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We develop minimax optimal risk bounds for the general learning
task consisting in predicting as well as the best function in a reference
set G up to the smallest possible additive term, called the convergence
rate. When the reference set is finite and when n denotes the size of
the training data, we provide minimax convergence rates of the form
C(lognﬁ)v with tight evaluation of the positive constant C' and with
exact 0 < v < 1, the latter value depending on the convexity of the
loss function and on the level of noise in the output distribution.

The risk upper bounds are based on a sequential randomized al-
gorithm, which at each step concentrates on functions having both
low risk and low variance with respect to the previous step prediction
function. Our analysis puts forward the links between the probabilis-
tic and worst-case viewpoints, and allows to obtain risk bounds un-
achievable with the standard statistical learning approach. One of the
key idea of this work is to use probabilistic inequalities with respect
to appropriate (Gibbs) distributions on the prediction function space
instead of using them with respect to the distribution generating the
data.

The risk lower bounds are based on refinements of the Assouad
lemma taking particularly into account the properties of the loss func-
tion. Our key example to illustrate the upper and lower bounds is to
consider the L4-regression setting for which an exhaustive analysis of
the convergence rates is given while ¢ ranges in [1; 400].

1. Introduction. We are given a family G of functions and we want to
learn from data a function that predicts as well as the best function in G up
to some additive term called the convergence rate. Even when the set G is
finite, this learning task is crucial since

e any continuous set of prediction functions can be viewed through its
covering nets with respect to (w.r.t.) appropriate (pseudo-)distances
and these nets are generally finite.

e one way of doing model selection among a finite family of submodels
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is to cut the training set into two parts, use the first part to learn the
best prediction function of each submodel and use the second part to
learn a prediction function which performs as well as the best of the
prediction functions learned on the first part of the training set.

From this last item, our learning task for finite G is often referred to
as model selection aggregation. It has two well-known variants. Instead of
looking for a function predicting as well as the best in G, these variants want
to perform as well as the best convex combination of functions in G or as well
as the best linear combination of functions in G. These three aggregation
tasks are linked in several ways (see [46] and references within).

Nevertheless, among these learning tasks, model selection aggregation has
rare properties. First, in general an algorithm picking functions in the set G
is not optimal (see e.g. [9, Theorem 2], [41, Theorem 3|, [21, p.14]).

This means that the estimator has to look at an enlarged set of prediction
functions. Secondly, in the statistical community, the only known optimal
algorithms are all based on a Cesaro mean of Bayesian estimators (also
referred to as progressive mixture rule). Thirdly, the proof of their optimality
is not achieved by the most prominent tool in statistical learning theory:
bounds on the supremum of empirical processes (see [49], and refined works
as [13, 38, 43, 17] and references within).

The idea of the proof, which comes back to Barron [11], is based on a
chain rule and appeared to be successful for least square and entropy losses
[20, 21, 12, 54, 19] and for general loss in [35].

In the online prediction with expert advice setting, without any prob-
abilistic assumption on the generation of the data, appropriate weighting
methods have been showed to behave as well as the best expert up to
a minimax-optimal additive remainder term (see [44, 27] and references
within). In this worst-case context, amazingly sharp constants have been
found (see in particular [34, 25, 26, 55]). These results are expressed in cu-
mulative loss and can be transposed to model selection aggregation to the
extent that the expected risk of the randomized procedure based on sequen-
tial predictions is proportional to the expectation of the cumulative loss of
the sequential procedure (see Lemma 4.3 for precise statement).

This work presents a sequential algorithm, which iteratively updates a
prior distribution put on the set of prediction functions. Contrarily to pre-
viously mentioned works, these updates take into account the variance of
the task. As a consequence, posterior distributions concentrate on simul-
taneously low risk functions and functions close to the previously drawn
prediction function. This conservative law is not surprising in view of previ-
ous works on high dimensional statistical tasks, such as wavelet thresholding,
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FAST LEARNING RATES THROUGH AGGREGATION 3

shrinkage procedures, iterative compression schemes ([5]), iterative feature
selection ([1]).

The paper is organized as follows. Section 2 introduces the notation and
the existing algorithms. Section 3 proposes a unifying setting to combine
worst-case analysis tight results and probabilistic tools. It details our se-
quentially randomized estimator and gives a sharp expected risk bound. In
Sections 4 and 5, we show how to apply our main result under assumptions
coming respectively from sequential prediction and model selection aggrega-
tion. While all this work concentrates on stating results when the data are
independent and identically distributed, Section 4.2 shows that the argu-
ment underlying the main theorem can be applied for sequential predictions
in which no probabilistic assumption is made and in which the data points
come one by one (i.e. not in a batch manner). Section 6 contains algorithms
that satisfy sharp standard-style generalization error bounds. To the au-
thor’s knowledge, these bounds are not achievable with classical statistical
learning approach based on supremum of empirical processes. Here the main
trick is to use probabilistic inequalities w.r.t. appropriate distributions on
the prediction function space instead of using them w.r.t. the distribution
generating the data. Section 7 presents an improved bound for L,-regression
(¢ > 1) when the noise has just a bounded moment of order s > ¢. This
last assumption is much weaker than the traditional exponential moment
assumption. Section 8 refines Assouad’s lemma in order to obtain sharp
constants and to take into account the properties of the loss function of the
learning task. We illustrate our results by providing lower bounds match-
ing the upper bounds obtained in the previous sections and by improving
significantly the constants in lower bounds concerning Vapnik-Cervonenkis
classes in classification. Section 9 summarizes the contributions of this work
and lists some related open problems.

2. Notation and existing algorithms. We assume that we observe
n pairs Z1 = (X1, Y1),...,Z, = (X,, Y,) of input-output and that each pair
has been independently drawn from the same unknown distribution denoted
P. The input and output space are denoted respectively X and ), so that P
is a probability distribution on the product space Z £ X x Y. The target of a
learning algorithm is to predict the output Y associated with an input X for
pairs (X,Y) drawn from the distribution P. In this work, Z,, 1 will denote a
random variable independent of the training set Z" 2 (Z1,..., Z,) and with
the same distribution P. The quality of a prediction function g : X — ) is
measured by the risk (also called expected loss or regret):

R(g) = EerP L<Z7g)7
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4 J.-Y. AUDIBERT

where L(Z,g) assesses the loss of considering the prediction function g on
the data Z € Z. The symbol £ is used to underline that the equality is a
definition. When there is no ambiguity on the distribution that a random
variable has, the expectation w.r.t. this distribution will simply be written
by indexing the expectation sign E by the random variable. For instance, we
can write R(g) = Ez L(Z, g). More generally, when they are multiple sources
of randomness, E; means that we take the expectation with respect to the
conditional distribution of Z knowing all other sources of randomness.

We use L(Z,g) rather than L[Y, g(X)] to underline that our results are
not restricted to non-regularized losses, where we call non-regularized loss a
loss that can be written as ¢[Y, g(X)] for some function £: ) x Y — R.

For any i € {0,...,n}, the cumulative loss suffered by the prediction
function g on the first i pairs of input-output, denoted Zi for short, is

Si(0) 2 S L(Z),g),
j=1

where by convention we take Y identically equal to zero. The symbol = is
used to underline when a function is identical to a constant (e.g. g = 0).
With slight abuse, a symbol denoting a constant function may be used to
denote the value of this function.

We assume that the set, denoted G, of all prediction functions has been
equipped with a o-algebra. Let D be the set of all probability distributions
on G. By definition, a randomized algorithm produces a prediction func-
tion drawn according to a probability in D. Let P be a set of probability
distributions on Z in which we assume that the true unknown distribu-
tion generating the data is. The learning task is essentially described by
the 3-tuple (G, L, P) since we look for a possibly randomized estimator (or
algorithm) ¢ such that

sup {Ezp Rlgzp) —min Rlg)}
is minimized, where we recall that R(g) £ Ez.p L(Z,g). To shorten nota-
tion, when no confusion can arise, the dependence of gzp w.r.t. the training
sample Z7 will be dropped and we will simply write g. This means that
we use the same symbol for both the algorithm and the prediction function
produced by the algorithm on a training sample.

We implicitly assume that the quantities we manipulate are measurable:
in particular, we assume that a prediction function is a measurable func-
tion from X to ), the mapping (z,y,9) — L[(x,y),g] is measurable, the
estimators considered in our lower bounds are measurable, ...
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FAST LEARNING RATES THROUGH AGGREGATION 5

The n-fold product of a distribution g, which is the distribution of a
vector consisting in n i.i.d. realizations of u, is denoted pu®". For instance
the distribution of (Zy,...,Z,) is P®".

The symbol C will denote some positive constant whose value may differ
from line to line. The set of non-negative real numbers is denoted Ry =
[0; +o0[. We define |x| as the largest integer k such that k < x. To shorten
notation, any finite sequence ay, ..., a, will occasionally be denoted a’'. For
instance, the training set is Z7'.

To handle possibly continuous set G, we consider that G is a measurable
space and that we have some prior distribution w on it. The set of probabil-
ity distributions on G will be denoted M. The Kullback-Leibler divergence
between a distribution p € M and the prior distribution 7 is

a ) Egup log (2(9)) if p <,
Klom = { +00 otherwise

where £ denotes the density of p w.r.t. 7 when it exists (i.e. p < 7). For
any p € M, we have K(p,7) > 0 and when 7 is the uniform distribution on
a finite set G, we also have K(p,m) < log|G|. The Kullback-Leibler diver-
gence satisfies the duality formula (see e.g. [22, p.10]): for any real-valued
measurable function h defined on G,

(2.1) pien/a {Egmp h(9) + K(p,7)} = —logEgur e "),

and that the infimum is reached for the Gibbs distribution

e—h(9)

(2.2) m_n(dg) = E, . o m(dg).

Intuitively, the Gibbs distribution 7_j; concentrates on prediction functions
g that are close to minimizing the function h: G — R.

For any p € M, Egup g :  — Eyop g(x) = [g(x)p(dg) is called a
mixture of prediction functions. When G is finite, a mixture is simply a
convex combination. Throughout this work, whenever we consider mixtures
of prediction functions, we implicitly assume that Ey~, g(z) belongs to Y
for any x so that the mixture is a prediction function. This is typically the
case when Y is an interval of R.

We will say that the loss function is convex when the function g — L(z, g)
is convex for any z € Z, equivalently L(z,Eq4-, g9) < Eg4, L(z,g) for any
p € M and z € Z. In this work, we do not assume the loss function to be
convex except when it is explicitly mentioned.

The algorithm used to prove optimal convergence rates for several differ-
ent losses (see e.g. [20, 21, 12, 16, 54, 19, 35]) is the following:
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6 J.-Y. AUDIBERT

Algorithm A: Let A > 0. Predict according to T}rl YoicoEgr_ sy 95 where
we recall that »; maps a function g € G to its cumulative loss up to time 3.

In other words, for a new input z, the prediction of the output given by

. : g(w)e i@ n(dg)
Algorithm A is %H o ffe_mi(mﬂ(dg)

with the classification loss. For this non-convex loss, it has the same prop-
erties as the empirical risk minimizer on G ([40, 39]). To give the optimal
convergence rate, the parameter A and the distribution 7 should be appro-
priately chosen. When G is finite, the estimator belongs to the convex hull
of the set G.

From Vovk, Haussler, Kivinen and Warmuth works ([52, 34, 53]) and the
link between cumulative loss in online setting and expected risk in the batch
setting (see later Lemma 4.3), an “optimal” algorithm is:

. Algorithm A has also been used

Algorithm B: Let A > 0. For any ¢ € {0,...,n}, let h; be a prediction
function such that

“ 1
VzeZ L(z,h;) < Y log Egrn_ss, o AL(2.9)

If one of the h; does not exist, the algorithm is said to fail. Otherwise it
predicts according to n%rl Yoo hi

In particular, for appropriate A > 0, this algorithm does not fail when
the loss function is the square loss (i.e. L(z,9) = [y — g(x)]?) and when
the output space is bounded. Algorithm B is based on the same Gibbs
distribution 7_)5, as Algorithm A. Besides, in [34, Example 3.13], it is
shown that Algorithm A is not in general a particular case of Algorithm B,
and that Algorithm B will not generally produce a prediction function in
the convex hull of G unlike Algorithm A. In Sections 4 and 5, we will see
how both algorithms are connected to the SeqRand algorithm presented in
the next section.

3. The algorithm and its generalization error bound. The aim
of this section is to build an algorithm with the best possible minimax con-
vergence rate. The algorithm relies on the following central condition for
which we recall that G is a subset of the set G of all prediction functions and
that M and D are the sets of all probability distributions on respectively G
and G.

For any A > 0, let 6y be a real-valued function defined on Z x G x G that
satisfies the following inequality, which will be referred to as the wvariance
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FAST LEARNING RATES THROUGH AGGREGATION 7
mequality

VpeM 3Fn(p) €D

1831117)3 {EZNP ngwfr(p) log Eng e>‘ [L(ngl)_L(ng)—(SA(ngvgl)]} < 0.
€

The variance inequality is our probabilistic version of the generic algo-
rithm condition in the online prediction setting (see [52, proof of Theorem
1] or more explicitly in [34, p.11]), in which we added the variance function
dx. Our results will be all the sharper as this variance function is small. To
make the variance inequality more readable, let us say for the moment that

e without any assumption on P, for several usual “strongly” convex loss
functions, we may take Jy, = 0 provided that A is a small enough
constant (see Section 4).

e the variance inequality can be seen as a “small expectation” inequality.
The usual viewpoint is to control the quantity L(Z,g) by its expec-
tation w.r.t. Z and a variance term. Here, roughly, L(Z, g) is mainly
controlled by L(Z,g') where ¢’ is appropriately chosen through the
choice of 7(p), plus the additive term ). By definition this additive
term does not depend on the particular probability distribution gen-
erating the data and leads to empirical compensation.

e in the examples we will be interested in throughout this work, 7 (p)
will be either equal to p or to a Dirac distribution on some function,
which is not necessarily in G.

e for any loss function L, any set P and any A > 0, one may choose
6x(Z,9.9") = 5[L(Z,g) — L(Z, g’)]2 (see Section 6).

Our results concern the sequentially randomized algorithm described in
Figure 1, which for sake of shortness we will call the SeqRand algorithm.

REMARK 3.1. When 6,(Z, g,¢’) does not depend on g, we recover a more
standard-style algorithm to the extent that we then have m_\g, = m_)5,.
Precisely our algorithm becomes the randomized version of Algorithm A.
When 6)(Z, g,¢') depends on g, the posterior distributions tend to concen-
trate on functions having small risk and small variance term. In Section 6, we
will take 6\(Z,g,9') = %[L(Z,g) — L(Z, g’)]g. This choice implies a conser-
vative mechanism: roughly, with high probability, among functions having
low cumulative risk ¥;, g; will be chosen close to §;_1.

For any i € {0,...,n}, the quantities S;, p; and g; depend on the training
data only through Z!, where we recall that Z! denotes (Z1,..., Z;). Besides
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8 J.-Y. AUDIBERT

Input: A > 0 and 7 a distribution on the set G.

1. Define po = #(7) in the sense of the variance inequality (p.7) and draw a function
Jo according to this distribution. Let So(g) =0 for any g € G.

2. For any i € {1,...,n}, iteratively define
(31) Sl(g) L Sifl(g) + L(Zz,g) =+ 6)\(Zi7g,gi,1) for any g € g.
and
pi = 7(m_xs,) in the sense of the variance inequality (p.7)
and draw a function §; according to the distribution p;.

3. Predict with a function drawn according to the uniform distribution on the finite
set {Go, ..., gn}-
Conditionally to the training set, the distribution of the output prediction function
will be denoted /.

Fic 1. The SeqRand algorithm

they are also random to the extent that they depend on the draws of the
functions gg, ..., gi—1.

The SeqRand algorithm produces a prediction function which has three
causes of randomness: the training data, the way ¢; is obtained (step 2) and
the uniform draw (step 3). For fixed Z! (i.e. conditional to Z?), let §2; denote
the joint distribution of g§ = (go, . - ., ;). The randomizing distribution /i of
the output prediction function by SeqRand is the distribution on G corre-
sponding to the last two causes of randomness. From the previous definitions,
for any function h : G — R, we have Ey; h(g) = Egrrq, n%rl Yoo h(gi).
Our main upper bound controls the expected risk EznE,. R(g) of the
SeqRand procedure.

THEOREM 3.1.  Let Ax(9,d') £ Ezwp 6x(Z,9,9") for g € G and ¢’ € G,
where we recall that 0y is a function satisfying the variance inequality (see
p.7). The expected risk of the SeqRand algorithm satisfies
(3.2)

Ezp By R(g') < min {EM R(g) +Egup Bz Eg i Ax(g.g') + iif;rg}

In particular, when G is finite and when the loss function L and the set P
are such that §, = 0, by taking m uniform on G, we get

. I
(3.3) EzEg Blg) < min R+ 32215
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FAST LEARNING RATES THROUGH AGGREGATION 9
PRrROOF. Let £ denote the expected risk of the SeqRand algorithm:
1 N
E2EzEyp R(9) = 37 Xivo EziEg vq, R(Ji)-

We recall that Z,, 1 is a random variable independent of the training set Z7'
and with the same distribution P. Let S,,+1 be defined by (3.1) for i = n+1.
To shorten formulae, let #; £ 7_ As; so that by definition we have p; = 7(7;).
The variance inequality implies that

Eg’Nﬁ-(p) R(g/) S _%EZEglNﬁ.(p) 10g Eng 67)‘[L(Z’g)+6>‘(z’g’g/)].

So for any i € {0,...,n}, for fixed 5" = (o, ...,9i—1) and fixed Z, we
have

Eypi R(g) < —1Ez, Egp, logEgos, e~ AML(Zi1,9)+0x(Zit1,9,9")]

i+1

Taking the expectations w.r.t. (Z1, g5 "), we get

EZ{E%R(QZ-) = EZ{EgéflEg’Nﬁi R(q)
1 “AL(Zi41,9)+6x(Zit1,9:9i
< _XEZ{“EQ(% log Egz, € [L(Zi41,9)+07(Zi1,9:9:)]

Consequently, by the chain rule (i.e. cancellation in the sum of logarithmic
terms; [11]) and by intensive use of Fubini’s theorem, we get

&= n+1 > im0 Bz Eqi R(G:)
< — A(n+1) P Esz i log By, e~ AMAZit1,9)+6x0(Zi+1,9,9i)]
= )\(n+1) Z”‘HE n 3 g logE s € e~ AL(Zi41,9)+0x(Zi41,9,8:)]

Egr € ASit1(9)
— Bz By Xilolog <W—As<g>
. Egor € —ASn41(9)
— —7)\(n+1)EZ'1n+1Egg log ( ngﬂ_ e—ASo(9)
1 . —ASn+1(g
)\(n+1) EZ1L+1E90 log Eg,\/ﬂ— e +1( )

Now from the following lemma, we obtain

—AE yn+1Egn Sni1(9)
& S (n+1) log Eg,\,ﬂ. e Z; 90
—A 1R EznE;n A i
— (n+1) log Egmr € [("-‘r VR(9)+Ezr oy Yoo Ax(g.d )]
= Z;n: A)\(gvgz) ( )
= ;25\1}1 {Eng R(g) + Egnp EzpEgn ==05 + flen)
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10 J.-Y. AUDIBERT

LEMMA 3.2. Let W be a real-valued measurable function defined on a
product space A1 X Ag and let p1 and ps be probability distributions on
respectively Ay and Az such that Eq ~p, 108 Eqy~p, e W) « 4oo. We
have

—Eaypn 108 Eaymps e~ Wlara2) < —Jog Eayrps e Bar~m Wiaraz),
PROOF. By using twice (2.1) and Fubini’s theorem, we have

_Em 10g Ea2~u2 e—W(al,ag) = Eali%f {Ea2~p W(alv a2) + K(p, N2)}

< i%f ]Eal {EG2NP W(alv a2) + K(p, NQ)}
= —logEgy~p, e FaWlone),
O
Inequality (3.3) is a direct consequence of (3.2). O

Theorem 3.1 bounds the expected risk of a randomized procedure, where
the expectation is taken w.r.t. both the training set distribution and the ran-
domizing distribution. From the following lemma, for convex loss functions,
(3.3) implies

. 1
(3.4) Ezp R(Egep g) < min R+ A?Jfﬁ‘)v
where we recall that ji is the randomizing distribution of the SeqRand al-

gorithm and A is a parameter whose typical value is the largest A > 0 such
that §, =0.

LEMMA 3.3. For convex loss functions, the doubly expected risk of a
randomized algorithm is greater than the expected risk of the determinis-
tic version of the randomized algorithm, i.e. if p denotes the randomizing
distribution, we have

EznR(Eyp g) < EznEyos R(g).
PRrROOF. The result is a direct consequence of Jensen’s inequality. 0

In [25], the authors rely on worst-case analysis to recover standard-style
statistical results such as Vapnik’s bounds [50]. Theorem 3.1 can be seen as
a complement to this pioneering work. Inequality (3.4) is the model selection
bound that is well-known for least square regression and entropy loss, and
that has been recently proved for general losses in [35].
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FAST LEARNING RATES THROUGH AGGREGATION 11

Let us discuss the generalized form of the result. The r.h.s. of (3.2) is a
classical regularized risk, which appears naturally in the PAC-Bayesian ap-
proach (see e.g. [23, 22, 7, 57]). An advantage of stating the result this way is
to be able to deal with uncountable infinite G. Even when G is countable, this
formulation has some benefit to the extent that for any measurable function
h:G =R, mingepiBonp h(g) + K(p,m)} < min {h(g) +log m(g)}-

Our generalization error bounds depend on two quantities A and 7 which
are the parameters of our algorithm. Their choice depends on the precise
setting. Nevertheless, when G is finite and with no particular structure a
priori, a natural choice for 7 is the uniform distribution on G.

Once the distribution = is fixed, an appropriate choice for the parameter
A is the minimizer of the r.h.s. of (3.2). This minimizer is unknown by the
statistician, and it is an open problem to adaptively choose A close to it.

4. Link with sequential prediction. This section aims at providing
examples for which the variance inequality (p.7) holds, at stating results
coming from the online learning community in our batch setting (Section
4.1), and at providing new results for the sequential prediction setting in
which no probabilistic assumption is made on the way the data are generated
(Section 4.2).

4.1. From online to batch. In [52, 34, 53], the loss function is assumed
to satisfy: there are positive numbers 1 and ¢ such that

41 VpeM 3dg,: X =Y VeeX Vye)
REMARK 4.1. If g — e 7(29) is concave, then (4.1) holds for ¢ = 1 (and
one may take g, = Eg4, 9).

Assumption (4.1) implies that the variance inequality is satisfied both for
A=nand 0x(Z,9,9") = (1—1/c)L(Z,¢') and for A = n/c and §x\(Z,g,9') =
(c—1)L(Z,g), and we may take in both cases 7(p) as the Dirac distribution
at g,. This leads to the same procedure that is described in the following
straightforward corollary of Theorem 3.1.

COROLLARY 4.1.  Let gr o be defined in the sense of (4.1) (for p =
m_px, ). Consider the algorithm which predicts by drawing a function in
{gmnzo, s Gy, } according to the uniform distribution. Under Assump-

tion (4.1), its expected risk Ezn T i R(gﬂ_nn) is upper bounded by

(42) C;Iel'l/\l/ll {EgNP R n(npjkq))}
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12 J.-Y. AUDIBERT

This result is not surprising in view of the following two results. The first
one comes from worst-case analysis in sequential prediction.

THEOREM 4.2 (Haussler et al. [34], Theorem 3.8). Let G be countable.
For any g € G, let ¥(g) = ;‘:1 L(Z;,q) (still) denote the cumulative loss
up to time i of the expert which always predicts according to function g.
Under Assumption (4.1), the cumulative loss on Z]* of the strategy in which
the prediction at time @ is done according to Ir_ps,_, N the sense of (4.1)
(for p=m_px,_,) is bounded by

(4.3) infgeg{cXn(g) + £ logm ™' (9)}-

The second result shows how the previous bound can be transposed into
our model selection context by the following lemma.

LEMMA 4.3.  Let A be a learning algorithm which produces the prediction
function A(Z%) at time i + 1, i.e. from the data Z% = (Z1,...,2;). Let L
be the randomized algorithm which produces a prediction function L(Z7])
drawn according to the uniform distribution on {A(0), A(Z1),..., A(Z7")}.

1

The (doubly) expected risk of L is equal to 7 tumes the expectation of the

cumulative loss of A on the sequence Z1, ..., Zpny1.

Proor. By Fubini’s theorem, we have

ERIL(Z)) = i DB RAGZ)]
= mZ?:oEz;'HL[ZHhA(Zm

Bz Yiso L Ziv, A(Z1)].
L]

For any n > 0, let ¢(n) denote the infimum of the ¢ for which (4.1) holds.
Under weak assumptions, Vovk ([53]) proved that the infimum exists and
studied the behavior of ¢(n) and a(n) = ¢(n)/n, which are key quantities of
(4.2) and (4.3). Under weak assumptions, and in particular in the examples
given in Table 1, the optimal constants in (4.3) are ¢(n) and a(n) ([53,
Theorem 1]) and we have ¢(n) > 1, n — ¢(n) nondecreasing and 7 — a(n)
nonincreasing. From these last properties, we understand the trade-off which
occurs to choose the optimal 7.

Table 1 specifies (4.2) in different well-known learning tasks. For instance,
for bounded least square regression (i.e. when |Y| < B for some B > 0),
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FAST LEARNING RATES THROUGH AGGREGATION 13

Output space Loss L(Z,g) c(n)
Entropy loss Y =10;1] Y log (ﬁ) c(n)=1ifn<1
[34, Example 4.3] +(1-Y)log (%) c(n) =oc0ifn>1
Absolute loss game Y =10;1] Y — g(X)] W
[34, Section 4.2] =1+n/4+0(n)
Square loss Y =[-8, B] Y —g(X)]? c(n) =1ifn <1/(2B?)
[34, Example 4.4] c(n) = +oo if n > 1/(2B?)
Lg-loss Y =[-B,B] Y —g(X)|? c(n) =1
(see p. 13) g>1 if n < I53(1A2%79)
TABLE 1

Value of ¢(n) for different loss functions. Here B denotes a positive real.

the generalization error of the algorithm described in Corollary 4.1 when
n = 1/(2B?) is upper bounded by

(4.4) minpe p{Egep R(g) +2B2 LT

The constant appearing in front of the Kullback-Leibler divergence is much
smaller than the ones obtained in unbounded regression setting even with
gaussian noise and bounded regression function (see [19, 35] and [23, p.87]).
The differences between these results partly comes from the absence of
boundedness assumptions on the output and from the weighted average
used in the aforementioned works. Indeed the weighted average prediction
function, i.e. Eg., g, does not satisfy (4.1) for ¢ = 1 and n = 1/(2B?) as was
pointed out in [34, Example 3.13]. Nevertheless, it satisfies (4.1) for ¢ = 1
and 17 < 1/(8B2) (by using the concavity of = — ¢~ on [—1/v/2;1/v/2]
and Remark 4.1), which leads to similar but weaker bound (see (4.2)).

Case of the Lg-losses. 'To deal with these losses, we need the following
slight generalization of the result given in Appendix A of [36].

THEOREM 4.4. Let Y = [a;b]. We consider a non-regularized loss func-
tion, i.e. a loss function such that L(Z, g) = (Y, g(X)] for any Z = (X,Y) €
Z and some function £ :Y x Y — R. For any y € Y, let £, be the function
[y/ = E(y,y’)]. If for any y € ¥

o (y is continuous on Y
e (, decreases on [a;y|, increases on [y;b] and £,(y) =0
o (, is twice differentiable on the open set (a;y) U (y;b),

then (4.1) is satisfied for c =1 and

. 0, )8, ()~ ()0, )
(4.5) = a§y1i2f<y2§b by, (;)[%2 (2?/)]2_[%11 (y)]QQ%Q W)

where the infimum is taken w.r.t. y1,y and ys.
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14 J.-Y. AUDIBERT
PROOF. See Section 10.1. O]

REMARK 4.2. This result simplifies the original one to the extent that
¢, does not need to be twice differentiable at point y and the range of values
for y in the infimum is (y1;y2) instead of (a;b).

COROLLARY 4.5. For the Ly-loss, when Y = [—B; B| for some B > 0,
condition (4.1) is satisfied for c =1 and

n < I (1A2279)

PrROOF. We apply Theorem 4.4. By simple computations, the r.h.s. of
(4.5) is
inf (a=1)(y2—y1)
_B<yi<y<ya<B 1W—y1)(y2—y)[(y—y1)?~ " +(y2—y) 7]

— . 1
q(q2B)qO££1 t(1—t)[ta—1+(1—t)a—1]

For 1 < ¢ < 2, the infimum is reached for ¢ = 1/2 and (4.5) can be

written as n < Zéi- For ¢ > 2, since the previous infimum is larger than
infocra1 ﬁ =4, (4.5) is satisfied at least when n < ;((%1_31)21. O

4.2. Sequential prediction. First note that using Corollary 4.5 and Theo-
rem 4.2, we obtain a new result concerning sequential prediction for L, loss.
Nevertheless this result is not due to our approach but on a refinement of
the argument in [36, Appendix A]. In this section, we will rather concen-
trate on giving results for sequential prediction coming from the arguments
underlying Theorem 3.1.

In the online setting, the data points come one by one and there is no
probabilistic assumption on the way they are generated. In this case, one
should modify the definition of the variance function into: for any A > 0, let
5y be a real-valued function defined on Z x G x G that satisfies the following
online variance inequality

VpeM 3Fr(p)eD VzeZ

E

yi(p) 108 Egep ML LED=0Ga)] < o

The only difference with the variance inequality (defined in p.7) is the re-
moval of the expectation with respect to Z. Naturally if §, satisfies the
online variance inequality, then it satisfies the variance inequality. The on-
line version of the SeqRand algorithm is described in Figure 2. It satisfies
the following theorem whose proof follows the same line as the one of The-
orem 3.1.
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FAST LEARNING RATES THROUGH AGGREGATION 15

Input: A > 0 and 7 a distribution on the set G.

1. Define po = #(7) in the sense of the online variance inequality (p.14) and draw a
function go according to this distribution. For data Z;, predict according to go. Let
So(g) =0 for any g € G.

2. For any ¢ € {1,...,n — 1}, define
Si(g) £ Si—1(9) + L(Zi, g) + 6x(Zi, g, §i—1) for any g € G.
and
pi = 7(m_xs;) in the sense of the online variance inequality (p.14)

and draw a function §; according to the distribution p;. For data Z;11, predict
according to g;.

F1G 2. The online SeqRand algorithm

THEOREM 4.6. The cumulative loss of the online SeqRand algorithm
satisfies

n

Z EgiflL(Zi? gi—1>
i=1

n n
< min {EM > L(Zi,9)+Ege E -1 > 6x(Zir g, Gi1)+

peM i=1 i=1

In particular, when G is finite, by taking m uniform on G, we get

n n n
R . . log |G|
ZE%‘AL(ZZWQZ'—I) < Ignelél { ;L(Ziyg)"'Egg*l ;5>\(Ziagagi—l)+ b\ }

i=1

Up to the online variance function §y, the online variance inequality is the
generic algorithm condition of [34, p.11]. So cases where 4, are equal to zero
are already known. Now new results can be obtained by using that for any
loss function L and any A > 0, the online variance inequality is satisfied for
6\(Z,9,9") = 5[L(Z.g) — L(Z, g’)]2 (proof in Section 10.2). The associated
distribution 7(p) is then just p. In spirit, the result associated with these
choices is similar to the ones obtained in [28, Section 4] to the extent that it
gives a bound with second-order terms. Nevertheless, we do not know how
to properly choose the parameter A whereas the forementioned work solves
this problem. More discussion on this topic can be found in [8, Section 4.2].
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16 J.-Y. AUDIBERT

5. Model selection aggregation under Juditsky, Rigollet and Tsy-
bakov assumptions ([35]). The main result of [35] relies on the following
assumption on the loss function L and the set P of probability distributions
on Z in which we assume that the true distribution is. There exist A > 0
and a real-valued function v defined on G x G such that for any P € P

By p U2 -LZ9] < y(d, g) for any g,¢' € G

(5.1) ¥(g,9) =1 for any g € G
the function [g — ¥(¢’, g)] is concave for any ¢’ € G

Theorem 3.1 gives the following result.

COROLLARY 5.1.  Consider the algorithm which draws uniformly its pre-
diction function in the set {EQNW—AEO 9y Bgon_s., 9} Under Assumption

(5.1), its expected risk EZ{L%H o R(EgNLmi g) is upper bounded by
K(p,m)

(5.2) ;2}8[ {Eg~p R(9) + X(n+1) }-

Proor. We start by proving that the variance inequality holds with
dx = 0, and that we may take 7(p) as the Dirac distribution at the function
Eg~, 9. By using Jensen’s inequality and Fubini’s theorem, Assumption (5.1)
implies that

Eyi(p) Ezop logEy., eML(Z9)-L(Z9)]

Ez~p logE,., eMHZEy~, 9)=L(Z9)]
logEy, Ezp AML(ZEy ., 9')—L(Z,9)]
log Egn~p w(Eg’Np q,9)

log ¢(E9’~p g Egp g9)

0,

IR VARRVANIVAN

so that we can apply Theorem 3.1. It remains to note that in this context
the SeqRand algorithm is the one described in the corollary.
O

In this context, the SeqRand algorithm reduces to the randomized version
of Algorithm A. From Lemma 3.3, for convex loss functions, (5.2) also holds
for the risk of Algorithm A. Corollary 5.1 also shows that the risk bounds
for Algorithm A proved in [35, Theorem 3.2 and the examples of Section 4.2]
hold with the same constants for the SeqRand algorithm (provided that the
expected risk w.r.t. the training set distribution is replaced by the expected
risk w.r.t. both training set and randomizing distributions).
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FAST LEARNING RATES THROUGH AGGREGATION 17

On Assumption (5.1) we should say that it does not a priori require the
function L to be convex. Nevertheless, any known relevant examples deal
with “strongly” convex loss functions and we know that in general the as-
sumption will not hold for the SVM (or hinge) loss function and for the
absolute loss function. Indeed, without further assumption, one cannot ex-
pect rates better than 1/4/n for these loss functions (see Section 8.3).

By taking the appropriate variance function 6)(Z, g,¢’), it is possible to
prove that the results in [35, Theorem 3.1 and Section 4.1] holds for the
SeqRand algorithm (provided that the expected risk w.r.t. the training set
distribution is replaced by the expected risk w.r.t. both training set and ran-
domizing distributions). The choice of §5(Z, g, ¢'), which for sake of shortness
we do not specify, is in fact such that the resulting SeqRand algorithm is
again the randomized version of Algorithm A.

6. Standard-style statistical bounds. This section proposes new re-
sults of a different kind. In the previous sections, under convexity assump-
tions, we were able to achieve fast rates. Here we have assumption nei-
ther on the loss function nor on the probability generating the data. Nev-
ertheless we show that the SeqRand algorithm applied for §)(Z,9,9') =
MNL(Z,g) — L(Z, ¢'))?/2 satisfies a sharp standard-style statistical bound.

This section contains two parts: the first one provides results in expecta-
tion (as in the preceding sections) whereas the second part provides deviation
inequalities on the risk that requires advances on the sequential prediction
analysis.

6.1. Bounds on the expected risk.
6.1.1. Bernstein’s type bound.

THEOREM 6.1.  Let V(g,9') = Ez{[L(Z,9) — L(Z,¢")]?}. Consider the
SeqRand algorithm (see p.8) applied with d\(Z, g,9") = AN L(Z, 9)—L(Z, ¢'))?/2
and 7t(p) = p. Its expected risk EznEy; R(g), where we recall that i denotes
the randomizing distribution, satisfies

(6.1)
EzpEyng R(g') < min {Egup R(9) + 3Egnp EpByi V(9. 0) + 52 |
Tlhg' ~ = pem L9P 272g~p 21 ’ A(n+1)
PROOF. See Section 10.2. O

To make (6.1) more explicit and to obtain a generalization error bound
in which the randomizing distribution does not appear in the r.h.s. of the
bound, the following corollary considers a widely used assumption relating
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18 J.-Y. AUDIBERT

the variance term to the excess risk (see Mammen and Tsybakov [42, 48],
and also Polonik [45]). Precisely, from Theorem 6.1, we obtain

COROLLARY 6.2. If there exist 0 < ~v < 1 and a prediction function §
(not necessarily in G) such that V(g,g) < c[R(g) — R(g)]” for any g € G, the
expected Tisk € = EznEgp R(g) of the SeqRand algorithm used in Theorem
6.1 satisfies

o When~vy=1,

~ . c ~ K(p,m
€ - R(g9) < Iin {%J_rci [Eg~p R(g) — R(9)] + %}

In particular, for G finite, ™ the uniform distribution, A = 1/(2c),

when g belongs to G, we get £ < miél R(g) + 4c7lﬁfl‘g|.
g€

o When <1, for any 0 < 8 <1 and for R(g) 2 R(g) — R(),

3 5 1
& - R(9) < {} min (Eg~, [flo) + AR ()] + &)}V (29) 77,

PROOF. See Section 10.3. O

To understand the sharpness of Theorem 6.1, we have to compare this re-
sult with the following one that comes from the traditional (PAC-Bayesian)
statistical learning approach which relies on supremum of empirical pro-
cesses. In the following theorem, we consider the estimator minimizing the
uniform bound, i.e. the estimator for which we have the smallest upper
bound on its generalization error.

THEOREM 6.3.  We still use V(g,9') = Ez{[L(Z,9) — L(Z,¢')]*}. The
generalization error of the algorithm which draws its prediction function
according to the Gibbs distribution m_yx,, satisfies

EzmBEynn_ s, R(9)

. K(p,
62) < mip {Epp RO+ B2 AR, BgByn s, V(o)

A i1 Bgnp Ezp By, [L(Zi 9) }

Let ¢ be the positive convex increasing function defined as @(t) =
and ¢(0) = by continuity. When sup,cz jeg geg |L(2, g) — L(z, )| § B
we also hcwe

EznE, R(¢)) < min {E,., R
(6.3) zrllginn s, (g)*,grel}a{ grp (9)

K(p,m)+1
FAPAB)Egp Ezp By s, V(9:9') + %}
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FAST LEARNING RATES THROUGH AGGREGATION 19
PROOF. See Section 10.4. O]

As in Theorem 6.1, there is a variance term in which the randomizing dis-
tribution is involved. As in Corollary 6.2, one can convert (6.3) into a proper
generalization error bound, that is a non trivial bound EzrEgr_, R(g) <
B(n,m, A) where the training data do not appear in B(n,, A).

By comparing (6.3) and (6.1), we see that the classical approach requires
the quantity supyeg yeg|L(Z, g') —L(Z, g)| to be uniformly bounded and the
unpleasing function ¢ appears. In fact, using technical small expectations
theorems (see e.g. [4, Lemma 7.1]), exponential moments conditions on the
above quantity would be sufficient.

The symmetrization trick used to prove Theorem 6.1 is performed in the
prediction functions space. We do not call on the second virtual training
set currently used in statistical learning theory (see [50]). Nevertheless both
symmetrization tricks end up to the same nice property: we need no bound-
edness assumption on the loss functions. In our setting, symmetrization on
training data leads to an unwanted expectation and to a constant four times
larger (see the two variance terms of (6.2) and the discussion in [5, Section
8.3.3]).

In particular, deducing from Theorem 6.3 a corollary similar to Corollary
6.2 is only possible through (6.3) and provided that we have a boundedness
assumption on sup,cz seg geg 1L(2,9')—L(z, g)|. Indeed one cannot use (6.2)
because of the last variance term in (6.2) (since ¥,, depends on Z;).

Our approach has nevertheless the following limit: the proof of Corollary
6.2 does not use a chaining argument. As a consequence, in the particular
case when the model has polynomial entropies (see e.g. [42]) and when the
assumption in Corollary 6.2 holds for v < 1 (and not for v = 1), Corollary
6.2 does not give the minimax optimal convergence rate. Combining the
better variance control presented here with the chaining argument is an
open problem.

6.1.2. Hoeffding’s type bound. Contrary to generalization error bounds
coming from Bernstein’s inequality, (6.1) does not require any bounded-
ness assumption. For bounded losses, without any variance assumption (i.e.
roughly when the assumption used in Corollary (6.2) does not hold for
v > 0), tighter results are obtained by using Hoeffding’s inequality, that
is: for any random variable W satisfying a < W < b, then for any A > 0

EAW-EW) ~ e)\z(bfa)z/S'
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20 J.-Y. AUDIBERT

THEOREM 6.4. Assume that for any z € Z and g € G, we have a <
L(z,9) < b for some reals a,b. Consider the SeqRand algorithm (see 8)
applied with 6x\(Z,9,9') = Ab — a)?/8 and #(p) = p. Its expected risk
EznEg R(g), where we recall that i denotes the randomizing distribution,
satisfies

. Ab—a)? s
(6.4) EzpEgop R(g) < min {Eg~p R(g) + 2052 + i{(fﬁl))}

peEM
In particular, when G is finite, by taking ™ uniform on G and A = %,
we get
. 1
(6.5) EzpBqms Rlg) — min R(g) < (b a)y/ 5055,

PrOOF. From Hoeffding’s inequality, we have

Eglwﬂ.(p) log Eng e)‘[L(Z:g/)_L(ng)] = ]Og ]Eng e

A2(b—a)?
S Tw

)‘[IEg/r\/fr(p) L(Z7g/)7L(Z’g)}
9y

hence the variance inequality holds for §y = A(b — a)?/8 and #(p) = p. The
result directly follows from Theorem 3.1. O

The standard point of view (see Appendix B) applies Hoeffding’s inequal-
ity to the random variable W = L(Z,¢') — L(Z, g) for g and ¢’ fixed and Z
drawn according to the probability generating the data. The previous the-
orem uses it on the random variable W = L(Z, ¢') — Eg~, L(Z, g) for fixed
Z and fixed probability distribution p but for ¢’ drawn according to p. Here
the gain is a multiplicative factor equal to 2 (see Appendix B).

6.2. Deviation inequalities. For the comparison between Theorem 6.1
and Theorem 6.3 to be fair, one should add that (6.3) and (6.2) come from
deviation inequalities that are not exactly obtainable to the author’s knowl-
edge with the arguments developed here. Precisely, consider the following
adaptation of Lemma 5 of [56].

LEMMA 6.5. Let A be a learning algorithm which produces the prediction
function A(Z3) at time i + 1, i.e. from the data Z% = (Z1,...,72;). Let L
be the randomized algorithm which produces a prediction function L(Z7)
drawn according to the uniform distribution on {A(0), A(Z1),..., A(Z7")}.
Assume that sup, , o |L(2,9) — L(z,9')| < B for some B > 0. Conditionally
to Z1,. .., Znt1, the expectation of the risk of L w.r.t. to the uniform draw is
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FAST LEARNING RATES THROUGH AGGREGATION 21

%4_1 S o RIA(ZY)] and satisfies: for any n > 0 and € > 0, for any reference
prediction function g, with probability at least 1 — e w.r.t. the distribution of
21y Znta,
(6.6)
1 2o RIA(ZD)] = R(9) < i Yo { L Zis, A(ZD)] - L(Zi+1,9)}
+ne(1B) ks Yo VIA(Z)), §] + 28

where we still use V(g,9') = Ez{[L(Z,9) — L(Z,¢')*} for any prediction

functions g and g’ and p(t) = et_t%_t for any t > 0.

PROOF. See Section 10.5. O

We see that two variance terms appear. The first one comes from the
worst-case analysis and is hidden in 37 {L[Zi+1, A(Z})] — L(Zi11,§)} and
the second one comes from the concentration result (Lemma 10.1). The pres-
ence of this last variance term annihilates the benefits of our approach in
which we were manipulating variance terms much smaller than the tradi-
tional Bernstein’s variance term.

To illustrate this point, consider for instance least square regression with
bounded outputs: from Theorem 4.2 and Table 1, the hidden variance term is
null. In some situations, the second variance term n%rl " o VIA(ZY), §] may
behave like a positive constant: for instance, this occurs when G contains two
very different functions having the optimal risk mingeg R(g). By optimizing
n, this will lead to a deviation inequality of order n=/2 even though from
(4.4) the procedure has n~!-convergence rate in expectation. In [9, Theo-
rem 3], in a rather general learning setting, this deviation inequality of order
n~1/2 is proved to be optimal.

To conclude, for deviation inequalities, we cannot expect to do better
than the standard-style approach since at some point we use a Bernstein’s
type bound w.r.t. the distribution generating the data. Besides procedures
based on worst-case analysis seem to suffer higher fluctuations of the risk
than necessary (see [9, discussion of Theorem 3]).

REMARK 6.1. Lemma 6.5 should be compared with Lemma 4.3. The
latter deals with results in expectation while the former concerns deviation
inequalities. Note that Lemma 6.5 requires the loss function to be bounded
and makes a variance term appear.

7. Application to Lg-regression for unbounded outputs. In this
section, we consider the Ly-loss: L(Z,g) = |Y — ¢g(X)|?. As a warm-up ex-
ercise, we tackle the absolute loss setting (i.e. ¢ = 1). The following corol-
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22 J.-Y. AUDIBERT

lary holds without any assumption on the output (except naturally that if
Ez|Y| < 400 to ensure finite risk).

COROLLARY 7.1. Let ¢ = 1. Assume that sup,cg Ez g(X)* < b* for
some b > 0. There exists an estimator § such that

ER(§) — mi < 9by/2L08l9]
(7.1) R(g) rggﬂelgR(g)_ b =

ProOF. Using Ez{[|Y — g(X)| — |V — ¢(X)|]?} < 4b? and Theorem 6.1,
the algorithm considered in Theorem 6.1 satisfies ER(§) — mingeg R(g) <

2002 + /\l?gfl‘), which gives the desired result by taking A\ = 4/ 2131;) (gn‘Jgrll)' O

Now we deal with the strongly convex loss functions (i.e. ¢ > 1). By using
Theorem 3.1 jointly with the symmetrization idea developed in the previous
section allows to obtain new convergence rates in heavy noise situation, i.e.
when the output is not constrained to have a bounded exponential moment.

COROLLARY 7.2. Let g > 1. Assume that

Sngeg,xeX‘g(l“)’ <b for some b >0
EY|* <A for some s > q and A >0

G finite
Let m be the uniform distribution on G, C1 > 0 and
-1
N = Cl(lognm)(q )gs when q < s < 2q—2
C’l(ilogn‘gl)q/(s—k ) when s > 2q — 2
The expected risk of the algorithm which draws uniformly its prediction func-
tion among EQNLAEO 95 -y Bgurn_ys, g 15 upper bounded by
-1
mig R(g)+C(10gn‘g|)1_q5 when ¢ < s < 2q — 2
g€
: log[G[\1- 57
min R(g) + C(=5=) " =+ when s > 2q — 2

geg

for a quantity C which depends only on Cy, b, A, q and s.
PROOF. See Section 10.6. O

REMARK 7.1. In particular, for ¢ = 2, with the minimal assumption
EY? < A (i.e. s = 2), the convergence rate is of order n~'/2, and at the

imsart-aos ver. 2007/02/20 file: AoS_final.tex date: May 13, 2008



FAST LEARNING RATES THROUGH AGGREGATION 23

opposite, when s goes to infinity, we recover the n~! rate we have under
exponential moment condition on the output. Inequalities with precise con-
stants for least square loss can also be found in the technical report [8,
Section 7]. For ¢ > 2, low convergence rates (that is n™ with v < 1/2) ap-
pear when the moment assumption is weak: E|Y|* < A for some A > 0 and
q < s < 2q — 2. Convergence rates faster that the standard non parametric
rates n~'/2 are achieved for s > 2¢—2. Fast convergence rates systematically
occurs when 1 < g < 2 since for these values of ¢, we have s > ¢ > 2qg — 2.
Surprisingly, for ¢ = 1, the picture is completely different (see Section 8.3.2
for discussion and minimax optimality of the results of this section).

REMARK 7.2. Corollary 7.2 assumes that the prediction functions in G
are uniformly bounded. It is an open problem to have the same kind of
results under weaker assumptions such as a finite moment condition similar
to the one used in Corollary 7.1.

8. Lower bounds. The simplest way to assess the quality of an algo-
rithm and of its expected risk upper bound is to prove a risk lower bound
saying that no algorithm has better convergence rate. This section provides
this kind of assertions. The lower bounds developed here have the same spirit
as the ones in [18, 3, 14], [32, Chap. 15] and [6, Section 5] to the extent that
it relies on the following ideas:

e the supremum of a quantity Q(P) when the distribution P belongs
to some set P is larger than the supremum over a well chosen finite
subset of P, and consequently is larger than the mean of Q(P) when
the distribution P is drawn uniformly in the finite subset.

e when the chosen subset is a hypercube of 2™ distributions (see Section
8.1), the design of a lower bound over the 2™ distributions reduces to
the design of a lower bound over two distributions.

e when a data sequence Z1,..., Z, has similar likelihoods according to
two different probability distributions, then no estimator will be accu-
rate for both distributions: the maximum over the two distribution of
the risk of any estimator trained on this sequence will be all the larger
as the Bayes-optimal prediction associated with the two distributions
are ‘far away’.

We refer the reader to [15] and [47, Chap. 2] for lower bounds not par-
licularly based on finding the appropriate hypercube. Our analysis focuses
on hypercubes since in several settings they afford to obtain lower bounds
with both the right convergence rate and close to optimal constants. Our
contribution in this section is
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24 J.-Y. AUDIBERT

e to provide results for general non-regularized loss functions (we recall
that non-regularized loss functions are loss functions which can be
written as L[(z,y), g] = {|y, g(z)] for some function £:) x Y — R),

e to improve the upper bound on the variational distance appearing in
Assouad’s argument,

e to generalize the argument to asymmetrical hypercubes which, to our
knowledge, is the only way to find the lower bound matching the upper
bound of Corollary 7.2 for ¢ < s < 2q — 2,

e to express the lower bounds in terms of similarity measures between
two distributions characterizing the hypercube.

e to obtain lower bounds matching the upper bounds obtained in the
previous sections.

REMARK 8.1. In [34], the optimality of the constant in front of the
(log |G])/n has been proved by considering the situation when both |G| and n
goes to infinity. Note that this worst-case analysis constant is not necessary
the same as our batch setting constant. This section shows that the batch
setting constant is not “far” from the worst-case analysis constant.

Besides Lemma 4.3, which can be used to convert any worst-case analy-
sis upper bounds into a risk upper bound in our batch setting, also means
that any lower bounds for our batch setting leads to a lower bound in the
sequential prediction setting (the converse is not true). Indeed the cumula-
tive loss on the worst sequence of data is bigger than the average cumula-
tive loss when the data are taken i.i.d. from some probability distribution.
As a consequence, the bounds developed in this section partially solve the
open problem introduced in [34, Section 3.4] consisting in developing tight
non-asymptotical lower bounds. For least square loss and entropy loss, our
bounds are off by a multiplicative factor smaller than 4 (see Remarks 8.5
[p.35] and 8.4 [p.31]).

This section is organized as follows. Section 8.1 defines the quantities that
characterize hypercubes of probability distributions and details the links
between them. It also introduces a similarity measure between probability
distributions coming from f-divergences (see [29]). We give our main lower
bounds in Section 8.2. These bounds are illustrated in Section 8.3.

8.1. Hypercube of probability distributions and f-similarities.

DEeFINITION 8.1. Let m € N*. An hypercube of probability distributions
is a family of 2" probability distributions on Z

{P5 172 (01,...,0m) € {—;-l-}m}
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having the same first marginal, denoted u:
Po(dX) = Py 1) (dX) £ p(dX) for any & € {~+)™,

and such that there exist

e a partition Xy, ..., Xy, of X with u(AX)) =+ = u(Xn),
[ ] h1 7'5 h2 in y
e 0<p_ <py <1
for which for any j € {1,...,m}, for any z € &}, we have
(8.1) Pg(Y:h1|X:x):pgjzl—Pa(Y:h2|X:x),

and for any z € A), the distribution of Y knowing X = z is independent of
o (i.e. the 2™ conditional distributions are identical).

In particular, (8.1) means that for any z € X — Xp, the conditional prob-
ability of the output knowing the input x is concentrated on two values, and
that, under the distribution Pj, the disproportion between the probabilities
of these two values is all the larger as p,; is far from 1/2 for j the integer
such that z € &j.

An example of hypercube is illustrated in Figure 3.

REMARK 8.2. The use of hypercubes in which p; and p_ are functions
from X — A} to [0; 1] and not just constants can be required when smoothness
assumptions are put on the regression function  : z — P(Y = 1|X =
x). This is typically the case in works on plug-in classifiers ([2, 10]). For
general hypercubes handling this kind of constraints, we refer the reader to
[8, Section 8.1].

Let h; and hg be distinct output values. For any p € [0;1] and y € ),
consider

(8:2) ep(y) = pllhi,y) + (1= p)l(ha,y)

This is the risk of the prediction function identically equal to y when the
distribution generating the data satisfies P[Y = y1] = p =1 — P[Y = ya].
Through this distribution, the quantity

(8.3) 9(p) £ inf ¢, (y)

can be viewed as the risk of the best constant prediction function.
For any ¢4 and ¢_ in [0;1], introduce

(8.4) Vg (@) £ dlagr + (1 — a)q-] — aglqy) — (1 — a)d(q-)

imsart-aos ver. 2007/02/20 file: AoS_final.tex date: May 13, 2008



26 J.-Y. AUDIBERT

1
pe = 18 .
10
2
b= —
0

X X X Xy X X X A X

FiG 3. Representation of a probability distribution of the hypercube. Here the hypercube is
symmetrical (p— = 1—p4) with m = 8 and the probability distribution is characterized by
o= (+7 ) +7 EREE] +7 +7 _)

DEFINITION 8.2.  Let {P5 : 5 £ (01,...,0m) € {—;+}™} be a hypercube
of distributions.

1. The positive integer m is called the dimension of the hypercube.
2. The probability w = (1) = --- = u(X,,) is called the edge probabil-
1ty.
3. The characteristic function of the hypercube is the function ¢ : Ry —
R defined as
muw

%Z)(U) = T(U + 1)¢p+,p7(

U
u—+1

)

4. The edge discrepancy of type I of the hypercube is

(8.5) a2y

(8.6) "

5. The edge discrepancy of type II of the hypercube is defined as

2
(8.7) i = (\/p+(1 —p-) — \/(1 —p+)p-> :
6. A probability distribution Py on Z satisfying Py(dX) = p(dX) and

for any z € X — Xo, B[Y =m|X =z2] = 3 = Py[Y = ho|X = 2] will
be referred to as a base of the hypercube.

imsart-aos ver. 2007/02/20 file: AoS_final.tex date: May 13, 2008



FAST LEARNING RATES THROUGH AGGREGATION 27

7. Let Py be a base of the hypercube. Consider distributions Py),0 €
{—,+} admitting the following density w.r.t. Py:

P 2Dy when z € X and y = hy
%($’ y) =1 2[1 —ps] when z € X} and y = ho
1 otherwise

The distributions P_j and P, will be referred to as the representatives
of the hypercube.

8. When the functions p; and p_ satisfies py =1 —p_ on X — &), the
hypercube will be said symmetrical. In this case, the function 2p; — 1
will be denoted £ so that

(8.8) {p+ = 3

p_ =

—
785%

—
| Do
7a2%

N ‘

Otherwise it will be said asymmetrical.

9. A (m,w, dh)—hypercube is a constant and symmetrical m-dimensional
hypercube with edge probability w and edge discrepancy of type II
equal to dNH.

Let us now give some properties of the quantities that have just been
defined. The function ¢ is concave since it is the infimum of concave (affine)
functions. Consequently, 14, ,_ is concave and non-negative on [0; 1]. There-
fore 1 is concave and non-negative on Ry with 15(0) = 0, hence 1) is nonde-
creasing and satisfies

(8.9) D(u) > (uA1)P(1) = mwdy(u A 1).

The edge discrepancies are both non-negative quantities that are all the
smaller as p_ and p; become closer. When the function ¢ is twice differen-
tiable on ]0; 1[, the edge discrepancy d; can be written through

Yon(1/2)
= 2l (A (1= 1)][¢" [tpy + (1 — t)p-] dt,

which is proved by integration by parts. .

For a (m,w, dy)-hypercube, we have m = m, w = w, dyy = di1, £ = V/d1,
p— = (1 —+/dm)/2 and py = (1 ++/di1)/2. So when ¢ is twice differentiable
on ]p—;p-i-[)

(8.10)

(8.11) di =4 [yltn(1—1)]

o (1 4 iut) | dr.
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DEFINITION 8.3. When a probability distribution P is absolutely con-
tinuous w.r.t. another probability distribution Q, i.e. P <« Q, % denotes
the density of P w.r.t. Q. Let Ry = [0;+o00[. For any concave function
f Ry — R4, we define the f-similarity between two probability distribu-
tions as

(8.12) S¢(P,Q) = { ff(%)d(@ itP<Q

f(0) otherwise

We call it f-similarity in reference to f-divergence (see [29]) to which it is
closely related. Here we use f-similarities since they are the quantities that
naturally appear in our lower bounds.

8.2. Generalized Assouad’s lemma. We recall that the n-fold product
of a distribution P is denoted P®". We start this section with a general
lower bound for hypercubes of distributions. This lower bound is expressed
in terms of a similarity between n-fold products of representatives of the
hypercube.

THEOREM 8.1. Let P be a set of probability distributions containing a
hypercube of distributions of characteristic function 1/; and representatives
P_y and P. For any training set size n € N* and any estimator g, we
have

~ : n n
(8.13) Isplelg{ER(g) — min R(9)} > S; (P[(?ﬁ ,P[QE] )
where the minimum is taken over the space of all prediction functions and
ER(g) denotes the expected risk of the estimator § trained on a sample of
size n: ER(@) = EZf~P®" R(.@Z{L) = ]EZ{‘NP@" E(X7y),\,p K[Y, gZ{‘ (X)]

PROOF. See Section 10.7. O

This theorem provides a lower bound holding for any estimator and ex-
pressed in terms of the hypercube structure. To obtain a tight lower bound
associated with a particular learning task, it then suffices to find the hyper-
cube in P for which the r.h.s. of (8.13) is the largest possible. By providing
lower bounds of S 5 (Pfi’]@, P??) that are more explicit w.r.t. the hypercube
parameters, we obtain the tlollowing results that are more in a ready-to-use
form than Theorem 8.1.

THEOREM 8.2. Let P be a set of probability distributions containing a
hypercube of distributions characterized by its dimension m, its edge proba-
bility w and its edge discrepancies dy and dy; (see Definition 8.2). For any
estimator § and training set size n € N*| the following assertions hold.

imsart-aos ver. 2007/02/20 file: AoS_final.tex date: May 13, 2008



FAST LEARNING RATES THROUGH AGGREGATION 29

1. We have

sup{ER(§) — min R(g9)} > mwd(1 —/1—[1 —dy]™)

(8.14) PeP g
> mwdl(l— nwdH).

2. When the hypercube satisfies py =1 =1—p_, we also have

(8.15) sup{ER(§) — min R(g)} > mwdi(1 — w)"
PeP 9
PROOF. See Section 10.8. O]

The lower bound (8.15) is less general than (8.14) but provides results
with tight constants when convergence rate of order n~! has to be proven
(see Remarks 8.5 [p.35] and 8.4 [p.31]).

REMARK 8.3. The previous lower bounds consider deterministic estima-
tors (or algorithms), i.e. functions from the training set space U,>0Z" to the
prediction function space G. They still hold for randomized estimators, i.e.
functions from the training set space to the set D of probability distributions

on G.

8.3. Fxamples. Theorem 8.2 motivates the following simple strategy to
obtain a lower bound for a given set P of probability distributions and a ref-
erence set G of prediction functions: it consists in looking for the hypercube
contained in the set P and for which

e the lower bound is maximized,
e for any distribution of the hypercube, G contains a best prediction
function, i.e. mingR(g) = mingegR(g).

In general, the order of the bound is given by the quantity mwd; and the
quantities w and dy; are taken such that nwdyy is of order 1. This section
illustrates this strategy by

e providing learning lower bounds matching up to multiplicative con-
stants the upper bounds developed in the previous sections

e significantly improving the constants in classification lower bounds for
Vapnik-Cervonenkis classes

e showing that there is no uniform universal consistency for general loss
functions.
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8.3.1. Lg-regression with bounded outputs. We consider Y = [—B; B] and
Uy,y") =y —y'|%, g > 1. The learning task is to predict as well as the best
prediction function in a finite set G of cardinal denoted |G|. The results
of this section are roughly summed up in Figure 4, which represents the
minimax optimal convergence rate for L,-regression.

121

0 12

Fi1Gc 4. Influence of the convexity of the loss on the optimal convergence rate. Let ¢ > 0.

We consider Lq-losses with ¢ = 1+ C(M)u for u > 0. For such values of q, the optimal

convergence rate of the associated learning task is of order (lognﬁ)v with 1/2 < v < 1.
This figure represents the value of u in abscissa and the value of v in ordinate. The value
u = 0 corresponds to constant q greater than 1. For these q, the optimal convergence rate
is of order n=t while for ¢ = 1 or “very close” to 1, the convergence rate is of order n~1/2,

o Case1 <q<1+4/ % A 1: From (6.5), there exists an estimator
g such that

(8.16) ER(9) —min R(g) < 25 pa | [losldl
ge

The following corollary of Theorem 8.2 shows that this result is tight.
THEOREM 8.3. Let B > 0 and d € N*. For any training set size
n € N* and any input space X containing at least |log, d] points, there

exists a set G of d prediction functions such that: for any estimator §
there exists a probability distribution on the data space X X [—B; B
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for which

ER(j) — min R<g>>{ cB1y/LBlOl yp |G| < 94t

959 2cqB1 otherwise
where
1/4 if ¢g=1
Cq:{Q/40 if 1<q§1+\/%
PROOF. See Section 10.9. o

e Case q > 1+ 4/ % A1 : We have seen in Section 4 that there
exists an estimator g such that

(8.17) ER(g) — min R(g) < ar2T B (g 9) gz 1]
g

The following corollary of Theorem 8.2 shows that this result is tight.

THEOREM 8.4. Let B > 0 and d € N*. For any training set size
n € N* and input space X containing at least [logy(2d)| points, there
exists a set G of d prediction functions such that: for any estimator §
there exists a probability distribution on the data space X x [—B; B|
for which

R . _ log, |G
ER(g) — min R(g) = (go0=y V€ 1)Bq(% A1).

PROOF. See Section 10.9. O

REMARK 8.4. For least square regression (i.e. q=2), Remark 8.5
[p-35] holds provided that the multiplicative factor becomes 2e log 2 ~
3.77. More generally, the method used here gives close to optimal con-
stants but not the exact ones. We believe that this limit is due to
the use of the hypercube structure. Indeed, the reader may check that
for hypercubes of distributions, the upper bounds used in this section
are not constant-optimal since the simplifying step consisting in using
minyep - -+ < mingeg - - - is loose.

The reader may recover that there are essentially two classes of bounded
losses: the ones which are not convex or not enough convex (typical examples
are the classification loss, the hinge loss and the absolute loss) and the

imsart-aos ver. 2007/02/20 file: AoS_final.tex date: May 13, 2008



32 J.-Y. AUDIBERT

ones which are sufficiently convex (typical examples are the least square
loss, the entropy loss, the logit loss and the exponential loss). For the first
class of losses, the edge discrepancy of type I is proportional to \/dy; for
constant and symmetrical hypercubes and (8.14) leads to a convergence rate
of \/(log |G])/n. For the second class, the convergence rate is (log|G|)/n and
the lower bound can be explained by the fact that, when two prediction
functions are different on a set with low probability (typically n=1), it often
happens that the training data has no input points in this set. For such
training data, it is impossible to consistently choose the right prediction
function.

This picture of convergence rates for finite models is rather well-known,
since

e similar bounds (with looser constants) were known before for some
cases (e.g. in classification, see [51, 31]).

e mutatis mutandis, the picture exactly matches the picture in the indi-
vidual sequence prediction literature: for mixable loss functions (simi-
lar to “sufficiently convex” ), the minimax regret is O(log |G|)/n, whereas
for 0/1-type loss functions, it is O(y/(log|G[)/n) (see e.g. [34]).

8.3.2. Lg-regression for unbounded outputs having finite moments. The
framework is similar to the one of Section 8.3.1 except that “|Y| < B for
some B > 07 is replaced with “E|Y|®* < A for some s > ¢ and A > 0.

e Case ¢ =1 : From (7.1), when SupgegEZg(X)2 < b? for some b > 0,
there exists an estimator for which

ER(g) — mingeg R(g) < 2b\/(2log|G])/n.

The following corollary of Theorem 8.2 shows that this result is tight.

THEOREM 8.5. For any training set size n € N*, positive integer d,
positive real number b and input space X containing at least |logy d]
points, there exists a set G of d prediction functions uniformly bounded
by b such that: for any estimator § there exists a probability distribution
for which E|Y'| < +00 and

P ; b, /log [Gl] A 1
ER(Q)_%{?—R(Q)ZZ Og+/\1

PROOF. Let i = |log, |G|]. We consider a (i, 1/, /2% A 1)-hypercube
with hy = —b and hy = b. One may check that d; = b/dyy so that (8.14)
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gives that for any estimator there exists a probability distribution for
which E|Y| < 400 and

i) — mi m _ 1l A
ER(g) min R(g) > by\/ 4= A 1(1 N m)v
hence the desired result. O

Case ¢ > 1 : First let us recall the upper bound. In Corollary 7.2,
under the assumptions

SUPgeg zex|9(x)| < b for some b > 0
EY|* <A for some s > g and A > 0
g finite

we have proposed an algorithm satisfying

R(g) - min R(g) <

1
C(log\gl)lqu when ¢ <5 <2¢—2
__9
C(log\gl)l 2 when s > 2qg — 2

for a quantity C' which depends only on b, A, ¢ and s.
The following corollary of Theorem 8.2 shows that this result is tight
and is illustrated by Figure 5.

THEOREM 8.6. Letd € N*, s > ¢ > 1,b > 0 and A > 0. For
any training set size n € N* and input space X containing at least
|logy(2d) | points, there exists a set G of d prediction functions uni-
formly bounded by b such that: for any estimator g there exists a prob-
ability distribution on the data space X x R for which E|Y|]* < A and

g—1

R C (el A1)t~
]ER(g) — mn R(g) > (10 n|g‘ )1, q )
g€y C(gT A 1) s+2

for a quantity C' which depends only on the real numbers b, A, q and
s.

Both inequalities simultaneously hold but the first one is tight for
q < s < 2¢q — 2 while the second one is tight for s > 2¢ — 2. They are
both based on (8.14) applied to a |log, |G| |-dimensional hypercubes.

Contrary to other lower bounds obtained in this work, the first in-
equality is based on asymmetrical hypercubes. The use of this kind
of hypercubes can be partially explained by the fact that the learning

imsart-aos ver. 2007/02/20 file: AoS_final.tex date: May 13, 2008



34 J.-Y. AUDIBERT

task is asymmetrical. Indeed all values of the output space do not have
the same status since predictions are constrained to be in [—b; b] while
outputs are allowed to be in the whole real space (see the constraints
on the hypercube in the proof given in Section 10.10).

S 2(g+2)[

12r

1/qr

Fia 5. Optimal convergence rates in Lq-regression when the output has a finite moment of
order s (see Theorem 8.6). The convergence rate is of order (loiﬁ)v with 0 <v < 1. The
figure represents the value of s in abscissa and the value of v in ordinate. Two cases have
to be distinguished. For 1 < q < 2 (figure on the left), v depends smoothly on q. For ¢ > 2
(figure on the right), two stages are observed depending whether s is larger than 2q — 2.

8.3.3. Entropy loss setting. We consider Y = [0;1] and £(y,y') = K(y,y'),
where K(y,1’) is the Kullback-Leibler divergence between Bernoulli distri-
butions with respective parameters y and v', i.e. K(y,y') = ylog (%) +(1-
y) log (11:;’, ). We have seen in Section 4 that there exists an estimator § such
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that

ER(9) — in R <log|g\
(8.18) (9) min (9) < =,

The following consequence of (8.15) shows that this result is tight.

THEOREM 8.7. For any training set size n € N*| positive integer d and
input space X containing at least |logy(2d)| points, there exists a set G of d
prediction functions such that: for any estimator § there exists a probability
distribution on the data space X x [0;1] for which

E A\ . > 711 2N (1 [logs |G]]
R(9) —min R(g) > e™" (log (LA =)

PRrROOF. We use a (m,n%l A £, 1)-hypercube with m = [log,|G|| =

Ll'ffg'glj, hi = 0 and hy = 1. Let H(y) denote the Shannon entropy of the

Bernoulli distribution with parameter y, i.e.

(8.19) H(y) = —ylogy — (1 —y)log(1 —y).

Computations lead to: for any p € [0; 1],

¢(p) = H(ph1 + (1 = p)ha) — pH(h1) — (1 — p)H (h2).

From (8.4) and Definition 8.2, we get

dr = 11,0,0,1(1/2) = ¢o,1(1/2) = H(1/2) = log 2.

From (8.15), we obtain

) — mi [log, |G _ 1 1L \»
ER(9) Pl R(g) > (%331 A 1)(10g2) (1 = 257 A 15, o17)

Then the result follows from [1 — 1/(n + 1)]" \, e~ L. O

REMARK 8.5. For |G| < 272 the lower bound matches the upper bound
(8.18) up to the multiplicative factor e ~ 2.718 . For |G| > 2""2  the size of
the model is too large and, without any extra assumption, no estimator can
learn from the data. To prove the result, we consider distributions for which
the output is deterministic when knowing the input. So the lower bound
does not come from noisy situations but from situations in which different
prediction functions are not separated by the data to the extent that no
input data falls into the (small) subset on which they are different.
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8.3.4. Binary classification. We consider Y = {0;1} and I(y, y') = 1y,
Since the work of Vapnik-Cervonenkis [51], several lower bounds have been
proposed and the most achieved ones are given in [31, Chapter 14]. The
following theorem provides an improvement of the constants of some of these
bounds by a factor greater than 1000.

THEOREM 8.8. Let L € [0;1/2], n € N and G be a set of prediction
functions of VC-dimension V > 2. Consider the set Py, of probability distri-
butions on X x {0;1} such that inf,eg R(g) = L. For any estimator §:

o when L =0, there exists P € Py for which

V-1 henn >V —2
8.20 ER ~ s f R > 26(7’L+1) n W, -
(8.20) (9) inf (9) = { La—=L)"  otherwise

e when 0 < L < 1/2, there exists P € Py, for which

L(V-1) , 2(V-1) (1—2L)%n - 4
(8.21) ER(g) — ing R(g) > { \/?\/ 27n when ~—"— >3

g€ % otherwise

e there exists a probability distribution for which

~ . 1 14

(8.22) ER(g) - inf R(g) > LY

SKETCH OF THE PROOF. For hy # hg, we have ¢(p) = pA (1 —p) and for
symmetrical hypercubes di = v/dir/2. Then (8.20) comes from (8.15) and
the use of a (V —1,1/(n + 1), 1)-hypercube and a (V,1/V, 1)-hypercube.

To prove (8.21), from (8.14) and the use of a (V —1, 1%, ¥1)-hypercube,
a(V-1, m, (1—2L)?)-hypercube and a (V, 1/V, (1—2L)?)-hypercube,
we obtain

— _ 2 _ 2
LD when 0929 > &y (2D
2(V-1) (1-2L)%n 4

ER(g) — ;gg R(9) > a—2r) When —v—— >3
— 2n
—I_ZQL (1 — 4/ (1=2L)*n %/L) ) always

which can be weakened into (8.21). Finally, (8.22) comes from the last in-
equality and by choosing L such that 1 — 2L = %\/V n. O

In an asymptotical setting, [8, Section 8.4.3] provides a refinement of
(8.22).
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8.3.5. No uniform universal consistency for general losses. This type of
results is well known and tells that there is no guarantee of doing well on
finite samples. In classification setting, when the input space is infinite, i.e.
|X| = 400, by using a (|na],1/|na], 1)-hypercube with « tending to infin-
ity, one can recover that: for any training sample size n, “any discrimination
rule can have an arbitrarily bad probability of error for finite sample size”
([30]), precisely:

infsup {P[Y" # (X)) — min P[Y' # g(X)]} = 1/2,

where the infimum is taken over all (possibly randomized) classification
rules. For general loss functions, as soon as |X| = +o00, we can use (|na|, 1/|nal, 1)-
hypercubes with « tending to infinity and obtain

(8.23) ing%p{ER(Q)—igf R(g)} > sup v1,044(1/2),

Y1,Y2€Y

where 1 is the function defined in (8.4).

9. Summary of contributions and open problems. This work has
developed minimax optimal risk bounds for the general learning task con-
sisting in predicting as well as the best function in a reference set. It has
proposed to summarize this learning problem by the variance function ap-
pearing in the variance inequality (p.7). The SeqRand algorithm (Figure 1)
based on this variance function leads to minimax optimal convergence rates
in the model selection aggregation problem, and our analysis gives a nice
unified view to results coming from different communities.

In particular, results coming from the online learning literature are recov-
ered in Section 4.1. The generalization error bounds obtained by Juditsky,
Rigollet and Tsybakov in [35] are recovered for a slightly different algorithm
in Section 5.

Without any extra assumption on the learning task, we have obtained a
Bernstein’s type bound which has no known equivalent form when the loss
function is not assumed to be bounded (Section 6.1.1). When the loss func-
tion is bounded, the use of Hoeffding’s inequality w.r.t. Gibbs distributions
on the prediction function space instead of the distribution generating the
data leads to an improvement by a factor 2 of the standard-style risk bound
(Theorem 6.4).

To prove that our bounds are minimax optimal, we have refined Assouad’s
lemma particularly by taking into account the properties of the loss function.
Theorem 8.2 is tighter than previous versions of Assouad’s lemma and easier
to apply to a learning setting than Fano’s lemma (see e.g. [47]), besides the
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latter leads in general to very loose constants. It improves the constants of
lower bounds related to Vapnik-Cervonenkis classes by a factor greater than
1000. We have also illustrated our upper and lower bounds by studying the
influence of the noise of the output and of the convexity of the loss function.

For the Lg-loss with ¢ > 1, new matching upper and lower bounds
are given: in the online learning framework under boundedness assumption
(Corollary 4.5 and Section 8.3.1 jointly with Remark 8.1), in the batch learn-
ing setting under boundedness assumption (Section 4.1 and Section 8.3.1),
in the batch learning setting for unbounded observations under moment as-
sumptions (Section 7 and 8.3.2). In the latter setting, we still do assume
that the prediction functions are bounded. It is an open problem to replace
this boundedness assumption with a moment condition.

Finally this work has the following limits. Most of our results concern
expected risks and it is an open problem to provide corresponding tight
exponential inequalities. Besides we should emphasize that our expected
risk upper bounds hold only for our algorithm. This is quite different from
the classical point of view that simultaneously gives upper bounds on the
risk of any prediction function in the model. To our current knowledge, this
classical approach has a flexibility that is not recovered in our approach.
For instance, in several learning tasks, Dudley’s chaining trick [33] is the
only way to prove risk convergence with the optimal rate. So a natural
question and another open problem is whether it is possible to combine the
better variance control presented here with the chaining argument (or other
localization argument used while exponential inequalities are available).

10. Proofs.

10.1. Proof of Theorem 4.4. First, by a scaling argument, it suffices to
prove the result for a = 0 and b = 1. For ) = [0; 1], we modify the proof in
Appendix A of [36]. Precisely, claims 1 and 2, with the notation used there,
become:

1. If the function f is concave in a([p;q]) then we have A;(q) < B(p),
2. If ¢ > R(z,p,q) for any z € (p;q), then the function f is concave in

a([p; a])-
Up to the missing a (typo), the difference is that we restrict ourselves to
values of z in [p; q]. The proof of Claim 2 has no new argument For claim

1, it suffices to modify the definition of «; into x}; = ¢ A G~ l(p, ;)] €
[p; q]. Then we have L(p,z;;) < L(p, ;) and L(q,fctz) < L(p, ), hence
a(ry ;) > o) and (x4 ;) > v(2¢:). Now one can prove that f is decreasing
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on a([p; q]). By using Jensen’s inequality, we get

A(q)

N

_Clogz 1'Utz'7(xtz
—clog 37ty vy (2,

—clog > L 1vmf[a( )]
—clog f[3i via(a,)]
—clog f[ 31 1vma(xt, )]

.
~—

]

IV IV IVl
31

The end of the proof of claim 1 is then identical.

10.2. Proof of Theorem 6.1. To check that the variance inequality holds,
it suffices to prove that for any z € Z

(101) EQINP logEng eA[L(ng,)_L(zvg)]_7[L(ng) L(Z g)} S 0

To shorten formulae, let a(g’, g) = A[L(2,¢') — L(z, g)]. By Jensen’s inequal-
ity and the following symmetrization trick, (10.1) holds.

22(¢".9)
2

a(g'.9)—
Bynp Bgnp €

<1lE E a(gg)— 2240 g E —a(g',g)— 22"
(10.2) = 25y~ Bgrep © ’ +2§ “g'~vp Egrep € 2
a”(9°,9)
<Eg~p Egep cosh (a(g,¢'))e” 2

<1

where in the last inequality we used the inequality cosh(t) < et’/2 for any
t € R. The result then follows from Theorem 3.1.

10.3. Proof of Corollary 6.2. To shorten the following formula, let p
denote the law of the prediction function produced by the SeqRand algo-
rithm (w.r.t. simultaneously the training set and the randomizing proce-
dure). Then (6.1) can be written as: for any p € M,

K(p,m
(10'3) Eg’~u R(g/) <Eg4p R(Q) + %ngvp Eg’fv,u V(g, 9,) =+ )\(7(5_1))

Define R(g) = R(g) — R(j) for any g € G. Under the generalized Mammen
and Tsybakov assumption, for any g,¢ € G, we have

3V(9:9) < Ezep {[L(Z,9) - L(Z,§))*} + Ezwp {[L(Z,d) — L(Z,9)]?}
< cR(g) +cRV(g),

so that (10.3) leads to

(10.4)  Egoy [R(g) = ARY(9)] < Egnp [R(9) + AR (9)] + 5045
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This gives the first assertion. For the second statement, let @ = Eg., R(d)
and x(u) £ u — chu?. By Jensen’s inequality, the L.h.s. of (10.4) is lower
bounded by x(u). By straightforward computations, for any 0 < f < 1,

1
when u > (l‘f‘ﬁ)ﬁ, X (u) is lower bounded by (u, which implies the desired

result.

10.4. Proof of Theorem 6.3. Let us prove (6.3). Let r(g) denote the em-

pirical risk of g € G, that is r(g) = E"T@. Let p € M be some fixed distri-

bution on G. From [5, Section 8.1], with probability at least 1 — € w.r.t. the
training set distribution, for any u € M, we have

Eg~p R(9') —Egep R(g) log(c—1
K(p,m)+log(e™
<Eyp 7(9") = Egup 7(9) + Mp(AB)E gy Egep Vi(g,9) + %'

Since the Gibbs distribution 7_yy,, minimizes p — Eg, 7(g’) + K()\‘:fr), we

have

EQ/NW—/\En R(g’) B
< Egp R(9) + Xp(AB)Egir_,y Egup V(g d') + %'

Then we apply the following inequality
EW <E(W V0) = [{F°P(W > u)du = [} e "P(W > log(e~!))de
to the random variable
W= Mn[Byr_y, R(g) —Egup R(9)
“AAB)Egnn_ss, Bgp V(9,9")] = K(p, ).

We get EW < 1. At last we may choose the distribution p minimizing the
upper bound to obtain (6.3). Similarly using [5, Section 8.3], we may prove
Inequality (6.2).

10.5. Proof of Lemma 6.5. 1t suffices to apply the following adaptation
of Lemma 5 of [56] to

&(Zy,...,2;) = L[ Zi, A(Z7 )] — L(Z3, §).

LEMMA 10.1. Let ¢ still denote the positive convex increasing function

defined as o(t) = 6t_t§_t. Let b be a real number. For i =1,...,n+ 1, let

& @ 28 — R be a function uniformly upper bounded by b. For any n > 0,
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€ > 0, with probability at least 1 — € w.r.t. the distribution of Z1, ..., Zn+1,
we have

S (2, Z) < S Bz ki 2y, Z)
+ne(nb) i Bz, 6420, .., Zi) + log(€ log(<™)

where Ez, denotes the expectation w.r.t. the distribution of Z; only.

(10.5)

REMARK 10.1. The same type of bounds without variance control can
be found in [24].

PROOF. For any ¢ € {0,...,n + 1}, define

i =i 2, Zi) B 50 & — Y51 By — np(nb) Y51 Bz,

where ¢; is the short version of &;(Z1,...,Z;). For any i € {0,...,n}, we
trivially have

(10.6) VYiv1 — Vi = &1 — Bz, &G — ne(nb)Ez,  E214.

Now for any b € R, > 0 and any random variable W such that W < b a.s.,
we have

(10.7) Een(W—EW—npnb)EW?) <

REMARK 10.2. The proof of (10.7) is standard and can be found e.g.
in [4, Section 7.1.1]. We use (10.7) instead of the inequality used to prove
Lemma 5 of [56], i.c. EenlW-EW=ne@tEW-EW)] < | for W — EW < ¥/
since we are interested in excess risk bounds. Precisely, we will take W of
the form W = L(Z,g) — L(Z, ¢') for fixed functions ¢g and ¢’. Then we have
W <sup, , L—inf, 4 L while we only have W —EW < 2(sup, , L—inf, 4 L).
Besides the gain of having E(W — EW)? instead of EW? is useless in the
applications we develop here.

By combining (10.7) and (10.6), we obtain
(10.8) EZi+1€n(¢i+l_¢i) <1.

By using Markov’s inequality, we upper bound the following probability
w.r.t. the distribution of Z1,..., Z,11:

o 1
P & > S Bai + np(nb) Si! Bl + )
=P(nns1 > log(e™))
< eEem¥n+1
< Ry, (en(du—wo)EZ2 (- eﬁ(1/’n—"/’n71)EZn+1en(’/’nJrl—?/’n)))
<e
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where the last inequality follows from recursive use of (10.8). O

10.6. Proof of Corollary 7.2. We start with the following theorem con-
cerning general loss functions.

THEOREM 10.2. Let B > b > 0 and Y = R. Consider a loss function
L which can be written as L[(x,y),g] = L]y, g(x)], where the function ¢ :
R x R — R satisfies: there exists A\g > 0 such that for any y € [—B; B|, the

function y' — e 2!WY) is concave on [—b;b]. Let
A(y) = sup [y, a) = £y, B)].
|o|<b,|3|<b

For A € (0;\o], consider the algorithm that draws uniformly its prediction
function in the set {EQN“—AEO 9, Bgun_ss, 9}, and consider the deter-
ministic version of this randomized algorithm. The expected risk of these
algorithms satisfy
(10.9)
Ezp R(n+1 OEQNTF AE; 9)
EZ" +1Z ( g~T—AD,; g)

(o)
< ;Iel.l/\r/ll {Eng R(g) + A(n+1)}

2
+E{ 2200 8 vy <agyiss + [AY) = K Lagys1yvss -

PrOOF OF THEOREM 10.2. The first inequality follows from Jensen’s in-
equality. Let us prove the second. According to Theorem 3.1, it suffices to
check that the variance inequality holds for 0 < A < Ag, 7(p) the Dirac
distribution at Ey., g and

A2y A2
Al(,9). 9.9 = a(w) £ min [CA@) + (=901,

_ A% (y)

- 2

1)\A(y)<1;\y|>B + [A®W) = 5] ra@)> 1> B-

e For any z = (x,y) € Z such that |y| < B, for any probability distri-
bution p and for the above values of A and Jy, by Jensen’s inequality,
we have

E,, AEGEy~y 8) =10 -0 (0]

_ eAL(zJE Inp g’)Eng —My,g(2)]
(2B 9') By, e 20l09()] Mo
< ex\ﬁ[% o' ~p 9 (@)= M[y,ng g(x)]

=1,
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where the last inequality comes from the concavity of ¢/ — e~ 0w,
This concavity argument goes back to [37, Section 4], and was also
used in [19] and in some of the examples given in [35].

e For any z = (x,y) € Z such that |y| > B, for any 0 < ¢ < 1, by using
twice Jensen’s inequality and then by using the symmetrization trick
presented in Section 6, we have

B, LRy, §)-LEz0) (0]

e e_ék(y)Eng e)‘[L(z7]Eg’~p g’)—L(z,g)]

< e—JA(y)Eng e)\[Eg/NP L(z,9")—L(z,9)]

S e_éA(y)Eng Eg’Np eA[L(Z’g’)_L(Zag)]

— e BOE,, By, {N-OLC-Len)- -0 L)L)
« eAC[L(Z:g')*L(Z,Q)H%)\Q(1*4)2[L(Z,g’)*L(ng)]Q}

< e BWE,, By, { A0 LEDl -0 ) Liea)
% eA<A(y)+§A2(1—<>2A2<y)}

< e W) AAW+3A2(1-0)°A%(y)
Taking ¢ € [0; 1] minimizing the last r.h.s., we obtain that

E,, AML(ZEy ., 9)—L(2.9)=0x(2.9.9)] < 1

From the two previous computations, we obtain that for any z € Z,

log By, eNECGEy~p 9)=1(z0)=0x(29.9] <

so that the variance inequality holds for the above values of A, 7(p) and Jy,
and the result follows from Theorem 3.1. O]

To apply Theorem 10.2, we will first determine A for which the function
¢y — e Ml=¥1" is concave. For any given y € [—B; B], for any ¢ > 1,
straightforward computations give

¢"(y) = [oaly’ — yl? — (¢ — D] hogly’ —y|¢2e PobvT"

for y' # y, hence (" < 0 on [—b;b] — {y} for Ny = ﬁ. Now since the
derivative ¢’ is defined at the point 7, we conclude that the function ( is
concave on [—b; b], so that we may use Theorem 10.2 with \g = ﬁ.

For any |y| > b, we have
2bq(ly| — b)7! < A(y) < 2bg(|y| + )7~
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As a consequence, when |y| > b+ (2bg\)~"/(@=D we have AA(y) > 1 and
A(y) — 1/(2)) can be upper bounded by C’|y|?~!, where the quantity C’
depends only on b and q.

For other values of |y|, i.e. when b < |y| < b+ (2bg\)~'/(@= D we have

)\AQ( )

Laag)<tlyl>5 + [AW) — 5] 1raw)>1y>B

_ (1-Q)*AA%(y)
= uin, {CA( )+ 3 }1\y|>B

< FAA% (YL, p
< 2)\52q2(!y\ + b))% 21, 5
< C"Aly[* 15,

where C” depends only on b and q.
Therefore from (10.9), for any 0 < b < B and A > 0 satisfying A\ <
q(B+b)‘1’ the expected risk is upper bounded by
(10.10)
. K(p,m _
min {Eg~p R(g) + A(iﬁu))} +E{C YT 1y 504 (20g0) -1/ -0y | B )
FE{C"NY P11 5y | (20g2) -1/ -

Let us take B = (qq;/\l)l/q — b with X small enough to ensure that b < B <

b+ (2bg\)~1/(@=1)_ This means that A should be taken smaller than some
positive constant depending only on b and ¢. Then (10.10) can be written
as

. K(p,m _
min {Eng R(g) + )\(’Eﬁf—lg} + E{C/‘Y‘q 11|Y|>b+(2bq)\)_l/(q_1)}

peEM
+E{C" Y |?721 (1

)L/ 4—b<|Y | <b+(2bgA) ~1/ (4= b}t
The moment assumption on Y implies
(10.11) @’ TIE[Y |11)y|>q < Afor any 0 < ¢ < s and a > 0.

So we can upper bound (10.10) with

s—2q+2 2—2qg+s
min R(g) + 4l + OATT 4 AN Lizgga + AT Locayo)
ge N

where C' depends only on b, A, ¢ and s. So we get

EZ{L nil Z?=0 R(EQNTL/\ZZ' g)
; loglg\ 2dt?
gmlg R(g) + +ON T +CN 7 1942
g€

SlI+

< min R(g) + + 1819 AT gy n + CATE Lasgg o,
g9
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since 1= T > 52042 g equivalent to s > 2¢ — 2. By taking A of order of the

minimum of the r.h.s. (which implies that A goes to 0 when n/log |G| goes
to infinity), we obtain the desired result.

10.7. Proof of Theorem 8.1. The symbols oy, ..., o, still denote the co-
ordinates of 6 € {—;+}™. For any r € {—;0;+}, define

N ) )
Ojr = (Jla sy 05—1,T, 0541, - .- )O-m)

as the vector deduced from & by fixing its j-th coordinate to r. Since 7, +
and &5 belong to {—;+}", we have already defined P5, , and P5, . Now
we define the distribution Py, as P, ,(dX) = u(dX) and

1= Py, (Y = hslX)

1
= for any X € X;
= Py, (Y = h|X) ={ 2 /

P5(Y = h1|X) otherwise °

The distribution P, , differs from FP; only by the conditional law of the
output knowing that the input is in X;. We recall that P®" denotes the n-
fold product of a distribution P. For any r € {— —|—} 1ntroduce the likelihood

ratios for the data 27 = (Z1,..., Zy): mr(Z7) &

P®” ~(Z7). This quantity is

independent of the value of 5. Let v be the uniform dlstrlbutlon on {—,+},
Le.v({+}) =1/2=1-v({-}). In the following, E5 denotes the expectation
when & is drawn according to the m-fold product distribution of v, and
Ex = Ex~,. We have

(10.12)
o N

sup{ E_ R()—ming Rg)}
> —e{su-li}m{EZ{lNPgn IEZNPav E[ng(X)] - ming EZNP& E[YLQ(X)]}
= {Sup} {EZ{LNpgbn Exp,@x) [EYng(dY|X) (Y, g(X)]

gEL—;+ ™

— E Y,
Z%IJI} Y~P;(dY|X) 4 y)”

= sup {EZ{LNpgn Ex {ZTZO 1xex, (@poj [9(X)] - ¢[Paj]>]}

ge{—+}m
> By pon Ex| S0 Lxen, (gopg [3(X)] = 6lpo,])|
= X 1EX{1XexE Eyepgn [P®n< ) (0, 16(0)] = 6lpo,1) | }
= Zj:1EX{1XerE01,...,aj,l7aj+1,...7amEZ{LNPL§>_rB

B, To, g (21) (90, 1§00)] — 6lpa,)) )
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The two inequalities in (10.12) are Assouad’s argument ([3]). For any = € X,

introduce o (Z7) = 7r+,j(g?)j£f?,)j(Z{‘)' The last expectation in (10.12) is
(10.13)
Eons o (Z1) (1290 [9(X)] = Blpo])

=%[W+,J(Zl)+7r— (21)]
x{ o (Z)ep. [9(X)] + [1 = 05(ZD)]pp [9(X)]
—aj<zn> (p+) — [1— a5 (ZD)]e(p-) }
= 1[W+J(Zl )+ )]{9%] Pp++[1—a; (Z7)]p- [9(X)]
—%(Z“) () = [1 = a5 (ZD)]6(p-) }
> 3 [m s (21) + 75 (20)] {6 (s (Z0)p+ + [1 — 0 (Z)]p-)
—aj<zn> < +) = [ = a(ZD)]6(r-)}
= %[W+j(z?) + 1 (Z7)|Wp, -0 (ZT))]
B N
so that
52 B 7O~ ming R0}
> iz T Bx{LxenBa g [7-5(20)0 (724755}
:ﬁ jzlEX{lXexE—S (P(?Z,Pm)}
= ST Sy (P PR )
Now since we consider a hypercube, for any j € {1,...,m}, all the terms

in the sum are equal. Besides one can check that the last f-similarity does
not depend on &, and is equal to S- (P[%L P[®?), where we recall that P
and P_) denote the representatives of the hypercube (see Definition 8.2).

Therefore we obtain

sup {ER(Q) — ming R(g)} > S5 (P[?f, P[®7f)
PeP

10.8. Proof of Theorem 8.2. First, when the hypercube satisfies p, =
1 =1-—p_, from the definition of dj given in (8.5), we have S (P[?i?, P[®?)
mwdi(1 — w)™ so that Theorem 8.1 implies (8.15).

Inequality (8.14) is deduced from Theorem 8.1 by lower bounding the
-similarity. Since u — u A 1 is a non-negative concave function defined on
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R, we may define the similarity

SA(]P’,Q)é/((g/\l)dQ:/(dIP’/\d@)

where the second equality introduces a formal (but intuitive) notation. From
Theorem 8.1, by using (8.9), we obtain

COROLLARY 10.3.  Let P be a set of probability distributions containing
a hypercube of distributions of characteristic function v and representatives
P_y and Py. For any estimator g, we have

(10.14) sup {ER(9) —min R(g)} > mwdiSy(PE}, PEY)
PeP g

where the minimum is taken over the space of prediction functions.
The following lemma and (10.14) imply (8.14).
LEmMMA 10.4. We have

(10.15) SNPET PEY) 2 1= V1= 1= du]™ > 1 — Vnwdi.
PROOF. See Section 10.8.1. O

10.8.1. Proof of Lemma 10.4. For o € {—,+}, define @), as the probabil-
ity on {h1, ho} such that Q,(Y = h1) = ps = 1—Q,(Y = hg). The following
lemma relates the A-similarity between representatives of the hypercube and
the A-similarity between Q)+ and Q)_.

LEMMA 10.5.  Consider a convex function v : Ry — Ry such that
(k) < SA(QFF. QZF)

for any k € {0,...,n}, where by convention Sy(QF",Q%°) = 1. For any
estimator g, we have
SA (P[?i?, P[_?) > y(nw).

PROOF OF LEMMA 10.5. For any points z1 = (21,Y1),.-.,2n = (Tn, Yn)
in X x {hy,ha}, let C(z1,...,2,) denotes the number of z; for which z; €
Xy. For any k € {0,...,n}, let By = C"!({k}) denote the subset of (X x
{hl,hg})n for which exactly k points are in X} x {hj, ho}. We recall that
there are () possibilities of taking k elements among n and the probability of
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X € &) when X is drawn according to pis w = p(X7). Let 21 = X1 x{hy, ha}
and let Z{ denote the complement of Z;. We have

(10.16)
®n Xn
Sn (PH];]:[ o)
= JUA (G 20) )APEN (a1, 20)

(-]

= Yoo lp, 1A (F2() - FEL () )APLy(21) - AP (20)

= k=0 (k) f(zl)k (ZC)n—kl (%(2’1) %(zn))dpﬁ?(zl, s 2n)
= Y=o (2) f(zl)k x(Z¢)n— klA(P{j(Zl) %(Zk)>dp[®i?(21, , Zn)
= Y=o (1" (%)f(zlklA PH](Zl)“'ﬁ_;(Zk))dP[ 1z )
= koo (R F(ZD)uF(21)SA(QFF, Q%)

> Y=o () (1 = w)" Fuwhy (k)

= Eqy(V)

where V is a Binomial distribution with parameters n and w. By Jensen’s
inequality, we have Ey(V') > v[E(V)] = v(nw), which ends the proof. [

The interest of the previous lemma is to provide a lower bound on the
similarity between representatives of the hypercube from a lower bound on
the similarities between distributions much simpler to study. The following
result lower bounds these similarities.

LEMMA 10.6. For any non-negative integer k, we have

(10.17) SA(QFF,Q%F) > 1 — /1 —[1 —dnlk > 1 — VEdq,

PROOF OF LEMMA 10.6. To study divergences (or equivalently similar-
ities) between k-fold product distributions, the standard way is to link the
divergence (or similarity) of the product with the ones of base distributions.
This lead to tensorization equalities or inequalities. To obtain a tensoriza-
tion inequality for S,, we introduce the similarity associated with the square
root function (which is non-negative and concave):

S/ (P,Q) 2 [ /dPdQ

and use the following lemmas:
LEMMA 10.7.  For any probability distributions P and Q, we have

S\(P,Q) > 1-,/1-8%(P,Q).
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PROOF. Introduce the variational distance V(P,Q) as the f-divergence
associated with the convex function f : u — $|u—1|. From Scheffé’s theorem,

we have SA(P,Q) = 1 — V(P,Q) for any distributions P and Q. Introduce

the Hellinger distance H, which is defined as H(P,Q) > 0 and 1 — w =
S \/(IP’, Q) for any probability distributions P and Q. The variational and
Hellinger distances are known (see e.g. [47, Lemma 2.2]) to be related by

\/1 _ EEe)?

hence the result. O

LeEMMA 10.8.  For any distributions PO PO QM. .. Q" we have
,5\/(]?(1) @---@P® ¥V g...® Q(k))
= 5\/(1@(1)7(@(1)) NETER. S\/(P(k)aQ(k))

PROOF OF LEMMA 10.8. When it exists, the density of P @ - .. @ P(*)
wrt. Q) @ ... @ Q¥ is the product of the densities of P w.r.t. Q.
i=1,...,k, hence the desired tensorization equality.

O]

From the last two lemmas, we obtain

SA(QFF, Q=0 > 1 - \/1 - 5%(Q4,Q-)

Now we have

5\2/(@4-7@—) = [V prp- +\/(1—p+)(1—p_)]2

= 1-[Vpr(@—p) — VA —pip- )
= 1—dn

So we get

(10.18) SA(QFF, Q%) > 1 — /1 — (1 —dn)k > 1 — Vkdi,

where the second inequality follows from the inequality 1 — 2% < k(1 — x)
that holds for any 0 < 2 <1 and k > 1. This ends the proof of (10.17).
O

By computing the second derivative of u +— /1 — e~%, we obtain that this
function is concave. So for any a € [0; 1], the functions z — 1 —+/1 — a® and
x +— 1 —y/ax are convex. The convexity of these functions and Lemmas 10.5
and 10.6 imply Lemma 10.4.
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10.9. Proof of Theorems 8.3 and 8.4. We consider a (1, w, dh)—hypercube
with
n = |logy |G]],
hi = —B and hs = B, and with @ and dj; to be taken in order to (almost)
maximize the bound.

Case ¢ = 1. Computations lead to

1 1 Vd
P+ — ‘ N ‘p— - H = ?HVQ —hi| = BVdn

dp = |hy — ] 5 5

so that, choosing w = 1/m, (8.14) gives

sup {ER(9) mlnR (9)} > BVdu(l—+/ndiu/m).

PeH

Maximizing the lower bound w.r.t. dij, we choose di; = % A 1 and obtain
the announced result.

Casel <g<1+ \/% A 1. Tedious computations put in Appendix A lead
to: for any p € [0; 1],

=np(l — . |h2*hl\q1 -
(10.19) ¢(p) = p(1 —p) o
and
(10.20) ¢"(p) = — 75 lp(1 - p)]% __lha=hlt

prT+a-p7T]"

From (8.11), for any 0 < € < 1, we get

4> duflg[t/\( )]¢”(1 ﬁJr\/ﬁt)‘
> @6(2 €) inf ‘ i U)|
B N TR ey
2 ’ 2
> Coagy ¢”(1_€§/ﬂ>
> (2 €2=9 g « [1—62dn]§%q (2B)7
= 1L 4 22q+1[<1+e¢m/21q 1
q
> 209 gy 4BU(1 e /)it (14 ev/d)

(1-¢/2)q Bwl%(l—ewm? H1 4 evdn) ©r

2—q
Let K = (1 — es/dn)qfl( + ev/dn ) . From (8.14), taking w = 1/m, we
get

(10.21)
sup {ER(9) mmR (9)} > 1—6/2)Kqu;C£—Ii(1—\/ndH/ﬁ1).
PeH
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This leads us to choose djf = % Alande= (¢—1)\/ %V i < % and obtain

ER(3) — ming R(g) > B K{(1/2) v (1- /2)}.

Since 1 < ¢ < 2 and ev/dpp = qg—l, we may check that K > 0.29 (to be

compared with lim,_,; K = e~! ~ 0.37).
Case ¢ > 1+ /2. We take 0 = n%rl A L. From (8.4), (8.5) and (10.19),
we get di = Y10-B,B(1/2) = ¢_p p(1/2) = BY. From (8.15), we obtain

(1022) ER(g) — min R(g)

v

1 g
(Pl A1) BI(1 - 5 A )"

. log, |G
> e 1Bq(LOSi\1 1 A1),
where the last inequality uses [1 — 1/(n + 1)]" \, e~ L.

Improvement when 141/ A1 < ¢ < 2. From (10.21), by choosing € = 1/2
2— 1-2
and introducing K’ = (1 — \/dH/Q)qTI{(l + \/dH/Q)?lq, we obtain

sup {ER(9) —min R(g)} = MK’ (1 - /ndu /).

This leads us to choose dip = % A 1. Since 1/% Al < g — 1, we have
2-q 1-2q

Vi < %(q — 1), hence K’ > (1 — %(q — 1)1 (1+ %(q — 1)) 1. For any

1 < ¢ < 2, this last quantity is greater than 0.2. So we have proved that for

1+ Al<g<2,

(10.23) ER(g) — r;lelg R(9) > g5y B [logz 6],

Theorem 8.4 follows from (10.22) and (10.23).
10.10. Proof of Theorem 8.6.

10.10.1. Proof of the first inequality of Theorem 8.6. Let m = |logy |G|].
Contrary to other lower bounds obtained in this work, this learning set-
ting requires asymmetrical hypercubes of distributions. Here we consider a
constant m-dimensional hypercube of distributions with edge probability w
such that py = p, p— =0, hy = +B and hy = 0, where w, p and B are
positive real parameters to be chosen according to the strategy described at
the beginning of Section 8.3. To have E|Y|* < A, we need that mwpB® < A.
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To ensure that a best prediction function has infinite norm bounded by b,
from the computations at the beginning of Appendix A, we need that

B < pt/(a=1) 4 (1—p)l/(a-1)

= P/ D b.

This inequality is in particular satisfied for B = Cp~/(¢=1 for appropriate
small constant C' depending on b and ¢. From the definition of the edge
discrepancy of type II, we have dip = p. In order to have the r.h.s. of (8.14)
of order mwdy, we want to have nwp < C' < 1. All the previous constraints
lead us to take the parameters w, p and B such that

B = Cp Y1)
mwpBs = A
nwp = 1/4

Let @ = ™ A 1. This leads to p = CQU™V/*, B = CQ™Y/* and & =
Ci Q1= (e=1/5 with C small positive constants depending on b, A, ¢ and
s. Now from the definition of the edge discrepancy of type I and (8.10), we
have

2
di = Z [J[tA(1—1)]|6f 5(tp)|dt
2 3/4 .
> O [y ming a6 () dt
> CpPpai B
e

where the last inequality comes from (10.20). From (8.14), we get

sup {ER(§) — min R(g)} > CQ'~ 5.
PeP 9€g

10.10.2. Proof of the second inequality of Theorem 8.6. We still use m =
|logy |G||. We consider a (1, W, dyr)-hypercube with by = —B and hy = +B,
where w, dir and B are positive real parameters to be chosen according to the
strategy described at the beginning of Section 8.3. To have E|Y|* < A, we
need that mwB*® < A. To ensure that a best prediction function has infinite

norm bounded by b, from the computations at the beginning of Appendix
A), we need that

[14(dip) /2] (@=D) 4 [1—(dyp) /2] M/ (@=D)
(10.24) B < [1+(d’3)1/2]1/(q71)7[17(d§1)1/2}1/(471) b.

For fixed ¢ and b, this inequality essentially means that B < C’d}flﬂ since
we intend to take diy close to 0. In order to have the r.h.s. of (8.14) of order
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mwdy, we want to have nwdy < 1 /4 where, once more, this last constant is
arbitrarily taken. The previous constraints lead us to choose

B=cCdy \*
B = A
nidy = 1/4

We still use Q@ = ™ A 1. This leads to diy = CQ¥ 2, B = CQ~"/+? and
W = Cri~1Q%/(572) with C small positive constants depending on b, A, ¢ and
5. Now from (10.20), we have ¢"(t) > CBY = CQ~9/(*2) for t € [p_;p.].
Using (8.11) and (8.14), we obtain

sup {ER(g) - min R(g)} > Q'™
PepP 9€g

APPENDIX A: COMPUTATIONS OF THE SECOND DERIVATIVE OF
¢ FOR THE L,-LOSS

Let h; and ho be fixed. We start with the computation of ¢. For any
p € [0;1], the quantity ¢,(y) = ply—h1|?4+ (1 —p)|y — he|? is minimized when
y € [h1 Ahg; h1Vhs] and pg(y—h1)?! = (1—p)q(ha—y)? L. Introducing r =
qi—l and D = p"+(1—p)", the minimizer can be written as y = }W
and the minimum is

o) = (PUB" + (=) ) ha — b e
= p(1-plght,

where we use the equality rq =1 4+ r. We get

md(p) = 5k +p(1—p)(1—qrD™p~ — (1 —p)"Y]
D={(1=2p)[p" + (1 —p)"] = (1 = p)p" +p(1 — )"}
= D—q{(l _p)r+1 _pr—i—l}’

hence

o ®’ () = —gr DT T = (1= p) (1 - p) ]
_qT,D—q—l[pr o (1 o p)r]2
— —q’l"D_q_lpr_l(l _ p)r—l
27
I G ) i

a1 [qu“r(l—p)q%l]ﬁl
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APPENDIX B: EXPECTED RISK BOUND FROM HOEFFDING’S
INEQUALITY
Let A > 0 and p be a probability distribution on G. Let r(g) denote

1 n

the empirical risk of a prediction function g, that is r(g) = - >7iy L(Z;, g)-
Hoeffding’s inequality applied to the random variable W = E,., L(Z, g) —
L(Z,q") € [-(b—a);b— a] for a fixed ¢’ gives

Eyp eW-EW] < on(b=a)?/2

for any n > 0. For n = X' /n, this leads to
Ezp N R(9)"Egrp R(9)=1(9")+Egrp 7(9)] < (V)2 (0—a)?/(2n)
Consider the Gibbs distribution p = 7_ys.. This distribution satisfies
Egnp r(g") + K(p,m) /N < Egep r(g) + K(p,m) /N
We have

]EZng’Nﬁ R(gl) - Eng R(g)
K(p,m)—K(p,m
Ezp{Bgj [R(g') = Egnp R(g) — 7(g) — Byn, r(g)] + KDKED Y
% +Ezp L 10g By or N [R(9")~Egrnp R(9)=7(9")~Egnp 7(9)]
Klom) | 110, By eV RO ~Eomp R0)=r(e)~Eymy 7(0)
N (b—a)? '

IN

K(p,m)
by + 2n

VAN VANNVAN

This proved that for any A > 0, the generalization error of the algorithm
which draws its prediction function according to the Gibbs distribution
T_\x, /2 satisfies

EZng’ R(¢') < min {ngp R(g) + Q{A(bgaﬁ n KE\T)} }’

N _\2p /2 pEM

where we use the change of variable A = 2)/n in order to underline the
difference with (6.4).
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