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Abstract

We introduce a new recursive aggregation procedure called Bernstein Online Ag-
gregation (BOA). Its exponential weights include a second order refinement. The
procedure is optimal for the model selection problem in the iid setting, see [Tsy03];
the excess of risk of its batch version achieves the fast rate of convergence log(M)/n
in deviation when the loss is Lipschitz and strongly convex. The BOA procedure is
the first online algorithm that satisfies this optimal fast rate. The second order re-
finement is required to achieve the optimality in deviation as the classical exponential
weights cannot be optimal, see [Aud09]. This refinement is settled thanks to a new
online to batch conversion that estimates the deviations in the stochastic environment
with random second order terms. It converts a second order regret bound for BOA
similar than in [GSVE14] to a bound on the cumulative predictive risk in a general
stochastic context. The empirical second order term is shown to be sufficiently small
to assert the fast rate in the iid setting when the loss is Lipschitz and strongly convex.
We also introduce a multiple learning rates version of BOA. This fully adaptive BOA
procedure is also optimal, up to a loglog(n) factor.

Keywords Exponential weighted averages, learning theory, individual sequences.

1 Introduction and main results

We consider the online setting where observations F; = {(X1, Y1),..., (X, Y:)} are avail-
able recursively ((Xo, Yo) = (20, yo) arbitrary). The goal of statistical learning is to predict
Yir1 € R given Xy € X, for X a probability space, on the basis of ;. In this paper,
we index with the subscript ¢ any random element that is adapted with F;. A learner is a
function X — R, denoted f;, that depends only on the past observations F; and such that
ft(Xi41) is close to Yii1. This closeness at time ¢ + 1 is addressed by the predictive risk

E[l(Yit1, ft(Xes1)) | Fil



where ¢ : R? — R is a loss function. We define an online learner f as a recursive algorithm
that produces at each time ¢ > 1 a learner: f = (fo, f1, f2,...). The accuracy of an online
learner is quantified by the cumulative predictive risk

n+1
Ruy1(f) =) BV, fia (X)) | Fial.
t=1

Given a finite set H = {f1,..., far} of online learners, we aim at finding optimal online
aggregation procedures

M M M
f= < > miofi0 Y miafin Y miafie. .. >
j=1 j=1 j=1

with Fi-measurable weights m;; > 0, Z]Nil mit = 1,t=0,...,n. We call deterministic
aggregation procedures f, any online learner of the form

M M M
fr= <Z7ijj,0, S mifin Y mifia.-. >
=1 i=1 i=1

with 7 = (7)1<j<m with ZJM:1 mj = 1. Notice that 7 can be viewed as a probability
measure on the set {1,..., M}. We will also use the notation 7; for the probability mea-
sure (mj¢)1<j<ar on {1,...,M}. Then, f; is denoted E[f;] and, with some abuse, f
is denoted Ex[f;] = (Ex, [fj 0, Exi[fj1), Exy[fj2],-..). The predictive performance of an
online aggregation procedure f is compared with the best element of H or with the best
deterministic aggregation of H. Following the pioneer works [Nem00, Tsy03], we refer to
these two different objectives as, respectively, the convex Problem (C) or the model selec-
tion Problem (MS). The performance of online aggregation procedures is usually measured
using the deterministic regret (in the context of individual sequences prediction, see the
seminal book [CBLO06]). In this paper, we use instead the excess of cumulative predictive
risk, defined as

Problem (C): R,i1(f) — igf Ryi1(fr), Problem (MS): R (f) — mln Ry 11(fj)-

A new online to batch conversion is used to extend the second order regret bounds
obtained for the deterministic regret to the cumulative predictive risk for any stochastic
environment, see Theorem 4.1. Thanks to the use of the cumulative predictive risk, no
assumption is required on the temporal dependence structure of the stochastic process
(Xt,Y:). However, there is no warranty of the optimality of the procedure at that stage.
To define properly the notion of optimality, we will consider the specific iid setting of
independent identically distributed observations (X}, Y;) when the online learners are con-
stants: f;; = f;, t > 0. In the iid setting, we suppress the indexation with time ¢ as
much as p0881ble The batch version of an online aggregation procedure f is defined as
f=m+1)71Y0, fi. The cumulative predictive risk Ry ( f ) provides an upper bound



for the predictive risk R(f) with R(f) = E[¢(Y, f(X))]: Applying Jensen’s inequality, we
have for any convex loss ¢ that

R n+1
r(p) < Bl - 2N e fa (60 | Fl

t=1

In the iid setting, lower bounds for the excesses of risk

Problem C: R(f) —inf R(fx), Problem MS: R(f) — min R(f;).
™ J

are provided in [Nem00, Tsy03]. These lower bounds are called optimal rates of conver-
gence. For Problem (C), the optimal rate is y/log M/n when M > \/n and for Problem
(MS) the optimal rate is log M /n. The latter rate is called a fast rate of convergence. We
are now ready to define the notion of optimality of an online aggregation procedure we
will use:

Definition 1.1 (from [Tsy03] in the batch setting). An online aggregation procedure is
optimal for Problems (C) or (MS) if its batch version achieves, respectively, the optimal
rates \/log M /n or log M /n with high probability, i.e. there exists C' > 0 such that with
probability 1 —e™*, x > 0, it holds

R() =inf R(f) < CEZEE or R() - minR() < CRERLE

The notion of optimality for Problem (MS) is very restrictive. Very few known pro-
cedures achieve the fast rate log M /n with high probability and none of them are issued
from online procedures. In this article, we provide the first online aggregation procedure,
called Bernstein Online Aggregation (BOA), that is proved to be optimal. Before defining
it properly, let us review the existing optimal procedures for Problem (MS).

The batch procedures in [Aud07, LM09, LR13] achieve the optimal rate in deviation.
A priori, they are less explicit as they require to optimize a non regular criteria. This
practical issue has been solved in the context of quadratic loss with gaussian noise in
[DRXZ12]. The algorithm is a recursive greedy one and not an online one. On the opposite,
before our work no online algorithm achieves the optimal fast rate in deviation. Most
popular progressive aggregation rules are exponential weights algorithms (EWA) studied
in [Vov90, HKW98|. Batch versions of EWA coincides with the Progressive Mixture Rules
(PRMs). The properties of the excess of risk of such procedures have been extensively
studied in [Cat04]. PRMs achieve the fast optimal rate log M /n in expectation in the iid
context; see [Cat04, JRT08]|. However, PRMs are suboptimal in deviation, i.e. the optimal
rate cannot hold with high probability, see [Aud07, DRXZ12].

The optimal BOA procedure is obtained using a necessary second order refinement of
EWA. Figure 1 describes the computation of the weights in the BOA procedure. Other
procedures already exist with different second order refinements, see [Aud09, HK10]. None
of them have been proved to be optimal for (MS) in deviation. The choice of the second
order refinement is crucial. In this paper, the second order refinement is chosen as

Cie =LYy, fi1-1(Xe) — Ery  [6(Y2, fi-1(X0))]
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Parameters: Learning rate n > 0.
Initialization: Set ;o > 0 such that zjﬂil mjo = 1.
For: Each time round 1 <t < n, compute the weight vector m; = (7 ¢)1<j<um:

exp(=nl(Ye, fi1-1(Xe)) = *G )mje1 exp(—nlss(1+nlje))mje

. _ .
P By [exp (=l (Y, fre1(X0) = 22 Eryfexp(—nts (1 +10;0))]

Figure 1: The BOA algorithm

thanks to the new online to batch procedure that we describe below. Notice that the
second order refinement £;; tends to stabilize the procedure as the distances between the
losses of the learners and the aggregation procedure are costly.

We achieve an upper bound for the excess of risk by following standard arguments. We
first derive a second order bound on the regret (or excess of losses) in the deterministic
setting: for any deterministic 7

n+1
Roi1(f) = Rusa (f) where  R,41(f) = Z“Yta fi-1(Xy)).
=1

N

Then we extend it to an upper bound on the excess of risk R,,(f)— R, (fr) in any stochastic
environment. In previous works, the online to batch conversion follows from an application
of a Bernstein inequality for martingales. It provide a control of the deviations in the
stochastic environment via the predictable quadratic variation, see for instance [Fre75,
Zha05, KT08]. Here we prefer to use an empirical counterpart of the classical Bernstein
inequality, based on the quadratic variation instead of the predictive quadratic variation.
For any martingale (M;), we denote AM; = M; — M;_; its difference (AMy = 0 by
convention) and [M]; = 2;21 AM 3‘2 its quadratic variation. We will use the following new
empirical Bernstein inequality:

Theorem 1.1. Let M be a martingale such that AMy > —1/2 a.s. for allt > 0. Then
for any n > 0 we have Elexp(M,, — [M],)] < 1.

Empirical Bernstein’s inequalities have already been developed in [AMS06, MP09] and
use in the multi-armed bandit and penalized ERM problems. Applying Theorem 1.1, we
estimate successively the deviations of two different martingales

1. AM;; = —nl;; as a function of j, distributed as m;_1 on {1,..., M} given F, 11,

2. My = n(Re(f) — Re(fj) — Re(f) + Re(f;)) such that AM;; = n(Be1[lje] — )
where E;_; denotes the expectation of (X;,Y};) conditionally on F;_1.

The first application 1. of Theorem 1.1 will provide a second order bound on the regret in
the deterministic setting whereas the second 2. will provide the online to batch conversion.
In both cases, the second order term will be equal to n~ M, 1 = nZ?ill Eit after
renormalization. It is the main motivation of BOA; as our notion of optimality requires
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an online to batch conversion, the necessary cost is a second order term appearing in the
empirical online to batch conversion. An online procedure will achieve good performances
in the batch setting if the second order bound of the regret is similar than this necessary
cost. We describe below why the BOA procedure achieves this aim.

In the first application 1. of Theorem 1.1, we have E, ,[AM;] = 0 and we verify that
A M, is centered. An application of Theorem 1.1 yields the regret bound of Theorem 3.1:

n+1 .
Ex Ros1(£)) < inf {Be [Roa (f5) +0 3 &, + W} L
t=1

Such second order bounds also hold for the regret of other algorithms, see [CBMS07].
The procedure introduced in [HK10] achieves a second order regret bound that is not
comparable with the one of BOA. In [GSVE14], the authors introduced the ML-prod
and ML-pol procedures that satisfies the same regret bound. Using our new online to
batch conversion, this second order regret bound is converted to the stochastic setting.
Application 2. of Theorem 1.1 yields the bound on the excess of cumulative risk of Theorem
4.2. With probability 1 —e™*, x > 0, we have

S log(m;/mj0) +
Ez[Rpt1(f)] < inf {Ew [Rnﬂ(fj) + 2y 2, 22 77]’0 ] }
t=1

Thanks to the use of the cumulative predictive risk, this bound is valid in any stochastic
environment. We will extend it in various directions. We will introduce

e the sub-gradient trick to bound the excess of risk in Problem (C),
e the multiple learning rates for adapting the procedure and

e the batch version of BOA to achieve the fast rate of convergence in Problem (MS).

In order to solve Problem (C), we use the sub gradient trick, see [CBL06]. When the
loss £ is convex with respect to its second argument, its sub-gradient is denoted ¢. In
this case, we consider a convex version of the BOA procedure described in Figure 1. The
original loss / is replaced with its linearized version

O (Y, fro1(Xe)) fia—1(Xe). (1)

Then we consider the second order refinement

i =0 (Ye, fro1 (X)) (fia—1(Xe) — fro1(X0)).

With some abuse of notation, we will still denote it as ¢;;. Linearizing the loss, we can
compare the regret of the (sub-gradient version of the) BOA procedure f=Ex [fj] with the
best deterministic aggregation of the elements in the dictionary. We obtain in Theorem
3.1 a second order regret bound on the regret for Problem (C)

; s E,[log(m;/m;0)]
Roa(f) < inf {Rua () 0 3 Bellh) 4 =200,
t=1
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The bounds ale holds on the excess of risk with high probability from an application of
the new online to batch conversion, see Theorem 4.2.
When trying to optimize the regret bound in the learning rate n > 0, we obtain

Ex[log(m;/mj0)]
ZnJrlE [EQ ] SEW[

As 7 is unknown, this tuning parameter is not tractable in practice. Its worst case ver-

sion max; \/ log(m ]0 / \/ Z"H €2t is not satisfactory. Multiple learning rates have been

introduced by [BMO5] to solve this issue (see also [GSVE14]). We also solve this issue
by introducing the multiple learning rates version of BOA in Figure 2. Here we are

Parameters: Learning rates n; > 0.
Initialization: Set ;o > 0 such that Z]M:1 mjo = L.
For: Each time round 1 < ¢ < n, compute the weight vector m; = (7 +)1<j<um:

oy — Pl (L+0i0)) T @)
P By lexp (=il (1 4 1€54))]

Figure 2: The multiple learning rates BOA algorithm

able to extend the second order regret bounds for Problem (C) to the multiple learn-
ing rates BOA procedure in Theorem 3.2. The multiple learning rates 7; can be tuned

as \/ log(m T 0 \/ max; Z"Jrl €2 The resulting procedure satisfies a second order regret

bound but is not recursive. The random variable M; = Ry(f) — Ry(fx) — (Re(f) = Re(fx))
is not adapted to F; but to F,+1. One cannot apply the online to batch conversion and
one cannot provide bounds in deviation on the excess of risk.

Thus, we introduce a recursive procedure with adaptive multiple learning rates (7;)
in Figure 3. The novelty, compared with classical adaptive procedures developed in

Parameter: arule to sequentially pick the learning rates (n;,) for1 <j < M and1 <t <n.
Initialization: Set Ljo =0, nj0 =0, mjo > 0 such that Z]Nil mi0 = 1.
For: each time round ¢t > 1,

1. Compute recursively
Lji = Ljt1 + (1 +1j0-1050),

2. Compute the weights vector m = (7 +)1<j<m:

N5t exp(=nj.tLj)T50
Exro [0t exp(—n;,eLj.t)]

it =

Figure 3: The adaptive BOA procedure



[CBMS07], is the dependence of the learning rates with respect to j and that the learning
rates appear in the exponential and as a factor. We consider the learning rates

;¢ = Mmin

where Ej is a known estimate of the range of the linearized loss (1) of the learner f;,
1 <7 < M. We also give a fully adaptive version of the algorithm for cases when the
ranges F/; are unknown. For these adaptive BOA procedures, we obtain regret bounds
such as

Ros1(f) < inf { Ry (f7) + CBr | nfez log(m;3) + CE;log(m;0)] }-

for some ”constant” C' > 0 that grows as loglog(n), see Theorems 3.3 and 3.4 for details.
Such second order bounds involving excess losses terms as the £; s have been proved for
other algorithms in [GSVE14], and we refer to this article for nice consequences of such
bounds. Here again, the online to batch conversion holds in any stochastic environment
and we obtain with probability 1 —e ™™, z > 0

n+1
Roia(f) < inf {Rn+1( fx) + CEx [ 3" 2, (log(r74) + ) + C(E; log(n3) + x)} }
t=1

It is remarkable to obtain a result for the excess of risk with no assumption on the de-
pendence of the stochastic observations. Formerly, such inequalities where derived under
very restrictive dependent assumptions, see [ALW13, MR10, AD13|. The generality of
our results is due to the use of the cumulative predictive risk. It is the correct criteria
to assert the prediction accuracy of online algorithms as it coincides with the cumulative
loss for deterministic observations and with the classical risk in the iid setting. Moreover,
it appears naturally when using the minimax theory approach, see [AABR09]. However,
up to our knowledge, it is the first time that the cumulative predictive risk is used to
compare an online procedure with deterministic aggregation procedures. The optimality
for Problem (C) is proved in the very general setting: under a boundedness assumption,
the rate of convergence of R, 11(f)/(n + 1) is smaller than +/log(M)/n.

The fast rate of convergence log(M)/n of Problem (MS) comes from a careful study of
the second order terms Z"Jrl €2 It is known that it also require more conditions on the
loss, see [Lec07, Aud09]. We restrlct us to losses ¢ that are strongly convex and Lipschitz
functions in the iid setting, see [KTO08] for an extensive study of this context. Inspired by
the work of [LR13], we modify the loss in the BOA procedure and we use the mixture of
the original and the linearized loss. The second order refinement in the BOA procedure
becomes:

g =0 (Ve fro1 (X)) (fja—1(Xe) = fimr(X0)) + £V, fi0-1(X0)) = By, [0(Ys, fre-1(X0))],
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forall 1 <j < M,1<t<n+1. We also fix the initial weights uniformly ;o = M~ We
obtain in Theorem 4.4 the fast rate of convergence for the BOA procedure; with probability
1—e™™ x>0,

)

) log(M) + 2x
n+1 = ér;lgnMR(fj) + n(n+1)
for 1 smaller than a constant depending on the range. The result follows from our online
to batch conversion. The second order term is estimated with the excess of risk using the
strong convexity assumption on the loss. Such optimality should also hold for the other
algorithms provided in [GSVE14]. We conclude by providing the version of the fast rate
bound with the best possible n for the adaptive BOA at the price of larger ”constants”
that grows at the rate loglog(n).

The paper is organized as follows: We present the second order regret bounds for
different versions of BOA in Section 3. The new online to batch conversion and the excess
of risk rbounds in a stochastic environment are provided in Section 4. In the next Section,
we introduce some useful probabilistic preliminaries.

2 Preliminaries

Similarly than in [Aud09], the recursive argument for supermartingales will be at the core
of the proofs developed in this paper. It will be used jointly with the variational form of
the entropy to provide second order regret bounds.

2.1 The proof of the martingale inequality in Theorem 1.1

The proof of the empirical Bernstein inequality for martingales of Theorem 1.1 follows
from an exponential inequality and by a classical recursive supermartingales argument,
see [Fre75]. As X = AM; > —1/2 as., from the inequality log(1 + z) > = — 22 for
x > —1/2 (stated as Lemma 1 in [CBMS07]), we have

X-X?<logl+X)eexp(X —X?) <1+ X & F[exp(X —X?)]<1. (3)

Here we used that E;_1[X] = 0 as X = AM, is a difference of martingale. The proof ends
by using the classical recursive argument for supermartingales; from the definition of the
difference of martingale X = AM;, we obtain as a consequence of (3) that

Elexp(M; — [M]})] < Efexp(M—1 — [M];_y)]-

As Elexp(Mo—[M]3)] = 1, applying a recursion for ¢t = 1,...,n provides the desired result.

2.2 The variational form of the entropy

The relative entropy (or Kullback-Leibler divergence) K(Q,P) = Egllog(dQ/dP)] is a
pseudo-distance between any probability measures P and ). Let us remind the basic
property of the entropy: the variational formula of the entropy originally proved in full



generality in [DV75]. We consider here a version well adapted for obtaining second order
regret bounds:

Lemma 2.1. For any probability measure P on X and any measurable functions h, g :
X — R we have:

Eplexp(h —Ep[h] —g)] <1
<= Eg[h] — Ep[h] < Eglg] + £(Q, P), for any probability measure Q. (4)

The left hand side corresponds to the right hand side with @ equals the Gibbs measure
Ep[e"=9)dQ = eh=9dP.

That the Gibbs measure realizes the dual identity is at the core of the PAC-bayesian
approach. Exponential weights aggregation procedures arise naturally as they can be
considered as Gibbs measures, see [Cat07].

3 Second order regret bounds for the BOA procedure

3.1 First regret bounds and link with the individual sequences frame-
work

We work conditionally on F,1; it is the deterministic setting, similar than in [Gerl3],
where (X, Y;) = (x¢,y;) are provided recursively for 1 < ¢ < n. In that case, the cumula-
tive loss Ry+1(f) quantify the prediction of f = (fo, f1, f2,...). We have

Theorem 3.1. Assume that n > 0 satisfies

(i <1/2 5
1§I?§arf(+1 12}?{1\4 it <1/2, (5)

then the cumulative loss of the BOA procedure satisfies
n+1

E#[Rnt1(f;)] < inf {Ew [Rnﬂ(fj) t 77;@4 * @}

Moreover, if £ is convex with respect to its second argument, we have

n+1 /C(Tr - )
Rp41(f) < min {Rn+1(f7r) + UZEW[K?,t] + T’O}
t=1
Proof. We consider AMj ;11 = —nlj 41 that is a centered random variable on {1,..., M}

when distributed as m;. Under the assumption (5), AMj 1 > —1/2 for any 0 <t < n
a.s.. An application of the inequality (3) provides the inequality

Er,lexp(=nlja1(1 + nljz1))] < 1. (6)

9



We have from the recursive definition of the BOA procedure provided in Figure 1 the
expression

Tip = eXP(—U 2221 gj,s(l + 7753‘,5))79;0
j? - °
Eroexp(—0 32521 £,s(1 +1105,5))]
Plugging the expression of the weights 7, in the inequality (6) provides

t+1

Er, [exp < — 7725]‘75(1 + 7753‘,5)>] <E. [exp ( — ni@‘,s(l + Wej,s))}-
s=1 s=1

By the recursive argument for supermartingales we obtain

n+1

Exr, [GXP (—nzfj,t(l + Ufj,t)ﬂ <1

t=1
Equivalently, using the variational form of the entropy (4),

n+1 n+1

Ogigf{ [ Z@ﬁn Ze ]+/c7m0)} (7)

7 denoting this time any probability measure on {1,...,M}. The first regret bound in
Theorem 3.1 follows from the identity > 7} Uit = Rus1(fj) — Ex[Rn+1(fj)]. The second
result follows by an application of the classical sub-gradient trick, i.e. noticing that

n+1

Rot1(f) = Rug1(fr) = D _ Ve, fi1(Xy)) = €Yy, Bl f0-1](X2))
t=1
n+1

< YV, i (X)) (feo1(Xe) = Bl fi1](X0))
t=1
n+1

=E, [Z OV, fen (X)) (fro1 (X)) = fie1(X0)
=1
n+1

— _E, [; ejvt} .

The second order term in the last regret bound is equal to

n+1 n+1
ZEW[U@A = ZEWW'(YZ, fea (X)) (fra(X0) = fraa(X0)):
t=1 t=1

This term can be small because the sub-gradient is small and because the deterministic
aggregation  is close to the BOA procedure. Such second order upper bounds can heavily

10



depend on the behavior of the different learners f;. Thus, a unique learning rate cannot
be efficient in cases where the learners have different second order properties. To solve
this issue, we consider the multiple learning rates version of BOA described in Figure 2.
We can extend the preceding regret bound to this more sophisticated procedure:

Theorem 3.2. Consider that £ is convex with respect to its second argument and multiple
learning rates nj, 1 < j < M, that are positive. If

max max nlis <1/2 a.s.
1<t<n+1 1<_]<MTI] it <1/2, ’

then the cumulative loss of the BOA procedure with multiple learning rates satisfies

7 Ay log(mj/m;0) + log(Bxy [ 1]/ Ex 0!
Rus1(f) <ir7%f {R”H(f”)"’_EW[WjZ@t-F og(m;/mj0) quij [77] 1/ [77] ])]}
t=1

Proof. Let us consider the weights 7Tll~7t = n;lmﬂgﬂEm [77;1], foralll1<¢< Mand 0 <t <
n+ 1. Then, for any function h; measurable on {1,..., M} we have the relation

Er[nihy] = Ex,[15]/Br, [0 1), 1<t <n+1. (8)

We consider AM; = —n;¢;4+1. Thanks to relation (8), it is a centered random variable on
{1,..., M} when distributed as m;. Moreover, the weights (7;) also satisfy the recursive
relation (2). Thus, one can apply the same reasoning than in the proof of Theorem 3.1.
We obtain, equivalently than the inequality (7), that

n+1 n+1

O§i7rrl/f{ [77]2@15—1-77325 }-FICT(’ 770)}

for 7' denoting any probability measure on {1,..., M}. Using the identity (8) to define 7
from 7/, and multiplying the above inequality with E, [nj_l] > 0, we have
n+1 n+1

O<1nf{E [Z@t—i—%ZE M}},

The proof ends by identifying log(ﬂ'; / 77;70) and using the sub-gradient trick as in the proof
of Theorem 3.1. O

Notice that a simple corollary of the proof above is the simplified upper bound

N n+1 1 1 ,
Rps1(f) < min { Ros1 (f) + Ex [njzg]m W”,

where 7j, is defined as 7 = n; Yt /By 07 n; ']. Then the initial weights 7;¢ are modified.
They favor the learners with small learning rates n;. It constitutes a drawback of the
multiple learning rates version of BOA as we will see that small learning rates will be

11



associated with bad strategies. One can solve this issue by choosing the initial weights
differently than classically. For example, with no information on the learners f;, the initial
weights can be chosen equal to

7Tj70:L such that 71';»0:— 1<5< M.

M b ’
ijl 1y M

In this case, log(1/ ;) <log(M) and the weights have the expression

_ 1 exp(— 77]25 145,s(1 +m5l5.5)m50 7 1< <M.

B, [77]' eXP(—Uj 23:1 Ej,s(l + 77][]',8)]
The form of the weights becomes similar than the one of the adaptive BOA introduced in
Figure 3 and studied in the next section. The second order regret bounds becomes

j7t

n-H(f) < H}Tin {Rn-l—l(fW) +2¢/log(M)E [

for learning rates tuned optimally

log (M)

nj = Zn+1€2 ’
t=1 “j,t

1<j<M.

However, the resulting procedure is not recursive. Such non recursive strategies are not
convertible to the batch setting.

Second order regret bounds similar than the one of Theorem 3.2 have been obtained in
[GSVE14] in the context of individual sequences. In this context, studied in [CBLO06], we
consider that Y; = y; for a deterministic sequence yo, . . . , yn ((X¢) is useless in this context).
We have F; = {90,...,y:}, 0 <t < n, and the online learners f; = (y%l, Yj2,Y;j3,---) of the
dictionary are called the experts. The cumulative loss is now Ry 1(f) = > 0y, ) for
any aggregative strategy ¢, = ft—1 = Z]]Vil Tji—1Yj,t Where m; ;1 are measurable functions
of the past {yo,...,yt-1}

3.2 A new adaptive method for exponential weights

We described in Figure 3 the adaptive version of the BOA algorithm. Notice that the
adaptive version of the exponential weights

M.t XP(=1j,Lj.t)5.0

B [mj¢ exp(—=njeLje)]’

Tjt =

is different from [CBMSO07] as the multiple learning rates 7+ depend on j. Moreover, the
multiple learning rates appear in the exponential and as a multiplicative factor to solve
the issue concerning the modification of the initial weights described above. Adaptive pro-
cedures with such multiplicative forms have been studied in [GSVE14]. Multiple learning
rates versions can be investigated for other exponential weights than for those of BOA.
We obtain a second order regret bound for the BOA procedure similar than in [GSVE14]:

12



Theorem 3.3. Assume that £ is convex with respect to its second argument and that the
learning rates (1;:): are non increasing and satisfy

max max N1l <1/2 a.s.
1<t<nt1 1§j§M77]’ Js /2, ’

then the cumulative loss of the adaptive BOA procedure satisfies

R (f) < inf { R (f)+Ex [’il nj7t—1€?’t+log(ﬂj7é) +log (1?7;r Er, [ log (22)]) N
t=1 ,n

Proof. We adapt the reasoning of the proof of Theorem 3.2 for learning rates depending
on t. Thus, the recursive argument holds only approximatively. For any 1 <t < n, let us
consider the weights 7] as

—1
/ n]vt 7T‘7’t
7T.77t = E 71 :
" [77]',15]
We consider AM; 1 = —n;jlj+1 a centered random variable on {1,..., M} when dis-

tributed as m;. As AM; 41 > —1/2, j=1,..., M, we apply the inequality (3):

Erlexp(=nje€je+1(1 + nj¢lje41))] < 1.

By definition of the weights 7, and 7, we have for any 1 < ¢ < n the expression

e Sy s (Lt 155 145.6)) 0 (9)
it = .
7 Englexp (= 0y L5 (1 + jis—1055)]
Using the expression of the weights in the preceding inequality provides

Ero [GXP < —Njt § lis(1+ 77]',3715]',3))} < Er [GXP < —Mjt i lis(1+ nj,s—lfj,s))} - (10)
s=1 s=1

Using the basic inequality = < a~lz%+-a~(a—1) < 2%+a ™1 (a—1) for z = exp(—n;+ Zi;% lisr1(14+
nj.sljs+1)) > 0 and o = 1;,-1/n; > 1, we obtain for all 2 <t <n

Er, [exp < — Njt i ls(1+ 77j,571€j,s)>]

s=1

t
< EWO {exp < — Njt—1 Z fj,s(l + ’I’]j7571€j,3)>] + Eﬂ'o [W} . (11)
s=1 Jst—

Then, combining the inequalities (10) and (11) recursively for ¢ = n,...,2 and then (10)
for t =1 we obtain

n+1 n
EWO [exp < — 77]',” ijﬂg(l + nj,tfléj,t)>] S 1 + ZEWO [M} X
t=1 t=2 Mjt—1

13



We apply the variational form of the entropy (4) in order to derive that

n+1 n
0<En [m’,n > 41+ mytflfj,t)] + log <1 +) Ex [W]) + K(7', m0)
t=1 t=2 St

for any probability measure 7’ on {1,...,M}. We bound the last term K(7',7p) <
E [log(w;é)]. By comparing with the integral of 1/z on the interval [n;,,n;1], we es-

timate
Z"ﬂtl n]t<z/771t 1dx /77]1d_x<1 (M)
t=2 jt—1 Nj,t Nj,n z Mj,n

The proof ends by choosing 7 = nj}lﬁj JEx [77]_%] and using the sub-gradient trick as in the
proof of Theorem 3.1. U

3.3 The adaptive BOA procedure when the range is known

We now consider the case where the effective ranges E; > 0 of the linearized errors are
known:
max [l < FE 1<j <M. 12
1<t<1i(+1’ il =)= (12)
The second order regret bound provided in Theorem 3.3 can be easily optimized in 7;;
and we tune the learning rates as

7+ = min 1<t<n, 1<j<M. (13)

The learning rates are similar than those of Section 4.1 in [CBMSO07] except that they
depend on j through E Z a1 ] s and log( ) see [GSVE14] for similar multiple learning
rates. We restrict ourself to cases where 7Tj’0 < 1 to consider only positive learning rates
n;t > 0 for all 1 < j < M. We provide below a second order regret bound for the adaptive
BOA procedure:

Theorem 3.4. If { is convex with respect to its second argument, if (12) holds and if the
learning rates are tuned as in (13) then the cumulative loss of the adaptive BOA procedure
satisfies

Rn+1(f)§igf{ a1 (fr) + Ex [ ni:lp <\/210g 1]o)+ 105(:&))

+ E;(2log(m;¢) + 2B, )] }
where B,, = log(1 + 2" log(n)) for all n. > 1.
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Proof. The proof is an application of the result of Theorem 3.3 using similar arguments
than the proof of Theorem 5 in [CBMSO07]. An exception is the additional term log(1 +
Erolog(nj1/mjn)]) that is easily bounded using the estimates

, S 02
log (%) =log (QE:nj,n) = %1 o8 <4E]2tlotg(§(t4))+ = logQ(n)'

O

The second order regret bound for the adaptive BOA procedure is very similar to the
ones obtained in [GSVE14]. Thus, the regret bounds in case of small excess losses and
against iid sequences developed in [GSVE14] are also satisfied by the BOA procedure.

3.4 The adaptive BOA procedure when the ranges are unknown

When the effective ranges of the linearized error are not known, we have to estimate it.
Let ¢ > 0 be some constant chosen arbitrarily big enough to consider that 27¢ is negligible.
To adapt the reasoning of [CBMS07], we consider an estimator Ej; of the range at time ¢:
E;; = 2k+1 where k > —c is the smallest integer such that maxi<s<t || < 2k 1< j <M.
Then we define the learning rates as

This rule for updating learning rates is similar than the one in [CBMS07] except the
dependence on j. We also restrict the range of E;; to define correctly 7;1 when £;; = 0.
Assuming that the ranges E; defined in (12) satisfies 27¢ < E; < Eforall 1 < j < M, we
have

Theorem 3.5. If ¢ is convex with respect to its second argument, if (12) holds and if the
learning rates are tuned as in (14) then the cumulative loss of the adaptive BOA procedure
satisfies,

n+1(f)<if71f{ it (fr) + [ ni:lgz <\/21;’g_130) +Bn1Ez_gi€c;>
0g(7; g

+ 4E;(log(m;0) + Bup + 3)| |,

where By, g = log(1 + 27 1log(n) + log(E) + clog(2)) for all n > 1.

Proof. We apply the same recursive argument than in the proof of Theorem 3.3. But we
have to distinguish two cases, depending wether 7;:€; ;11 < 1/2 or not.

We consider the set of indices that 7; such that E;; < F; ;1. For such indices, possibly
77j,t£j,t+1 > 1/2 but as —77]‘7,56]‘7,54_1 < nj,tEj,t—f—l we have

Erslexp(=nj¢ (041 (1 4+ 05l e41) + Ejarily o, 0>172))] < 1
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Then, from the expression of the weights 7} in (9) we obtain

t
Ero [GXP < —Njt < > bl +m6le1) + Ej7t+11nj,téj,t+1>1/2>)]
s=0
t—1

< Er, {exp ( Mg > Lisr1(1+ nj,s@‘,sﬂ)ﬂ . (15)
s=0

Second, we consider the indices ¢ that do not belong to 7;. Then 7n;f;+y1 < 1/2 and
the same reasoning than in the proof of Theorem 3.3 applies. The recursive formulas (10)
and (11) hold. To conclude, we apply recursive formulas (10), (11) and (15) and we obtain
the upper bound

n

M1
Er, [GXP ( — Njmn Z (fj,tﬂ(l +njtlj 1) + Ej,t+11nj,tzj,t+1>1/2>} <14 Eg, [bg <nj—>}
=0 j.n

We have the elementary bounds 3,7 Ej 1 < 8E; and log(n;,1/njn) < log(v/nE/27°).
Then Theorem 3.5 is proved using similar arguments than in the proof of Theorem 6 in
[CBMSO07]. O

The advantage of the adaptive BOA procedure compared with the procedures studied
in [GSVE14] is to be adaptive to unknown ranges. The price to pay is an additional term
depending on the variability of the adaptive learning rates 7n;; through time. Such losses
are avoidable in the case of one single adaptive learning rate n;; = n, for all 1 < 7 < M.
Wether this extra term can be avoided in the multiple learning rates case is an open
question.

4 Optimality of the BOA procedure in a stochastic environ-
ment

4.1 An empirical online to batch conversion

We now turn to a stochastic setting where (X;,Y;) are random elements observed recur-
sively with 1 < ¢ < n. Thanks to the empirical Bernstein inequality of Theorem 1.1, the
cumulative predictive risk is bounded in term of the regret and a second order term. This
new online to batch conversion is provided in Theorem 4.1 below. The main motivation of
the introduction of the BOA procedure is the following reasoning: as a second order term
appears necessarily in the online to batch conversion, a procedure that admits a similar
second order term on the regret bound has nice properties in the stochastic environment.
The BOA procedure achieves this strategy as the second order term of the regret bound
is the same than the one appearing in the online to batch conversion. Let us go back for
a moment to the most general case:

Cie = UXe, f5,6(Xe-1)) — Eny [0(Xe, f54(X0))]
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for some online aggregation procedure (7¢)o<¢<n, i.e. m is Fi-measurable. Assume the
existence of non increasing sequences (1;); that are adapted to (F;) for each 1 < j < M
and that satisfy

ma. max 1 10y <1/2 a.s.. 16
1<ty 19y 2ny Rt = /2 (16)
We have the following general online to batch conversion. It can be seen as an empirical
counterpart of the conversion provided in [Zha05, KT08]. Thanks to the use of the cumu-
lative predictive risk, the conversion holds in a completely general stochastic context; no
assumption is done on the stochastic environment.

Theorem 4.1. The cumulative predictive risk of any aggregation procedure satisfies, with
probability 1 —e™*, x > 0:

Ex[Rnt1(f5)] — Ruta1(f5)

< Bl ()]~ Rt + 3 (1 E[l;’f Gl +e
t=1 N

Proof. We first note that for each 1 < j < M the sequence (Mj;); with M;; = n(R(f) —
Ri(fj)— (Re(fr)—Re(f;))) is a martingale adapted with the filtration (F). Its difference is
equal to AM;; = n(E¢—1[¢;+] —¥£;+). Then the proof will follow from the classical recursive
argument for supermartingales. However, as the learning rates 7;; are not constant, we
adapt this recursive argument as in the proof of Theorem 3.3.

Forany 1 <j <M, 1<t <n+1, denoting X = —n;+_1£;+ we check that X > —1/2.
We can apply (3) conditionally on F;_; and we obtain

By [exp(=njt—1(65. = Be1[lie]) — 15,165 )] < 1.
Here we used the fact that 7;;_1 is F;_1-measurable. Then we have

t

o (s (360 Bl i)
s=1
t—1

< E[exp ( — Mj,t-1 ( D (s —Esatys]) - 77]‘,8—1@8»} '

s=1

To apply the recursive argument we use the basic inequality x < 2z 4+ (o — 1)/« for
@ ="nji-2/Mjt—1 > 1 and

t—1

T = exp < — Njt—1 ( Z(Qs —Es1[l54]) — 77j,sf1€?,s)).

s=1
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We obtain

t

E [exp < —Mjt-1 ( Z(@;s —Esall)s]) - njvs_lgis))]

s=1

t—1
<E e (= (X (s~ Bealtyal) — mpan ) )] + B[ 2],
1 Dt

sS=

The same recursive argument than in the proof of Theorem 3.3 is applied; we get

E[exp ( - 77j7n(zn:(€j,t —Ei1[le]) — 77]‘,5—15?78))} <1+ E[log(m’ )]

_ Mjn

We end the proof by the Chernoff device. O

4.2 Second order bounds on the excess of cumulative predictive risk

Based on the result of Theorem 4.1, we derive batch versions of the main results of Section
3 for the BOA procedure. As an example, using the second order regret bound of Theorem
3.1 and the online to batch conversion of Theorem 4.1 we obtain

Theorem 4.2. Assume that n > 0 satisfies condition (5). The cumulative risk of the
BOA procedure satisfies, with probability 1 —e™*, x > 0:

. = 2 K(m,mo) + x
Ei[Rnt1(fj)] < inf {Ew [Rn—f—l(fj) +2m) ej,t] + #}
=1

Moreover, if £ is conver with respect to its second argument, we have, with probability
1—e™™, >0:

N n+1 K
Rosa (f) < inf { R (fa) + 20> Er[2)] W}‘
t=1

Proof. We prove the result by integrating the result of Theorem 4.1 with respect to any
deterministic 7 and noticing that, as 7, = 1 is constant, log(n;1/1;n) = 0. O

Similarly, we can extend Theorems 3.2 and 3.4. Below we provide the extension of the
adaptive case of Theorem 3.5 as the proof is more involved; the boundedness condition
(16) is no longer satisfied for any 1 <t <mn+ 1 and Theorem 4.1 does not apply directly.
We have

Theorem 4.3. Under the hypothesis of Theorem 3.5, the cumulative risk of the adaptive
BOA procedure satisfies with probability 1 — e %, x > 0,

n+1

2B, 16FE;
Z <f+1 log(rd) + =Lt 6_1]“0)
\/10g(m; )

+4E;(log M + 2B, g + 6—|—:U)] },

Ryuir(F) < inf { Ry (£) + Bq |
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where By, g = log(1 + 271 log(n) + log(E) + clog(2)) for all n > 1.

Proof. As the boundedness condition (16) is not satisfied for all 1 <¢ < n+ 1, we cannot
apply directly the result of Theorem 4.1. However, one can adapt the proof of the Theorem
4.1 as we adapted the proof of Theorem 3.4 for proving Theorem 3.5. Let us denote 7 the
set of indices such that E;; < Ej;41. For t € T; possibly n;+/;++1 > 1/2 and the recursive
argument for supermartingales do not apply directly. But as —n; +(¢;++1 — Ei—1[4;t41]) <
n;,tE; 141 we apply instead

E 1 [eXp < = N1 — Eeoa[lqa]) — njeEjasa 1nj,t£j,t+1>1/z)] <1

Thus the proof ends by an application of the recursive argument for supermartingales as
in the proof of Theorem 3.5. U

Let us discuss the constants. First, nE? is a crude estimate of oy E?,t- Second, if
n < eM then B,, < log(M). Thus, if M is sufficiently large, B, g is comparable with
log(M). We continue the discussion for M sufficiently large satisfying n < e and M > c.
Choosing 7y uniform on {1,..., M}, the second order bound becomes

n+1
AN 8(log(M) +2F) +x
Rn+1(f)§12f{Rn+1(fw)+E,r[ max S :e;t} (log( k))g(M)) }+12E(210gM+2+x).
T t=1
(17)

The second order term maxi<;j<ar Y 1y Eit is a natural candidate to assert the complexity
of the problem of aggregation; the more the ;" ; Eit are uniformly small and the more one
can aggregate the elements of the dictionary optimally. Moreover, this complexity term is
observable and it would be interesting to develop a parsimonious strategy that would only
aggregate the elements of the dictionary with small complexity terms > ;" | f?,t- Reducing
also the size M of the dictionary, the second order bound (17) can be reduced at the price
to decrease the generality of Problem (C), i.e. the number of learners in H.

The upper bound in (17) is an empirical bound for Problem (C), see also [Cat04] for a
detailed study of such empirical bounds in the iid context. It would be interesting to know
wether the complexity term maxi<j<ar Y ;g 5?,1& is the optimal one or not. We are not
aware of empirical lower bounds for Problem (C). The bounds developed by [Nem00, Tsy03]
are deterministic. To assert the optimality of BOA, it is easy to turn from an empirical
bound to a deterministic one. As €§7t < E?%, Equation (17) implies

A

Rn—l—l(f) SinfﬂRn—H('fﬂ)—FSE 10g(M)+ 16E2+1‘ + logM—i—Q—i—x
n+1 n+1 n+1 V(n+1)log(M) n+1

Then the BOA procedure is optimal for Problem (C) in the sense of the Definition (17):
in the iid context, the excess of risk of the batch version of the BOA procedure is of
order \/log M /n. Notice that the generality of this optimal rate is remarkable. With no
assumption on the dependence structure of the stochastic environment, this rate is also
the one of the mean predictive risk for Problem (C). However, as the mean predictive risk
is not deterministic, it should be more natural to have an empirical optimal rate.
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4.3 Optimal learning for Problem (MS)

The BOA procedure is optimal for Problem (C) and the optimal rate of convergence is also
valid in the general stochastic context. To turn to Problem (MS), we restrict our study to
the context of Lipschitz strongly convex losses with iid observations. In the iid context,
(X¢,Y;) are iid copies of (X,Y) and the learners are assumed to be constant f; = fj,
t>0,1<j <M. Wethen have (n+1)" R, 11(f;) = R(f;) = E[((Y, f;(X))]. Tt is always
preferable to convert any online learner f to a batch learner by averaging

_ 1 .
fznﬂt;ft

as an application of Jensen inequality gives R(f) < (n+1)" R, 1( f ). Remind that from
[Tsy03] the optimal rate for Problem (MS) is a fast rate of convergence log(M)/n. Such fast
rates cannot be obtained without regularity assumption on the loss ¢, see [Lec07, Aud09].
In the sequel ¢ : R?> — R is a loss function satisfying the following assumption called
(LIST) after [KTO8]

(LIST) the loss function ¢ is Cy-strongly convex and Cj-Lipschitz continuous in its second
coordinate on a convex set C C R.

Recall that a function g is ¢ strongly convex on C C R if there exists a constant ¢ > 0 such
that c

glaa+ (1 - a)a) < agla) + (1 - a)g(d) ~ Sa(l - a)(a—d)?
for any a,a’ € C, 0 < a < 1. Under the condition (LIST), few algorithms are known to
be optimal in deviation, see [Aud07, LM09, LR13]. All of them are batch procedures.

Notice that Assumption (LIST) is restrictive and can hold only locally; on a compact
set C, the minimizer f(y)* of f(y) € R — £(y, f(y)) exists and verifies, by strong convexity,

. 1) > Uy, F5)) + ST ) — F0))

Moreover, by Lipschitz continuity, ¢(y, f(y)) < £(y, f(y)*) + Cbs|f(y) — f(y)*|- Thus, nec-
essarily the diameter D of C is finite and satisfies CpD < 2C},. Then we deduce that
Uil <CpyD, 1 <t<n+1,1<j <M, and under (LIST) the ranges are estimated by
E =CyD.

Inspired by the Q-aggregation procedures of [LR13], we consider under (LIST) a
mixture of the original and the linearized loss. The second order refinement in the BOA
procedure becomes:

i =0 (Ye, fr1 (X)) (fj—1(Xe) = froa(Xe) + Yz, fi0-1(X0)) = By [00Y2, fi-1(X0)))],

forall 1 <j < M,1<t<mn+1. We obtain the optimality of the BOA procedure for
Problem (MS).
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Theorem 4.4. In the iid setting, under the condition (LIST), for the uniform initial
weights mj o = M™1,1<j <M, and any learning rate satisfying

48C2(1 4 3C,D/100)n < Cy, (18)

T

then the cumulative predictive risk of the BOA procedure satisfies, with probability 1—e™%,

R(P) + % ;n«:[(ﬁ(X) — f(x))? < Rn%l(lf) <\ in, B(%) %

Proof. The proof starts from the second order empirical bound provided in Theorem 4.2.
As the optimal rate is deterministic, we first convert the empirical second order term into
a deterministic one. From the classical Bennett’s inequality, as nf;; < (486'3)*1CngD <
(24)~! under (18), then 77(?7,5 < CyD /24 and we have

Er-1[exp(néf, — (1+ CpD(e — 2)/24)Ee1[65)]] < 1
We estimate (e — 2)/24 < 3/100. Applying the recursive supermartingales argument and

an union bound, we obtain the deterministic version of the result of Theorem 4.2: with
probability 1 —e™*, x > 0,

Ryus1(F) + EalRui1 (£7)) < inf { R (F) + Bl Rt ()]

s, 2z + K(m, m)
+2(1+3C,D/100)7 S Ex[Ee1[2,]] + TO}
t=1

The optimal fast rate comes from a careful analysis of the second order deterministic
bound. Form the Lipschitz property, the sub-gradient ¢ is bounded by Cj and thus

Ex[Be—1[03 ] < ACFEx[Be—1[(f;(Xeo1)— fi-1(Xe-1))?]] < ACE(V () +E[(f2(X)—fi-1(X))?])

where V() = E[E[(f;(X) — f=(X))?]]. As Rypy1(fr) = R(fx), Ex[Rnt1(f5)] = Ex[R(f;)]
and K(m,mp) < log(M), combining those bounds we obtain

A

Roi1(f) | Ex[Rasa(fy)]
n—+1 n+1

< inf {R( fr) + Ex[R(f;)]

> EI(f+(X) — (X)) +

t=0

1
n+1

2z + log(M)
n(n+1)

+y(Vim + b9

with v = 8CZ(1 + CpD(e — 2))n. The rest of the proof is inspired by the reasoning of
[LR13]. First, one can check that

V() = V(r') =< VV ('), (r — ') > ~E[(f2(X) — fw(X))’]
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where m and 7/ are any weights vectors and < -,- > denotes the scalar product on RM.
Moreover, by Cy-strong convexity, one can also check that

R(fw) - R(fﬂ/) >< VR(JCW/)7 (7T - ﬂ/) > +%E[(f7r(X) - fﬂ/(X))z]'

Thus the function H: m — R(fr) + Ex[R(f;)] + vV () is convex as 0 < v < Cy/2 under
(18). Moreover, if one denotes 7* a minimizer of H, we have for any weights 7

Cy

H(m) = H(r") > (= = 7)El(f=(X) = fr (X)),

Thus, applying this inequality to 7« we have

Ce/2 — 2721&3 (e (X) — fu(X ))2]SRn+1(f)+Efr[Rn+1(fj)]

n+1 n+1 +

n

— (RU=) + Ene [RU +9V () + — > V)

Then, combining this last inequality with the inequality (19), we derive that

Co/2 -2y 9 _ 2x +log(M
— <
n+1 ZE (fr (X) = Ju(X))] < n(n+1) n+1ZV7Tt

Plugging in this new estimate into (19) we obtain

Ros1(f) | Ex[Rug1(f)] 272 1 & )
T nil cg_hn“tZ;V(m) < R(fr) + En-[R(f;)] + 4V ()

Cy — 27y 2x + log(M)
Co—4y n(n+1)

Now, using Cy-strong convexity as in Proposition 2 of [LR13], we have for any probability
measure

CV(rm
Rfy) < Belr()] -S40
As under condition (18) it holds
2’72 Cy Cy—2v
< = d <2
Co—4y — 2 an Cyp—4y — ’

we can use the strong convexity argument for any 7, 0 < t < n. We obtain

2Rn+1(f) <
n+1 —

2z + log(M)

R(fr+) + Exs [R(f})] + 9V (7") + n(n + 1)
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The proof ends by noticing that by definition of 7* we have
B(fae) + Er-[R(fj)] + 9V (") =2 min R(f;).

<j<M
The lower bound on R;41( f) /(n + 1) follows by an application of the strong convexity
argument applied to f = (n+1)"1 > 1, fr. O

Theorem 4.4 provides the optimality of the BOA procedure for Problem (MS) because

- , log(M) + 2x
R(f) < 1§}ISDMR(fj) + ECESIE

The additional term
Cr =z .
A+ 1) ; E[(f/(X) — f(X))?]

is the benefit of considering the batch version of BOA under the strong convexity as-
sumptions (LIST). As the fast rate is optimal, the partial sums Y1 o E[(f;(X) — f(X))?]
must converge to a small constant. Thanks to the LlprhItZ assumption on the loss,
it implies that the difference |R(f) — R(fn)| < GyE[(fuX) — f(X))?] is small. As-
suming that f is converging with n, the convergence of the partial sums implies that
E[(fnX) — F(X))?] = o(n™1). The difference |R(f) — R(f,)| is negligible compared with
the fast rate log(M)/n. Then, at the price of some constant C' > 1, we also have

log(M )+ 2x

R(fn) <  nin R(f;) + 777(” PRV
The tuning parameter 1 can be considered as the inverse of the temperature 5 of the
Q-aggregation procedure studied in [LR13]. In the Q-aggregation, the tuning parameter
B is required to be larger than 60C?/Cy. It is a condition similar to our restriction (18)
on 7. The larger is n satisfying the condition (18) and the best is the rate of convergence.
The choice 48C%(1 + 3C,D/100)n* = Cy is optimal. The resulting BOA procedure is non
adaptive in the sense that it depends on the constants appearing in the condition (LIST).
As C’g/Cg < (CyD)71, it also depends on the range C,D that can be unknown. On the
contrary, the multiple learning rates BOA procedure achieves to tune automatically the
learning rates. At the price of larger ”constants” that grows as loglog(n), we extend the

preceding optimal rate of convergence to the adaptive BOA procedure:

Theorem 4.5. In the iid setting, under the condition (LIST), for the uniform initial
weights w0 = M=, 1< j <M with M > 3, the cumulative predictive risk of the adaptive

xT

BOA procedure satisfies, with probability 1 —e™%,

Ros1(f 34log(M) + 2B 16C,D + 2
n+1(f) < min R(fj) Og( ) + n,Cp D + D + 2x
n+1 1<j<M n*(n+1)
n CyD(log(M) + 2By c,p + 6 + )
n+1 '

where By, c,p = log(1 + 27 log(n) 4 log(Cy D) + clog(2)) for all n > 1.

23



Proof. The proof starts from the second order empirical bound provided in Theorem 3.5
in the iid context under (LIST), where |;;| < CyD; using the Young inequality, we have
for any n > 0

P n+1

Rn Efr Rn j .
) Bl i ) ) e[

+ CbD(lOg(M) +x+ 2Bn,CbD + 6)5

n B(n,CyD, M) + x

where, using that (a + b)? < 2(a® +b?), (V2 + 1)* <34, Bn g, < Byc,p and log(M) > 1,
B(TL, CyD, M) <34 log(M) + 2Bn,CbD + 16CyD.

Then we can use the Bennett inequality as in the proof of Theorem 4.4 to obtain the
deterministic second order bound

Rui(f) | BalRuia ()] _ . 2(143C,D/100)n . [X~
P A int { R/ B[RO+ n 1 E”[;Et‘l[@t]”
B(n,CyD, M)+ 2z  E(log(M) + z + 2B, c,p + 6)
n(n+1) n+1 '

The proof ends similarly than the one of Theorem 4.4. For n* satisfying the equality in
the condition (18), we obtain

w1 (f B(n,CyD, M)+ 2z  E(log(M 2B,

Rusilf) i ppy s BOCDAM) +20 | Bllog(M) +-+28,.0,p +6)
n+1 1<j<M n*(n+1) n+1

The result follows from the expression of B(n,CyD, M). O

The BOA procedure is explicitly computed with complexity O(Mn). It is a practical
advantage compared with the batch procedure studied in [Aud07, LM09, LR13] that re-
quire an optimization routine. This issue has been solved in [DRXZ12] for the square loss
using greedy sequential algorithms that approximate the Q-aggregation procedure. Note
that in the case of the square loss, the second order refinement is equal to

G = (Fie—1(Xe) + fio1(Xp) — 2Y3)2 = B, [(frem1(Xe) + fio1(X0) — 2Y3)7).

The quality of a learner is asserted by the prediction accuracy of the average of its predic-
tion and the aggregative prediction.
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