Chapter 1

Inductive PAC-Bayesian
learning

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

When we will have to take the expectation of a random variable Z :  — 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 n(h) for [ h(0)m(d6).

A more traditional statistical approach would focus on estimators 6:0— 0
of the parameter # and be interested on the relationship between the empirical

~

error rate r(0), defined by equation (0.1, page viii), which is the number of errors
made on the sample, and the expected error rate R(@), defined by equation (0.2,
page ix), which is the expected probability of error on new instances of patterns.
The PAC-Bayesian approach 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 6 on the sample. One way of representing the supple-
mentary randomness allowed in the choice of 6, is to consider what it is usual to
call posterior distributions on the parameter space, that is probability measures
p:Q— Mi(@,ﬂ'), 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;, ;) on Q = (X x H)N, and a product probability measure
P = ®Z]\L1 P; on () is considered to reflect the assumption that the training sam-
ple is made of independent pairs of patterns and labels. The transition probability
measure p, along with P € M2 (2), defines a probability distribution on Q x © and
describes the conditional distribution of the estimated parameter ) knowing the
sample (X;,Y:)N,.

The main subject of this broadened theory becomes to investigate the relation-
ship between p(r), the average error rate of 6 on the training sample, 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[o(R) - p(r)] |},
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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

Z [Y: # fo(X3)],

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{m[exp[A(R = )] | } + A% (p, ),

which holds for any probability measure m € ML(@) 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, 7) is the
Kullback divergence of p from 7, 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(0) — r(6), as a starting point for
the more general study of p(R) — p(r): it corresponds to the simple case where §
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 [Yi #+ fg(Xi)], which indicates whether the classification 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

log{IP’{exp [f } Zlog{ [exp Z)] }
< Nlog{% ip[exp(—%ai)} }

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

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

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
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be defined by continuity to be the identity when a = 0. Moreover the inverse of @,
is given by the formula

(pfl(q) _ 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{P{exp [f)\r(tﬁ))] }} < qu)% [R(H)], proving

LEMMA 1.1.1. For any real constant \ and any parameter 0 € ©,

P{exp{x[% [R(6)] - 7(6)] }} <1

In previous versions of this study, we had used some Bernstein bound, instead
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 € R} and € €)0,1),

log(e)
A

IP’{(I)% [R(6)] + < r(a)] >1-e

log(c)

1 we deduce

Choosing \ € arg n&z}rx D, [R(9)] +

LEMMA 1.1.2. For any e €)0,1), any 6 € O,

]P’{R(H) < inf ®3! {r(@) - @} } >1—ce

T XERy N

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(6) = 0.2, we get
with a confidence level of 0.99 that R(6) < .2402, this being obtained for \ = 234.

Now, to proceed towards the analysis of posterior distributions, let us put Uy (6,
w) = )\[‘i% [R(0)] — r(@,w)] for short, and let us consider some prior probability
distribution m € Mfr(@,ﬂ'). A proper choice of m will be an important question,
underlying much of the material presented in this monograph, so for the time be-
ing, 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;)XY ;. The quantity of interest to obtain the bound we are looking for

is log{]P’[ﬂ [exp(UA)H } Using Fubini’s theorem for non-negative functions, we see
that
" log{lP’{ﬂ [exp(U,\)H} = 1og{7r{IP[exp(U,\)H} <0.

To relate this quantity to the expectation p(Uy) with respect to any posterior
distribution p : Q — M}r (©), we will use the properties of the Kullback divergence
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K(p, ) of p with respect to m, which is defined as

J log(j—Z)dp, when p is absolutely continuous
K(p,m) = with respect to ,

+00, 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 proba-
bility distribution p € ML (0) such that X(p,7) < oo,

log{’ﬂ- [exp(h)] } = p(h) - :K(p7 7T) + x(pv 7Texp(h))a

dTex h(6
where by definition Texp(h) _ exp[h( )] Consequently
dm mlexp(h)]

log{w[exp(h)]]} = sup p(h) —K(p, 7).
pEM (©)

The proof is just a matter of writing down the definition of the quantities 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
m. Using this, we get

P{eXp{peJS\Elp(e)p[Ux(H)] - X(p, 7T)}} <1,

which, combined with the convexity of A® A, proves the basic inequality we were
looking for.

THEOREM 1.1.4. For any real constant A,

P{exp[ sup )\[@% [p(R)] — p(r)} — XK(p, W)]}

10
PEM (O)

< P{exp[ sup A[p(%oR) - p(r)] - Jc(p,w)” <1.

1 N
PEML(O)

We insist on the fact that in this theorem, we take a supremum in p € M (©)
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,

“loal i, blevol -]}

1
PEM (O)

= sup (@)P{Cxp {A [p[UA(0)] — K(p, Tr)]]] }

p:Q—>J\/[1+
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and more formally,

sup (@)P{exp {/\ [p[U,\(m] - K(p, W)H} }

p:Q—)J\/[fr

gp{exp[ sup  A[p[UA(6)] —x(mﬂ]}

pEMY (©)

where the supremum in p taken in the left-hand side is restricted to regular condi-
tional 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 parameters,
as well as the first that have been considered in the development of the PAC-
Bayesian approach, are deviation bounds. They provide an empirical upper bound
for p(R) — that is a bound which can be computed from observed data — with
some probability 1 —e, 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 P [p(R)} , there-
fore 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’[p(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 se-
lect 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 unbiased empirical bounds, to stress
the fact that they provide some empirical quantity whose expectation under P can
be proved to be an upper bound for ]P’[p(R)], the average expected risk. The price
to pay for these better constants 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 unbiased
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, consid-
ering unbiased empirical bounds as well as deviation 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 — MY (©) be some fixed (and

arbitrary) posterior distribution, describing some randomized estimator 0:0— 0.
As we already mentioned, in these notes a posterior distribution will always be a
regular conditional probability measure. By this we mean that

e for any A € T, the map w — p(w, A) : (Q,(B® B)®N) — R is assumed to
be measurable;
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e for any w € Q, the map A — p(w, A) : T — R, 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 diver-
gence is given.

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

(1.2) exp [)\{@% [P[p(R)” - Jp[p(r)]} — P[X(p, w)]} <1,

where we have used the convexity of the exp function and of ® . Since we have

N
restricted our attention to positive values of the constant A, equation (1.2) can also
be written

Plo(R)] < @3 {P[p(r) + A% (p,m)] },
leading to
THEOREM 1.2.1. For any posterior distribution p : Q — Mi(@), for any positive
parameter A,
1—exp [fN*IP[/\p(T) + X(p, W)]i|

1-— cxp(—%)

A . K(p, )
<P{N[1—exp(—%)] {p( )+ A ]}

The last inequality provides the unbiased empirical upper bound for p(R) we were
looking for, meaning that the expectation of

L —— [p(r) + M} is larger than the expectation of p(R). Let us no-
N [lfexp(f%)]

tice that 1 <

Plp(R)] <

— < [1 — ﬁ} ~! and therefore that this coefficient is close
N[lfexp(fﬁ)]

to 1 when A is significantly smaller than N.

If we are ready to believe in this bound (although this belief is not mathematically
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
4), 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 6,, : @ — O,,, m € M, of possible ones, where ©,, are measurable
subsets of © and where M is an arbitrary (non necessarily countable) index set.
We may for instance think of the case when §m € argming,, 7. We may slightly
randomize the estimators to start with, considering for any 6 € 0, and any m € M,

An(®) = {0 € O [for (X)), = [fo(x0] 1, }.
and defining p,,, by the formula
dp_m(9 _1pe Am(em)}.

=

dn 7 [ A (Orm)]
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Our posterior minimizes X(p,7) among those distributions whose support is re-
stricted to the values of 6 in ©,, for which the classification rule fy is identical
to the estimated one f/\ on the observed sample. Presumably, in many practi-
cal situations, fp(x) will ‘be pm almost surely identical to f5 (z) when 6 is drawn
from p,,, for the vast majority of the values of x € 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 0., with pm 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

(1.3) ZP fo(Xa) # for(Xi)], 6,0 €6,

one immediately sees that R(0') < R(0) + D(0,6’), for any 6,0’ € ©, and therefore
that R R
R(G ) < pm(R) + pm [D(a em)} .

Let us notice also that in the case where ©,, C R% and R happens to be convex on
A (0), then p,, (R) > R[f 0pm(df)], and we can replace@ with 6,,, = [ 0p.,(db),
and obtain bounds for R( m). This is not a very heavy assumption about R, in the
case where we consider 6, € arg ming,, r. Indeed, 0,,, and therefore A (9 ), 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 aSSUIllptIOH

Since T(9 ) = pm(r), and K(pm,m) = —log{m[A,(6,,)] }, our unbiased empiri-
cal upper bound in this context reads as

A {r(@n) log{n [An(0m)] } } |

N1 —eXp(—%)] A

Let us notice that we obtain a complexity factor — log{ﬂ' [Am(@n)] } which may be
compared with the Vapnik—Cervonenkis dimension. Indeed, in the case of binary
classification, when using a classification model with Vapnik—Cervonenkis dimen-
sion 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
{Am(ﬁ) 10 e @m}

N\

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 144).
Therefore

inf —log{m[A,(0)]} < A log (%) — log[m(Om)].

0€O,

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 7) between the

two clusters defined by ém than between other partitions of the sample of patterns
(X;)N,, then we will have

*log{ﬂ[Am(é\)}} < hy, log <%> — log[w(Gm)}.
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An optimal value m may be selected so that

M € arg min { inf A <T(§m) B IOg{ﬂ'[Am(é\m)”> } .

meM | AeR4 N[l — exp(—%)] A

Since p~ is still another posterior distribution, we can be sure that
P{R(%) — 5 [DC, 9;1)]} <P[p;(R)]

. A 5 log{r[A(0-)]}
< Alenﬂ{+ P { N[l — exp(—%)] (r(e;’\’) B A > } '

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 deviation 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 understanding of Theorem
1.2.1 (page 6): 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 : Q@ — M1 (©)
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 ]P’[p(r)], the average
of the empirical risk, and of IP’[fK(p, 7r)], which controls overfitting.

Let the bound be written as

o) = [1 = exp(=3)] " {1 = exp[- 3P [p(r)] - NT'P[X(p,m)]] }.

We see that

) Plp(r)] 1
N log[p(V)] = - .
ox 5l exp[ AP [p(r)] + N-P[X(p,m)]| -1 e»(F) 1

Thus, the optimal value for X is such that
[exp(%) — I]P[p(r)} = exp {%P[p(r)] + NﬁllP’[iK(p, 7T)H —1.

Assuming that 1 > %P[p(r)] > w7 and keeping only higher order terms, we
are led to choose
o \/ 2NP[X(p, )]
Pp(r)]{1=P[p(r)]}’

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

obtaining

2P[K (p,m)]P[p(r P[X(p,7
1o (- TR - g

Plp(R)] <
2P[K (p, )]
- exp{~\/ mepe R |
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This result of course is not very useful in itself, since neither of the two quantities
]P’[p(r)] and IP’[fK(p, 77)] are easy to evaluate. Anyhow it gives a hint that replacing
them boldly with p(r) and K(p, 7) could produce something 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

d
. 1 a .
Aler%Rer @% (q + /\) , leading to

THEOREM 1.2.3.  For any prior distribution = € M’ (©), for any posterior distri-
bution p : Q@ — M} (0),

P[p(R)] < (1 - M) h {P[p(r)] 4 P[X(p.m)]

N N2
as soon as P[p(r)] + P[KQ(; al < %,
and P[p(R)] < P[p(r)] + % otherwise.

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 fluctuations of
p(r);

e a complexity term IF’[fK(p, 7r)], 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 instance, 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 approximation 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 IP[p(R)] from its best possible value
inf@ R.

Let us notice first that

Ap(r) 4+ K(p, ) = K(p, Texp(—rr)) — log{ﬂ'[exp(—)\r)] }
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Let us remark moreover that r — log {w [exp(—)\r)ﬂ is a convex functional, a prop-
erty which from a technical point of view can be dealt with in the following way:

(1.4) ]P’{log [71' [exp(—)\r)]}} = IP’{ sup  —Ap(r) — K(p, ﬂ')}

pPEM (©)

> sup P{-Mp(r) = K(p,m)} = sup  —Ap(R) — K(p,7)
pEM(©) PEML(O)

A
— tog{m[exp(~AR)] } = — J; Tesp ) (R)d.
These remarks applied to Theorem 1.2.1 lead to

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

1- exXp {_% fo)\ 7Texp(f,(ﬂ:if) (R>dﬁ - %]P[K<p7 7Texp(f)\'r‘))] }

1— exp(—%)

Plp(R)] <

1

< NI e ] Uo T (045 + (o o)

This theorem is particularly well suited to the case of the Gibbs posterior distri-
bution p = Teyxp(—ar), Where the entropy factor cancels and where ]P’[?Texp(, Ar) (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 +o0.

We can elaborate on Theorem 1.2.4 and define a notion of dimension of (0, R),
with margin > 0 putting

(1.5) d,(©,R) = sup ﬁ[ﬁexp(,gR)(R) —essinf R — 77]
BERL 4

< —log{ﬂ[R < essinfR+17]}.

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

BTrexp(f,BR) (R) < foﬂﬂ-exp(f'yR) (R)d’}/ = - log{ﬂ- [exp(—ﬂR)] }

< ﬂ(essi%fR—&- 17) — log[w(R < essir;fR—i—n)],

where we have used successively the fact that A — 7exp—ar)(R) is decreasing
(because it is the derivative of the concave function A — —log{m|exp(—AR)]})
and the fact that the exponential function takes positive values.

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

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

A
+/O [%A(lessingn) dg
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= A(essinf R + 1) + d,)(©, R) log Ll eA
T n

W(l —essiI;fR—n)} .

This leads to

COROLLARY 1.2.5 With the above notation, for any margin n € Ry, for any pos-
terior distribution p : @ — M1 (0),

; - . d ex
]P’[P(R)] < /\lean+ cI>%1 esslI;fR +n+ T" log (d_n> +

P{X[p, Texp(=an] }
3 .

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 mexp(—ar) to some level
set to reduce its support: let ©, = {# € © : r(0) < p}, and let us define for any
q €)0,1) the level p, = inf{p : Texp—ar)(Op) > ¢}, let us then define p, by its
density

dpq ) — 1(0 € ©,,)

d’frexp(—)\r) - Texp(—Ar) (@Pq) ’

then pg = Texp(—ar) and for any ¢ € (0, 1,
A o

1 —exp {_% Jo Texp(—pr)(R)dB — 1 %\Eq)}
1-— exp(—%)

i {foAWexm—ﬁR)(R)dﬁ - log(Q)}-

P [pq(R)}

IN

1
<
T N[l —exp(—%

1.2.4. DEVIATION BOUNDS. They provide results holding under the distribution
P of the sample with probability at least 1 — e, 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 4), and using Markov’s inequality
Plexp(h) > 1] < P[exp(h)], we obtain

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

o) <03 (e + Km0

| — exp {_w) K (p, ) — log(e) }

N N
1-— exp(—%)

A ) o Klp,m) — log(e)
< e 10T

We see that for a fixed value of the parameter ), the upper bound is optimized
when the posterior is chosen to be the Gibbs distribution p = Teyxp(—ar)-

In this theorem, we have bounded p(R), the average expected risk of an estimator
9 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,
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drawing a new 9 for each one. However, we can also be interested in _the error rate
we get if we draw only one 9 from p and use this single draw of 9 to classify a
large number of test patterns. This error rate is R(H) To state a result about its
deviations, we can start back from Lemma 1.1.1 (page 3) and integrate it with
respect to the prior distribution 7 to get for any real constant A

P{w[exp{x[%(z-z) = }H <1

For any posterior distribution p : Q — ML(@), this can be rewritten as

]P’{p[exp{)\{@%(R) } log(42) + log(e )]}H<e,

proving

THEOREM 1.2.7 For any positive real parameter A, for any posterior distribution
p: Q2 — ML(O), with Pp probability at least 1 — e,

R(0) < @%1{7‘(5) + A log (613_7/;) }

< N[I- eip(—%)} [r(é) +A7! log(e_lj—fT)}

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
K(p, ). The parallel between the two theorems is particularly striking in the special
case when p = Texp(—ar)- Indeed Theorem 1.2.6 proves that with P probability at
least 1 — ¢,

log{m[exp(—Ar)]} + log(e)
Texp(—A )(R) < q) {_ Y }7

whereas Theorem 1.2.7 proves that with Prey,(_x,) probability at least 1 — ¢

~ 1 log{m[exp(=Ar)]} + log(e)
R(9) < <I>% {— X },

showing that we get the same deviation bound for ey, (R2) under P and for 0
under Prrexp(—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 o > 1, and the set A = {a*;k € N}, 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 — Wé(kﬁ)’ and using a union bound, we see that with probability at least
1 — ¢, for any posterior distribution p,

K(p, m) — log(e) + 2log [lofa(;i’;/)}
<
p(R) Alfléqu)W p(r) + Y
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Now we can remark that for any A € (1,4o0(, there is A’ € A such that a1\ <
N < A. Moreover, for any ¢ € (0,1), 8 — @51((]) is increasing on R,. Thus with
probability at least 1 — e, for any posterior distribution p,

p(R)< inf &3} {p(r) + % [K(p, m) — log(e) + 210g<ki§(g?3))]}

T AE(lLyoo( N
O, Oé2
. 1—exp {—%p(r) -5 [iK(p, ) — log(e) + 210g<11§é(a;‘)>} }
~ ae(doof 1—exp(—%) '

Taking the approximately optimal value

\ \/zNa [%(p,) — log(c)]

p(r)L=p(r)] 7

we obtain

THEOREM 1.2.8. With probability 1 — €, for any posterior distribution p : Q —
ML(©), putting d(p,e) = K(p,7) —log(e),

| —expd = 222Wdlp.O) a4t log(a2 %)
v N[l—=p(r)] N pre & Tog(a)

1~ exp [_ 2ad(p, €) ]

Np(r)[t = p(r)]

Moreover with probability at least 1 — €, for any posterior distribution p such that

p(r) =0,
K(p,m) — log(e)} .

p(R) <1 —exp [— N

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

(1.6) d. = sup 6[7rexp(,,3r) (r) — essinf 7“] < —log [71'(7“ = essinf r)}
B€R+ ™ us

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

COROLLARY 1.2.9. For any positive real constant A, with P probability at least
1 — €, for any posterior distribution p : @ — M (0),

p(R) < @}
N

Q X [P, chp(—)ﬂ")] - IOg(E)
de A

de
essinf r + Y log (

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 P, 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 6), one is led
to consider the optimal choice 7 = P(p). However, this is only an ideal choice, since
P is in all conceivable situations unknown. Nevertheless it shows that it is possible
through Theorem 1.2.1 to measure the complezity of the classification model with
IF’{iK[p,IP’(p)] }, which is nothing but the mutual information between the random
sample (X;,Y;)N, and the estimated parameter 0, under the joint distribution Pp.

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[X(p, )] =
P{K|[p,P(p)] } +K[P(p), 7] 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 m on Theorem 1.2.4 (page 10), and if we choose
P = Texp(—ar) to optimize this bound, we will be inclined to choose some 7 such
that

%f&wexp(,ﬁm (R)dB = —i 1Og{77 [exp(—AR)] }

is as far as possible close to infycg R(#) in all circumstances. To give a more specific
example, in the case when the distribution of the design (X)X ; is known, one can
introduce on the parameter space © the metric D already defined by equation
(1.3, page 7) (or some available upper bound for this distance). In view of the fact
that R(0) — R(0') < D(0,0'), for any 6, 8’ € O, it can be meaningful, at least
theoretically, to choose 7 as

s 1
= D™

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

- 1 tog{wlexp(-AR)]} < jnf R(6)

+inf {2k . log(IN(®, D, 27")]) + loglk(k + 1)] } |
k

A
Another possibility, when we have to deal with real valued parameters, meaning
that © C RY, is to code each real component 6; € R of § = (6;)%, 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, (bj)§:1] = 52" <1 + Zp:bﬂ_j)

j=1

cse{-1,+1},meZ,peN,b; € {0,1}},
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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[s, m,p, (bj)§:1]. We
can for instance consider on D the probability distribution

) plrlsmp (5]} = [30ml 4 ) (w4 2+ D+ 2)2]

and define m € M (R?) as m = p®?. This kind of “coding” prior distribution can
be used also to define a prior on the integers (by renormalizing the restriction of
1 to integers to get a probability distribution). Using u is somehow equivalent to
picking up a representative of each dyadic interval, and makes it possible to restrict
to the case when the posterior p is a Dirac mass without losing too much (when
O = (0, 1), this approach is somewhat equivalent to considering as prior distribution
the Lebesgue measure and using as posterior distributions the uniform probabil-
ity measures on dyadic intervals, with the advantage of obtaining non-randomized
estimators). When one uses in this way an atomic prior and Dirac masses as pos-
terior 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 received a suspicious
greeting among statisticians) have argued that it cannot bring anything that ele-
mentary 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 P, the previous discussion
shows that this type of choice is lacking proper localisation, and namely that we
loose a factor K {P[Wexp(, ,\T)} , 77}, the divergence between the bound-optimal prior
]P’[chp(, 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 diffi-
culty and to obtain more local empirical bounds.

1.3.2. UNBIASED LOCAL EMPIRICAL BOUNDS. The idea is to start with some flat
prior ™ € ML(@), and the posterior distribution p = meyp(—ar) minimizing the
bound of Theorem 1.2.1 (page 6), when 7 is used as a prior. To improve the bound,
we would like to use P[Wexp(, M)] instead of 7, and we are going to make the guess
that we could approximate it with mec,—gr) (We have replaced the parameter A
with some distinct parameter 8 to give some more freedom to our investigation,
and also because, intuitively, P[Wexp(_ M)] may be expected to be less concentrated
than each of the 7oy~ ar) it is mixing, which suggests that the best approximation
of P[Wexp(_)\r)] by some T (—gr) may be obtained for some parameter 5 < \).
We are then led to look for some empirical upper bound of X [p, Texp(—3 R)]. This
is happily provided by the following computation

P{:K [P7 Trexp(fﬁR)] } = ]P)[:K:(p7 7T)] + ﬁP[p(R)] + log{ﬂ- [GXp(—ﬁR)] }
— B{X[p:Texp(-n]} + PP[o(R — 1)
+ log{ﬂ[exp(—ﬁR)] } - P{logw[exp(—ﬁr)] }
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Using the convexity of r — log{w[exp(fﬁr)]} as in equation (1.4) on page 10, we
conclude that

0 < P{X[p, Texp(-pm] } < OP[p(R = 1)] + P{K[p, Mexp(—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 6) applied to the prior
distribution ey, (—sr) and obtain for any posterior distribution p and any positive
parameter A that

0 (B[R]} < B + S0t =)+ TE{X[p. Fesnion] }

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

O0(p) = (1= )" [®a(p) — bp]
=—(1- b)fl{a*1 log{l - p[l — exp(—a)]} + bp}7
p € (0,1),a €)0,00(,b € (0, 1(.

This is a convex function of p, moreover

&,4(0) = {a™' [1 — exp(-a)] b} (1 - 1),

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

Baslp) > POl

Using this notation and remarks, we can state

THEOREM 1.3.1. For any positive real constants 3 and \ such that 0 < 8 < N[1—
exp(— %)), for any posterior distribution p: Q@ — M (0),

P{pm — Ko metopm) } < P[p(R)]

B
%{g {]P’ {p(r) + Xp Fexpt—m ] [p7j\rcxpém)] ] }
A—p

< X
N[l —exp(—5)| -8
Thus (taking A = 2(3), for any B such that 0 < 5 < %,

X[, Texp(—m)] }
3 .

<

K[, Texp(—pn)) ] .

]P’{p(r)—k -

1
Plp(R)] < —5P{p(r) +
PB] < = {ﬂ

z?
2

Note that the last inequality is obtained using the fact that 1 —exp(—z) > x—
xr € R+.

)
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COROLLARY 1.3.2. For any 3 € (0, N{(,

P[Texp(-r) ()] < P[Mexp(-pr) (R)]
A-p

S llflf ]P) Texp(—Br (T’)
Ae(=Nlog(1-£),00( N[1 —exp(—%:)] — B [Texp(—om (7)]

the last inequality holding only when 3 < 7.

It is interesting to compare the upper bound provided by this corollary with
Theorem 1.2.1 (page 6) when the posterior is a Gibbs measure p = Texp(—gr). We
see that we have got rid of the entropy term fK[weXp(_m),w], 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 circumstances (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, Teyp(—gr) (1) is a tight approximation
of Texp(—gr)(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 = Texp(—r)-

COROLLARY 1.3.3. For any positive real constants 8 and \ such that 0 < [ <
N1 —exp(=5)],

~ 1 A
P[ﬂ'exp(—kr)(R)} < (I)%l,g {IP) |:)\_ﬁ /,8 Texp(—~r) (T)d7:| }
< 1
T N[l —exp(—4)] -8

P |:f@/\7rexp(—'y1") (T)d’Y] .

Although this inequality gives by construction a better upper bound for
infyer, P[Wexp(_M)(R)] than Corollary 1.3.2, it is not easy to tell which one of
the two inequalities is the best to bound P[ﬂexp(_ ,\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 13, we see
that

I A
— _om(r)dy < essinfr +d.log [ Z ).
)\_ﬂ/ﬁ Texp(— )(T) ’yfessu; T+ og (ﬂ)

Therefore, in the case when we keep the ratio % bounded, we get a better depen-
dence on the empirical dimension d, than in Corollary 1.2.9 (page 13).

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 10). According to Theorem
1.2.1 (page 6) applied to the localized prior Texp(—gr),
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X0 {P[p(R)]} < P{Ap(r) + K(p, ) + Bp(R) | + log{ [exp(—AR)]}
= P{K[p, Tesp(-rn)] — log{m[exp(=2r)] } + Bp(R) } + log{ [exp(—FR)] }
< P{X[p, Texp(-ar)] + Bp(R) } — log{ [exp(~AR)] } + log{r [exp(~5R)] },
where we have used as previously inequality (1.4) (page 10). This proves

THEOREM 1.3.4. For any posterior distribution p : Q0 — Mi_(@), for any real
parameters B and X such that 0 < 6 < N[l — exp(—%)} ,

elo0]) < 3o {525 [ mpic oty + 2L encanl ]}

A B
NoX

p
e BT 31, o Pl

Let us notice in particular that this theorem contains Theorem 1.2.4 (page 10)
which corresponds to the case 8 = 0. As a corollary, we see also, taking p = Texp(—ar)
and A = 2(3, and noticing that v +— Texp(—yr) (1) is decreasing, that

) B
Pl Texp(—am (R)| < inf Texn(— R
[Texp(—ar) (R)] S SIS o gy L sr)(R)

1

< ﬁﬂ'exp(—%R)(R)-
N

We can use this inequality in conjunction with the notion of dimension with margin

7 introduced by equation (1.5) on page 10, to see that the Gibbs posterior achieves

for a proper choice of A and any margin parameter 7 > 0 (which can be chosen to

be equal to zero in parametric situations)

4d
(1.8) ir){fﬂb[ﬂ—exp(—)\r)(R)] < essinf R+ 1+ Wn

2d, (essinfr R+1n)  4d2
24—~ —7.
+ \/ N + N2

Deviation bounds to come next will show that the optimal A can be estimated 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)\ IP[’/TeXp(_/\,.) (R)] < 0.373.

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

nical reasons we will choose a slightly more involved change of prior distribution

and apply Theorem 1.2.6 (page 11) to the prior Texp[—ge s oR]- The advantage of
N

tweaking R with the nonlinear function ®_ s will appear in the search for an em-
N

pirical upper bound of the local entropy term. Theorem 1.1.4 (page 4), used with
the above-mentioned local prior, shows that

(1.9) P{ sup M p(@ 0R) = p(r) } = K[, Tesp(—s0 Bom]}gl.
pEMY (©) N
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Moreover
(1.10)  X[p, Wexp[—@g%oR]] =K [p, Texp(—pr)| + Bp {‘IL/N* oR — 7’}
+ log{ﬂ' [exp(—ﬁ@_% oR)} } - log{w [exp(—ﬂr)} }7

which is an invitation to find an upper bound for log{ﬂ'[exp[—ﬁ@_% o RH} —

log W[exp(—ﬂr)] } For conciseness, let us call our localized prior distribution 7,
thus defined by its density

dr o exp{—ﬂ(IL% [R(G)]}
dr' W{exp[—ﬁq)_% oR| } .

Applying once again Theorem 1.1.4 (page 4), but this time to —f3, we see that

(1.11) P{exp [1og{w[exp(—ﬁcb%oR)]} - log{w[exp(—ﬂr)] }} }
P{exp{log{ﬂ'[exp(BCI)]%OR))}}Jr inf ﬂp(r)+9<(p,7r)]}

1
PEM (O)

< P{exp {mg{ﬁ [exp(_gg% oR))] } + BR(r) + K (T, w)} }
= P{exp [ﬁ [ﬁ(r) - ﬁ(@_% oR)} + X(7, ﬁ)] } <1

Combining equations (1.10) and (1.11) and using the concavity of ® _ s , we see that
N
with [P probability at least 1 — ¢, for any posterior distribution p : @ — M1 (©),

0 < K(p,7) < K[p, Texp(—pr) ] + ﬁ[@_% [p(R)] — p(r)} — 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: Q — M}F (©),

e

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

also be written as
P reiom o[- 2_y 0 m]}] } <1

This means that for any posterior distribution p : Q@ — M1 (0),

]P’{p[exp{ﬁ[r— @_% oR] —log(ﬁ%)}}} <1

We have proved
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THEOREM 1.3.6 For any positive real constant (3, for any posterior distribution
p:Q— ML(O), with Pp probability at least 1 — e,

R() > ol {r(é\) log(w) log(e)}
exp{% {7‘(5) - IOg(dwewa)) - 10%(6)} } »

Let us now resume our investigation of the upper deviations of p(R). Using the
Cauchy-Schwarz inequality to combine equations (1.9, page 18) and (1.11, page 19),
we obtain

(1.12)
P{exp[; sup  Ap(@aoR) — 5P(¢_%OR) (A= B)p(r) = K[, Texp(— Br)]]}

pEM (©)

~ et o (Mo@30m) o} - 07

PEM (

X exp {% (log{w[eXp(—ﬁ@_%oR)” - log{ﬂ[eXp(_m)] })] }
< P{exp Leilf(@) ()\{p(@% oR) = p(r) } = K(p, f))] }1/2

<#esp| (in{[exp(-00_om)]} ~ton{xfer-am]})]} <1

Thus with P probability at least 1 — €, for any posterior distribution p,

AP [p(R)] = B2 _ 5 [p(R)]
< )\p(é% o R) ﬁp( B0 R)
< ()\ - ﬂ) ( + g<(p7 Wexp(—ﬂr)) —2 log(e)

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

A0 (p) ~ B9 _p (p) = ~Nlog{1 ~ [1 - exp(~ )]}

- Nlog{l + [exp(%) - l]p},

)

and let us put
B = (A= B)p(r) + K[p, Texp(—pr] — 210g(€)
A
= fK[p, Wexp(—)\r)] + fﬁ Texp(—£&r) (T)d& -2 log(e)

Let us consider moreover the change of variables e = 1—exp(—4-) and y = exp(%)
1. We obtain [1 — ap(R)][1 4+ vp(R)] > exp(—£), leading to
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THEOREM 1.3.7. For any positive constants o, 7y, such that 0 < v < a <1, with P
probability at least 1 — €, for any posterior distribution p : Q — ML(@), the bound

710g[(1 - Ot)(l + 7)] :K(pv 7Texp[—Nlog(l-f—"/)T]) -2 log(e)

M(p) = P p(r) + Na—1)
—Nlog(l—a)
:K[pu Texp[N log(lfoc)r]] + / Texp(—¢&r) (T)dé- -2 log(e)
. N log(1+4+)
N(a=7) ’

18 such that

200y

i <\/1 + (ff—l)z{l —exp[—(a —7)M(p)]} — 1) < M(p),

Let us now give an upper bound for R(§) Equation (1.12 page 20) can also be
written as

IP’{ [wexp(_ﬁ,.){exp [A(I)% o R—fB®_p 0 R—(A- ﬂ)r} }] } <1

This means that for any posterior distribution p : Q — M (0),

[SIE

AT exp(—pr)

P{lofeoproy o mopo g0 mo O - tona )]}

oo

Using the concavity of the square root function, this inequality can be weakened
to

P{p{exp{%[/\@% o R—p_p o0 R- (A—ﬁ)r—log(ﬁ)} }]} <1

dTexp(—pr)
We have proved

THEOREM 1.3.8. For any positive real constants A and (3 and for any posterior
distribution p : @ — MY (0), with Pp probability at least 1 — e,

X0, [RO)] - 52 [R(B)] < (A~ B)r(D) +log| 7z=22—(D)] — 21og(e).

dTexp(—pr)

2

Puttinga =1 — exp(—%), v = exp(%) —1 and

_ o dp _
M(0) = log[(1 - a)(1+1)] r(0) + log[dﬁexp[fwloguﬂm (0)} 2log(e)
a—y N(a—1)
dp —Nlog(l—a)
log |:d7Texp[N log(l—a)r] (0)] * /]V log(l-',-'y) ﬂ-cxp(fgr) (T) dé_ -2 ].Og(E)
a N(a—7) ’

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

R(A) < a—'y<\/1+(a4§71)2{1—exp{—(04—'y)M(5)}} —1) < M(®).

200y
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It may be enlightening to introduce the empirical dimension d. defined by equa-
tion (1.6) on page 13. It provides the upper bound

A
A
/ Texp(—¢r) (1)dE < (A = B) essinf r + d. log (B) ,
B8 ™
which shows that in Theorem 1.3.7 (page 21),

M(p) < log [(1+7)(1 — )]

essinf r
7o m

n de IOg {%} + :K[pa Texp[N log(l—a)?“]} -2 IOg(E)

N(a—1)
Similarly, in Theorem 1.3.8 above,
1 1 1—
M) < og[( + 1) a)] essinfr
V-« ™
—log(l—« d
N d, 1og{4log%§ﬂ)>] + log{—dﬂexpw e (9)] — 2log(e)
N(a =)

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 log(1—a)r] (R) = 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 o and - would
not have yielded a significantly lower bound.

The following corollary is obtained by taking A = 20 and keeping only the linear
bound; we give it for the sake of its simplicity:

COROLLARY 1.3.9. For any positive real constant 3 such that exp(%)Jrexp(f%) <
2, which is the case when 3 < 0.48N, with P probability at least 1 — €, for any pos-
terior distribution p : @ — M (),

< Belr) + K[, Texp(—pr)] — 210g(€)
T N[2-ew(y) —en(-F)]

B f;ﬂ Texp(—er) (1) dE + K[, Texp(—2pm) | — 21og(e)

B N[2—exp(%) —exp(—%)] '
Let us mention that this corollary applied to the above numerical example gives

Texp(—200r) (R) < 0.475 (when we take § = 100, consistently with the choice v =
0.1).

p(R)

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 different 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 © = |_|71\f:1 O,,,, where the
sets ©1 C O C --- C Oy are nested. In this case we will have infg, r > infe, r >
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- >infe,, r, although ©); may be too large to be the right model to use. In this
situation, we do not want to localize the bound completely. Let us make a more
specific fanciful but typical pseudo computation. Just imagine we have a countable
collection (O, )mens of sub-models. Let us assume we are interested in choosing
between the estimators ém € arg ming,, r, maybe randomizing them (e.g. replacing
them with w;’)‘(p(f M)). Let us imagine moreover that we are in a typically parametric
situation, where, for some priors 7™ € ML (0,,), m € M, there is a “dimension”
d, such that )\[ﬂg'(p(_)\r)(T) - r(gm)} ~ d,y,. Let p € ML (M) be some distribution
on the index set M. It is easy to see that (7 )exp(—ar) Will typically not be properly
local, in the sense that typically

_ M{Wexp( any (1) [exp(— )\r)}}
(70 )exp(—ar) (1) = u{ [exp(— ]}

Z [(mf )+ %] exp[— (mf r)— log(g—::)}p(m)

~ meM

Z exp [_A(glj ’/‘) dm IOg(

meM

~ { inf (infr)+ %o log(£) — /l\log[#(m)]}

meM O,
+1og{ Z exp|—dm log(ﬁ)]u(m)}.

meM

dm

where we have used the approximations

_ log{ﬂ'[exp(—)\r)]} = /0)\ Texp(—pr) (1)dB

A
~ /0 (inf r) + [%" A1]dp ~ A(i@rﬁf?‘) + dy, [log(F

Om

) +1],

dm

U inf h(m)—loglv(m)], v € M} (M), taking v(m) =

These approximations have no pretension to be rigorous or very accurate, but
they nevertheless give the best order of magnitude we can expect in typical situa-
tions, 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( ) 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 7 (= Ar) where m is an
estimator of the best sub-model to be used. While the most stralghtforward 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 (©,7T) be a union of measurable sub-models, © = | J,,,c5; Om. Let the index set
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(M, M) be some measurable space (most of the time it will be a countable set). Let
p € MY (M) be a prior probability distribution on (M, M). Let 7 : M — M’ (O) be
a regular conditional probability measure such that 7(m, ©,,) = 1, for any m € M.
Let pm € MY (M x ©) be the product probability measure defined for any bounded
measurable function h: M x ©® — R by

)= [ (f . )t i9)) ().

For any bounded measurable function h: Q@ x M x © — R, let mexpn) : @ x M —
ML (©) be the regular conditional posterior probability measure defined by

AT exp(h) g — exp [h(m,@)]
dm (m,0) = m[m, exp(h)]’

where consistently with previous notation 7(m, h) f@ (m,df) (we will
also often use the less explicit notation 7 (h)). For short let

U(0.w) = X [RO)] ~ BT_s [RO)] ~ (A~ B)r(0.0).

Integrating with respect to p equation (1.12, page 20), written in each sub-model
©,, using the prior distribution m(m, ), we see that

P{eXp[ sup sup %[(VP) ) = v{X([p, Texp( gm]}} ~XK(v ]}

UGMi(M) p:MHM#(@)

veri (M) 2 \p:M—ntl (0)

B P{N [CXp{% p:Mil;\%r(@) [p(U) a (=) }:| }

- M{P{exp{% sup [p(U) = K[, Tesp(—m] }” <1

p:MHM}'_(@)

SP{eXp{ sup 11/( sup  p(U) — K(p; Texp(— gr)> K(v ]}
]

This proves that

1
(1.13) P<exp|= sup sup  vp[A®,(R) — 3P s (R)]
2 Mt (M) p:M—2TL (O) N N

- ()‘ - 6)”/)(70) - 29{(% :u) - l/{fK[p, Wexp(—ﬁr)] }] } <1

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

de (m) = sup 5 [ﬂ-exp(fgr) (m7 T) - T*(m)]a
EERY

we can thus state

THEOREM 1.3.10. For any positive real constants B < A, with P probability at least
1 — ¢, for any posterior distribution v : Q — Mi_ (M), for any conditional posterior
distribution p : Q x M — M (©),

vp[A®y (R) = ®_5 (R)] < AP, [vp(R)] — B2_ 4 [vp(R)] < Bi(v, p),
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where By (v, p) = (A — B)vp(r) + 2K (v, ) + v{K|[p, Texp(—pr ] } — 210g(€)

A
- V[/ﬁ Texp(—ar) (T da} + 2K (v, ) + v{K[p, Texp(-rr)] } — 210g(e)

— 2o ufexp (-5 Wexp(m)<r)da)”

+ 23([1/, ,u<,,[exp<,k,,)])1/2] + I/{fK[p, Wexp(_m)]} — 2log(e),

mlexp(=B7)]

and therefore By (v, p) < z/{()\ - B)r*+ log(%)de} + 2K (v, p)
+ V{K[P» Wexp(—)w)] } - 210g(€)7
as well as By (v, p) < —210g{u{exp<—@r* - %log(%)d%} }

+ 2K [1/, ,u(ﬂ%cxptgi;%)l/z] + V{ﬂ{[p, wexp(_)\,n)] — 2log(e).

Thus, for any real constants a and v such that 0 < v < a < 1, with P probability
at least 1 — €, for any posterior distribution v : Q1 — ML(M) and any conditional
posterior distribution p: Q2 x M — M}r(@), the bound

Ba(v, p) = w o) + zﬂc(u,u)w{x[s\igg){m] }—210g(e)

) N(O‘l‘”{w< [w(u)/] +v{xle ”(1—a>M]}}
2

m[(14) = N7

1 —Nlog(l—a)
——— o exp{/ Texn(—er) (5T df]
N(a - ’7) ks 2 N log(147) (¢ )( )

~ 2log(e)
N(a—9)
satisfies
a—y dary
vp(R) < 2y <\/1 + W{l — exp[—(a — ) Ba(v, p)}} - 1)
< BQ(”? P)-

If one is willing to bound the deviations with respect to Pvp, it is enough to
remark that the equation preceding equation (1.13, page 24) can also be written as

1/2
]P’{u l{ﬂexp(_m) [exp{)\fb% oR— ﬂfbi% oR—(\— ﬂ)r}] } ] } <l1.
Thus for any posterior distributions v : Q — M} (M) and p: @ x M — M (0),

P{I/[{p{exp{)@% oR—fP_s oR

—A=B)r— 2log(§—Z) - 1Og(dﬂoxiﬁ)}} }1/2]} =t
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Using the concavity of the square root function to pull the integration with respect
to p out of the square root, we get

]P’l/p{exp{ {)\(I)A oR—pP_s oR

— (A — 5)7' — 210g(g—;/r) — log(ﬁfm)}} } S 1.
This leads to

THEOREM 1.3.11. For any positive real constants 3 < A, for any posterior distri-
butions v : Q@ — ML(M) and p : @ x M — ML (O), with Pvp probability at least
1 —¢,

+2log[ 92 ()] + log[ 72— (,0)] — 2log(e)

dﬂexp(fkr)

~

+ 2log[ g ———(m)] +log| (m,6)] — 2log(e).

dTex -
(w[exp(—)\r)])l/2 d p( AT)
wloxp(—5m)]

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

R(, 6)

oa—7 4dary o~
< [ — — — —
= S0y <\/1+ (O[*’Y)Q{l exp[ (o — v)B(m, 9

\/

[ A
3

log [dﬂdip (m, A)} — 2log(e)

(1—a)NT

N(a—7)
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+ N(+—V) log{u {exp <—% /; Wexp(—am(r)da)] }

Let us remark that in the case when v = p (

m[(1—a)N7]
m[(1+7)~ 7]

get as desired a bound that is adaptively local in all the ©,, (at least when M is
countable and p is atomic):

)1/2 and p = T(1_q)nr, We

B(v,p) < —ﬁ log{u{exp {% log[(1+7)(1 — a)]r*

_ —log(l1=a) ) de _ 210—g(e)
() 4]} 2

g inf {_IOg[(l_a)(1+’Y)] T*(m)

meM =y

“log(1-a)\ _de(m) _ olog[en(m)]
+los (TS Waly — 2 NG |-
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 » on the index set in Theorem 1.3.10 (page 24) is such
that

oy (T N P
dM( ) (’/T[eXp(—ﬁT’(m,'))]> - p|: 2/[@ exp(—ar)( s )d .

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

exp[—h(m)]
plexp(=h)]’

2l
where h(m) = —f/ chp(foﬁb n oR) [@710R(m, )] da.
s I "

(1.14) %(m) -

The use of ®_a0R instead of R is motivated by technical reasons which will appear
in subsequent computations. Indeed, we will need to bound

A
v {/ Texp(—a®_ 5 oR) (P2 OR)da]
Jé3 N

in order to handle X(v, 7). In the spirit of equation (1.9, page 18), starting back

from Theorem 1.1.4 (page 4), applied in each sub-model ©,, to the prior distribution

Texp(—y®_n or) and integrated with respect to 1, we see that for any positive real
N

constants A, v and 7, with P probability at least 1 — ¢, for any posterior distribution
v:Q — ML(M) on the index set and any conditional posterior distribution p :
Qx M — M (0),
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(1.15) Vp(A(I)% oOR—~®_u oR) < Avp(r)
+vX(p,7m) + K(v, ) + z/{log [ﬂ [exp(—fy(I),% oR)H } — log(e).

Since z — f(x) def APy — 7P (z) is a convex function, it is such that

f(@) = wf'(0) = aN{ [1 = exp(=3)] + 2[exp() — 1] }-
Thus if we put

n[1—exp(—%)]

(1.16) v = xp(Z) =

—|z|>

we obtain that f(z) > 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

dr exp[—BP_2 o R(0)]

—(m,0) = - .
dm w{m,exp[—ﬁ@f% o R]}

With P probability at least 1 — ¢, for any posterior distributions v : Q — MEF(M )
and p: Q2 x M — ML (0),
ﬂl/p(r) + Z/[CK:([), 7T)] = V{j{[p7 ﬂ-exp(—ﬁr)} } -V {log{w[exp(—ﬁr)] }:|

< oK [p R} + BR(r) + v [K(7, )]
< o{K[p. Repim)]} + BvR(@_ g oR)

+ 2[K (v, ) — log(e)] + v [X (7, )]

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

0 < (A= B)wp(r) + v{X[p, Texp(—pr)] }
iy U; Texp(-ad_ g oF) (@2 oR)da} + (14 2)[X(v, 1) +log(2)].
Noticing moreover that
(A= B)wp(r) + v{X[p, Texp(—pm ] }

A
= oKl o]} 40| [ Tt 1))

and choosing p = Texp(—Ar), We have proved

THEOREM 1.3.12. For any positive real constants (B, =~ and 1, such that
v < nlexp(f) - 1]_1, defining A by condition (1.16), so that
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A= —Nlog{l — 71] [exp(#) —1] }, with P probability at least 1 — ¢, for any posterior

distribution v : Q — MY (M), any conditional posterior distribution p: Q x M —
M (6),

Y
14 |:/ Texp(—a® _n oR) ((I),% OR)dOz:|
8 N

<o [ et (rda] + (1 8) o7 + o)

Let us remark that this theorem does not require that § < -, and thus provides
both an upper and a lower bound for the quantity of interest:

COROLLARY 1.3.13. For any positive real constants 3, v and n such that max{,

v} < n[exp(%)—l] _1, with P probability at least 1—¢, for any posterior distributions

v:Q—ML(M) and p: Q x M — ML(O),

[ Fesp(con()da | = (14 3) [X(0.7) + og ()]

—N log{1— % [exp(F)—1]}

y
<v |:/ Texp(—a®_n oR) ((I),% OR)dO[:|
8 N

— N log{1—2Z[exp(3+)—1]}
<v |:/ Texp(—ar) (r)da}
8

+ (1+ %) [K(v, 1) +log(2)].

We can then remember that
v
:K(Va ﬁ) = 6(1/ - ﬁ) |:/ﬁ Trexp(—(,wbi%oR) (q)—% OR)dO[:| + iK(Va H’) - K(ﬁ? ,u)a

to conclude that, putting

(1.17) Gp(a) = —Nlog{1 — %[exp(%) 1]} > a, aeRy,
and
dv def exp[—h(m)] - v
(1.18) @(m ,u[exp(—h)} where h(m) = g/G,,(ﬁ) Texp(—ar) (m, r)da,

the divergence of v with respect to the local prior f is bounded by

[L-¢(t+ )X m)
Gan(v) 7]

R
Texp(—ar) (’/‘)dO{ - é-ﬁ |:/ Texp(—ar) (’I")dOé:|

G (8)

+K(v, 1) — K7, 1) + E(2+ 22) log (2)
Gy (v) 7
Texp(—ar) (T)da + iK(Vv .u)

/ |
/

+ log{u {eXp(—ﬁ /G:(m ”exp(“”)(r)da)] }
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+ 5(2 + L':Y) log(%)

Gn(ﬁ) Gn("/)
=X(w,v)+ v K/ +/ )ﬂcxp(m) (r)da]
B ¥

+€(2+ 57) log(2).

We have proved

THEOREM 1.3.14.  For any positive constants [, ~ and n such that
max{0,v} < n[exp(%) — 1]71, with P probability at least 1 — €, for any pos-
terior distribution v : Q — ML (M) and any conditional posterior distribution

p:Qx M— M (0),

Ky, @) < [1f(l+ﬁ)}_l{ﬂ<(u v

([ [ o]

Y o
< [1-¢(1+ )] {xw

G0G0) )]

L2+ B;]”)log(i’)},

. @[[Gm Gy (8 — A + 1og(

where the local prior Tt is defined by equation (1.14, page 27) and the local posterior
U and the function Gy, are defined by equation (1.18, page 29).

We can then use this theorem to give a local version of Theorem 1.3.10 (page 24).
To get something pleasing to read, we can apply Theorem 1.3.14 with constants &,

~" and 7 chosen so that ﬁi—ﬁ—/) =1, G,(0) = B and ¥ = A, where 3 and X are
the constants appearing in Thegrem 1.3.10. This gives

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

vp[AB o (R) — 5B _s (R)] < A® [vp(R)] — B%_ [vp(R)] < Ba(v,p),

Gy(N)

2I>

where B3(v,p) = v {/ Wexp(_w)(r)da}
e

(e
1(5)

+ (3 + e s 1
( ) I:V uexpl: (3+ z (ﬁ)) IA Wexp(—ar)(r)da]]

1
+ V{:K Py Texp(—Ar ]} + (4+ ¢> IOg(%)

<v [[Gn(/\) — G HB)]r + 10%(%1%)@]
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G, '8
+ (3 + — )K \ -
K [V Hexp [_ (3+w) ' ‘f[;\ ﬂexp(fun')(T)da]}

G B+ 4
+V{g<(p77rexp(f)\r)]}+ (4+—n p )log(g),
and where the function G, is defined by equation (1.17, page 29).

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(2) with —log(e)
in the above inequalities.

We see that we have achieved the desired kind of localization of Theorem 1.3.10
(page 24), since the new empirical entropy term

K[V7 ’uexP[*g f; Texp(—ar) (T)da]]
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

/B e an(r)dax = (3= B)r*(m) +log (3) du(m)

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

~ . . log(3)

m € argminmen r*(m) + <=5 de(m),
and p(m,-) = Texp(—rr)(m,-), we will get, in the case when the index set M is
countable,

tog [ 2200 ]

Bs(v,p) S max { [Gn() = G (B)], (A = B)— gtz

x [ ) + 525 ()]

(o4 2 o 5 g (o 22)

meM

{0 )l m) = ()] + 1os(3) [ () ~ ()]} }
(4 + M) log(%).

This shows that the impact on the bound of the addition of supplementary models

1 A
depends on their penalized minimum empirical risk r*(m) + O)\gfg) d.(m). More

precisely the adaptive and local complexity factor

log{z ”Z [ (3+ < (6))

mEM

x {0 = B) [ (m) — ()] + log(3) [d. (m) — d.()] }”
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replaces in this bound the non local factor
K(v, ) = —log[p(m)] = log| 3 A7)
o=, (m)

which appears when applying Theorem 1.3.10 (page 24) to the Dirac mass v = O~
Thus in the local bound, the influence of models decreases exponentially 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 30) without much supplementary work: it is enough for
that purpose to remark that with P probability at least 1 — ¢, for any posterior
distribution v : Q — M (M),

v {log{ﬂexp(—xr) {eXP{M)% (R)—B®_p (R)}} }]

Gn(N)
—v / Texp(—ar) (T)da
Gyl (B)

G,
(o SO
< n [ exp |:_ (3+G’77—7(ﬁ)) 1 f; ﬂ-exp(iar)(r)da:|

-1
- (4+ W) 1og(§) <0,

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

logq —1 -1
{ exo [~ (4422 2) 7 (0 [

{ﬂ'exp(—kr) [exp{Afb% (R) — gfpi% (R)}} } (3+

_ —1 pGa(N)
G-Y(B) 1 n
xexp| —(3+ —— / Texp(—ar (T)d()é
( ( n ) G71(B) p( )

-1

_apSon "

=~ — . 108 <)
3_|_G1,n(l3)

c,;;w) ) -1

Using the fact that x — x® is concave when o = (3 + G;T(B))_l < 1, we get for

any posterior conditional distribution p: Q x M — M%(©),

jz 1) P
muwaw)g%mwmq{

@\ Gn(N)
(3 + S ) (A‘I)% (R) — ﬁ‘l)_%(R) - /Gl(ﬁ) Texp(—ar) (1) da
n

4 log [ﬁf_m@@})”

exp
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G, (B)+A
4+ —_n 77~
< CXp(G—_?(m log(%)>.

34

We can thus state
THEOREM 1.3.16. For any e €)0,1(, with P probability at least 1 — €, for any

posterior distribution v : Q@ — ML (M) and conditional posterior distribution p :
Qx M — ML(0), for any £ €)0,1(, with vp probability at least 1 — ¢,

AP

2

Gn(N)
(B) =504 (R) < [ oy (r)da
Gy (8)

Gl (B) dv .
+ 3+ log (m)
(3+ 552 08 | 5 —

Mexp |:7 (3+777—]) - f; Texp(—ar) (r)da:|

d4p ~ 0 Gl (B)+x an Gl (8)
o[ ) + (14 S22 () - (34 S22 ot

Note that the given bound consequently holds with Prp probability at least
Q—l-§>1—c—¢.

1.4. RELATIVE BOUNDS

The behaviour of the minimum of the empirical process 6 — r(6) is known to
depend on the covariances between pairs [7"(9),7“(9’)], 0,0" € ©. In this respect,
our previous study, based on the analysis of the variance of () (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(0), where § € O 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 p1(R) — p2(R), where p; and py 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.

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)/?, 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, 2004Db).

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.
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The first thing we will do is to compute for any posterior distribution p : 2 —
M (©) a relative performance bound bearing on p(R) — infe R. We will also com-
pare the classification model indexed by © with a sub-model indexed by one of
its measurable subsets ©; C ©. For this purpose we will form the difference
p(R) — R(6), where 6 € ©; is some possibly unobservable value of the parame-
ter in the sub-model defined by ©;, typically chosen in arg ming, R. If this is so
and p(R) — R(6) = p(R) — infe, R, a negative upper bound indicates that it is
definitely worth using a randomized estimator p supported by the larger parameter
set O instead of using only the classification model defined by the smaller set ©;.

1.4.1. BAsIiC INEQUALITIES. Relative bounds in this section are based on the

control of r(8) — (), where 6,0 € ©. These differences are related to the random
variables

i(0,60) = 0:(6) — 0:(0) = 1[fo(X,) # Vi] — 1[f(X) # Yi].

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

N
(1.19) (6,0) = r(0) — Z (0,0), 6,0¢c0,

and R'(6,0) = R(8) — R(A) = P[1(6,0)]. We have as usual from independence that

log{P[exp[ ]} Zlog{ [exp 7,/) (@, G)H}
< Nlog{% ﬁ:P{exp [—%M(G, g)} }}

Let C; be the distribution of ;(6, ) under P and let C' = + Zfil C; e ML ({-1,0,
1}). With this notation

(1.20) log{p[exp[—m'(e,é)]}} < Nlog{/w

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(di). To this purpose, let us introduce

(- 2e)ctan).

e{-1,0,1}

N
M (0,8) = /¢20(d¢) C(+1) + C(— Z [020,0)], 0,0€0.

It is a pseudo distance (meaning that it is symmetric and satisfies the triangle
inequality), since it can also be written as

:%i{hh #Yi] - 1[f(X) £ Y|}, 6.6€0.
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It is readily seen that
Nlog { e (—%w) C<dw>} — —\W, [R'(60,0), M(0,0)],
where

+p m-—-p

U,(p,m) = —a"! log{(l —m)+ o exp(—a) + cxp(a)}

(1.21) =—a! log{l — sinh(a) [p — mtanh(%)] }
Thus plugging this equality into inequality (1.20, page 34) we get
THEOREM 1.4.1. For any real parameter A,

1og{19>[exp [—Ar’(e,é)]]} < AU, [R'(6.0).M'(0.6)], 6.0¢0,

where v’ is defined by equation (1.19, page 34) and U and M’ are defined just above.

To make a link with previous work of Mammen and Tsybakov — see e.g. Mam-
men et al. (1999) and Tsybakov (2004) — we may consider the pseudo-distance
D on © defined by equation (1.3, page 7). This distance only depends on the dis-
tribution 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'(6,0) < D(6,0), 6,0 € O, with equality in
the important case of binary classification, hypotheses formulated on D induce hy-
potheses 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 X\, any 6 € O, any prior distribution
™ e ML(O),

P{exp Lejs\ap(e) /\{p{\lf% [R'(~,5),M’(~,§)]} — p[r'(~,§)” —X(p, 71')} } <1

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

Ap{W 5 [R'(-0), M'(-,0)]} > AW, {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’(-, 9)] with empirical
quantities only.

This is possible by considering the log-Laplace transform of some modified ran-
dom variable x; (6, §). We may consider more precisely the change of variable defined

by the equation
A A
—<xi | =1— =,
P < NX ) NV
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which is possible when % € )—1,1( and leads to define

N A
Xi = —Xlog <1 - Nﬂh’) ~

We may then work on the log-Laplace transform

el 2]
:10g{ lexp{Zlog[l— 00.9) }”

We may now follow the same route as previously, writing

ol o]

N

_ ;bg {1 - %P[wi(e,é)]] < Nlog[1 - %R’(eﬁ)].
Let us also introduce the random pseudo distance
(1.22) m'(0,0) = — iw(e e

. ) N2 i (6,

NZ’1f9 ) £ Yi] —1[f5(X:) #Yi]|, 6.0€0.

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

N log(1— &) —log(1+2) , ~
g 1(0,0)] = N 5 NZp(0,0)

N log(1 — %) +log(1+ %)

5 m'(6.6)

:%log(l__> '(0.9) + 5 los(1— 3%)m'(0.0).

1+

Let us put v = %1 g(i+

[2]>

2I>‘

> so that
A = Ntanh(%) and % log(l — ;}—22) = —Nlog [COSh(%)] .
With this notation, we can conveniently write the previous inequality as
P{exp{—Nlog[l — tanh (%) R'(0, g)]

_w/(g’g) — Nlog[cosh($)]m/ (6, 9)}}

Integrating with respect to a prior probability measure = € M} 1(©), we obtain
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THEOREM 1.4.3. For any real parameter vy, for any 0 O, for any prior probability
distribution T € M*(O),

P{exp[ sup {—Np{log[l—tanh(%)R’(-,g)]}

1 (0
PEM (O)

_ ’yp[r’( 9)] Nlog[cosh(%)] [m/(.’g)] — K (p, ﬂ)}] } <1

1.4.2. NON RANDOM BOUNDS. Let us first deduce a non-random bound from
Theorem 1.4.2 (page 35). This theorem can be conveniently taken advantage of by
throwing the non-linearity into a localized prior, considering the prior probability
measure pu defined by its density

d_ﬂ<9) _ exp{ AV, [R'(6,6),M'(6,0)] + BR'(6,0)}
dr W{exp{—)\\:[/% [R(-,0), M'(-,0)] +ﬂR/(-,§)}}

Indeed, for any posterior distribution p: @ — M (6),

K(p, 1) = K(p,m) + Ap{\h [R(-.6), M'(:, 5)]} — Bp[R'(-,0)]
ls{n ool 30 (PB4 )]

Plugging this into Theorem 1.4.2 (page 35) and using the convexity of the exponen-
tial function, we see that for any posterior probability distribution p : @& — M1 (©),

BP{p[R'(-,0)]} < NP{p[r'(-,0)]} +P[X(p,m)]
—l—log{w{exp{ )\\IJA (-,5),M’(~,§)} +ﬁR’(~,§)]}}}.
We can then recall that

Mo (4 8)] + K (p, 7) = K[py Texp(ar)] — 10g{ﬂ[exp[—)\rl('a§)]} }v

and notice moreover that

—P{log{ﬂ[exp [—)\r'(~7§)u }} < - log{ﬂ[eXp[—AR/('ﬁ)H }a

since R’ = P(r') and h — log{ﬂ [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 distribution
™ € ML(O), for any posterior distribution p: Q — M*(O),
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- % log{ﬂ [eXp [—AR'(,, 5)}} }

< ]P)[:K(/L 7Texp(7)\7‘))]

| =

+ %bg{ﬂ-{exp{—[]\fsinh(%) - ﬂ] R(, 5)
+ 2N sinh(A)2M'(,0)}] }

- %log{ﬂ[exp [—)\R’(~,§)H }

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

(1.23) o(x) =sup M'(0,0) —xR'(0,0), zeR,.
6co

We see that ¢ is convex and non-negative on R,. Using the bound M’ (9,5) <
xR'(0,0) + ¢(z), we obtain

P{p[R/('v 5)] } =

Jrllo{
— T
ﬁg

P[XK(p, Texp(—ar))]

|

—

exp{f{N sinh(%) [1 - xtanh(ﬁ)] - ﬂ}R/(" 5)}} }
N sinh(%) tanh ()
B

Let us make the change of variable 7 = N sinh(%)[1 — 2 tanh(55)] — 8 to obtain

olx) — %log{ﬂ[exp [—)\R'(~,§)H }

COROLLARY 1.4.5. For any real positive parameters x, v and A such that x <
tanh(z) ! and 0 < < Nsinh(%)[1 — ztanh(Z)],

P[o(R)] —inf B < { N sinh()[1 - rtanh(z)] —~}
A
X {/ [chp(,aR)(R) - ir@lfR]dOz

+ N sinh () tanh (33 ) @(2) + P[K(p, Texp(—rr)] }

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'(0,6) > 0, # € © and that ¢(x) > 0, z € Ry, we can
weaken and simplify the preceding corollary even more to get

COROLLARY 1.4.6. For any real parameters 3, A and x such that x > 0 and 0 <
8 <A— x%, for any posterior distribution p : Q — M}r(@),
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Plp(R)] <inf R
_ A
P 1{/5 [Fexp(—arm)(R) — inf F]da

2
+ ]P){:K[pv 7Texp(—>\r)] } + QD(ZL’) ;\_N }

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

(1.24) R'(0,0) > cD(0,6)", 6¢co.
In the case when x = 1, then p(c~1) = 0, proving that
N ~
fg Texp(—~R) [R/('7 ¢ )] d’y
Nsinh(2)[1 — ¢ tanh(5)] — 8
N -~
< fﬁ Texp(—R) [ (,0)] dy

IP){71—exp(—/\7") [R/('a 5)] } <

B~
Taking for example A = %, 0= % = %, we obtain
eN
Presp 2o (B)] < if R+ = [ * o [0y

<inf R+ 2mgp_en gy [R'(-,0)].

If moreover the behaviour of the prior distribution 7 is parametric, meaning that
Texp(—AR) [R’ (-, 6 )] < %, for some positive real constant d linked with the dimension
of the classification model, then

8log(2)d . 5.55d
— < .
N = inf R 4+ N

exp(— >

In the case when x > 1,

1

p(x) < (k= i 7T () 7T = (1— 5 ")(kez) 7T,

thus P{mesp(—xr) [R'(-,60)] }
< f;\ Texp(—R) [R/(', 5)]d’7 +(1- H_l)(ﬁcx)_ﬁ % |

= A2
=5 -
Taking for instance 8 = %, T = %, and putting b= (1 — nfl)(cn)fﬁ, we obtain

K
k—1

. 4 [ L~ 2\
P[wexp(,M)(R)] —infR < — Texp(—R) [R (-,0 )}d’y +b( —
A2 N

: il d
In the parametric case when ey, () [R’(~, 0 )] < £, we get

4log(2)d 2)\\ 71
P[Texp(—xr) (R)] —inf R < %() +b <F> :
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Taking .
X = 271[8log(2)d] > (ke) TN T,

we obtain

P gp(—3n)(B)] —inf R < (2 - K™Y (ke) T <81%(2)d) o

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 c ©, some positive real constant
¢, some real exponent k > 1 and for any 0 € ©, R(0) > R(0) + cD(0,0)". Let us
also assume that for some positive real constant d and any positive real parameter
Y, Texp(—yR) (R) —inf R < %. Then

P{ﬂ }(R)}

r—1 1 K
exp{72*1 [8log(2)d]2-—1 (kc)2x—I N 2r—=1p

1

<inf R+ (2 — k1) (ke) Zo1 (

8log(2)d T
—N .

Let us remark that the exponent of N in this corollary is known to be the mini-
max 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 com-
patible with the hypotheses). The interest of the corollary is to show not only the
minimax exponent in NV, but also an explicit non-asymptotic bound with reason-
able 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 37) instead of
using the weaker Corollary 1.4.6 (page 38).

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 coun-
terpart for the ezpected 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 behaviour of our proposed empiri-
cal margin function with the ezpected margin function, since the margin function
involves taking a supremum which is not straightforward to handle. When we will
touch the issue of building provably adaptive estimators, we will instead formulate
another type of bounds 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

oP{p[R (0]} <P{rp[r"(-.0)] +K(p.m) |
+ log{ﬂ'[exp{—)\\ll% [R'(-, 6),M'(., 5)} +BR'(-,0) }} }

We have already defined by equation (1.22, page 36) the empirical pseudo-distance

_ 1 X _
m'(0,0) = + > i(6,6)°.
=1
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Recalling that ]P’[m’(@,g)] = M’(G,bv), and using the convexity of h +—
1og{7r [exp(h)] }, leads to the following inequalities:

log{w[exp{—/\‘I’A [R'(-, 0), M ] + BR'(: N)}} }
< log{ {exp{ Nsmh( YR/(-, 9)
+ Nsinh(3) tanh( )00, 8) + AR .5)])]}

P{log{ﬂ[exp{— [N sinh(%) — B]r'(-,0)
+ N sinh(%) tanh(5:)m/ (-, 5)}} }}
We may moreover remark that

M [ (5 8)] +K(p,m) = [8— Nsinh(3) + A p[r'(-,6)]
+ K [P, Texp— v sinn(3)- 415
- 1og{7r{exp{—[Nsinh(%) - Bl (, 5)}} }
This establishes

THEOREM 1.4.8. For any positive real parameters 8 and A, for any posterior dis-
tribution p: Q — Mi_(@),
~ Nsinh(%) — A ~
P{olR(.0))} < B{ |1 22 oo 9]

X [p’ 7Texp{—[N sinh(%)—ﬁ]r}]
i E

+ 571 1og{ﬂ'exp{—[Nsinh(%)—ﬂ]T} |:eXp [N Sinh(%) tanh(ﬁ)m/(.7 5)]:| }}

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

tanh(%) = a~'[/1 + 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 distribution
p:Q—ML(O).

P{p[R'(-,g)]} < ]P’{ [% 1og( 1+ %Vi; + %) — 1] p[r'(-,0)]

1
+3 {UC [ Tesp(—pr)]

+log {Wexp(_m){exp [N(\/T 1)m'(,6)] }} }}
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This theorem and its corollary are really analogous to Theorem 1.4.4 (page 37),
and it could easily be proved that under Mammen and Tsybakov margin assump-
tions we obtain an upper bound of the same order as Corollary 1.4.7 (page 40).
Anyhow, in order to obtain an empirical bound, we are now going to take a supre-
mum over all possible values of 6, that is over ©;. Although we believe that taking
this supremum will not spoil the bound in cases when over-fitting remains un-
der 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 P, the true sample distribution, with
P=(L1XN, 5(X,i7yi))®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. Any-
how, 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 con-
struction involving comparisons between a posterior distribution and a Gibbs prior
distribution or between two posterior distributions. _

Let us now restrict discussion to the important case when 6 € argming, R.
To obtain an observable bound, let b arg mingee r(f) and let us introduce the
empirical margin functions

?(x) = supm’(6,6) — z[r(0) — r(é\)}, reRy,
€O

P(x) = sup m/(6,8) — z[r(0) —r(0)], =eR,.
€O,
Using the fact that m/(6,6) < m/(6, 5) + m’(a, 8), we get
COROLLARY 1.4.10. For any positive real parameters 3 and X\, for any posterior
distribution p : @ — M%L(0),
. N sinh(2)—X\ N
Bp(R)] ~inf R < P{ [1- Mo BIA (o) ()]

X [,0, Texp{—[N sinh(%)*ﬁ]r}}
B

+ 57108 R () [ X0 [N sinh () tamb () (-, 9]
A

~ Nsinh(2) —
+ ﬂ*leinh(%) tanh(ﬁ)gp [Nsinh(%)ﬁtanh(AN) (1 _ (ﬁN) )] }

Taking 8 = & sinh(%), we also obtain

+

FloR)] — gl R < ﬂ”{ 1oa(V14 45 + %) 1] () - @)
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1
+3 {X [P: Texp(—5r)]

+ log [Wexm—ﬂr){exp [N( HE 1)ml(.’§)] }} }

Note that we could also use the upper bound m’(@,a) < z[r(0) - r(g)] + ()
and put a = Nsinh(4)[1 — z tanh(5})] — S, to obtain

COROLLARY 1.4.11. For any non-negative real parameters x, a and X\, such that
o < Nsinh($)[1 — ztanh(5)], for any posterior distribution p : Q — M (©),

[SH

* N sinh(%)[1 — ztanh(5y)] — o
N N sinh(2) tanh ()
N sinh(%)[1 — ztanh(5x)] — o

x {@(fﬂ)+@<Nsmh(;)t2nh(ﬁ))]}'

Let us notice that in the case when ©7 = O, the upper bound provided by this
corollary has the same general form as the upper bound provided by Corollary 1.4.5
(page 38), with the sample distribution P replaced with the empirical distribution

of the sample P = (4 Zf\il (5(Xl.,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 P. 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 g and ¢ behave
well in the case when infer = 0. Indeed in this case m/(6, 9) (0, 9) r(6),
6 € O, and thus (1) = $(1) =0, and

¢(xz) < —(z —1)infg, r, x > 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 () = 0, which is another hint
that this may be an accurate bound in many situations.
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1.4.4. RELATIVE EMPIRICAL DEVIATION BOUNDS. It is natural to make use of
Theorem 1.4.3 (page 37) 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

(1.25) P{exp[ sup {—Np{bg[l - )\P(qb)}}

pEM (©)
+Np{ [log(l - M/J)” X(p, )H } <1

We have used the following notation in this inequality. We have put

1 N
= ¥ 2 xv;
i=1

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

P=P(P) = %ZPZ-,

where it should be remembered that the joint distribution of the process (X, Yi)f\i1
is P = ®Z]\i1 P;. We have considered v(6,6) as a function defined on X x Y as

0(0,0)(z,y) = 1[y # fo(x)] — 1y # F3(2)], (x,y) € X x Y so that it should be
understood that

1 N
=% Z [vi(0,0))
— a )
= > P{a[i # fo(x0)] — 1[Yi # f5(X0)] | = R(6,).
=1
In the same way

[log(l ) } Zlog [1— i (6,)).

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

p{log|1 - AP@w)] } = /9 . 1og{1 - %i@[wxo,%] }p<d9>,
p{ﬁ[1og(1 - qu)}} - /966{ Zlog [1— A¢i(6,0)] }p(d@).
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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 distribution 7 in equation
(1.25, page 44). Here we propose replacing m with 1 = Texp{— N 1og[148P (1))}, Which

can also be written T eep{— N log[Lt SR/ (D)} Indeed we see that

K(p, p) = Np{log[l +6P(y)] } +K(p, )

+ log{w [exp{—Nlog[l + BP(1)] }} }

Moreover, we deduce from our deviation inequality applied to —w, that (as long as

B> -1,
P{exp {Nu{ﬁ[log(l + 69))] } - N/L{log [1+ BP()] }] } <1.
Thus
]P’{exp {log{ﬂ' [exp{~N1og[1+ 8P()] }] }
~ log{ [exp{~NP[log(1 + Bv)] } }} }
< P{exp {—Nu{log[l +BP()] } — K, )
+ Nu{ﬁ[log(l + BY)] } + K (s w)] } <1.

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

P{exp B [—N 1og{ (1 A [P(w)}) (1 + Bp[P()] ) }
+Np{Pliog(1 - a)| }

— K(p. w) —log{x [exp{~NP[log(1 + 50)]}] }” }
< ]P{exp [—Nlog{ (1-20[P@)]) }
+ No{Plog(1 - €] | -~ %(p. m] }1/2
‘ u»{exp [bg{ﬂ [exp{~N1og[1 + 5P@w)]}]}

1/2
—log{m [exp{~NP[log(1 + 8v)]} }] } <1
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This implies that with P probability at least 1 — ¢,

_Nmﬁhmﬂ(m0+WpMD}

{Plost 201}

+X(p,m) + log{ {exp{—Nﬁ[log(l + B)] }} } — 2log(e).

It is now convenient to remember that

log(1— A = S1og [ 222 (0,8) + L1og(1 — X2)m/ (6, 8.
P| | =30e (13 )

We thus can write the previous inequality as

- Nlog{ (1 2[R (14 o[ )] )

< g ( ) '(-,0)] — glog(l — 2\2)p[m/ (-, 8)] + K(p, )
-Hog{w[exp{ - glog(%)r’(,g)

- glog(l — B8%m/ (-, 5)}} } — 2log(e).

Let us assume now that 8 € arg ming, R. Let us introduce g arg ming r. Decom-
posing r/(6,0) = r'(6,0) + r'(6,0) and considering that
m'(6,0) <m/(0,0) +m'(0,6),
we see that with P probability at least 1 — ¢, for any posterior distribution p : 2 —
M(©),
- Nlog{ (1 - )\p[R'(~75)]) (1 + B[R (-, 5))}
~ N
g T3 ) ol (.B)] = 5 (1 = A (. 8)] + (o)
+ log{w {exp{% log(%) [ (, GA)] — Xlog(1 — g*)m/(-, 5)}} }
1+0)(1-8 > 5
+ Y 1og| R F @) —r(0)]
— Nlog[(1 - A2)(1 - 52)]m'(8,6) — 21og(e).
Let us now define for simplicity the posterior v : @ — M (©) by the identity
., exp{ log(H)‘) r(0,8) + X log(1 — A2)m’ (6, 5)}

0 — .
. T {exp{ log(lﬂ) '(,0) + 5 log(1 = A%)m/(-, A)}}

Let us also introduce the random bound

1 14N (1-8 2
B= N log{u {exp[g 10g[—fl_ﬁ§1+gﬂ7"'('>9)
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1 o~
= A=NQA+P) |
" eseugl 2 log {<1+A)(1fﬁ)]7“ (0,0)

1 ~ 2
— —log[(1 = A*)(1 = B%)]m'(6,0) — = log(e).
2 N
THEOREM 1.4.12. Using the above notation, for any real constants 0 < < A < 1,

for any prior distribution ™ € Mi(@), for any subset ©1 C ©, with P probability at
least 1 — €, for any posterior distribution p : Q — M (0),

~10g{ (1= A[p(R) - iglfRD (1+8lo(R) — iéllfRD} < K(]pv’”) +B.

Therefore,

p(R) —inf R

<%i§<¢“+ﬂx¥%2P‘”m<_3_%¥%ﬁﬂ‘*>

Let us define the posterior 7 by the identity
o [~ % log (1£5) 7'(6,8) — & 10g(1 — 52)m’(6,0)]
dr" r{exp| -5 10g (£5) r/(,0) — ¥ log(1 - 8)m'(-,0)] }

It is useful to remark that

% log{y [exp [g log<%>r’(.’ 0)

N glog[(l = X%)(1 = )]’ (:, A)H }

This inequality is a special case of
log{w [exp(g)] } - log{w [exp(h)] }
1
= /_0 Texplh+a(g—h)] (g - h)da < Texp(g) (g - h)7

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 B(z) = supycq m/' (0, 8) — x1'(0,6), z € Ry. Let
us moreover consider p(z) = supgeg, m'(0, 0) — x7'(0,0), z € 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 x € R, with P probability at least

1 — ¢, for any posterior distribution p,

— Nlog{ (1 - )\p[R'('7 g)]) (1 + BP[R/(" 5)])}

N (1+X) A
< 5 o | e )

log[(1 — A)(1 - 8%)]5(x) + K(p, )
+ log{w [exp{—% log{%}ﬂ(n 5)}} }
log [(1+>\)(1—ﬁ)}

aA=1(1+p)
—log [(1 = A?)(1 - 5?)]

og
N
2

-5 bog[(1- )1 - )]

— 2log(e)
> log[u—;)l(ti)x?)m} A
= ~ (118 Texp(—ar) [T ('7 9)} da
El log[u—ﬁ)(l—ﬂzw]
+j<(p’ﬁexp{7glog[%]’r}) - 210g(6)

(14)(1-5)
log [(1—/\)(14-[3)}

—log[(1 = A?)(1 - 5?)]

~ D tog(1 - 2)(1 - )] |pla) + 5

THEOREM 1.4.13. With the previous notation, for any real constants 0 < § < \ <
1, for any positive real constant x, for any prior probability distribution = € M’ (0),
for any subset ©1 C O, with P probability at least 1—e¢, for any posterior distribution
p:Q— ML(O), putting

N (1+X)
z log[u—mu—ﬂw]

1
B =xo—p) /ﬂlog[iwﬂ ]

2 (1-p)(1—82)=

~

Texp(—ar) |7 (. 0)] da

N X(p, Texp{- 4 log[i(l,f)l(ﬁlzw}r}) — 2log(e)
N(A-p)
log [ @EN(1-5)
1 . & [(1—A><1+5>
— o log[(1 - 21— )] |p) +
sy el ~ A0 =) 1P + 2| Tom e - g
14+
SR N log[W}
= NO—p) % (1+5)
B\ T=m -5
n j{(p, ﬂ-exp{—% IOE[—(lfx()l(ti)Az)z_]T}) B 210g(6)

N(A-p)
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(14A)(1-8)
log [(H)(w)}

—log[(1=A*)(1=p2)] | |

1 2 2 — A
_mlog[(l—/\ )1 = 59)] |P(x) + 7

the following bounds hold true:

p(R) — inf R

A—p 4N
< W(\/l + m{l —exp[—()\—ﬁ)B(p)]} - 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, § = 0.2 and B(p) = 0.1, the non-linear bound gives p(R) —
infg, R < 0.096.
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