)i]\il be some training set. Let us consider as previously

N
A= {aEIRf :Zaiyi:O}.
i=1

Let
N

N N
a):zz iy K (x5, x5)yj005 — 220@.
=1 :

=1
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DEFINITION 4.1.4. Let K be a positive symmetric kernel. The training set
Z is said to be K-separable if

inf{F(a) v € A} > —00.
LEMMA 4.1.7. When Z is K-separable, inf{F(a) : a € A} is reached.

PrOOF. Consider the training set Z’' = (%, y;)~ |, where

T = { [{K(xk:,ﬂ%)}]v N ]I/Q(i,j)}N e RV,

k=1,0=1 =1

We see that F(«a) = Hvazl Qi)
section that Z’ is linearly separable if and only if inf{F(«) : « € A} > —o0,
and that the infimum is reached in this case. [J

2
‘ -2 ZZ]\L 1 ;. We proved in the previous

ProprosITION 4.1.8.  Let K be a symmetric positive kernel and let Z =
(z4,y:)., be some K -separable training set. Let o € A be such that F(a*) =
inf{F(a) : a« € A}. Let

I"'={ieN:1<i<N,y; =—-1,0; >0}
IT={ieN:1<i<N,y; =+1,a] >0}

N N

1 o

b 5{2@%}((%@,) +Za;yjK(xj,g;i+)}, i eI i, el
j=1 j=1

where the value of b* does not depend on the choice of i— and iy. The
classification rule f : X — Y defined by the formula

N
f(x) = sign (Z oy K (x, ) — b*)
i=1

s independent of the choice of o and is called the support vector machine
defined by K and Z. The set 8 = {x; : SN oy K (i, x5) — b* = y;} is
called the set of support vectors. For any choice of o*, {z; : af >0} C 8.

An important consequence of this proposition is that the support vector
machine defined by K and Z is also the support vector machine defined by
K and Z' = {(z;,y;) : «f > 0,1 <i < N}, since this restriction of the index
set contains the value a* where the minimum of F' is reached.

PRrROOF. The independence of the choice of a*, which is not necessarily
unique, is seen as follows. Let (xl)fil and x € X be fixed. Let us put for ease
of notation xy11 = x. Let M be the (N+1) x (N +1) symmetric semi-definite
matrix defined by M (i,j) = K(zj,zj),i=1,....N+1,j=1,...,N+ 1.
Let us consider the mapping ¥ : {z; :i=1,..., N +1} — R¥*! defined by

() = [MY2(0, )]0 € RV (4.3)
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Let us consider the training set 72/ = [\If(acz),yl]fil Then Z' is linearly

separable,
5 N
—2) a
i=1

and we have proved that for any choice of a* € A minimizing F(«),
Wy = Ei\il a’y;U(x;). Thus the support vector machine defined by K and
Z can also be expressed by the formula

N
Fla) = HZ oy V()
=1

f(x) =sign|(wy, ¥(x)) — bzx}

which does not depend on a*. The definition of § is such that ¥(8) is the
set of support vectors defined in the linear case, where its stated property
has already been proved. [J

We can in the same way use the box constraint and show that any solution
o € argmin{F(a) :a € A,a; < A2i =1,..., N} minimizes

N

N
inf XY [1 - ( 1 Yo K (25, 2i) — b> yz-L
]:

=1

+ ZaiajyiyjK(xi,mj). (4.4)

=1 j=1

N |

4.1.6. BUILDING KERNELS. Except the last, the results of this section are
drawn from Cristianini et al. (2000). We have no reference for the last propo-
sition of this section, although we believe it is well known. We include them
for the convenience of the reader.

PropoOSITION 4.1.9. Let K1 and Ky be positive symmetric kernels on X.
Then for any a € Ry

(aK1 + Ks)(z,2") e K, (z,2") + Ko(x,2)
and (K1 - Ko)(z,2) e (x,2")Ko(x,2)
are also positive symmetric kernels. Moreover, for any measurable function
g:X =R, Ky(z,2') d:Cfg(az)g(:E’) is also a positive symmetric kernel.
PROOF. It is enough to prove the proposition in the case when X is finite and
kernels are just ordinary symmetric matrices. Thus we can assume without

loss of generality that X = {1,...,n}. Then for any a € R", using usual
matrix notation,

(a, (aK1 + K2)a) = ala, Kia) + (o, Kaa) > 0,
(o, (K1 - Ka)a) =Y ouFKa (i, ) Ko (i, )y
4,J
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=" @il 21, k) Ky P (k, §) Ko (i, )y
e

—ZZ (K172 (k, i)a) Ko i, ) [K{ " (k. )] > 0,

>0
2
(a, Kgav) Zazg aj = (Zam(i)) >0
U

PROPOSITION 4.1.10. Let K be some positive symmetric kernel on X. Let
p: R — R be a polynomial with positive coefficients. Let g : X — R? be a
measurable function. Then

def

p(K)(:E, :L‘/) = p[K(l’, ZL',)],
def

exp(K)(z,2') < exp[K (/)]
and Gy(z,2") Z exp(—[lg(z) — g(a')[?)

are all positive symmetric kernels.

PROOF. The first assertion is a direct consequence of the previous proposi-
tion. The second comes from the fact that the exponential function is the
pointwise limit of a sequence of polynomial functions with positive coeffi-
cients. The third is seen from the second and the decomposition

Gy, ') = [exp(~llg(e) ) exp(~llg(e)]1?) | exp[2(g(x), a(a'))]
O

PROPOSITION 4.1.11. With the notation of the previous proposition, any
training set Z = (zi,y:)Y, € (DC X {—1,+1})N is Gg-separable as soon as
g(x;), i=1,...,N are distinct points of RY.

PROOF. It is clearly enough to prove the case when X = R? and g is the
identity. Let us consider some other generic point x4 € R? and define ¥

as in (4.3). It is enough to prove that ¥(x1),..., ¥(zy) are affine indepen-
dent, since the simplex, and therefore any affine independent set of points,
can be split in any arbitrary way by affine half-spaces. Let us assume that
(x1,...,zy) are affine dependent; then for some (A1,...,Ax) # 0 such that

Zg\il )\l = 07

N N

Z Z AzG(m‘Z, xj)/\j =0.

i=1 j=1
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Thus, (Ai)f\gl, where we have put Ay11 = 0 is in the kernel of the symmetric

positive semi-definite matrix G(z;, 7;); jeq1,.. n+1}- Therefore

N
Z NG (i, 2n41) = 0,

i=1

for any x4 1 € RY. This would mean that the functions  — exp(—||z—=;[|?)
are linearly dependent, which can be easily proved to be false. Indeed, let
n € R? be such that ||n|| = 1 and (n,z;), i = 1,..., N are distinct (such
a vector exists, because it has to be outside the union of a finite number
of hyperplanes, which is of zero Lebesgue measure on the sphere). Let us
assume for a while that for some (\;)¥; € RY, for any z € R,

N
> Xiexp(—|z — 2i%) = 0.
=1

Considering x = tn, for t € R, we would get

N

D Aiexp(2t(n,z;) — |zil*) =0,  teR.
=1

Letting ¢ go to infinity, we see that this is only possible if A\; = 0 for all
values of 7. [

4.2. BOUNDS FOR SUPPORT VECTOR MACHINES

4.2.1. COMPRESSION SCHEME BOUNDS. We can use Support Vector Ma-
chines in the framework of compression schemes and apply Theorem 3.3.3
(page 153). More precisely, given some positive symmetric kernel K on X, we
may consider for any training set Z’ = (z},y/)"_, the classifier frr:X =Y
which is equal to the Support Vector Machine defined by K and Z’ whenever
7' is K-separable, and which is equal to some constant classification rule
otherwise; we take this convention to stick to the framework described on
page 144, we will only use fZ/ in the K-separable case, so this extension of
the definition is just a matter of presentation. In the application of Theorem
3.3.3 in the case when the observed sample (X, Yz)f\il is K-separable, a nat-
ural if perhaps sub-optimal choice of Z’ is to choose for (z}) the set of support
vectors defined by Z = (X, Y;)¥.; and to choose for (y}) the corresponding
values of Y. This is justified by the fact that fZ = fZ/, as shown in Proposi-
tion 4.1.8 (page 168). If Z is not K-separable, we can train a Support Vector
Machine with the box constraint, then remove all the errors to obtain a K-
separable sub-sample Z’ = {(X;,Y;) : af < A2,1 <4 < N}, using the same
notation as in equation (4.4) on page 169, and then consider its support vec-
tors as the compression set. Still using the notation of page 169, this means
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we have to compute successively o € argmin{F (o) : o € A, ; < A2}, and
a** € argmin{F(a) : o € A,; = 0 when o = A2}, to keep the compres-
sion set indexed by J = {i : 1 < i < N,«of* > 0}, and the corresponding
Support Vector Machine ]?J Different values of A can be used at this stage,
producing different candidate compression sets: when A increases, the num-
ber of errors should decrease, on the other hand when A\ decreases, the
margin ||w||~! of the separable subset Z’ increases, supporting the hope for
a smaller set of support vectors, thus we can use A to monitor the number
of errors on the training set we accept from the compression scheme. As we
can use whatever heuristic we want while selecting the compression set, we
can also try to threshold in the previous construction o;* at different levels
n > 0, to produce candidate compression sets J, = {i: 1 <i < N,a;* > n}
of various sizes.

As the size |J| of the compression set is random in this construction, we
must use a version of Theorem 3.3.3 (page 153) which handles compression
sets of arbitrary sizes. This is done by choosing for each k a k-partially
exchangeable posterior distribution 7 which weights the compression sets
of all dimensions. We immediately see that we can choose 7 such that
—log[mk(Ak())] < log[|71(1J] +1)] + || log | SN ]

If we observe the shadow sample patterns, and if computer resources
permit, we can of course use more elaborate bounds than Theorem 3.3.3,
such as the transductive equivalent for Theorem 1.3.15 (page 46) (where we
may consider the submodels made of all the compression sets of the same
size). Theorems based on relative bounds, such as Theorem 2.2.4 (page 93)
or Theorem 2.3.9 (page 131) can also be used. Gibbs distributions can be
approximated by Monte Carlo techniques, where a Markov chain with the
proper invariant measure consists in appropriate local perturbations of the
compression set.

Let us mention also that the use of compression schemes based on Support
Vector Machines can be tailored to perform some kind of feature aggregation.
Imagine that the kernel K is defined as the scalar product in Lo(7), where
7 € ML (©). More precisely let us consider for some set of soft classification
rules {fg X —=R;0 ¢ @} the kernel

K(x,2') = o fo(x) fo(x")m(db).

In this setting, the Support Vector Machine applied to the training set Z =
(4, yz‘)f\il has the form

N
fz(x) = sign (/9 . fo() )~ icvifo(i)m(d6) — b)
€ i=1

and, if this is too burdensome to compute, we can replace it with some finite



4.2. Bounds for Support Vector Machines 173

approximation
fz(z) = sign ( Zka )W —b) ,

where the set {0, k = 1,...,m} and the weights {wg, k = 1,...,m} are
computed in some suitable way from the set Z' = (x;,¥i)i a0 of support
vectors of fz. For instance, we can draw {6y, k = 1,...,m} at random
according to the probability distribution proportional to

do),

o fo(zi) | m(

define the weights w;, by

wy, = sign <Z yzazf0k :1:2 ) /

=1

azf@ :1:2

and choose the smallest value of m for which this approximation still clas-
sifies Z' without errors. Let us remark that we have built f in such a way
that

lim  fz(ai) = fz(2) =i as.

for any support index i such that a; > 0.

Alternatively, given Z’, we can select a finite set of features ©' C © such
that Z' is Ke separable, where Koy (x,2') = > pcor fo() fo(x') and consider
the Support Vector Machines fz built with the kernel Kg/. As soon as ©’
is chosen as a function of Z’ only, Theorem 3.3.3 (page 153) applies and
provides some level of confidence for the risk of fy.

4.2.2. THE VAPNIK-CERVONENKIS DIMENSION OF A FAMILY OF SUBSETS.
Let us consider some set X and some set S C {0,1}% of subsets of X. Let
h(S) be the Vapnik—Cervonenkis dimension of S, defined as

h(S) = max{|A| A C X,|A| < 0o and AN S = {0, 1}A},

where by definition ANS = {ANB : B € S} and |A] is the number of points
in A. Let us notice that this definition does not depend on the choice of the
reference set X. Indeed X can be chosen to be S, the union of all the sets
in S or any bigger set. Let us notice also that for any set B, h(BN.S) < h(S),
the reason being that AN (BNS)=BN(ANS).

This notion of Vapnik—Cervonenkis dimension is useful because, as we
will see for Support Vector Machines, it can be computed in some important
special cases. Let us prove here as an illustration that h(S) = d + 1 when
X =R% and S is made of all the half spaces:

S ={Auy :weR: bR}, where Ayp = {x € X : (w,x) > b}.
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PROPOSITION 4.2.1. With the previous notation, h(S) = d + 1.

PROOF. Let (e;)&] be the canonical base of R4*!, and let X be the affine
subspace it generates, which can be identified with R?. For any (ez)fill €
{-1, —|—1}d+1, let w = f;rll €;e; and b = 0. The half space A,,, N X is such
that {e;;i =1,...,d+ 1} N (App N X) = {ei;e; = +1}. This proves that
h(S)>d+1.

To prove that h(S) < d+1, we have to show that for any set A C R? of size
|A| = d+2, there is B C A such that B ¢ (ANS). Obviously this will be the
case if the convex hulls of B and A\ B have a non-empty intersection: indeed
if a hyperplane separates two sets of points, it also separates their convex
hulls. As |A| > d + 1, A is affine dependent: there is (\;)zea € R¥2\ {0}
such that >° 4 Agz =0and > 4 Ay =0. The set B={z € A : X\, > 0}
and its complement A\ B are non-empty, because ) .4 Az =0 and X # 0.
Moreover 3. cpAx = > _,ea\p —Az > 0. The relation

shows that the convex hulls of B and A\ B have a non-void intersection. [J
Let us introduce the function of two integers

h
o =5 (7
-3 (0)
k=0
which can alternatively be defined by the relations

h 2m when n < h,
P, = h—1 h
o+ when n > h.

n—1

THEOREM 4.2.2.  Whenever | S is finite,

\ﬂé@@USLM&)

THEOREM 4.2.3. For any h <n,
o < exp[nH (2)] < exp[h(log(}) +1)],

where H(p) = —plog(p) — (1 — p)log(1 — p) is the Shannon entropy of the
Bernoulli distribution with parameter p.

PROOF OF THEOREM 4.2.2. Let us prove this theorem by induction on || J S|.
It is easy to check that it holds true when || S| =1. Let X =JS,let z € X
and X’ = X \ {z}. Define (A denoting the symmetric difference of two sets)

S'={AeS:AN{z} €S},
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S"={AeS:AN{z} ¢S}

Clearly, LI denoting the disjoint union, S = S’LUS” and SN X' = (S'NX")U
(8" N X"). Moreover |S'| = 25" N X’| and |S”| = |S” N X'|. Thus

S| =S+ 15"|=2|S N X'+ |5"| =[SNX'|+ |5 NnX|

Obviously h(S N X') < h(S). Moreover h(S' N X') = h(S") — 1, because if
A C X' is shattered by S’ (or equivalently by S’ N X'), then AU {x} is
shattered by S’ (we say that A is shattered by S when AN S = {0,1}4).

Using the induction hypothesis, we then see that [SNX'| < <I>|h)((§|) + q)‘ll)({,ql)fl

But as | X'| = | X|—1, the right-hand side of this inequality is equal to @TL)((”T),
according to the recurrence equation satisfied by ®.

PROOF OF THEOREM 4.2.3: This is the well-known Chernoff bound for
the deviation of sums of Bernoulli random variables: let (o1, ...,0,) be i.i.d.
Bernoulli random variables with parameter 1/2. Let us notice that

oh = onp <§n:a gh) .

i=1

For any positive real number A |

o350 <) < e (13|

=1

= exp{)\h + nlog{E[exp(—)\al)] }}

Differentiating the right-hand side in A shows that its minimal value is
exp[—nX(L,1)], where K(p,q) = plog(g) +(1-p) log(g) is the Kull-
back divergence function between two Bernoulli distributions B, and B, of
parameters p and ¢. Indeed the optimal value A\* of A is such that

E[al exp(—/\*al)]

h=n E[exp(—A*o1)]

= th/n(Ul)-

Therefore, using the fact that two Bernoulli distributions with the same
expectations are equal,

log{E[exp(=A\"01)] } = =X*Biyyn(01) = K(Buyn, Bija) = =Nk = K(L, 3).
The announced result then follows from the identity

H(p) =log(2) - K(p, 3)
= plog(p™!) + (1= p)log(1 + 17) < pllog(p™) +1].
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4.2.3. VAPNIK-CERVONENKIS DIMENSION OF LINEAR RULES WITH MAR-
GIN. The proof of the following theorem was suggested to us by a similar
proof presented in Cristianini et al. (2000).

THEOREM 4.2.4.  Consider a family of points (x1,...,xy,) in some Eu-
clidean vector space E and a family of affine functions

¥ ={gus: E—Riwe B lu] =1be R},
where
Guwp(z) = (w,z) — b, x € E.

Assume that there is a set of thresholds (b;)!_; € R™ such that for any
(yi)i—y € {=1,+1}", there is gy p € H such that

ig{(gw,b(l'i) —bi)yi > .

Let us also introduce the empirical variance of (x;)},,

n

1
Var(zy,...,z,) = —Z

n

xi—%Z:rj

2

i=1 j=1
In this case and with this notation,
Var(zy,...,xy) n—1 when n is even, (4.5)
v? (n— 1)"2‘1 when n is odd. .
Moreover, equality is reached when v is optimal, b = 0, ¢ = 1,...,n and
(x1,...,xn) 18 a reqular simplex (i.e. when 27 is the minimum distance
between the convex hulls of any two subsets of {z1,...,zn} and |z; — x|

does not depend on i # j).

PROOF. Let (s;)_; € R™ be such that ) " ;s; = 0. Let o be a uniformly
distributed random variable with values in &,,, the set of permutations of
the first n integers {1,...,n}. By assumption, for any value of o, there is
an affine function g,,, € H such that

min [gyp(2i) = bi] [21(s,¢) > 0) — 1] > .

1=1,...,n

As a consequence

<Z sa(i)xi, w> = Z Sg(i) ((a:,, w> — b — bz) + Z Sa(i)bi
i=1 i=1 i=1

> Ysa@)| + Sogibi-
=1
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2
Therefore, using the fact that the map x — <max{0, x}) is convex,

]E( 2>Z]E <max{02'y\ |+ S0 })2
> (s 0.3 B+ Bl }) (Z!s@r)

where [E is the expectation with respect to the random permutation . On
the other hand

“

Moreover

n

Z So(i)Li

=1

n

Z o (i) i

i=1

) ZE Il + 37 Esp0500) (@i 25).

i#]

1 = 1«
2 _ 2 _ 2
E(s5(;)) = ~E (E :Sa(¢)> = > 7.
i=1 =1

In the same way, for any 7 # j,

B (sa0%) = 10D E (> s

i#j
- n(n — 1 Zsls]
l#ﬂ
1 n 2 n
_ n(n — 1) [(Z&) - ZSZ]
=1 =1
——
=0
1 =
T n(n—1) ;8’

Thus

n

Z So(i)Ti

i=1

Il
—
L

3.
N————
=
]
5
==
(7
B
&

)
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We have proved that

Var(zq,...,x,)

This can be used with s; = 1(i < §) — 1(i > %) in the case when n is even
and s; = ﬁ]l(z < nody - %H]l(z > 221) in the case when n is odd, to
establish the first inequality (4.5) of the theorem.

Checking that equality is reached for the simplex is an easy computation

when the simplex (x;)!"; € (R™)" is parametrized in such a way that

(1 =
xi(J)Z{

0 otherwise.

Indeed the distance between the convex hulls of any two subsets of the
simplex is the distance between their mean values (i.e. centers of mass). [

4.2.4. APPLICATION TO SUPPORT VECTOR MACHINES. We are going to

apply Theorem 4.2.4 (page 176) to Support Vector Machines in the trans-

ductive case. Let (Xi,Y;)l(»iJ{l)N be distributed according to some partially

exchangeable distribution P and assume that (X;) Z(-S{I)N and (Y;)Y, are ob-
served. Let us consider some positive kernel K on X. For any K-separable
training set of the form 7' = (X;, yg)gf{lw, where (yg)gijlq)]v e YEHON et
fz be the Support Vector Machine defined by K and Z’ and let v(Z) be

its margin. Let

(k+1)N (k+1)N

1
R2: KXZ7XZ s KX7X
i:l,_?(z,il?j_l)N ( )+ (k+1)2N2 ]Z; kz1 ( J k)
5 (k+1)N
- o K(X;, X;).
it DN ; (X, X;)

This is an easily computable upper-bound for the radius of some ball con-
taining the image of (X1,..., X(441)n) in feature space.
Let us define for any integer h the margins

1 —-1/2
= (2h—1)"Y2 and =12h(1— s : 4.
Yon = ( ) and vop41 [ < o+ 1)2>] (4.6)
Let us consider for any h = 1,..., N the exchangeable model

Ry, = {fZ’ : 7' = (X, yg)gflrlw is K-separable and y(Z') > Ry, }.
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The family of models Ry, h = 1,..., N is nested, and we know from Theorem
4.2.4 (page 176) and Theorems 4.2.2 (page 174) and 4.2.3 (page 174) that

log (|Rn|) < hlog(FHIeN).

We can then consider on the large model R = |_|hN:1 Ry, (the disjoint union of
the sub-models) an exchangeable prior 7 which is uniform on each R, and
is such that 7(Ry) > m Applying Theorem 3.2.3 (page 143) we get
ProrosiTION 4.2.5. With P probability at least 1 —¢, for anyh =1,..., N,
any Support Vector Machine f € Ry,

r2(f) <
E+1 . 1 —exp —%rl(f) — % 1Og(e(k4;bl)N> _ 10g[h(h+§])]—10g(6)}
11
ko xeRry 1—exp(—2)
~ri(f)
o

Searching the whole model R; to optimize the bound may require more
computer resources than are available, but any heuristic can be applied to
choose f, since the bound is uniform. For instance, a Support Vector Machine
f using a box constraint can be trained from the training set (X;, ;)N

and then (y{)z(grl)N can be set to y, = sign(f'(X;)), 1 =1,...,(k+1)N.

4.2.5. INDUCTIVE MARGIN BOUNDS FOR SUPPORT VECTOR MACHINES.
In order to establish inductive margin bounds, we will need a different com-
binatorial lemma. It is due to Alon et al. (1997). We will reproduce their
proof with some tiny improvements on the values of constants.

Let us consider the finite case when X = {1,...,n}, Y = {1,...,b} and
b > 3. The question we will study would be meaningless when b < 2. Assume
as usual that we are dealing with a prescribed set of classification rules
R = {f X — H}. Let us say that a pair (A4, s), where A C X is a non-
empty set of shapes and s : A — {2,...,b — 1} a threshold function, is
shattered by the set of functions F' C R if for any (04)zea € {—1,+1}4,
there exists some f € F such that mingea o, [ f(z) — s(z)] > 1.

DEFINITION 4.2.1. Let the fat shattering dimension of (X, R) be the max-
imal size |A| of the first component of the pairs which are shattered by

R.

Let us say that a subset of classification rules F' C YX is separated when-
ever for any pair (f,g) € F? such that f # g, |f — glloc = max,ex|f(z) —
g(z)| > 2. Let M(R) be the maximum size |F| of separated subsets F of
R. Note that if F' is a separated subset of R such that |F| = D(R), then it
is a 1-net for the L., distance: for any function f € R there exists g € F
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such that ||f — g]|lc < 1 (otherwise f could be added to F' to create a larger
separated set).

LEMMA 4.2.6. With the above notation, whenever the fat shattering di-
mension of (X, R) is not greater than h,

log[ ( ) (b—2) ]
log(2

log[M(R)] < log[(b—1)(b— 2)n] { + 1} + log(2)

<log[(b—1)(b—2)n] { {log[(b_hg)n] + 1] log(2)

+ 1} +log(2).

PROOF. For any set of functions F' C YX, let ¢(F) be the number of pairs
(A, s) shattered by F. Let t(m,n) be the minimum of ¢(F) over all separated
sets of functions F' C Y% of size |F| = m (n is here to recall that the shape
space X is made of n shapes). For any m such that t(m,n) > ZZ L () (0=2)7,
it is clear that any separated set of functions of size |F| > m shatters at
least one pair (A4, s) such that |A| > h. Indeed, from its definition ¢(m,n) is
clearly a non-decreasing function of m, so that ¢(|F|,n) > Zl (D (b —2)8
Moreover there are only S (1) (b—2)" pairs (A, s) such that |[A] < h. Asa
consequence, whenever the fat shattering dimension of (X, R) is not greater
than h we have MM(R) < m.
It is clear that for any n > 1, ¢(2,n) = 1.

LEMMA 4.2.7. For any m > 1, t[mn(b—1)(b— 2),n] > 2t[m,n — 1], and
therefore t[2n(n —1)...(n —r+1)(b—1)"(b—2)",n| > 2.

PROOF. Let ' = {f1,..., frn(s—1)(—2)} be some separated set of functions
of size mn(b—1)(b—2). For any pair (f2—1, f2i), i =1,...,mn(b—1)(b—2)/2,
there is z; € X such that |fo;—1(z;) — fai(z;)| > 2. Since |X| = n, there
is 2 € X such that Y7 VC22 90 = 2y > m(b — 1)(b — 2)/2. Let

= {i : x; = x}. Since there are (b — 1)(b — 2)/2 pairs (y1,y2) € Y>
such that 1 < y; < y2 —1 < b — 1, there is some pair (y1,y2), such that
1 < y1 < w2 < bandsuch that Y, 1({y1,v2} = {fai—1(x), fai(x)}) = m.
Let J = {Z el : {fgi_l(az),f%(x)} = {yl,yg}}. Let

Fi={faic1 :i€J, faim1(x) =1y U{fos 20 € J, fai(x) =y},
Fy={faic1 :i € J, faim1(x) = g2} U{foi 11 € J, fas(x) = y2}.

Obviously |Fy| = |Fy| = |J| = m. Moreover the restrictions of the functions
of F} to X'\ {x} are separated, and it is the same with F5. Thus F strongly
shatters at least t(m,n — 1) pairs (4, s) such that A C X\ {z} and it is the
same with F5. Finally, if the pair (A, s) where A C X\ {z} is both shattered
by Fy and Fj, then F} U F, shatters also (AU {z},s") where s'(z) = s(a’)
for any 2’ € A and §'(z) = |23¥2|. Thus F} U I, and therefore F, shatters
at least 2t(m,n — 1) pairs (4,s). O
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Resuming the proof of lemma 4.2.6, let us choose for r the smallest integer
such that 2" > Z?:l (") (b — 2)*, which is no greater than

tog[ S (De-2] 1}.

log(2)
In the case when 1 < n <r,

log(M(R)) < || log(Y]) = nlog(b) < rlog(b) < rlog[(b—1)(b—2)n] +log(2),
which proves the lemma. In the remaining case n > r,

t[2n"(b—1)"(b—2)",n]
>t2n(n—1)...(n—r+1)(b—1)"(b—2)",n]

Thus [MM(R)] < 2 [(b — )b l)ny as claimed. O

In order to apply this combinatorial lemma to Support Vector Machines,
let us consider now the case of separating hyperplanes in R¢ (the gener-
alization to Support Vector Machines being straightforward). Assume that

X =R%and Y = {—1,+1}. For any sample (X)(.k+1)N let

=1 )
RXFINY = max{||X,]| :1<i < (k+1)N}.
Let us consider the set of parameters
O ={(w,b) e R xR : ||w| =1}.

For any (w,b) € O, let gy p(x) = (w,x) —b. Let h be some fixed integer and
let v = R(kaH)N)'yh, where 7}, is defined by equation (4.6, page 178).
Let us define ( : R — Z by

(—5 when r < —4,
—3 when —4y<r < —2v,
—1 when —2vy<r <0,
+1 when 0 <r <2,
+3 when 2y <r < 4,

\+5 when 4y <.

Let Gy p(x) = ([gwp(x)]. The fat shattering dimension (as defined in 4.2.1)
of
(XY (G +7)/2 5 (w,b) € O}

is not greater than h (according to Theorem 4.2.4, page 176), therefore there

is some set F of functions from XYCH)N to {—5,—-3,—1,+1,4+3,+5} such
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that

log(|F]) < log[20(k + 1)N] {10;(2) [log <4<’”h”N> + 1} + 1} +log(2).

and for any (w,b) € ©, thereis f,;, € F such that sup{]| fu»(X;)—Guwp(Xi)] :
i=1,...,(k+ 1)N} < 2. Moreover, the choice of f,,; may be required to
depend on (Xi)l(»iJ{l)N in an exchangeable way. Similarly to Theorem 3.2.3
(page 143), it can be proved that for any partially exchangeable probability

distribution P € M’ (2), with P probability at least 1 — ¢, for any f,; € 7,

1 (k+1)N
N Z L[ fuwp(X)Y; < 1]
i=N+1
AN U (5
N
a2 Sl < - )10
=1
1 N
~ N izln[fw,axim <1].

Let us remark that
121 [g0,0(X0) 2 0] = 1 £ Vi } = 1[Gunp(X0)Yi < 0] < 1 [fup(X0)Y: < 1]
and
L[ fup(Xi)Y; < 1] < 1[Gup(X)Y; < 3] < 1[gup(Xy)Y: < 49].
This proves the following theorem.

THEOREM 4.2.8. Let us consider the sequence (v, )nen+ defined by equation
(4.6, page 178). With P probability at least 1 — €, for any (w,b) € O,

(k+1)N
> ]1{21 [9uwp(Xi) > 0] —1 4 Yz}

i=N+1

< k+1 inf [1 — exp(—f\‘[)}l{l—

~ k  XeRy,helN*

e
kN

P
XP |~ Z 1[gub(Xi)Yi < 4Ryy]
i=1

_log [20(k + 1)N | {logh(2) log(4e(kzl)N> + 1} + log[%(zﬂ)] ] }
N
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N

= 17 2 Hgwp(X)Y; < 4Rm].
=1

Properly speaking this theorem is not a margin bound, but more precisely
a margin quantile bound, since it covers the case where some fraction of the
training sample falls within the region defined by the margin parameter 7y,
which optimizes the bound.

As a consequence though, we get a true (weaker) margin bound: with P
probability at least 1 — ¢, for any (w,b) € O such that

Y= .jninNgw,b(Xi)Yvi > 0,

i=1,...,

| DN
N Z 1 [gwn(Xi)Y; < 0]
i=N+1
< b [1 — x| - 2N frrags o (st )

—"

This inequality compares favourably with similar inequalities in Cristianini
et al. (2000), which moreover do not extend to the margin quantile case as
this one.

Let us also mention that it is easy to circumvent the fact that R is not
observed when the test set X](\?jrrll IV is not observed.

Indeed, we can consider the sample obtained by projecting kaH)N on

some ball of fixed radius Ryax, putting

Rmax
tRmax(Xi) = min {1, } Xi.
1|

We can further consider an atomic prior distribution v € MY (R4 ) bearing
on Rpax, to obtain a uniform result through a union bound. As a conse-
quence of the previous theorem, we have

COROLLARY 4.2.9. For any atomic prior v € MY (Ry), for any partially
exchangeable probability measure P € Mi(Q), with P probability at least
1 —€, for any (w,b) € ©, any Ryax € Ry,
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1 (k+1)N
v > 1{2uno tr(X) 2 0] - 12 Vi)
i=N—+1
E+1 . Ayl
_k+1 (A _
k AeRf}i{e]N* [1 = exp(=)] {1
\ N
eXp| 32 D 1 [Gub © tRan (Xi)Yi < 4R
=1

N
N

bt o b)) i

1

=1

Let us remark that tp . (X;) = X;,i=N+1,...,(k+1)N, as soon as we
consider only the values of Riyax not smaller than max;— i1, (e+1)n || Xl
in this corollary. Thus we obtain a bound on the transductive generalization
error of the unthresholded classification rule 21 [g,,(X;) > 0] — 1, as well
as some incitation to replace it with a thresholded rule when the value of

Rmax minimizing the bound falls below max;_ny1,... (k1) 5[ Xil|-



Appendix: classification by
thresholding

In this appendix, we show how the bounds given in the first section of this
monograph can be computed in practice on a simple example: the case when
the classification is performed by comparing a series of measurements to
threshold values. Let us mention that our description covers the case when
the same measurement is compared to several thresholds, since it is enough
to repeat a measurement in the list of measurements describing a pattern
to cover this case.

5.1. DESCRIPTION OF THE MODEL

Let us assume that the patterns we want to classify are described through
h real valued measurements normalized in the range (0,1). In this setting
the pattern space can thus be defined as X = (0,1)".

Consider the threshold set T = (0,1)" and the response set R = ylo.a}",
For any ¢ € (0,1)" and any a : {0,1}"* — Y, let

fea) () = a{ []1<3?j > tj)]?zl}, z e X,

where 27 is the jth coordinate of € X. Thus our parameter set here is
© = T x R. Let us consider the Lebesgue measure L on T and the uniform
probability distribution U on R. Let our prior distribution be 7 = L ® U.
Let us define for any threshold sequence ¢t € T

At:{t’e‘r:(t;,tj)m{xg;z':1,...,N}:@,j:1,...,h},

where Xg is the jth coordinate of the sample pattern X;, and where the

interval (¢,t;) of the real line is defined as the convex hull of the two point
set {t%,t;}, whether #; < t; or not. We see that Ay is the set of thresholds
giving the same response as ¢ on the training patterns. Let us consider for
any t € T the middle

Ja, 'L(at’)

T

185
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of A¢. The set A; being a product of intervals, its middle is the point whose
coordinates are the middle of these intervals. Let us introduce the finite set
T composed of the middles of the cells A, which can be defined as

T={teT:t=m(A)}.

It is easy to see that |T| < (N + 1)" and that |R| = [Y]>".

5.2. COMPUTATION OF INDUCTIVE BOUNDS

For any parameter (t,a) € T x R = O, let us consider the posterior
distribution defined by its density

dp(tﬂ) (t/ a/) _ ]l(t/ € At>]l(a/ = CL)
dm (A x {a})
In fact we are considering a finite number of posterior distributions, since

Pt,a) = P(m(A¢),a)» Where m(A;) € T. Moreover, for any exchangeable sample
distribution P € ML [(X x Y)N*!] and any thresholds ¢ € T,

- . )
IP|:(XJ]V+1’tj)ﬂ{XZ‘]7Z:1,...7N}:®} < T

Thus, for any (t,a) € O,

P{P(t,a) [f.(Xny1)] # f(t,a)(XN-i-l)} < N2+hl7
showing that the classification produced by p(; ,) on new examples is typi-
cally non-random; this result is only indicative, since it is concerned with a
non-random choice of (¢, a).

Let us compute the various quantities needed to apply the results of the
first section, focussing our attention on Theorem 2.1.3 (page 72).

First note that p( q)(r) = r[(t,a)]. The entropy term is such that

K(pta,m) = —log[W(At X {r})] = —log[L(At)] +2h log(|9|).

Let us notice accordingly that

(tm)ig@ K(p(t.a), ) < hlog(N + 1) + 2" log([Y]).

Let us introduce the counters

N
b;(c) = %ZH{Y; =y and []l(Xij > tj)]?zl = 0}7
i=1

teT,ce{0,1}"yeY,
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N
= Zbg(c) = ;Zﬂ{[n(xg > tj)];?zl = c}, teT,ce{0,1}"

Since

rlta)l= Y [b(e) = by ()],

ce{0,1}"

the partition function of the Gibbs estimator can be computed as

exp ZL (Ay) Z|9|2h exp[ )\Z]l Yi # fta)(X )ﬂ

teT aeR
=> LAY P exp[ DO R ()]}
teT aeR ce{0,1}7
:;L(At)ceg}h[|y|%exp< —by(c )})]

We see that the number of operations needed to compute W[exp(—)\r)} is
proportional to |7 x 2% x [Y| < (N + 1)"2"Y|. An exact computation will
therefore be feasible only for small values of N and h. For higher values, a
Monte Carlo approximation of this sum will have to be performed instead.

If we want to compute the bound provided by Theorem 2.1.3 (page 72)
or by Theorem 2.2.2 (page 89), we need also to compute, for any fixed
parameter 6 € ©, quantities of the type

Texp(—Ar) {exp [fm/(', 9)] } = Texp(—Ar) {exp [gpﬂ(m/)] }v A€ € R+.

We need to introduce

Z\n Jo(Xi) # Y] — 1(y # V)

J
[1(x) > t])]] L =c}
Similarly to what has been done previously, we obtain

W{exp[—)\r + fm/(-, 0)] }

=S Ly ] LH‘ZeXp< —bt()]+§b;(9,c)>].

teT ce{0,1}h yeyY

We can then compute

0
Texp(—Ar) (T) = 8)\ log{’” [exp )‘T)] }7

miexp|—Ar +E&m'(-, 0
Wexp(_)\r){exp[fpe(m’)]} = { pi[expz'_ir)]( )]},
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/ a /
Texp(—Ar) [m (-, 9)] = a—é_lgzo log |:7T{6Xp[—)\?“ +&m (-,9)] }}

This is all we need to compute B(pg, 3,7) (and also B(Texp(—ar), 5,7)) in
Theorem 2.1.3 (page 72), using the approximation

log{ﬂexp(_xlr) [exp{iﬁexp(—,\2r) (m/)}} }
< log{ﬂ'exp(f)qr) [GXP{§m/('a 9)}} } + Eep(—nor) [/ (1, 0)], € >0.

Let us also explain how to apply the posterior distribution p( 4, in other
words our randomized estimated classification rule, to a new pattern Xy 1:

a1 Xcsn) = 9] = 0™ [ 1ol (1080 > £)),) = v] Lt
= L(A)™! Z L({t' AV []I(XN_H > t’)] = c})ﬂ[a(c) =yl

ce{0,1}"

Let us define for short

Au(e) = {t’ €A s (X, > )]0, c}, ce{0,1}"

With this notation
Pt [ f.(Xns1) =y = L(At)_1 Z L[A(o)]1]a(c) = y].
ce{0,1}"

We can compute in the same way the probabilities for the label of the new
pattern under the Gibbs posterior distribution:

Texp(—A )[f (Xn+1) =]

{Z IT |y Sew( A0 - ticel)

teT ce{0,1}h yeY

y ) Yyey Ly =) exp{=A[b"(c) = bl (c)] } }
Z L[At( )] Zyey exp{—)\[bt(x) - bg(c)]}

ce{0,1}~

AS s T[S en(-ao-e)

teT ce{0,1}~ yeY

-1

5.3. TRANSDUCTIVE BOUNDS
(k+1)N
In the case when we observe the patterns of a shadow sample (X;); 2y,
on top of the training sample (X;, Yi)f\il, we can introduce the set of thresh-

olds responding as ¢t on the extended sample (Xi)l(-iJlrl)N

Zt:{t/ei]':(t;-,tj)ﬁ{Xij;i:1,...,(k+1)N}:®,j:1,...,h},
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consider the set
T={teT:t=m(Ay)},

of the middle points of the cells A, ¢t € T, and replace the Lebesgue mea-
sure L € M} [( 1)"] of the previous section with the uniform probabil-
ity measure L on T. We can then consider 7 = L ® U, where U is as
previously the uniform probability measure on R. This gives obviously an
exchangeable posterior distribution and therefore qualifies 7 for transduc-

tive bounds. Let us notice that [T| < [(k + 1)N + 1]h, and therefore that
m(t,a) > [(k+1)N + 1]~ ]H\_2h, for any (t,a) € T x R.
For any (¢,a) € T x R we may similarly to the inductive case consider the
posterior distribution p(; ) defined by

1(t' € Ayl(a =a)
W(At x {a})

«a)» Which is such that ri{[m(Ay),a]} =
ri(t,a)], i = 1,2, whereas only p q) (1) = 71[(t, a)], while

1 /
Pt.a)(r2) = Ty Z r2((t, a)].

t —
t'eTNA:

but we may also consider 5(m(Zt)

We get

g{(p(t,a)vﬂ-) = —log[i(A )] + 2h log(|9|)
< IOg( ) + 2h 10g ’yD (5[m(zt),a}’7r)
< hlog[(k + 1)N + 1] + 2" log(|Y)),

whereas we had no such uniform bound in the inductive case. Similarly to
the inductive case

7 [exp(—Ary)] ;L (A) eg}h[‘y‘gexp< bt()])}

Moreover, for any 6 € O,

m{exp[—Ar1 + Epp(m/)] } = m{exp[—Ari + &m/(:, )]}

=>"L(a) ] [W'Zexp( — bl (c )}+gb(9,c)>].

teT ce{0,1}» yeyY

The bound for the transductive counterpart to Theorems 2.1.3 (page 72) or
2.2.2 (page 89), obtained as explained page 141, can be computed as in the
inductive case, from these two partition functions and the above entropy
computation.
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Let us mention finally that, using the same notation as in the inductive
case,

Texp(—Ar1) [f (XN-H) = y/]

{Z 1] szex"< -ty

teT ce{0,1}h

T1A (o] 2vey L = ¥) exp{-A[b(e) — ()]} }
Z L[Ai(c)] > ey exp{ —A[bt(z) — bg(c)]}

ce{0,1}»

S P

teT ce{0,1}~ yeY

To conclude this appendix on classification by thresholding, note that
similar factorized computations are feasible in the important case of classi-
fication trees. This can be achieved using some variant of the context tree
weighting method discovered by Willems et al. (1995) and successfully used
in lossless compression theory. The interested reader can find a description
of this algorithm applied to classification trees in Catoni (2004, page 62).
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