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We consider, in a generic streaming regression setting, the problem of building a confidence
interval (and distribution) on the next observation based on past observed data. The observations
given to the learner are of the form (z,y) with y = f(x) 4+ £, where = can have arbitrary
dependency on the past observations, f is unknown and the noise £ is sub-Gaussian conditionally
on the past observations. Further, the observations are assumed to come from some external
filtering process making the number of observations itself a random stopping time. In this
challenging scenario that captures a large class of processes with non-anticipative dependencies,
we study the ordinary, ridge, and kernel least-squares estimates and provide confidence intervals
based on self-normalized vector-valued martingale techniques, applied to the estimation of the
mean and of the variance. We then discuss how these adaptive confidence intervals can be used
in order to detect a possible model mismatch as well as to estimate the future (self-information,
quadratic, or transportation) loss of the learner at a next step.
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1. Introduction

Motivation Over the past few years, the growing requirement for decision strategies
that are active and sequential in a number of areas of machine learning and statistics,
has made the construction of confidence intervals a building block of utmost impor-
tance in order to design solutions that enjoy provably near-optimal performance guaran-
tees, whether in term of generalization, robustness or regret minimization. This includes
for instance designing modern confidence-based Monte-Carlo samplers, the problem of
stochastic optimization as well as solving the exploration-exploitation trade-off in several
variants of multi-armed bandits or in reinforcement learning.

Challenges A typical difficulty that appears when designing confidence intervals with
streaming data is to handle, on the one hand, the possibly strong dependency between
the current and past observations, and on the other hand, the possible drift (aka non-
stationarity) of the observation process.

Non-stationarity has been studied from various standpoints in the literature, and we
focus on modeled non-stationarity, when a class of processes is given that models the
non-stationarity (think of a parametric regression model). This classical approach enables
to reduce the problem of non-stationary prediction to that of estimating a (stationary)
parameter. Using the standard terminology, we are in the realizable case when the process
generating the signal belongs to the given class, and we are in the unrealizable case
otherwise.

The dependency between the current and past observations can be handled, on the
other hand, thanks to a powerful martingale method. When applicable, this generally
avoids resorting to mixing coeflicients and block techniques, which are less convenient
due to the difficulty to estimate mixing coefficients in a fully empirical way. A specific
difficulty of sequential decision making that is rarely considered is to handle the situation
when the history of observations given to the learner may itself result from an active
selection process, thus generating a history whose length is a random stopping time
adapted to the filtration of the past observations. This situation typically appears in
multi-armed bandits, when there is one learner per arm and the bandit algorithm must
decide which arm to play and thus which learner to feed with new data. We take care of
this additional dependency explicitly.

Last but not least, since the high-probability confidence intervals are typically used by
an active decision algorithm, we target the construction of empirical confidence intervals
with as few parameters as possible and where most process-dependent quantities are
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Self-normalization techniques for streaming confident regression 3

estimated. In a streaming setting, we also care that all quantities can be updated at each
time step at small cost.

Thus, the challenges we consider are the following: To build confidence intervals for
a non-stationary signal in the realizable modeled-stationary case, to detect when we are
instead in the non-realizable case, to handle the dependency of current observations with
the past history as well as the random length of the history; finally, to design empirical
confidence bounds (in the spirit of empirical-Bernstein bounds, as opposed to Bernstein
bounds) with estimates that can be maintained at a low numerical cost. Along the way,
we will also discuss how the designed confidence intervals can be used in order to estimate
various notion of losses.

Setting In this paper, the problem of sequential prediction of a time series based on
past observations is considered. More specifically, for a sequence of observations y1, ...,y
taking values in an abstract space % and generated by some unknown stochastic pro-
cess p* which in turn is a probability measure on the set of all infinite-sequences in
%> the learner aims to estimate the conditional distribution of the next stochastic
outcome' Y, ;. We consider a streaming protocol where at every time-step n, once the
p*-conditional probability p*(Y,+1|Y1,...,Ys) of the next outcome Y,,41 is estimated,
the realized value y,,41 of the outcome is revealed and the predictor goes on to estimate
the distribution of the next outcome. The error of predicting a distribution 7, for the
output y,41 is measured by some loss £, 1(m,). We do not assume that ¢ is bounded
(or, for a discrete set %, that it is finite). We are looking for a learning agent that pro-
duces a sequence of distributions {m,}, and achieves a low cumulative loss after any N
steps

N
Z €n+1 (7'('”) .
n=1

In order to be able to predict the distribution of Y,, 11, the learner has access at step
n+ 1 to some information x,y; taking values in some abstract space Z . In the idealized
scenario where a learner has access to an infinite memory, the side information x,1
may simply be the sequence of all past observations y"™ = (yy,...,%1), in which case
Z corresponds to the set #Z* of all finite sequences on %'. Thus having access to side
information comes without loss of generality. In a more realistic scenario, however, z, 41
may only be a finite sequence (yn, - - -, Yn—k+1) of the k most recent observations, or even
simply the very crude information given by the number of past observations x,41 = n.
We consider that x,41 is a possibly stochastic function of y™, and we sometimes write
ZTnt1 = x(y™) to insist on this point. We denote by h, = ((xn,yn), e (xl,yl)) the
sequence of all observations and information received up to step n. Our goal is then
at step n + 1, having been exposed to the past history h, (perhaps by some external
algorithm) and the received information x,1, to predict the conditional distribution
p*(Y11]Y™). Note that we do not assume that h,, is available to the learner —think for

1'We use uppercase to denote the random variable Y, and lower case y to denote one specific realization
of it
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4 0.-A. Maillard

instance of the case of a limited memory, but that this ”feeding” history h,, is the sequence
of information and observation that the learner has been exposed to, sequentially, up to
this step and that she may have used in order to improve her prediction.

Classes Let us continue this section with some necessary modeling assumptions. In-
deed, to be completely arbitrary, the observations may be highly dependent and no
assumptions on the nature of their dependence can be made. As such the task may be
completely intractable as one cannot hope to get a bounded error without any assump-
tion. It is then standard to introduce a restricted class of predictors and compete with
the best predictor in that class.

Let us consider for clarity the case = R of real-valued observations. In this case, a
typical way to model the signal is to consider that the observations h, = {(2i,%:)}icm
are of the form

yi = f*(x;) + & where f* € F (1)

andVA € RInE {exp()@;) hi—1:| <Pr (),

where ¢* is the dual of a potential function ¢ (convex, non-negative, null at 0) con-
trolling the level of noise, and % is some given the function space modeling the non-
stationarity. A typical function space % can be a parametric space %, g = {f : f(z) =
0, 0(z)),0 € R ||0]] < B} where ¢ : 2 — R? is a given feature function. It can
be a reproducing kernel Hilbert space with given kernel k in the non-parametric case.
In both cases, the function f* does not change with time, and the problem reduces to
estimating the (stationary) parameters describing the function. For this reason, such sig-
nals can be termed parametric-stationary, non-stationary signals. We study in section 3
different least-squares estimates and the construction of confidence intervals based on
these estimates. Note that x,, is allowed to be arbitrary dependent on the past history
hn—1, making such models able to capture a large class of non-stationary signals with
complex dependencies. Also, each given class (%, 1)) corresponds to a different modeling
assumption on the non-stationarity and the noise, thus leading to different predictors
7(hp).

Likewise, in the case when % = {1,..., S} and the side observation is the full history
of past observations x; = yi_l(: (Yi—1,---,Y—0o)) a standard class is that of Markov
models of a given order on some finite alphabet?. This results in different estimates built
with the frequencies of words of various length, and confidence intervals using for instance
the method of types (Csiszar, 1998), extended to the dependent scenario with a random
history length. In the sequel, however, we won’t discuss such constructions for the sake
of brevity and focus on real-valued observations with a given (%, ).

Remark 1.1 We focus on the construction of confidence distribution for one class, as-
suming we are in the realizable case, that is the signal is indeed modeled by the considered

2The case when S is unknown or infinite can be handled by considering that a specific symbol is used
to denote a symbol not previously seen, and thus estimating transitions to this symbol.
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class. When several classes are considered, the problems of model selection and model ag-
gregation naturally appear, as well as the problem of change point from one class to an
other. Since all these questions crucially depend on our ability to first handle the realiz-
able case, we thus leave the very appealing but orthogonal question of addressing model
aggregation, selection and change-point based on these confidence distributions for future
work. We discuss nonetheless how confidence intervals can be trivially used in order to
estimate the validity of the realizable case assumption, and to help the learner predict her
future loss.

Previous work We employ a powerful martingale technique from (Pena, Lai and Shao,
2008) that was also used for instance in (Abbasi-Yadkori, Pal and Szepesvari, 2011) or
(Rusmevichientong and Tsitsiklis, 2010) in the setting of regression applied to the linear
multi-armed bandit problem. Indeed, the requirement of adaptive confidence intervals
naturally appears in the multi-armed bandit community where the number of observa-
tions of each arm is a random stopping time (due to the action selection algorithm),
and where confidence bounds often need to be fully computable from data as they are
used by the algorithms. See (Chu et al., 2011, Abbasi-Yadkori, Pal and Szepesvari, 2011)
or (Krause and Ong, 2011, Valko et al., 2013, Griinewélder et al., 2010) for references
making explicit use of such bounds in a multi-armed bandit context. The martingale
technique from (Pena, Lai and Shao, 2008) was correctly applied for the first time in
(Abbasi-Yadkori, Pal and Szepesvari, 2011) for regularized least-squares estimate, where
its application is direct. We show how a careful application of the same technique enables
to strengthen preliminary results from (Rusmevichientong and Tsitsiklis, 2010) for the
more challenging ordinary least-squares estimate.

All these linear multi-armed bandits work require that the level of noise is given to the
learner, which is often not the case in practice. We make use of techniques inspired from
the empirical-Bernstein bounds from (Maurer and Pontil, 2009), but adapted to self-
normalized vector-valued martingales with a random stopping time in order to derive
bounds agnostic to the knowledge of the noise. We show that such bounds can actually
be derived easily (although the derivation is bit long) when using the right concentra-
tion tools. We also discuss an alternative ”corrective” noise estimate (see Section 3.2.2)
directly derived from our bounds.

When working with dependent data, it is natural to consider a mixing assumption.
This has been done for instance in the context of bounded sequences in (Kuznetsov and
Mohri, 2015), where Hoeffding-type results for p-mixing processes were used; see also
(Audiffren and Ralaivola, 2014) in a bandit setting. The old block-techniques indeed
allows the extension of many concentration results to the mixing scenario. It is however
often difficult to use in practice since mixing coefficients are typically unknown to the
learner. In our regression setting, we benefit from the special structure of the noise that
enables us to apply the martingale method that turns out to be a powerful tool to handle
dependent data.

Outline and contribution In Section 2, we first discuss the assumptions regarding
the noise model, as well as the loss function. We make an explicit link between the choice
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6 0.-A. Maillard

of the noise model and that of the underlying loss function that we believe is inter-
esting. We discuss specifically the quadratic loss on the observations, its corresponding
transportation loss on the distributions (defined by optimal transport), and the popular
self-information loss.

In Section 3, we study three least-squares estimators of the unknown mean — an
ordinary least-squares, a ridge estimate, and a kernel estimate, and provide our main
results regarding the construction of confidence bounds on their estimation and prediction
error, see Theorem 3.4, Theorem 3.3, Theorem 3.5. These bounds depend on the level of
noise and we thus analyze the concentration of a simple variance estimate in Theorem 3.9
and Theorem 3.8 in the spirit of the work on empirical Bernstein inequalities (see e.g.
(Maurer and Pontil, 2009)). We also illustrate these bounds and compare them against
alternatives from Abbasi-Yadkori, Pal and Szepesvari (2011) and Rusmevichientong and
Tsitsiklis (2010).

Motivated by the availability of a self-normalized confidence bound for the mean es-
timate, we propose in section 3.2.2, as a side result illustrating the use of confidence
intervals, an alternative procedure designed to take care of the unknown level of noise,
that is numerically efficient and shows excellent practical performance. It is by construc-
tion a lower estimate on the actual level of noise and is thus called ”optimistic”. It is
however challenging to analyze its properties in the full-blown dependent scenario. We
provide some hints in the independent setting and leave the general analysis of this
estimate aside as this is not the main focus of this article.

Section 5 provides the key component of our contributions. The core of our work is a
careful use of self-normalized techniques, combined with a peeling argument and elemen-
tary statistics. We show in this section that these simple techniques can actually lead to
powerful results. We provide in Section 5.1 and 5.2 a detailed step by step derivation of
our results that we tried to present in a simple and clear way. Among the interesting in-
novations of the proof, we isolate Lemma 5.3 about concentration for real-valued random
variables that we believe is interesting beyond the scope of this paper, and, in the proof
technique for ordinary-least squares regression, the localization of eigenvalues of the nor-
malization matrix used in the self-normalized technique. To avoid clutter, we choose to
provide all our result for the regression setting on the real line " = R, although simi-
lar concentration results could be derived for Markov signals over a finite alphabet, by
combining the method of types together with the Laplace method and peeling techniques.

2. Preliminary remarks regarding the losses

In this section, we spend a few lines to motivate two different ways to define the loss
£p,+1(m). This enables us to introduce some important notions and relate the link between
the choice of the loss and the modeling assumption. The first one is to consider the loss
between the unknown conditional distribution of the observation and the distribution
predicted by the learner; this leads to a loss measured in terms of optimal transport. The
second one is to measure the loss between the observation y,+1 and the distribution pre-
dicted by the learner; this leads to the popular notion of self-information loss. Formally,
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Self-normalization techniques for streaming confident regression 7

this is captured by the two following alternative formulations, that are further justified
in the next sub-sections. Let us consider that 2~ and % are metric spaces with known
respective metrics given by ¢4 and o .

Formulation 1 (Transportation loss) The loss of a distribution m on the metric space
(¥, Lay) for the prediction of observation Y, 11 ~ p*(-|Y™) is given by

£n+1(77) = ‘%ﬂy (p*("yn)vﬂ-) )
where T, is the optimal transport loss given by definition 2.1 below.
Formulation 2 (Self-information loss) The loss of a distribution m on % for the
prediction of observation yn11 is given by
b1 () = Lr(Yng1,7) = =0 (p(Yn+1)) ,

where p(y) denotes the density of distribution m with respect to the reference measure on
% (e.g. Lebesque, or counting in case % is discrete).

Note We can highlight two red-line examples regarding #:
e % =R, and /y is the quadratic loss ¢5(y1, y2) = 2—11%2(y1 — 192)? for some positive R.
o % ={1,...,5} is a discrete set of symbols S € NU {oco}, with the grossiere metric

0 lf yl = yg,
folyr,y2) = {1 else

2.1. Transportation loss induced by £

The loss on % naturally induces a loss on measures, via optimal transport.

Definition 2.1 (Transportation loss) The transportation loss between distributions
m and o for the loss Loy is given by

def .
T (r1m2) L inf / t (41, y2)dy (3, )
vel (m1,m2) Joy way

where T'(my,m2) denotes all couplings of distributions v with first marginal m (that is,
m1 = [, dv(-,y2)) and second marginal (= [, dy(y1,-))-

Remark 2.2 A well-known example is when the loss is associated to a p-norm £y(y1,y2) =
llyr — ya|[b- In this case, we recover a Wasserstein (aka the Fréchet or Mallows or Kan-
torovitch) distance

1/p
Ty, (w1, )P = Wy (w1, ma) = ('yel“inf /@ ” |y —y2||5d7(ylyy2)> :
X

(m1,7m2)
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8 0.-A. Maillard

In general, solving the optimal transport problem is not an easy task. For our two illus-
trative cases, the optimal transport problem reduces to a nicer formulation. In dimension
1, the value of the optimal transport has an explicit form for convex potentials:

Proposition 2.3 Assume that % =R, and lo (y1,y2) = ¥(y1 — y2), where ¢ : R — R
is a convex potential. Then, the transportation loss induced by Lo satisfies

Fiy(maim) = [ 1 o170 - 11370 )at,

where Iy = Pxor, (X <) is the cdf of m1 and Iy = Px o, (X < ) is the cdf of ms.
For the potential 1 (y) = y?, it is not difficult to derive that

1 1/2
Famms) = | =) + (01— 02 + 2102 4 g = [ PO @0r)|
0

where 11,071 (resp. ug,02) are the mean and standard deviation of 7 (resp. m3). From
this formula, we easily deduce the special form for Gaussian real-valued distributions?:

Wo (N (11,07), A (p2,03)) = /(1 — p2)? + (01 — 02)?.
When # is discrete, we recover another classical notion:

Proposition 2.4 Assume that % = {1,...,5}, and lo(y1,y2) = I{y1 # y2}. Then, the
transportation loss induced by £y coincides with the total variation distance

Tty (m1,m2) = drv (m1,72) Z Im1(y) — m2(y)| -
ye@/

2.2. Self-information loss induced by £»

In this section, we show that a given loss £o on % induces a natural class of distributions
whose tails are controlled, and vice versa, that a given class of distributions naturally
induces a loss on %. This second point of view is especially useful when the given space
is for instance discrete with no useful metric, while the first one is more natural when we
have access to some informative loss. Now, the two points of view are fairly exchangeable.

From loss to class For the first claim, let us consider that #° ¢ R¢ and that the loss
comes from a convex potential ¢o (y,y’) = ¥(y — y'), where 9 is convex, non-negative
and null in 0. Now, one can always decompose Y;,, = pu,, + &,, where we introduced the
conditional mean p, = E[Y,|Y" 1] and the conditional centered noise &,. Controlling
the tails of £, is crucially important in order to control the loss of any algorithm. We
introduce the following definition

3 The formula for general multi-variate Gaussians, also known as the Bures metric, is given by

1/2
o (N (u1, 1), A (n2,52)) = \/Ilm—uzl%+Tr(21+22—2<2}/2222}/2) )
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Self-normalization techniques for streaming confident regression 9

Definition 2.5 (Loss-adapted noise) The noise is adapted to the loss {a if it satisfies

v € N, InElexp((\, €.)[Y" 7] < ¢*(A) where ¥*(\) = sup (\y) —¥(y).
yeW -

for all \ such that the right-hand side term is finite. That is, the cumulative generative
function of the moise is dominated by the Legendre-Fenchel dual of the potential loss
Sfunction.

For instance on # = R, the dual of the quadratic potential 1(z) = % isY5(A) =
’\22Rz, and the definition reduces to that of a R-sub-Gaussian noise. Thus, a given loss
function % induces a natural class of distributions.

There are many ways to justify such a notion. First it is quite intuitive, since when
the loss grows fast away from 0, this means we cannot tolerate a too large noise, while a
very flat potential loss function will produce low error even for a large noise. Now, a more
formal way is simply to control the loss £ (yp, i) between the random observation and
its expectation. For clarity, let us consider that ¢ = R and v is strongly convex, non-
negative with ¢)(0) = 0, so that we can write 1 the (invertible) restriction of 1 to Z,NR*
and 1_ to 2, NR™. Let g be some upper envelope function on A — In E[exp(A\&, )Y ™.
Then the error obtained by the oracle predictor p,, satisfies

Pty (Vo) > 1) = P(w(en) > fy")
< P&z v ) +B( -6 > vl v
ty t_

< exp(—g”*(t4)) + exp(—g*(t-)),

where g* is the Legendre-Fenchel conjugate of g. In particular, when g is ¥*, then ¢** = 9
by convexity of ¥, and g*(t+) = g*(¢t—) = t. Thus, we obtain in this case that

P(Cy (Yar ) 2 t"71) < 2exp(—0).

Thus, the probability that the loss of the optimal predictor is larger than ¢ decays ex-
ponentially fast with ¢. This desirable property does not necessary hold when the noise
is not adapted to the loss. Further, if g, is another function such that YAg4(A) = g(A),
then g% () < ¢g*(x) and thus the bound on the loss of the optimal predictor for a noise
& with upper envelope function gy is larger than for g, which explains why we want a
tight envelope.

From class to loss We now proceed backward, starting from a class of distributions in
order to build a loss function. For an abstract space &, there is no necessarily natural no-
tion of linearity giving a meaning to y —y’ or (A, y). Think for instance of a discrete space
% = {1,...,S}. However, one can still consider a class of distributions, and functions
on % Thus, given a candidate distribution = for Y;,, we consider g(A) = InE, exp A(Y),
for any function A that is bounded, continuous. Interpreting g as the dual ¥* of a convex
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10 0.-A. Maillard

loss, it is then natural to look at its dual g* in order to recover the definition of the loss.
Note that ¢g* acts on measures v. It comes

g*w) = sup (1,A)—g(N)
ANECB(¥)
= sup E,[AY)] —InE;expA(Y)
ANECB(Y)
= KL(v,7),

where (-,-) is the duality product, and €5 (%) are continuous bounded functions on %'.
Thus, the loss induced by 7 on probability measures coincides with the Kullback-Leibler
divergence. In particular interpreting an observation Y, as a Dirac distribution at point
Y., it comes —In(p(Y;,)) where p denotes the density of m with respect to the reference
measure. This justifies the introduction of the following

Definition 2.6 (Self-information loss) The loss of a distribution m on % with density
p s given by

lr(y,m) = —Inp(y) .

Remark 2.7 The self-information loss is a popular and standard loss in the literature on
sequential prediction. Its expectation with respect to y coincides with the Kullback-Leibler
of the distribution of y with w. The notion of loss-adapted noise, although less frequent,
also appears in certain works. We refer to (Merhav and Feder, 1998) for an extended
study of universal sequential prediction and further details.

The self-information loss may look very appealing due to its interpretation in terms
of models and its applicability to any abstract space %". However, one may be aware of
a specific issue, which we illustrate here with a simple Gaussian model. For a Gaussian
model, say with constant variance o2, the self-information loss at point 3 writes

2

by A (10%) = YT Dngaro?).
When the variance is unknown and (estimated) by a procedure, a model that estimates
a high variance (and thus a large bandwidth and confidence intervals) will mistakingly
consider it should incur a lower loss than a model that estimates a low variance. This
raises a specific issue. In the context of model selection, this makes any practical use of
this loss by an algorithm tricky in case the observation noise is unknown. This issue does
not appear when the noise of the process is perfectly known as it is only due to the term
o2 that must be estimated. Now, such a phenomenon does not occur when considering,
in the same Gaussian scenario, the transportation loss (see Section 2.1). Such questions
should be taken into considerations when choosing the loss.

3. Least-squares strategies on the real line

In this section, we continue introducing the objects of interest, that are standard esti-
mates, mostly in order to fix the notations. We focus on the case # = R when observa-
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Self-normalization techniques for streaming confident regression 11

tions are real-valued. Given a parametric modeling class (%,9) with . = {f : f(x) =
0, 0(x)),0 € R ||0|| < B} it is natural to find at step N + 1 a parameter 9}6 that
minimizes the past empirical loss, that is which solves the following problem

gréigizﬂ(yn - 9T<P(xn))- (2)

In the sequel, we focus on the quadratic potential ¥(x) = %, as it corresponds to an
R-sub-Gaussian noise assumption and leads to a fully explicit solution to (2). Indeed, in
this case every solution 6 to (2) must satisfy

N N
GnO = Z @(Tn)Yn , where Gy = Z cp(xn)@(xn)T :
n=1 n=1

We refer to the problem formulation (1) using the quadratic potential as the sub-
Gaussian streaming regression model.

Pseudo-inverse solution For convenience, we introduce Yy = (y1, ... ,yN)—r € RV
and the N x D matrix ®x = (¢ (21),...,% ' (zn))". Using these notations a solution
to (2) must satisfy G0 = @Yy, where Gy = @ Py. A specific solution is then
H}L\, = GJIFV(I)LYN where GR, denotes the pseudo-inverse of G, and the space of solution
can be described as

On ={0 €0 :Gn(0l, —0) =0} = {0, + ker(Gn)} N O.

Note that when © = R¢ and Gy is invertible, G;[V = G;l and the solution reduces to

the ordinary least squares solution G}LV = (/9\N = ijl ® Y. Further, it holds for all x,

f*(2) = f3, @) < 116" = Onllalle@)l g 3)

Equation 3 thus enables to control the prediction error at any point z. On the other
hand, in the general case, for all § € Oy it holds

N N
D) = folxn)® = (0" = 0)Tplwa)p(wa) T (6% = 0) = (10" —6lIZ, -

Thus in case of over-fitting, we must have V0 € Oy, ||0* — ||, = 0, which indicates
that Gy is unable to provide information about the localization of 6*. Also in that case,
G is not invertible and we can no longer apply (3).

Regularized solution When Gy is not invertible, another approach is to regularize
the problem by constraining the quadratic norm of the parameter. This leads to the
ridge solution (aka Tikhonov—Phillips regularization, or fs-regularization) given for a
regularization parameter A € R} by

On oy = Gz_v,IA‘I’[TN]Y[N] - where Gy, = (I’[TN]'I’[N] + M.
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12 0.-A. Maillard

Remark 3.1 The reqularization parameter X is better understood from a Bayesian point
of view in the Gaussian i.i.d. model. Indeed, if we pick a random function using 6 ~
A(0,%) (a prior which models how hard it is to generate one function), and assume that
the noise is exactly i.i.d. Gaussian (&, ~ A (0,02) for each n) and x, is independent
on the past, then the posterior mean function is a random function following the law

In@) @, 21, TN, Yy Y ~ TN (T) = A (un (), 0% (7)) where

pn(@) = o@) (B P +0°S7) T @ Y
oxn(@) = o%p(@) (@@ + 0757 Te(x).

This enables to directly interpret \ as being an a priori value of the variance term, and
to recover the la-regularized least-squares using 3 = %-14. See appendiz A for details.

Remark 3.2 It is actually natural to combine the pseudo-inverse and ridge solution in
the case of a finite-dimensional function space. Indeed, one may use the ridge estimate
On,x in the first rounds as long as G is not invertible, and then switch to choosing the

ordinary least-squares estimate §N for larger values of N.

Kernel solution Finally, in the case when the function space is of large or infinite
dimension, it is desirable to directly compute the estimate of the mean without computing
the possibly infinite dimensional parameter 6. Actually, we can derive the equivalent form

un(z) = @(z)TEi’[TN](tI’[N]E@[TN] + 02IN)*1Y[N]
o3 (z) = o) Se(x) - @(m)TE{)E\,](‘I’[N]Z@EV] + UQIN)_l@[N]Zgo(x) .
This ”functional” form is convenient as it generalizes to infinite dimensions. Indeed let
us introduce k(z,z) to generalize p(z)" Xp(z), as well as ky () = (k(@n, 2))nen] and
Ky = (k(xi7xj)),;7j€[N]. We then get
pn(x) = kn(z)(Ky +0Iy) " Yy
o2 (z) = k(z,z) —kn(z)" (Ky + 02Iy) tkn ().
In the next sections, we provide tight confidence bounds on the estimation error of

the next observation for each of these three procedures, namely the ordinary, ridge and
kernel least squares.

3.1. Mean estimates

In this section, we assume that level of noise R is known (or upper bounded by a known
constant), and derive confidence intervals on the mean function. We discuss the estima-
tion of the noise level later in section 3.2,

Let us remind that the history of observations hy = {(x1,vy1),..., (N, yn)} is gener-
ated by a random process and that the observations points x,, are allowed to be arbitrary

imsart-bj ver. 2012/04/10 file: submitted3.tex date: June 28, 2016



Self-normalization techniques for streaming confident regression 13

function of the past observations before step n. Further, N is allowed to be a random
stopping time for the filtration of the past.

In this context, we obtain the following results on the estimation of the mean function
at any point x € 2. At a high level, Theorem 3.3 applies to function spaces of small
dimension, or when the number of observations is large enough that Gy is invertible.
Theorem 3.4 applies to function space of large but finite dimensions, when N is too small
to ensure that Gy is invertible. This is the reason for using a regularization. Theorem 3.5
finally applies to generic, possibly infinite dimensional function space.

Theorem 3.3 (Ordinary Least-squares) Assume that N is a stopping time adapted
to the filtration of the past. Then in the sub-Gaussian streaming regression model it holds

ka(e2A%;)

P(30€ 2 11) ~ fy (@) > 2Rty /1 (245

) N )\min(GN) > O) <.

where rq(x) = 272 In?(z/e) [w—‘ [(12(d + 1)Vd)%2? 4 d] and Ay = Amax(GN)-

Theorem 3.4 (Regularized Least-squares) Assume that N is a stopping time adapted
to the filtration of the past. Then in the sub-Gaussian streaming regression model it holds

A
P30 2170~ fons @] > el [ sl

det(Gy + \)1/2
Ry/21 <.
+ \/ " ( Sdet(\)1/2
Theorem 3.5 (Kernel Least-squares) Assume that N is a stopping time adapted to

the filtration of the past. Then in the sub-Gaussian streaming regression model, for each
x e Z it holds

P(f*(x) —un(@)] = [ (x) — ky () (Ky + 0% Iy) " ]

+R 2(||kN(x)||%KN+021N)72+1> ln<\/1+||kN(I);|%KN+021N)_2)> <5

Remark 3.6 The proofs of the three results rely on an application of the Laplace method
from (Pena, Lai and Shao, 2008), together with a non trivial peeling argument that en-
ables to localize the eigenvalues of the matrices Gn,Gn x, Kn. We detail the full tech-
nique in the dedicated Section 5.

The result of Theorem 3.5 is not simultaneous over all x € 2", contrary to the previous
two results. The reason is that in this case, we apply the Laplace method directly to the 1x1
term EL(Kyn + 02Iy) " Ykn(z) (where En is the noise vector) that has a deterministic
dimension. It would be more natural to apply the method to Ey(Ky + o?In)™t, but
the dimension, N, of this vector is a random stopping time and the method may no
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14 0.-A. Maillard

longer apply in this case. Now, when N is deterministic, the result of Theorem 3.5 holds
simultaneously over all v € Z .
The quantity |f*(x) — kn(x) " (Ky + o2Iy) " x| of Theorem 3.5 is a direct analogue
; A *
—_ T .
of the quantity e [|0*||2 of Theorem 3.4, and depends on the smoothness of the

function f* in the RKHS.

Discussion The result of Theorem 3.4 is essentially the same as that of (Abbasi-
Yadkori, Pal and Szepesvari, 2011), only with a minor refinement that can be also done
in their case. Using a regularization is important in case the considered function space
is large with respect to the number of observations (in the sense that G is not invert-
ible). For smaller function spaces or large enough N, one may want however to stop
regularizing and put A\ to 0. Despite being a great result, Theorem 3.4 is in this sense
unsatisfactory with respect to the dependency with the regularization A, since the bound
becomes trivial as A — 0.

The result of Theorem 3.3 is novel and interesting in this respect. Indeed, compared
to the regularized approach, we managed to get rid of the regularization parameter A,
that is intuitively not required when Gy is invertible. The result also improves on the
approach used in (Rusmevichientong and Tsitsiklis, 2010), that was the best result so
far in this case. From their work, it is possible, after some careful rewriting of their proof
(simply gluing the different terms they control separately), to obtain the following result:

Theorem 3.7 (Least-squares reconstruction for finite-dimension spaces) Let us
consider the sub-Gaussian streaming regression model. Assume that Gy is d x d in-
vertible with smallest eigenvalue Amin(Gn) = Ao > 0 bounded away from 0 and that
vn, ||¢(x,)|| < Ra for a deterministic Ra-. Then, if N > —2%— it holds for all § € [0,1]

12R?,
and x € 4, with probability higher than 1 — 6,

() = for (2)] < Rllp()llg-1/ Dn(6)

where we introduced the quantity

Dy(6) =16 {1 +1In (1 + 36;?) } {dln <36f3” N) + ln(l/é)] In(N).

7K‘1(62A?\7)> from
Theorem 3.3, where we managed to move the O(In(N)) factor inside the In term and
provide a result that is valid for any random stopping time N, without restricting IV
to be large enough. Also, we do not require a deterministic bound Rz but can work
directly with the largest eigenvalue Ay computed from the data. The gap between the
two bounds can actually be significant as we illustrate in Figure 1 on a toy problem.

The result of Theorem 3.5 regarding the kernel regression setting is also novel and
directly follows from our proof technique and intermediate results for the two other
theorems.

The quantity Dy (6) obtained in their result should be compared with In (

imsart-bj ver. 2012/04/10 file: submitted3.tex date: June 28, 2016



Self-normalization techniques for streaming confident regression 15

3.2. Variance estimates

We now turn to the more involved problem of estimating the unknown noise level R, that
is generally not known in practice. We consider for this purpose two approaches. The first
approach simply consists in further specifying the noise model and studying a standard
empirical variance estimate. The second approach consists in making explicit use of the
results derived in Theorems 3.3, 3.4, 3.5 and taking advantage of our streaming setting
in order to provide a ”corrective” estimate of the variance that adjusts its value at each
time step when a mismatch is detected. We first proceed with the variance estimation
procedure.

3.2.1. Estimation
The next theorems provide a control on the accuracy of the following (slightly biased)
estimates

N N
ey 1

3 = v D — ke ela))) and 53 = 1 D (o — O p(m)))?.

n=1 n=1

Assumption 1 (Strongly sub-Gaussian noise) The noise sequence is not-only con-
ditionally sub-Gaussian but further strongly sub-Gaussian, in the sense that

. 1 2
Vi, VA < SR 1nE{eXp()\§i)

hi_l} < —% In (1 — 2/\R2) .

This assumption naturally holds for Gaussian variables, which explains the name.

Theorem 3.8 (Ordinary variance estimate) Under Assumption 1, in the sub-Gaussian
streaming regression model, then for any random stopping time N adapted to the filtration
of the past, with probability higher than 1 — 35, that either Amin(GN) < Ao or

R(l Cn(0) cN<5)+DN<(s>>< a%ng(u QCN((S))'

N N N N
where Dy (8) = 4In(kq(eAn/No)/0) and Cyn(8) = In(e/d)[1 + In(x* In(N)/6)/In(1/6)].

Theorem 3.9 (Regularized variance estimate) Under Assumption 1, in the sub-
Gaussian streaming regression model, for any random stopping time N for the filtration
of the past, with probability higher than 1 — 36, it holds

-~ [2Cn (5 In )
Vora < R{l‘F ]J\\[[()}+||9 24/ % 1—m

NG SO ¢0N<6>+2DN,A<6>]_¢2A1/2R|0*|]|V2WN,A<6>_

N N

where Dy x(§) =21n (‘W).
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16 0.-A. Maillard

Remark 3.10 We observe from these two theorems that the lower bound on the noise
1s a little different from the upper bound. Also, the estimate is potentially better when
one does not need to reqularize, since in this case we do not need to bound the unknown
parameter ||04||2-

Remark 3.11 Since A\ can be thought as a proxy for R?, it may be tempting to use
the variance estimate in order to tune the parameter X. However, this procedure does not
straightforwardly leads to theoretical guarantees because all our proof techniques are based
on version of the Laplace method that requires \ to be independent from the observations.

Corollary 3.12 (Bounds on the variance) Under Assumption 1, in the sub-Gaussian
streaming regression model, for any random stopping time N for the filtration of the past,
with probability higher than 1 — 30, it holds that either Apnin(Gn) < Ao or

\/%(H QCz]:f(é)>_l<R<\/37N(1— C]j\gé)— c]jé(;)jLDljvv(é))_l’

+

where ()4 = max(z,0), and using the convention that (x)7' = 0 if x < 0. Now, if an
upper bound RT > R is known to the learner, one can derive the following inequalities
that hold with probability higher than 1 — 36

\/%_W\/WQK G?V+R+< cjjvéa)ﬂ/c]v(a)jvp]v(a))

Likewise, for the regqularized estimate, for any A > 0, with probability higher than
1 — 36, it holds that

N2[|6% |2/ D (0) 12 [A216% ]2/ D n(3) ]\
R < 1<[\/312\704+ 10%]|2/Dv A )} % I hW} )

? QN)\miHS/Q(GN7)\)

e Y ON

where we introduced

a_<1_ /701}[\;5)_ CN((S)-FDN,)\((j\)](l'FW))-F'

Further, if an upper bound R™ > R is known to the learner, one can derive the following
inequalities that hold with probability higher than 1 — 39,

O | SO D0 \/ IA2RH [0 1/ D)
N

N N
~ [2C (5) B A
> /0%, —R" N e — [l
R o-N,A R N H ||2 N Amax(GN,A)
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Self-normalization techniques for streaming confident regression 17

3.2.2. Correction

The standard estimates of the variance presented in the previous section have some draw-
backs. The main one is the behavior in case of over-fitting, since for instance the variance
of the ordinary least-squares estimate becomes 0 in this case, and is thus completely
non informative about the true variance. For this reason, it is desirable to consider a
different approach that remains valid in the case of over-fitting (and that requires only
o(n) updating complexity at step n). We design such an estimate, in a very natural way,
taking advantage of the confidence bounds on the mean and of the sequential setting.

At high level, the corrective procedure that we introduce compares the high prob-
ability confidence intervals and the actual observations, and searches for the smallest
variance parameter that makes all past and current confidence intervals valid (that is,
the confidence interval contains the observed value). This procedure guarantees that the
resulting corrected variance estimate is indeed a high probability lower bound on the
actual variance as we show below.

Lemma 3.13 (Corrective variance estimates) Let us consider the sub-Gaussian stream-
ing regression model and define the following instantaneous and cumulative variance es-
timates

max(lyn+1 — fz, (@n+1)| —en, 0) ~

= max I'pt1 m)2) .
G5+ EmG) @ Ry G/

N+1(6) =
where the function b and constant ¢ are such that
]P’(Hx € |f*(x) - fz,(@)] = en + RbN((S)) <90.

Then, under assumption 1, Tn41(9) satisfies with probability higher than 1 — § the in-
equality Tn41(8) < R. Likewise, Ry1+1(0) < R with probability higher than 1 — 6.

One advantage of these quantities is to remain meaningful even when there is over-
fitting, contrary to the classical variance estimate that become 0. The splitting of the
data into training and testing is done in a very simple (perhaps naive) way by testing
only on the next observation, which avoids the combinatorial complexity of combining
all possible 2-set partitions of the data.

Note that Assumption 1 is not required in order to lower bound the value R. This
assumption (or a related one) is required in order to show the estimate is tight. This is
intuitive, since otherwise nothing requires the R value of the sub-Gaussian assumption
to be minimal.

Proof of Lemma 3.13:

Indeed, it suffices to remark that by construction of the confidence interval, it holds
with probability higher than 1 — §, for all x,

[f*(x) = f5, (@)] < en + Rbn(6).
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18 0.-A. Maillard

Thus, under a R-sub-Gaussian assumption, the observation ynx = y(z) at point ¢ =
is such that y(z)— f*(z) is R-sub-Gaussian and thus with probability higher than 1— 34,
by a triangular inequality followed by a union bound it must hold

ly(z) = fon A (2)] < e + RbN(8) + Ry/2In(1/6).
We simply conclude by noting that 7y 11(d) is actually the smallest value R such that
the high probability bound is satisfied with probability 1 — §
?N-Q-l((s) = mln{R : ‘yN-i-l — fé\N (l‘N+1)| <ceny+ RbN(5/3) + R+/ 2111(3/(5)}
max(|yn+1 — fz, (zn+1)] — en, 0)
bn(6/3) + +/21n(3/9)

A natural way to define the corrective estimate is then to take the maximum 7,(0) at
each time step. Let §,, = 66/(mn)?. Using a simple union bound, we define

Ryi1(6) = min{R:VYn € [N],|yns1 — f7 (@ns1)| < e + Rbu(3,/3) + R/2In(3/5,)}

maX(|yn+1 - fé\n (-rn-i-l)‘ — Cn, O)

= max = max Tpt1(dp) -
n€[N] b, (0n/3) + 1/21n(3/6,,) ne[N]
It satisfies with probability higher than 1 — § the inequality ﬁNH((S) < R. O

The previous lemma shows that it is possible to build a high probability lower bound
on the noise level R. It is interesting to investigate to which extent the corrective esti-
mate is loose. Due to the dependency between the random variables, this is in general
a challenging question. We provide below a hint on a quantity related to Ry41(d) in
the simplified situation when both x,,41 and &, 1 are independent on the past history
hn, N is deterministic and when &, 11 is moreover exactly Gaussian. We also restrict our
illustration to the ordinary least-squares estimate é\N.

In this case, we first remark that by construction of the ordinary least-squares estimate
it comes

* TANT
max [y(@nt1) = f5 (@n1)] = ,?éﬁfﬁ'(e —0n) o(Tni1) + Ensal
= nax EI@nG:nga(xn+1) +&nt1
n€[N]
n
= max ‘P(xwz)TG;l‘P(mn-&-l)gm+§n+1 .
ne[N] oo}

An.?n

In this form, we see that one needs to control the maximum of the absolute value of
a sum of Gaussian random variables. Indeed, using the assumption that each z,, is in-
dependent on the past observations before n, then so is the matrix G,, and thus A, ,,.
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Self-normalization techniques for streaming confident regression 19

Now, using the assumption that &, is independent on the past, and thus of &,,, m < n,
we remark that anzl Anmém + Ent1 is a centered Gaussian with standard deviation
R = R(o(zns1) "G o(z41) + 1). Thus, we deduce that the following quantity

Zn = max |y(xn+1) — fen($n+1)| — max |gn"

w1 Mol 11 el

is the maximum of the absolute value of N many R-Gaussian random variables {gn }e[n]-

At this point, let us remind that in the case when Zx = max, ¢ (k] gn is the maximum
of K i.i.d. centered Gaussian variables {gn}nec[k] with variance R?, then the following
holds

22:&8 < E[Zx] < RV2In(K).

We further know that Zg is asymptotically of order Ry/2In(K) up to fluctuations of
order O(RInln(K)/+/In(K)). Indeed, it holds for these independent variables (see e.g.
(Leadbetter, Lindgren and Rootzén, 2012, Theorem 1.5.3)) that

(maXnE[K] gn

i K—oo
(k) R§{lnanJrln(élﬂ')+21n1n(1/§)]> =94. (4)

41n(K)

The proof of this result actually follows from a simple study of the cdf of the Gaussian
distribution. This control, even though it is asymptotic, gives a hint about the behavior
of Zg, and shows that with high probability, Zx /1/2In(K) cannot be a too loose lower-
bound on the level of noise R.

However, even in our simplified case, we need to control Zy that is the maximum
of 2N many correlated R-Gaussian random variables (since |g,| = max{gn, —gn}, and
because g, depends on g,_1). By the Slepian inequality, we can relate Zy to Zon
Indeed, for all (deterministic) z, the inequality P(Zy > z) < P(Zan > z) holds true. On
the other hand, by a simple union bound over the K random variables, it holds

]P’(ZK > Ry/2 1n(1/5)> < KS§.
Thus, for K = 2N, we deduce that with probability higher than 1 — ¢, then

Zy < R\/2In(2N/5)) .

However, this only provides an upper bound on the quantity Z . Slepian’s inequality does
not able to control the reverse inequality that would be required in order to understand
how loose is the lower bound estimate.

We leave as an (partially) open question the generalization of (4) to the case when the
{Gn}ne[n) are the partial sums of i.i.d Gaussian variables {5n}n€[N] (thatis g, = > 1 1 &)
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as well as that of getting a fully non-asymptotic result valid for all N (possibly a random
stopping time). Such a result would complement that of Lemma 3.13 in order to derive

a confidence interval for corrective estimate of the form R — cyy1 < §N+1(5) < R. for

some Cn 1 Nzpeo yet to be defined.

3.3. Streaming updates and complexity

In the case of streaming data, recomputing the ordinary least-squares solution from
scratch at each step may not be computationally efficient, due to the linear scaling with
the length of the history. Instead, it is desirable to use the solution computed at time
n in order to help computing that at time n + 1. Such incremental updates have been
studied in the literature. We provide for the sake of completeness the following folklore
result that is a direct application of the Shermann-Morrison formula:

Lemma 3.14 (Online updates to the least-squares solution) The solution 6,11 x
can be computed at each time step, by maintaining only a d X d matriz G;})\, and the

vector @Y, with updates formulas given by

L GleEme@a) TG
n+l, A Gm/\— T -1 with GO =A Idxd
1+ ‘P(zn—&-l) Gn)\@(wil)
(I)I+1Yn+1 = (I)lYn +@(Xnt1)Ynt1  with ‘I)OTYO =0q4.-

provided that 1 4+ gp(x,b+1)TG;}1>\<p(xn+1) #0.

A similar but more complicated update formula exists for the pseudo-inverse matrix GJ .
It can be found for instance in (Campbell and Meyer, 2009, Th.3.1.3, p.47), and we refer
the reader to this reference for further details. Thus, both 9;, and 6,  can be computed
efficiently, with an update complexity that is at most O(d?) at each step n.

The variance estimates can also be updated sequentially in an efficient way. Indeed,
it suffices to rewrite the variance estimate as

N

1

T = 3 2 — (O p(@n))?

n=1
N N

1 1

= NZZ’JQ"‘NGNA <Z >9N,\—9NA Z<P (Tn) Yn -

n=1 n=1 n=1
\/—/ ——
qNn GnN SN

Since gy is a scalar, 9;[\, is a vector of dimension d and G is a d X d matrix, they update
in a constant time with respect to n. A similar decomposition holds for 7%.

The computation of the kernel estimates is trickier, since one must update the kernel
matrix, that is N x N (this should be compared with the d x d feature matrix Gy).
Thus, even a rank 1 update requires O(N) steps in general for these infinite dimension
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Self-normalization techniques for streaming confident regression 21
models, and can thus be costly for large N. One may want to resort to approximations

such as sketching in order to avoid a numerical complexity growing linearly with N, but
one needs to control the approximation error introduced in that case.

3.4. Some numerical illustration

In this section, we provide a few numerical experiments that enable to visualize the
empirical confidence intervals that we build, and compare them to other constructions.

Figure 1. Confidence intervals in the realizable case, with given bound on the noise level R = 3., for var-
ious methods. Red: Ordinary least-squares estimate from (Rusmevichientong and Tsitsiklis, 2010) (The-
orem 3.7) Orange: Ordinary least-squares estimate using the improved Theorem 3.3. Yellow: Regularized
least-squares estimate with A = 1, using Theorem 3.4. Cyan: High-confidence interval corresponding to

a Gaussian </V(f§n (-); R).

In Figure 1, we have plotted the confidence intervals over the observations y, built
from various methods, for some simple signal in a linear function space of low dimension
d, with noise level less than R = 3. In this first series of plots, R is given to the learners.

For the ordinary least-squares, we have plotted the confidence interval* resulting from
(Rusmevichientong and Tsitsiklis, 2010) (in Red), and the one resulting from our im-
provement (in Orange), see Theorem 3.3. For the regularized estimate, we plotted the
bound from Theorem 3.4 (in Yellow, see also (Abbasi-Yadkori, Pal and Szepesvari, 2011)),
with parameter A = 1 and ||6*|| < v/d. Note that large values of A (compared to the ac-
tual level of noise) may lead to loose confidence bound. Finally, we plotted in cyan the

4They are only valid after the number of observations is large enough so that the G, matrix has
large enough lowest eigenvalue.
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high probability confidence interval of a Gaussian centered at the estimated value f3 ,
with variance R?, that is [f5 (z) £ Ry/2log(1/5)]. This naive interval (we refer to it
as the in-model confidence interval) is however not in general a valid high-probability
confidence interval as it does not take into account the estimation error of 6,,.

Figure 2. Confidence intervals from Theorem 3.4, in the realizable case, for the regularized least-squares
estimate with A = 1 and various methods to handle the noise. Red: Upper-bound from Corollary 3.12
without any knowledge of the noise. Orange: Bound R given to the learner. Yellow: Lower-bound from
Corollary 3.12 without any knowledge of the noise. Green: Corrective noise estimate.

In Figure 2, we consider the confidence intervals computed from Theorem 3.4, and
study the influence of the estimation of the noise parameter R on the resulting bounds.
We plot in Orange the confidence interval when a bound on R is given (Here R = 3, and
the actual noise level has been chosen uniformly in [0, 3]). We plot in Red (respectively
Yellow) the intervals using for R the upper bound (respectively lower bound) from Corol-
lary 3.12, when no bound on R is known. Despite the fat the noise level is completely
unknown, the confidence interval shrinks reasonably fast. Finally, the Green intervals
correspond to using the corrective noise estimate from Lemma 3.13 for the parameter
R. Similar figures can be obtained when studying the estimation of R in the context of
ordinary rather than regularized least-squares estimates.

Remark 3.15 To avoid clutter, we haven’t plot the interval using a given bound RT,
but it should be in between the orange and yellow intervals. Note also that the yellow
intervals in Figure 2 are not valid high probability confidence intervals in general. Both
the yellow and green intervals can be qualified as being ”optimistic”.
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4. Confidence, Model adequacy and Predictive loss

In this section, we provide some key applications of the confidence intervals built in
the previous section. On the one hand, we focus on the notion of model adequacy that
enables to measure empirically the adequacy of the modeling assumptions to capture
the observed signal, and thus to raise an alert when the adequacy is too low. On the
other hand, we provide an estimate of the loss of the learner at a next observation step,
for various notions of losses. This is especially relevant to the task of model selection or
aggregation in the context of sequential prediction.

In the following, we abstract the previous models, for the sake of generality. Let &2
be a set of stochastic processes indexed by 2", with value in % (that is for P € &, and
x € X,y ~ P(x) belongs to #). We call a prediction strategy P over & a learning
algorithm that outputs, for a training history h, one specific process denoted P(h) € Z2.

Definition 4.1 (Confidence set) A confidence set at point x € £ for the prediction
strategy P over & trained on history h, is a subset of % indexed by the confidence level
6 € [0,1], such that for any P € & such that h has been generated by P (in the sense
that y ~ P(x) for each (z,y) € h), then

Vo €[0,1], Py p) (Y € %(m,é,?(h))) >1-96.
Likewise, for a given history h, the confidence distribution set at point x € X is
D(x,h,P)= {P € Z:¥e0,1], Py.pw (Y € c5(:c,5,73(h))> >1- 5}.

Remark 4.2 [t is relevant to illustrate the difference between the confidence set that is
considered here and a perhaps more naive one. Consider a Gaussian model where y ~
N (f*(x),0%) with known o2. Once a regression parameter 0,, is computed, it is tempt-
ing to consider the distribution N (fs, (x),02), and corresponding interval € (x,8) =
[fo. () £ 0+/210g(1/6)]. This "in-model” confidence interval (and distribution) is quite
different from that of Definition 4.1, since the latter takes into account the uncertainty
about the random variable 0,,, contrary to € (x,d).

Example: From Theorem 3.3, we deduce that for the ordinary least-squares solution
with fp, = f5 , it holds (when R is known)

€ (2,0, P(h) = {y: [y — fu(@)] < bn+cny/2In(1/0)},

with by, = 2R|[o(2)]| o1 1/In (3nd(62A§v))+ 21(3) and o, = V2R|p(2)[| 1 +1. We get

a similar form for the regularized least-squares solution from Theorem 3.4, respectively

. " e /
with by = [le(@)llg, [mw Il +R\/21n (Wﬂ + 1/21n(3) and
cn = Rllp(@)llg1, + 1.
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Definition 4.3 (Model Adequacy) We define the model adequacy for an observation
y at point x of the prediction strategy P trained on history h by

a(y,z,P(h)) = sup{é : § € Argmin{inf{lo (y,y') : v/ € €(x,5,P(h))}, € [0,1]}.

A walue of 1 indicates no mismatch, while a value of 0 indicates a strong mismatch.

Examples: In the Markov setting on a finite alphabet, the model adequacy simply
coincides with the probability assigned to each observation y the prediction strategy. We
show see this Section 4.1 below. In the sub-Gaussian streaming regression model, it takes
another form as we show in Section 4.1; For a typical confidence set given by

@ (2,8, P(h)) = {y: ly — fu(@)| < by +cny/2In(1/6)},

and for the quadratic loss ¢o (y,y') = (y — y')?, we show in Section 4.1 that the model
adequacy has the following form

aly, =, P(h)) = exp (_ (fa(z) ;C%h -5 - fh;i% — bh)+) |

where (z)4 = max{z,0} denotes the positive part of z. Note that a(y,z,P(h)) =
1 for all y such that |y — fh(x)| < by. Further, the model adequacy integrates to
Jo a(y,z,P(h))dy = \/2mc; + 2by,, so that the normalized model adequacy coincides
with the density of a quasi-Gaussian distribution that is sometimes called a possibilist
distribution due to the fact it not only corresponds to a model estimate (such that
N (f3,, (z),02)), but also accounts for the uncertainty about 8, thus effectively com-
bining the distributions 4 (fy(x),?) for all plausible parameters 6.

The next three definitions introduce the predictive loss, that is an estimate of the high-
probable loss that one may incur at a (next) observation point x. Thus, the predictive
loss is typically used, at step m with history h,, to predict the possible loss at point
T = Tpy1, assuming the observed signal obeys our modeling assumptions.

Definition 4.4 (Predictive Quadratic Loss) The predictive quadratic loss at point
x € Z for the prediction strategy P trained on history h, with level 6y € [0, 1] is defined

by
Ly (2,00, P(h)) = sup{la (y,y),y,y" such that a(y,z,P(h)) > do}.

Definition 4.5 (Predictive Self-information Loss) The predictive self-information
loss at point x € X for the prediction strategy P trained on history h, with level 6y € [0, 1]
1s defined by

l1(, 80, P(h)) = sup{l;(y, p(-|z, P(h)),y such that a(y,x, P(h)) = 6o} .
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Definition 4.6 (Predictive Transportation Loss) The predictive transportation loss
at point x € X for the prediction strategy P trained on history h, with level §y € [0,1]
1s defined by

T (2,00, P(h)) = sup{Te, (P(x),p(:|z,P(h),P €P
such that Py L p(gy (Y, 2, P(h)) < do] < do} -

4.1. Model adequacy

In this section, we provide explicit computations for the model adequacy introduced in
Definition 4.3.

Example 1 When % is discrete and {(y,y") = H{y # y'}, let p(-|x, h, . #) be the
prediction distribution on the value of the observation at point x for model .# with
history h, it is natural to define the corresponding confidence set

K
C(x,0,h, )= U{ykl,...,ykK S8 Zp(yki|x,h,%) >1— 4§ and K is minimal} .
i=1

Now, for £ being the grossiere metric, it can be checked that the model adequacy satisfies
oYz, hy M) = p(Y|x, h, #), and thus

p(ylz, h, A)
Zye@ p(y|$, h7 %)
Indeed, in that case, we get by construction

inf{l(Y,y) :y € €(x,0,h, #)} ={Y & €(x,0,h, #)}

pyla, h, A) =

= p(ylz, h, A).

< Kp(Yla hytt) <1— > plyle, b, 4)}.
YEE (2,5,h, M)
K K
< Hp(Y|z h, #) <1 — max{Zp(yki x, h, M) : Zp(yki x h, M) 21—6}}.
i=1 i=1

< Hp(Yla, h, ) < 6}
Since this last quantity is 0 for all § < p(Y|x, h, #), we thus get the desired conclusion.
Example 2 When % = R and /(y,y') = (y — ¢')?, we get some interesting result.

Indeed, for a regression model with o2-sub-Gaussian noise, the confidence set is of the
form

C(x,0,h, M) = {fh,/[(x)—)\B—\/203267,17%111(6%,/[/6)—\/202111(1/6),

Frat () + 2B + \/zagﬁ,% In(Ch._z /8) + /202 In(1/3)
c [mmm}
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where we introduced a = f5,_»(z) — AB — \/2027,1,‘//{ In(Ch, i), b = fr.w(x) + AB +

\/201,1’% In(Ch,_#), and finally ¢ = , /U:%,h,//l + Vo2 for convenience. Now, at the price
of enlarging the confidence set,

inf{¢(Y,y) :y € €(x,6,h, #4)} > nf{(Y —y)*:y€ [a—cy/2In(1/5),b+c\/2In(1/6)]}
= Y <a—cy/2In(1/0)}(Y —a+ c\/21n(1/6))?
+IH{Y > b+ c/2In(1/8)}(Y — b — ey/21n(1/6))?.

. _—a? _r=p? .
The critical values for § are e™ 2.2 if Y <aand e” 22 if Y > b, that is we find that
(a=Y)3 _ (Y -n3

oY h, M) =€ 22 2.2 . Further, we remark that

N (a=y)? o0 (y—b)2
/O‘(y5x’hv///)dy = / efﬁderlb—alJr/ e 2 dy
v b

— 00

= V212 +|b—al,

which leads to the (possibilistic) distribution induced by the enlargement of € (z, d, h, 4 )
defined by

- 1 _
p(dylz, b, A) = me

4.2. Loss estimates

The benefit of confidence intervals is to be able to easily derive an upper bound on the
loss of a prediction algorithm at the next input point (or any other). We illustrate this
point below in the Gaussian setting by providing a list of estimates for the quadratic,
self-information and transportation losses defined in the previous section, that directly
derives from our previous results.

We provide our illustrative examples in the case of Gaussian regression only, for the
purpose of clarity.

Theorem 4.7 (Predictive quadratic loss) The predictive quadratic loss of the model
that predicts N (fn(x),0n) from history h, in the sub-Gaussian streaming regression
model is given by

_ 2
Ty (2,00, P(h)) = 4(by+cu/2In(1/d0) )
where by, and cp, are such that

€ (2,6, P(h)) ={y: |y — fn(@)| < bn + cn\/2In(1/6)}.
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Proof of Theorem 4.7:

Specifying P(h) and oy, z, P(h)) in the Gaussian example, we derive from Defini-
tion 4.4 the equalities

T (2,60, P(h)) = sup{<y—y’>2:

N — by — 2 _ N - 2
y.4/ such that exp (_ (fn(2) b i fh(xg h)+> > 50}
2¢;, 2¢;,

o~

= max{(y — )iy = fu(x) — by — 1/2¢3 In(1/dp)

ory = fu(@) + b +cn 2111(1/60)}

- 4(bh+,/2c§1n(1/50))2.

Theorem 4.8 (Predictive self-information loss) The predictive self-information loss

of the model that predicts JV(J?;L(J:),U;L) from history h in the sub-Gaussian streaming
regression model is given by

1 1
lr(z,00,P(h) = 5 In(27o}) + 57 (bn + cn/21n(1/6))?,
h
where by, and cyp, are such that

€ (2,6, P(h)) ={y: |y — fn(@)] <bn+ cn\/2In(1/6)}.

Proof of Theorem 4.8:

We consider a confidence set of the form

C(x,8,P(h) = {y: |y — fu(@)| < by +cry/2In(1/8)},

Specifying P(h) and a(y,z,P(h)) in the Gaussian example, we derive from Defini-
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tion 4.5

lr(x,60,P(h)) = sup {(y_zj;}%(m + %ln(Qwai) :

N — b — 2 47<A b 2
y such that exp < ~ (fal2) 2h vi fh(xz h)+> > 50}
2c;, 2c;,

— ax { (y — fu(x))?

2
20,

y= fh(x) —bp, —4/2¢21In(1/dp) or y = Fn(@) + by + 2¢3 1n(1/60)}

= %ln(ZﬂofL) + L(bh +eny/2In(1/60))2.

2
2073

1
+ 3 1n(27‘raf2b) :

Theorem 4.9 (Transportation and predictive Transportation loss) In the stream-
ing regression model when the noise is (exactly) Gaussian conditionally on the past, then,
with probability higher than 1 — 40 it holds

T (A (@), B, N (fyy, (@),5%) ) <

Further, one can replace R with any upper bound ﬁn for instance from Corollary 3.12 in
order to get a fully empirical bound on the transportation loss:

RN O L)

If Py denotes the model assuming that the noise is exactly conditionally Gaussian, then
the predictive transportation loss for that model model is given by

ka(e? A%
T Pr) = R[sllptl, m (ML)

+2 max {\/CN(50> N \/CN(6) + D (%) \/20N(50) }2} |

N N N

Proof of Theorem 4.9:
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We simply remark that in the specific case of Gaussian distributions, the transporta-
tion loss can be written in a fully explicit way as

T (A (P (2), B2, A (S (2),5%)) = 1 (2) = Sy, (@) + |R = Bn .

Then, combining Theorem 3.3 and Theorem 3.8 together with a union bound, it
comes with probability higher than 1 — 4§

2A2
7(0)  F @I+ R < oty n (457)

+maX{\/C’NN(5)+\/CN(5)]—;DN(5)’\/2C]A\;(5)}T.

It is interesting to remark from these results that the self-information and trans-
portation loss may behave very differently. In particular, using the self-information loss
criterion appears to be dangerous in the context of model selection when one must choose
between different models, when the noise level is unknown and must be estimate. Indeed
in this case, models estimating a large variance will be favored due to the 0,21 appearing in
the denominator. This situation does not seem to appear when using the transportation
loss criterion. Dealing with the transportation is however not easy beyond the Gaussian
case, for which everything is explicit (see Section 2.1).

Remark 4.10 (Mismatch detection) An application of the previous tools is the pos-
sibility to detect a mismatch between the considered model of observations and the actual
observed data. A simple way to detect such a mismatch is to use the model adequacy, and
test whether a(Yn+1, Tnt1, P(hn)) is less than some alert threshold 7. A complementary
way is to track large changes in the predictive loss, such as a large increase. We do not
detail this more in order to avoid deviating the reader’s focus from the main topic of this
paper.

5. Self-normalized techniques for Sub-Gaussian
Regression

In this section, we provide the proofs of the main theorems regarding the mean and vari-
ance estimates of the considered least-squares solution. The proofs are a little long but
are actually not difficult as they make use of standard tools in statistics. One method is
the Laplace method, another one is peeling, yet another one is the martingale method.
Although we make use of a sort of localization technique, thanks to the concentration of
confidence sets, we do not need to resort to symmetrization (and Rademacher complex-
ities) for the construction of confidence sets.
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We first recall a simple yet powerful result argument for randomly stopped vector
valued processes. An example of proof of this result is given in (Abbasi-Yadkori, Pal and
Szepesvari, 2011) and we briefly reexplained it below.

Lemma 5.1 (Vector-valued Martingale Control) Assume that the noise sequence
{&€n}22, is conditionally R-sub-Gaussian

N R?

Yn e NVA € R, InElexp(A&,)|hn—1] < 5

Let N be a stopping time with respect to the filtration {%#,}52, generated by the variables
{Zn,En}52 - Let us denote

2
q = exp ( ZSO xn n - RqT(I);(I)mQ>

where ®,,, = (p(x1),...,0(zm))" is N x d. Then, for all ¢ € R? the quantity M}, is well
defined and satisfies

InE[M%] <0.

The only difficulty in the proof is to handle the stopping time. Indeed, for all m €
N, thanks to the conditional R-sub-Gaussian property, it is immediate to show that
{M,}o2, is a non-negative super-martingale and actually satisfies In E[M2] < 0.

By the convergence theorem for nonnegative super-martingales, M4 = lim,,_ oo MJ, is
almost surely well-defined, and thus M}, is well-defined (whether N < oo or not) as well.
In order to show that In E[M},] < 0, we introduce a stopped version Q%, = Mim{N’m} of
{M3},,. Now E[M}] = Elliminf,, o Q%,] < liminf,, . E[Q%,] < 1 by Fatou’s lemma,
which concludes the proof. We refer to (Abbasi-Yadkori, Pal and Szepesvari, 2011) for
further details.

We continue this section with a known and powerful self-normalized result for vector-
valued martingales (see e.g. (Pena, Lai and Shao, 2008)) of which we make extensive use
in the sequel:

Lemma 5.2 (Laplace method) Let A be a d-dimensional random vector and B a dxd
random matriz. Assume that for all X € R?, E[exp(ATA — IXTBA)] < 1. Then for any
deterministic d x d matriz 'V, it holds

det(B + V)1/2
]P<||A||(B+V)1 = R\/an <5det(V)1/2 <96

Finally, we provide the following result that is useful when dealing with generic real-
valued distributions, and is possibly interesting beyond the scope of this paper. The proof
technique combines a simple peeling argument together with the martingale method, and
is inspired from techniques from (Cappé, Garivier and Maillard, 2013).
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Lemma 5.3 (Self-normalized Concentration inequality) Let {Z;}$2, be a sequence
of random variables. Let ¢ : R — R be a convez upper-enveloppe of the cumulant gener-
ative function of the conditional distributions with ¢(0) = 0, and ¢4 its Legendre-Fenchel
transform, that is:

VA € 9.V, lnE[eXp </\ZZ-) B } <o\,
vz €R ¢u(x) = sup (Az — (),
AER

where 9 = {\ € R : Vi,lnE{eXp ()\Zi)
open neighborhood of 0. Then, Yc € RY, there exists a unique x. such that for all i,
T > E{Zz’ i71}

and w*(xg) = c. We define @IL D e T, gp:l_ : ¢ x,. Then <p*_£r is mot decreasing

2;1} < oo}. Assume that 9 contains an

171} , and g (x:) = ¢, and a unique x, such that for all i, x, < E [Zi

and Lp: 18 not increasing.
Let N be a random stopping time (for the filtration generated by {Z;}2,) a.s. bounded
by n. Then

Voe(0,1) [1 %zv +<W)] < (M) in(e/o)])s

5 (0,1) { ZZ (W)] < (M) n(e/s)1)s

Now, if N is a (possibly unbounded) random stopping time for the filtration generated
by {Z;}32,, it holds

( ZZ #, (mznv(l/&) P*ln(f/a) m(%(ﬂ)l?((ll//§>)>)]>) <0
e (5 i (R )]) <+

Example: For R-Sub-Gaussian distributions (e.g. for Z = X — E[X] with X € [0, 1],
then R =1/2):

Z\H

A\2R? 22 ) )
p(A) = ——, @*(x)=@7 ¢, 3(c) = V2R2c, ¢, —(c)=—V2R?c.

Proof of Lemma 5.3:

First, one easily derives (or recalls) the following properties, from those of the
Legendre-Fenchel transform.
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e 0.(0) =0, p.(x) T4 o0, ¢, is convex, increasing on RY.

e Vz such that p.(x) < oo, there exists a unique A\, € %, such that p.(z) =

e Vc € RT there exists a unique . > E[Z] such that ¢, (x.) = c. We write it w:ﬁr(c)
tp:i_ is not decreasing.

1. A peeling argument We start with a peeling argument. Let us choose some

n > 0 and define t; = (1 +n)*, for k =0,..., K, with K = [lnl?ff;;)] (thus n < tx).

Let &, € RT be a sequence that is non-increasing in ¢.

]P)(]\inznzl 2 5N7L>

i=1

K Ny,
< P( U{tkfl < N, < tk} n {Z Zi = NnENn}>
=1

k=1
K
Z]P’(H
k=1

Let Ay, >0, for k=1,..., K

N

=1

t e (tk—htk] : Z; = t&“t)

1
P(J\fn ; Zi > 5Nn)

K

< Z]P’(Elt € (terstn] =Y Zi > t6t>
k=1 i=1
K ¢

< Z]P’(Ht S (tk—l,tk] 1 exp (/\k<z Zi>) > eXp()\ktEt)>
k‘,]:(l 171

< ZP<3t € (tr—1,tx] : exp ()\k(z Zi) - W()\k))

=1

Wit

> exp (t(>\k5t - @(Ak))>

A
M=

P(Ht € (tk—htk] : Wkﬂ: = exp (t()\kstk — @(Ak)))

>
Il
—

Since g, > 0, we can choose a A\, > 0 such that ¢*(es,) = Aper, — ©(Ak).
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2. Doob’s maximal inequality At this, point, we show that the sequence {Wj + }4
is a non-negative super-martingale, where Wy, ; = exp ()\k. ( 22:1 Zi) tga()\k)) . Indeed,

note that:
E[Wk7t+1|yt] = Wk7tE[eXP()\chtH)\«th]eXp(—@(/\k))

Thus, using that ¢5_1 > ¢ /(1 4+ n), we find

K
Z m tksﬁ*(st )
g IP ax W >eX (7k>
k=1 (tGUklxk] k.t p T30
(@ XK toe* (e,
S € ( - 7’€) 7
Z xp Tho

=
Il
—

where (a) holds by application of Doob’s maximal inequality for non-negative super-
martingales, using that maxyc (s, _, ¢,] Wkt < maxe(o,¢,) Wkt and Wy o < 1.

3. Parameter tuning for bounded N,, Now, let us choose ¢; such that tp,(e;) =
¢ > 1is a constant, that is e, = w;ﬁr(c/t) (non increasing with t). Thus, we get for all

€ (0,n—1):

In(n
"ln(l<+)77) -‘

1 o tro* (€0
Pl—S "2z > < (_u)

In(n) ( c )
Y 94 -
S Ll
For n = 1/(c — 1) (which is not optimal in general) and ¢ = In(e/d) > 1 we get for

0 < 1 that
Ny,

( 1n Zi > o7\ (In(e/8)/N,, )>

< ﬂn(n)c}eexp( )
= [In(n)In(e/d)]d .
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Another way to tune the parameters is to make use of the Lambert W function.

4. Parameter tuning for unbounded N,
We restart from

1 Al Et)
( nZZl an) Zexp( 1+nk )7

where t), = (1 4+n)* and K = [1111?1(2;”7 and choose a different tuning for &, in order to
handle an infinite sum (with K = 00). Let us choose ¢; that satisfies t@,(e:) = ¢+ f(¢),

where f(¢) is chosen such that

Zexp( 1+;>

Choosing f(t) = {1+ n)n(K22/0) = 2(1 + ) n (4

and n = 1/(c — 1), it

N—

comes

Nn

P(;ZZ,»}gN”) < exp ( )ilzﬁz
noi=1 k=1

c
= exp —1_’_77

= exp(—c)e.

Thus, f(tx) = 25 In (W), and for ¢ = In(e/d) > 1, it comes

N,
1 &, 4 ( c 2 mIn(N,)(c—1)
P(Nn i_Elle@*,+<Nn [1+c—1ln< 6120 <0

Thus, we obtain
( ZZZ Z Pusk (Hlfvlil/d) [” ok <;}3gvi)1?<(11//§>)>>}>) <0

5. Reverse bounds. We now provide a similar result for the reverse bound. Let
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€: € R be a sequence that is non-decreasing with ¢, and Ay, > 0, for k =1,..., K. Then

p(;nizi < ENW,) < iﬂb(at € (tg—1,t5] exp ( ~ )\k(izi> - tcp(—/\k)>

k=1 i=1

> exp <t(—>\k€t - @(‘Ak))))

< iP(Ht € (b1 ta)s Wiy > exp (t(—)\kstk = ga(—)\k))>)

k=1

If ey, < E[Z4,], we can choose Ay = Ac, > 0 such that ¢*(er,) = —Ager, —(=Ax) 20
Thus, using that tx—1 >t /(1 4+ n), it comes

N,
1 n
P(M;Zi < ENn) ;P(Ht € (tk—1,tr], Wit = exp (tgp*(stk))>>

*
< ZP( max Wk7t>exp(tk(1p_£€;"))>

E(tp—1,tx]
tksﬁ 6tk)>
<
= Zep( 1+n

Now, let us choose g; < E[Z;] such that tp,(e;) = ¢ > 1, that is g, = (p:’l_(c/t) (non
decreasing with t). For n = 1/(c — 1) and ¢ = In(e/J), we obtain

N

N

( nZZ ~(In(e/0)/Nn, )) < [In(n)In(e/8)]6

5.1. Mean estimates

Lemma 5.1 enables to prove powerful concentration results. We apply it first to the setting
of ordinary least-squares regression and then to ridge-regression (aka Tikhonov—Phillips
regularization, or ¢y-regularization).

Theorem 5.4 (Self-normalized vector concentration for random stopping time)
Let assume that the observations {(xn,yn)}nec|n) come from a regression model y, =
for (xn) + &, with 0* € ©, and that N is a random stopping time for the filtration of the
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past. Let A > 0 be a deterministic constant. The following result holds in the case when
a deterministic bound A is known on Axy = Amax(Gn):

T 2
P(AN <An sup ENENPE gy {4[111(/\/)\)1 {

plieliz > PG

ln(eA2N/>‘)-‘ Kd(eﬁ’;)d + dD s

where Kg = (12(d+ 1)\/(3)‘1 and AN = Amax(GN) is the mazimal eigenvalue of G . Note
that the dependency with A only appears in the first In term. In general, it holds:

EL®np|? In(eA Ky(€Axyd 4 ¢
pillpllE =2 IplE 2 30

Likewise, an alternative bound is given by

<6, (6)

ET®yp|?
]P’( sup |NNp|>4R21n{87r21n2(AN)[m(eAN)] &

Kq(eAn)?? + d})
pillpll% , >AR" lIplI%

Further, for any deterministic semi-definite positive matriz V' it holds

det(Gn + V)1/2
P(|<I>LEN||<GN+V)-1 > R\/mn (W)) <s.

The first result is better understood for ordinary least-squares regression (without
regularization). Indeed, let § € © 5 be one minimizer of the least-squares error. We first

T *
note that if A is self-adjoint, then |[0* — 0||4 = sup,c.»p W, where .7 is the

unit sphere of R”. Further, when A = G, we have the property that

Gn(0* —0) = GNO* — DN (PNO* + En) = PLEN .

p ®NEN
lIplle

and Tsitsiklis, 2010). We derive a slightly different version here, by combining Lemma 5.1
with the Laplace method from (Pefia, Lai and Shao, 2008) (actually a variant of it is
used in (Rusmevichientong and Tsitsiklis, 2010)) and a covering argument in a slightly
different way.

The last result is for ¢5-regularized least-squares regression, and was shown in (Abbasi-
Yadkori, Pal and Szepesvari, 2011) from a combination of Lemma 5.1 with the Laplace
method from (Pena, Lai and Shao, 2008). We do not reproduce this proof here and refer
to (Abbasi-Yadkori, Pal and Szepesvari, 2011) for details.

Before continuing, note that if we introduce the following quantity,

In(x)

Thus, sup,c o = ||60* — 0||¢ - A similar result appeared in (Rusmevichientong

ka(z) = gﬁhﬁ(w/e)[

= |12+ nvaya? + dj

we immediately deduce from (5) and (6) that
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T 2
P o Rl gy, R
pllpliz =x PG, 5

El®npl? 272
P< sup |N2Np|>4R21n{“d(6N)]><5_
pilioliz,, >a5t Pley 5

Proof of Theorem 5.4:

Let us first notice that

N
(I);EN = Z Sﬁ(gjn)gn )

n=1

is a sum of noise terms, and that due to normalization, one could consider R” instead
of .#P, or a unit sphere in A-metric in case the corresponding covering number is easy
to handle. or any unit sphere for any norm. We consider in the sequel a covering of .7
in Euclidean norm as it applies to all cases and is simple to handle. We also denote
;1 the filtration generated by the past history of observations up to step n — 1.

1. A peeling argument In order to handle the concentration of the term we want
to control, let us first introduce a sequence of values A\, = (1+n)*\, for some 7 > 0 and
A > 0 to be defined later. We use this in order to localize the quantity ||p||G, . Thus,
we use the decomposition

EyPnp|? - EL®npl?
]P’( sup M>5N < E P Vp s.t.|[pll&, € Ak, Aeg1) M>€N
P5HP||GN2/\ HpHGN k=0 HpHGN

2. Pointwise concentration We now provide a point-wise concentration result that
holds for a single p € .%4. We use the fact that for all A € R* such that Ap"¢(z,,) € Z,,

. . + 1
which we denote for convenience A € R™ N TG D,

InElexp(Anp " @(zn))|hn1] < DAp" p(2,)).

Applying this inequality to the random variable Z = >""" | ¢©(2x)&n, for a deterministic
m € N it holds

lnE[eXp(ApTZ - w(AstO(xn))} <0.

n=1
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In the special case when &, is R-sub-Gaussian conditionally on 57,1, then ¥(\) =
)\2 R2
2

and %, = R. In that case, the previous inequality reduces to

A2 R?
2

lnn«:[exp@pv— |p|%,~m>] <0

Now, the same inequality holds for m being replaced by the stopping time N, using
a standard stopping time argument. However, we cannot deduce that for all § € (0, 1),
xz e .S

AR? & In(1/5)
P(p"®LENy > inf {Z—pT O A 1)
(p NEN A1€nR+{ 5P ;w onp+— £9,
which would lead to the desirable

P(pchLEN > VIR 1n<1/6>|p|cN) £5.

The reason is that the A achieving the optimum in the above expression explicitly
depends on sy via G and the control of the log-Laplace transform only holds for A
adapted to the filtration (and thus in particular should be 5¢-measurable).

To overcome this difficulty, we resort to the Laplace method, for the 1-dimensional
variable A = p" ® [ Ey € R and the 1 x 1 random matrix B = R?||p||% . It thus holds
for any c € R}, § € [0, 1],

ToT Eyl? V31+IplE, /e
IP’('pNN>2R21n vy )<5

IpllZ, +c = 5 h

At this point, we use the localization and focus on the event [|p[|%, € [Ax, Ax41). For
each such p, choosing ¢ = kX < &l|p||%,, for some £ > 0 leads to the bound

/1_+ §f+1
P(lpT<I>EEN|2>2R21n e (Hn)lpléN)é&

d

Making the expression A\ = (1 +7)*) explicit, and using x = 1/2, it comes

THT 2 /
ﬁiggﬁ!f§Yl, > 3R21n <3+f}0> ) <9,

P(1pll&y € e Ara) 0
( o ’ 1Pl1Z Y

3. Parameter tuning for bounded ||p||g,. We thus deduce a first result: Let
A>Xand K = [IH(A/)‘)]. Then using a union bound, we deduce that

In(1+n)
T(PTE 2 K 3 2

P(|p||éNe[A,A>mW>3R2m( V5+”>)<5.
Pligy
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We can now optimize the quantity K+/3+ 27 in 7. We choose n = e — 1 for which
V3 + 21 < 4 and obtain that for all § € [0, 1], it holds

) p PN En|? 2, ((AMn(A/2)/2]
IP’(IIpIGN €XA)N TTRE, > 3R°1 (5 )) <9, (7)

3b. Parameter tuning for unbounded ||p||¢,. We now consider the situation
when no a priori upper bound is known on ||p||, - In that case, we can choose 0, = § -2
for the confidence associated to the k™ localization slice ||p||% . € [Ak, Aes1) We find
In(|lpllZ , /A)

In(14n)

ToLEn|? m2k2\/3+2n >
Pl > A P ENENE S gy (TEVS T2 N S
(1wt oIl e 200,

that k < k, = < kp 4+ 1, and thus we obtain,

where we used the fact that > -, dx = 6. Replacing k, with its expression, it comes

" In(lpl, VVEER Y _
65 In(1 +n)?2 S

p"®LEN|

IpllZ

Pl > An > 3

Choosing 1 = 55.5 that approximately minimizes 617:1?1—:-2;17)2 < 0.11, it comes V¢ € [0, 1]

PTORENP | gpe, <0.117r2 ln(llpléN/A)Q) >
HPHGN 4

Pl > A 5. @®

4. A covering argument The next step is to move from concentration results for
each separate p to result holding simultaneously for all p. To this end, we resort to a
covering argument. Let us consider a covering € of .#? for the Euclidean norm, such
that Vp € ., 3q, € € C # : ||[p — gp|| < h. Let M}, denotes the size of the cover. It

d

can be shown that M), < (Q\h/g>

We study the quadratic form g(p) = p' Gnp, that satisfies for points p,q € . such
that ||p — ¢|| < h the following inequality

9®) —9(q) = »—q) "GN (P + @) < 2P Amax(Gn) -

Now the quadratic form f(p) = pT ® L EyE} ® yp satisfies

fo)—flay) = (p—aqp) PNENEL®N(p+qp)
< lp—allllp + ol 2N En||?
< 2h||@NEN|]?

d
2h " flei),
=1
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where e; denotes the " unit canonical vector of R?. Using these notations, for each
g€ € U{ey,...,eq} it has been proved in part 1 that for deterministic A, A,

P(g<q> € MAIN f(g) > sA,A,gg@) <5,

for any § where ey o 5 = 3R%In (W) Then we deduce that with probability at
least 1 — (Mj, + d)d, it holds Vp € .74

flp) < flap) + 20| |28 En|]?
d

< 6,\,A,59(QP)+2hz€,\,/\,59(6i)
i=1

< ENALG <Q(Qp) + 2hd}\max(GN)>

N

EAA,S <9(p) + 2hAmax (G N)(d + 1)> )

Now, using that g(p) < X and considering that Apmax(Gy) < A, we thus choose h
W)\H)' In this case we deduce that simultaneously for all p € .79, then f(p)
exn,e (14 a)g(p) with probability 1 — (M}, + d)d, and thus

El®np|?
IP)()‘max<GN) <AN sup M
pillplz exal Pl

<

> 3(14 a)R%In <‘WW))

0

< (M 4+ < (D W‘j%

Choosing a = 1/3 and introducing K4 = (12(d + 1)v/d)?, we obtain the following
bound

)d+d)6.

EL®npl?
]P’<)\maX(GN)<Aﬂ sup M>4R2 In (

2
pllpliz, einal 1PlGy

<9.

(Ka(2)4+d)4Tin(A/N)/2] >)
5

5. A peeling argument for the eigenvalues
We now localize Amax(Gn) € [Aj, Aj11), with A; = A(1 + k)7. We first consider the

case when Apax(Gn) < A almost surely, and thus set J = Hgﬁ\f_z“

Using a union bound over j = 0..J — 1 and the fact that on the event A\p.x(Gn) €
[Aj,Aj11), then it holds Ajy1 = (1 + k)Aj < (1 + K)Amax(Gn), and thus obtain

Eldnp?
]P’( sup 7| N e

2
ez >x P,

AR ((Kd(mm;ax(czv))d + d)4[In((1 + ) Amax(GN) /A) /2] >) < s/,

) In(1 + &)
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We choose k = e — 1 for simplicity and obtain

EL®Nnpl?
P( sup 7‘ NP

pipliz >x PIG,

eAmax(GN)
AR In <ﬂn(AJ/)‘)—|(Kd()\ )d(;r d)4[(eAmax (Gn)/A)/2] )) <.

Now if no bound is known on Amax(Gn), we set §; =9 7r2Lj2 for the confidence level

associated to Amax(Gn) € [Aj, Aj41). Thus, by using a union bound over the peeling

def In(Amax(Gx)/A)

events, and the fact that j < jy = on each of these events, we obtain

In(1+k)
IP)( sup |E]—\r/q)Np|2
pilpliz, >x Pl
2y (W3R (Ka(EE2elE)d 4 @)4[In((1 + k) Amax(G)/N)/2])
4R*In <9.
60
Thus, choosing kK = e — 1, it comes
EL® 2
IP( sup 7| N 2Np|
pllpliz >x PlGy

AR In (2772 10 (Amax (G ) /)2 [I(Amax (G ) /A) /2] (K g Lmex Gn) yd +d))> _

36

Corollary 5.5 (Ordinary Least-squares) Let us assume that N is a stopping time
adapted to the filtration of the past. Then it holds

Fal@13)

P(30 € 211@) ~ fy (0] > 2Rl y o (45

) N Amin(Gy) > 0) <6

Proof of Corollary 5.5:

Indeed, let G}LV denote the specific-pseudo-inverse solution. Then it holds

(@) = for @) = 10" = 6}) (@)

(0" — GO YN) Tp(2)|

(I = GLGN)O* — GRONEN) p(x)]
0" (I - GLGN) T o(@)] + [EN N Glyp()].

INCININ
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Then, we control the first term in the bound by Cauchy-Schwarz’s inequality
10°T (1 = GLGw) (@) < [10*]III(1 = GRGw) Te(@)]|2,

Now on the event Ayin (Gy) > 0, it holds I = GR,GN.
For the second term, using that GR,GNGR, = G}LV, we obtain

T f PTONEN |\
|[EN®nGe(z)] < sup G e(@)llan
pERD HpHGN
THT
p PyEN
= sup ———||o(@)||g1 -
peSD ||p||GN G
Now, note that if Apnin(Gy) > 0, then it holds \|<,0(x)||2GT > |lo(@)|PAmin(GL) >
N
()|
AN

. We can thus apply Theorem 5.4, and more precisely

ET<I> 2 2A2
o B, [T
plioliz 2ayt PGy 5

in order to deduce that

]P’(Elx € X |1 (2) = fy (2)] > 2R|[p ()] g1 |/ In (%AQN)) A Amin(Gy) > o) <6

O

Corollary 5.6 (Regularized Least-squares) Let us assume that ||0*||2 < B, and that
N is a stopping time adapted to the filtration of the past. Then it holds for all determin-
istic A >0

. det(Gn+AI)1/2 \B
P(er 2 |f (I)—ng’A(x)‘ 2 HL:O(-T)”GX,?k [R\/Q hl( 5det()\I)1/2 >+ )\min(GN,)\):|) <0

Proof of Corollary 5.6:

Indeed, we first use the decomposition

[F7(2) = forx ()] 0" —On.0) " ()|
0" — Gy @ YN) (o)l
I = GyLGN)0" = Gy @y En) o)

I = GyLGN)O") () + [EY NG e(x)] -

I(
= I
I((
I((

<
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Now, we handle the first term in the right-hand side of the previous inequality by
— * * T ~—
(I = GRLGN)E) (@) = (A" GRhe(a)l
N
/\min(GN,)\)

We then turn to the second term, which we control by using the inequality

BLenGhe(@)] <1194 Bxllg le@lgz, -

~X

16l (@)l

and then by applying the last part of Theorem 5.4. O

Corollary 5.7 (Kernel Least-squares) Let us assume that N is a stopping time adapted
to the filtration of the past. Then for all x € Z it holds

IP’(f*(x) —un(@)] = [ (x) — k() (Ky + 0% Iy) " ]

<.

2
+R\ 211 (2) Py 4 21y + 1) In <¢1 + ||kN<x>;|(KN+(,2,N)_2 ))

Proof of Corollary 5.7:

Indeed, we first use the decomposition
/" (@) = v (@)] < |f* (@) = kn (@) T (K + 0 In) | + lkn (@) T (K + 0’ In) "' Bl
where fy = (f*(21),... f*(zn)). Now, if we denote py = (Kx + 0?Iy) tkn(x), and
introduce for A € R and a deterministic m € N the quantity M, » = exp ()\p;;Em —
A2 R?
2 1
deed pI,LEm = Z::l DPm,i€i + Dm,mEm, With pm, m, being a measurable function of the
observations before step m. Thus,

PpPm), then it turns out that {M,, »}°_, is a non-negative supermartingale. In-

2

E [eXp (/\pZTEm — MR

2 p;ﬂ’m) ‘hm—1:| < Mm—l,)\E )\pmn’ngm - A2R2pq2n7m/2‘}7/171—1]
<

Mp—1 5.

Using a standard stopping time argument, we thus have InE[My 5] < 0. We can then
apply the Laplace method for the control of the concentrations. We deduce that for all
c € R}, and ¢ € [0, 1], then

2 2
e (31> 2ol + ) (YD)

dc
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5.2. Variance estimates

We now turn to the estimate of the variance. It is tempting to apply the self-normalized
concentration result for stopping time of vector-valued martingales in order to con-
trol ||En]|2. Indeed, if we introduce a N x N matrix & = Iy, and V = AI, then
||<I’TEN||<1>;¢N+V} = 1+ M|EnN]||2- However, Lemma 5.1 does not apply for two rea-
sons. First, it is written for a dimension D that is deterministic, not a random stopping
time, thus it cannot be applied directly. More importantly, the supermartingale property
that holds does not satisfy the sub-Gaussian shape used for the result to apply. We thus
proceed differently, and apply a more general result for real-valued distributions, given
by Lemma 5.3.

Let us first recall a classical concentration result, slightly extended beyond the iid
case.

Lemma 5.8 Let us assume that the noise sequence {&;}_, (where n is deterministic) is
conditionally strongly R-subGaussian, in the sense that

1
YA < 1/2R? In Elexp(A\&?)|hi1] < -5 In(1 —2R?)). (9)

Then for all § € (0,1], it holds

n

nizl n

n

P(lzgf < R? — 2R? 1n(1/5)) < 4.
i
Further, for all § € (e™, 1], it holds

P(;iﬁf < R’ 232\/@+Rzln(7{/6)>

Note that inequality (9) becomes an equality in the case of Gaussian random variables.
The first part of this result, in the i.i.d. case is known as a Birgé-Massart lemma.

J.

/N

Proof of Lemma 5.8:

Indeed, first, an immediate result is the following
Lemma 5.9 Let us consider n random variables &;, i € [n] satisfying (9). Then for all
6 € (0,1), it holds

n
n
P €> inf ——1In(l-2R2\)+
(Z; Ae(0.54)  2A

111(1\/5)) < 5.

- 9 n 9 In(1/0)
4 < — - < .
]P’( g_l &; \ili% ) In(1+2R*)\) 3 < 6

1=
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Note that this result holds for a deterministic n, and does not extend trivially to the
case of a random stopping time.

In order to get a more explicit result, let us look at the two optimization problems.
We aim at having an upper bound on the infimum term and a lower bound on the
supremum term. To this end, we use the following properties of the logarithm

z @ x? &) T
1 — 2 57— = —In(l- =
vee .1, -z~ "Ton—o n(l-z) < 1—3;/2)
3 T @
In(1 > > x—x%/2.
Vo > 0, n(l+z) T52/2 x—xz°/

More precisely, by making use of inequality (1) and (3), we respectively get to solve the
problems

. nR? In(1/4) nR? In(1/6)
f d - .
reloiy T—2REN A M SR TT R T T

’2R2

Instead of using (1), one could use the slightly tighter inequality (2). This how-
ever leads to more complex approximations. Now, solving the infimum in A gives

= ——— 1
)\ - 2R2(1+\/%) € (07 2R2) and then
nk? | In(1/)

1-2R2)\ A

=nR?+2R*\/2nIn(1/6) + 2R*In(1/4) .

Solving the supremum in A gives A = ——~——— which is however positive onl
g p g R2(m_1) p y

if § > e~ ™. The corresponding value is

nR? In(1/6) ) )
1+ R2)x A = R°n—2R*\/nlIn(1/§) + R*In(1/6).

If we instead consider the (slightly sub-optimal) value A = %\/ %7 and use the
inequality IJ%Z >1—ux for z € RT we get

B R (1)) > R 2R/ Tn(1)5).

In(1/5)

In order to be able to handle a random stopping time, we apply a slightly different
construction, and obtain the following result, at the price of loosing a Inln factor com-
pared to the result without stopping time. A similar construction was given in Cappé,
Garivier and Maillard (2013) for a related but different problem.
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Lemma 5.10 Assume that N,, is a random stopping time that satisfies N, < n almost
surely, then it holds

NTI,
PH S > R? 4 2R? % + 2R2m§75)} < (ﬂn(n) 1n(e/5)1)5
L n n

n

Further, for a random stopping time N, and if we introduce cy = In(w*In*(N)/6), then
it holds

N
P[;r§:§§>R2+2}g\/2hxeﬂﬂ(1+CN/1nU/6»_+2}¥1n&#6x1-%CN/1n0/6»}5£6

N N

P[l f: <R _op2 wn@/a)a Fa /b

=1

Proof of Lemma 5.10:

According to Lemma 5.3 applied to Z; = &2, all we have to do is to compute an

upper bound on the quantity wgi(c), first for the value ¢ = %, then for ¢ =
In(e/$ 7 In(N) In 5 In(e/d .
%(1 + ln(f/5) In (61/221421“((11//6))))) < %(1 + cn/1n(1/6)). We proceed in the
following way. First, the envelope function is given by
1 AR?
A =—=In(1-2\R?) < ——..
P(A) = =5 In( ) S TR

Thus, ¢*(x) > sup, [z — %}. Solving this optimization by differentiating over A,

the supremum is reached for A = (1 — %)ﬁ < ﬁ, with corresponding value given
by
P = (- D -0- 0
_ o Vel
2R? R 2

Now, for ¢ > 0, it is easily checked that ¢*(z) = ¢ holds for z. = R?(1 + v/2¢)%. As a
result, we deduce that cp:i(c) < R*(1++/2¢)? = R? + 2R?%c + 2R*\/2c.
Now, for the reverse inequality, we have to compute a lower bound on the quantity

— In(e/d In(e/d 7ln(N)In(1/8
©. 1 (c), first for ¢ = %, then for ¢ = (]ev/ (1 + ln(f/é) ln(61/221£1n((1//6))))) <
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W(l + ¢en/In(1/§)). We proceed in the following way. First, the envelope function
is given for A > 0 by

1 AR?
“A)=—--In(1+2\R%) > ———— .
P(FA) = —g (L 2000 > =
Thus, for 0 < x < R? it holds ¢*(z) > supyso[—Az+ H/\RQ] = 1+Sup/\>0[—)\x—ﬁ].
Solving this optimization by differentiating over A, the supremum is reached for A =

#(% — 1) > 0 with corresponding value given by

F(@) = 1—;(?—1)—f
- }; 2R%+1

Now, for ¢ > 0, it is easily checked that ¢*(z) = ¢ holds for z. = R?(1—+/c)?, and z. <
R%if ¢ < 1. As aresult, we deduce that if ¢ € (0, 1), then go*,_( ¢) > R?*—2R%*\/c+R?%c. On

the other hand, for all ¢ > 0, choosing A\ = #ﬁ, and using the inequality ﬁ >1—v
for v > 0, then

G v e -

TV mre )

> ¢*(w)(§f\/5(—ﬁ+1—f)

Thus7 ¢*(w) = ¢ for . = R* — 2R?\/c < R?. As a result, we deduce that if ¢ > 0, then
N “1(¢) > R? —2R?\/c. O

We now proceed with the concentration results for the variance estimates in the re-
gression setting with ordinary least-squares and regularized least squares.

Theorem 3.8 (Ordinary variance estimate) Under the conditionally strongly-
sub-Gaussian assumption, for any random stopping time N with respect to the filtration
of the past, then, with probability higher than 1 — 36, either Amin(GN) < Ao or

 (ENC RN O FON PN - (VST

N N N N N

where Dy (8) = 4In(kq(eAn/No)/0) and Cyn(8) = In(e/d)[1 + In(x? In(N)/6)/In(1/6)].

Proof of Theorem 3.8:
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Let Ex € RY be the vector with components (¢1,...,ex). It holds that

N
D0 = fowoplen))? = 3OO Ol + e’

= (0" —On) "GN (0" —On) + ||Ex|> +2(0* — On5) OV EN .

Now, we notice that this can be rewritten, as

= (0 (@a)))? = [|EN|I® — [|[Ef x5 +20""(I - GyGn)T®LEy .

an

Indeed, on the one hand, it holds that
(0" —6%) " Gn (6" —6L)
= [(I-GLGN)E* — GROLENTGN[(I - GLGN)0* — GO En]
= 0TI -GLGN) TGN - GLGy)0*

+ELONGLGNGL DL Ey
—2ENONGL LGN (I — Gl GN)0*
= [|BExOnZ:
N

where we used the fact that GNG}fVGN = Gy twice. On the other hand, we have
20" —0\)TONEN = 2[(I - GLGN)O* — Gl EN]TOLEN
20* (I - GLGN)T®NEN — 2| EX N2, -
N

Note that p = 2(I—GNGR,)0* satisfies ||p||¢y = 0 and thus we cannot directly apply
the result of Theorem 5.4 to control p' ®\ Ex However, if I # G NG}, it holds

0" (1-GYGN)TONEN < |IEX®N|lg [10%]l6y — 0* GNGR O EN
< EY Nl 107lax + 1GNO"llgy IIEX N1,

< 2ENOnllgy 1076 -

On the other hand, we can control the term ||E{®y/||,+ via Theorem 5.4. Indeed,
N
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it holds on an event 2; of probability higher than 1 — ¢
0<||Exenligy = EYenGe®LEy
TeT
S E
< sup piNN
pillpllay 20 |Pllan
"o E
= sup P ENEN
pesd ||pHGN
R?41n(kq(eAn/Xo)/d) -

Dy (9)

IGREL@Nlcy

.
1ES @l

N

On this event, we thus get

N

(yn = (On,0(2a)))® < |[ENI[® + 4R[I6" |6 v Dr (I # Gn Gl }

n=1

> ||En|I? — 4R|0"llay VD (OHI # GnGY} — R*Dy(9),

where I{I # GNG;R,} = 0 because of Apin(Gn) = Ao. Finally, we use the result of
Lemma 5.10 to get that with probability higher than 1 — 24,

|Ex||> < NR?+2R*\/2N1n(e/6)(1 + cn/In(1/6)) + 2R*In(e/8)(1 + cn/In(1/6))
|Ex||> > NR?-2R*\/Nn(e/6)(1+ cn/In(1/9)).

Thus, combining these two results with a union bound, we deduce that with proba-
bility higher than 1 — 34 it holds

5 R2+2R2\/21n(e/5)(1—|—CN/ln(1/5))+2R21n(e/5)(1—|—cN/ln(1/6))

N N N
B 5 oo [HEFIUT ey BOTE) D),

We can now get a bound on /0% Indeed

2 < (R+\/2R21n(e/5)(1];f|—CN/ln(1/5)))2

2 > (R ¢ el e/ n(1/8)) 7 e/ 5)(L + ex/1n(1/5)
R2Dy (6)
TN
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Thus, using the inequality va + b < /a + Vb, on both inequalities, we obtain

= < R+R\/21n(e/5)(1+cN/ln(1/6))

N N
JA = R_R\/ln(e/é)(l +J$N/1n(1/5))
_R\/ln(e/é)(l —|—]\<;N/ln(1/6)) N D]]VV((S).

Theorem 3.9 (Regularized variance estimate) Under the conditionally strongly-
sub-Gaussian assumption, for any random stopping time N for the filtration of the past,
with probability higher than 1 — 36, it holds that

2 4] 0*
AT [ TG e YA —
\/ mln N)\ max

N N

Cn®) | ON O+ DN A (152 2R|[0*]5/DnA(9)
JN N ER[ — ] -A .

N)‘mine'/z(GN,)\)

where Dy A(6) = 21n (W) and Cy(8) = In(e/8) [1+In(x2 In(N)/6)/In(1/5)].

Proof of Theorem 3.9:

We start with the following decomposition

N

> (n = (On s ()’

n=1
= (0" = 0n2) "GN (0" — On ) + [|En|? +2(0" — On3) T O Ey.  (10)
On the one hand, we can control the first term in (10) via
(0" —Onx) "GN (0" —On )

(= GRAGw)0* — GR\PEx] TGl = GRAGNI* ~ GRABLEn]
= [\ ‘PEEN] GN}AGNG;V}A[)‘G* - ‘I)}EN]

A6 — L EN]T[GRL — AGRAIN" — @V EN]

Je2 ENHZ%YI/\ - )‘H(I)EENH?;;i + 2?6712 A )\3”9*”2X1,ﬂ
—200* T [GRl — AGRA IO\ Ex
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where we used the fact that I — G;VlAGN = )\Ggl)\ and then that G;V}/\GNG;V}A =
G&l)\ — MG, Likewise, we control the third term in (10) via

200" —Onn) ' ONEn = 2[(I —GL\GN)0" — Gy N EN] T ®NEN
200" — oy En] G\ PN EN
200" TG L@ N En — 2\|¢>;EN||2G;V; .

Combining these two bounds, it holds

N
Z(yn - <0N,/\7 @(xn)>)2
n=1
= |IBNIP 85BN~ AlRLENIE, .
2071120 = N[04 122 +20%0" T GRA PN EN
N, N, ’
\? A \?
< ||En|]? + o* 2(1— )+2 0*(2]|® L En[ 1
BN + 52— 018~ 5—y) + 1O el Exlay,
2 A A2
> IENIP+ — o IB(1 - ) -2 16°]1211 & Bl s
)\max(GN,)\) 2 )‘min(GN‘A) )\min3/2(GNA) N GN"\

A
BT EN|2. (1+7).
@y ”GN,K NG

Now, from Theorem 5.4, it holds on an event ; of probability higher than 1 — §,

det(G A)1/2
0<||<I>EEN||?;N1A<R221n(e< N T AT) )

oNIZ)

DN,,\(zS)

On the other hand, we control the second term ||Ey||? by Lemma 5.10, and obtain
that with probability higher than 1 — 26,

|IEx|>? < NR?+2R*\/2NCy(5) + 2R*Cy(5)
l|IEx]> > NR?*-2R*\/NCx(6),

where Cn () = In(e/d)(1 + en/In(1/4)).
Thus, combining these two results with a union bound, we deduce that with proba-

imsart-bj ver. 2012/04/10 file: submitted3.tex date: June 28, 2016



52 0.-A. Maillard

bility higher than 1 — 34 it holds

2
B, < Ry one[2ON0) | 2RCx(b)

2 N N 2
J\fx\mi/r\l((;N,A)|‘9*||g (1 B /\min()&TYN,)\)) B N)\miij\?(GN,)\) 16*]]24/ D, (6)
P > R —arr [0 NAm:fGM)w*H%(l )
—2NAm:j/iGw|w*|2 Daa(9) - T2 )

We can now derive a bound on /5% 5 Indeed,

N 2R2CN(6)\° A2 A
2 < N *112 1—
TN <R+ N ) +NAmin<aN,A>”e ”2( Amm(GN,m)
. R2ON(0)\? R? A
e e ) I G R R IO ot
min(G
2\2R
————10"]2y/ DA (5) .
N/\mini‘/z(GN,)\)

Thus, using the inequality v/a + b < /a + Vb, on both inequalities, we get

. 2C’ I A
/7%, < R+Ry N ” 2 1-— -
\/ mln GN)\ IIlll’l GN )\)
8) + Dya()(1++—2—
e /C’ Amin
8]2\]’)\ > R—-R N \J N( (GN)\)>

. \/2R|e*||2 Dy (0)

NAmiﬂwQ(GN,A)

Corollary 5.11 Under the conditionally strongly-sub-Gaussian assumption, for any ran-
dom stopping time N for the filtration of the past, with probability higher than 1 — 34, it
holds that either Amin(Gn) < Ao or

Rg\/%<1— C’]};\gé)_ 01};\;5)+D1]V\[(5));1.
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where (z)1 = max(z,0), and using the convention that (z)7' = 0 if v < 0. Likewise, for
any A > 0, with probability higher than 1 — 30, it holds that

INX, 52y 2 2N

(e + S W} [y o) v

min3/2(GN))\)

R1/2 <

)

«

where we introduced the notation

= (1 — CN((S) _ CN (6) * DN’)\(5) (1+ /\mm(GN A)) )
N N . '

Proof of Corollary 5.11:

For the ordinary least-squares estimate, the result is immediate. We thus focus on
the regularized estimate. Using the notations of Theorem 3.9,it holds

Ca) _ | OO+ Pna @ (i)
N N

fV A2[16%||2 \/DNA

N AmmS/Z(GN 2

Provided that C > 0, the inequality rewrites in the form A > RC —+/RB. Introducing
the quantity y? = R, this inequality holds provided that y > 0 and A 4+ yB — Cy? > 0,
that is when 0 < y < B+ VB2 H+4AC VlgchAC.

O

6. Discussion

In this paper, we studied the construction of streaming confidence intervals in a modeled
non-stationary setting with dependent data, when the number of observation may be
a random stopping time. We analyzed, in a sub-Gaussian regression setting, both the
ordinary and ridge estimates, and refined existing results. We focused also on deriving
empirical Bernstein bounds in this challenging scenario, thus enriching previous work
with novel results.
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We paid special attention to providing further intuition regarding the loss function
and the estimation of the future loss, which are important from a machine learning
perspective. We also hope that the proof techniques are simple and detailed enough in
order to be useful for pedagogical purpose.

Finally, although we refrained from applying our results to popular problems in ma-
chine learning and statistics such as linear multi-armed bandits, piece-wise linear regres-
sion, change point detection, or online aggregation of experts, we believe these domains
can greatly benefit from this simple study.
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Appendix A: Regularized least-squares from a
Bayesian standpoint

When the function space is of large dimension, d the matrix G is singular for N < d,
and thus it becomes difficult to provide a confidence distributions on the parameter and
next values. A natural way to fix this is to introduce a regularization, which forces to
obtain a unique representative solution of the minimization problem. We can then control
the error introduced by the regularization in a second step. Alternatively, one can also
see regularization as an effective way to pick one solution in the space of all possible
solutions, which becomes crucial when d — co.
Using the previously introduced notations, the regularized estimate is given by

Ony = ((I)[N](I’[N + )\I) ]Y[N]

One way to better understand the regularization A is to use the Bayesian point of
view. To this end, the noise is not only assumed to be sub-Gaussian conditionally on
the past, but is assumed to be exactly Gaussian, and independent on the past ob-
servations (£(z,) ~ A4(0,02) for each n). We further assume that the observation
points x,, are independent from the observations x,, thus moving back to a classi-
cal Gaussian regression setting. If we pick a random function using 6 ~ A47(0,%) (a
prior which models how hard to get one function), and assume that the noise satisfies
&~ N (0,02), (E(zn) ~ A(0, for each n) then the posterior mean function is in this

a?)
case fN(x)|1',$1,..-,$N,y1,-. aynN (l’)—/V(,UN( )a 12\/'( )) where

pn(z) = <P($)T('I’[N []‘FO'QE h” q’[N]Y[N]
oxn(@) = o%o(@) (@@ + 0757 Te(x).

This classical result (see (Rasmussen and Williams, 2006)) enables to directly interpret
A as being a variance term.
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For convenience, we now introduce the notation Gy, = (q)[lz—v]‘I)[N] + 02271, Thus it

holds uy(x) = (p(x)TG&}U@[TN]Y[N] and o, (x) = o%p(x) TGyl ¢ (z). Alternatively, we
can derive the ”functional” form

pn(z) = (@) S@ (BN Py + 0 In) T Yy
oxn(@) = o(@) Sp(x) — p(x) TPy (B ERN + 07 In) T v Zp() .
For convenience, we now introduce the notation Ky, = (@[N]Z@[TN] + 02Iy) and

kN xs(z) = ®nXe(z). Thus it holds pn(z) = ,%Nﬁ(gc)—'—KX,}UY[N]7 and on the other
hand 0%(z) = ¢(2)"S¢(z) — kns(z) T KyL kns(z). This functional form is conve-
nient as it generalizes to infinite dimensions Indeed let us introduce k(z, ) to generalize
o(x)"Sp(z), as well as kn(z) = (k(zn, 2))nen) and Ky = (k(2i, 2;)); je(ny. This leads
to

,uN(x) = kN(.CIL‘)(KN-‘,-UQIN)_lY[N]
o (z) = k(z,z) —kn(z)" (Ky + 02Iy) Ty ().
The following lemma holds in the setting when each x,, is independent on the past ob-

servations {ym fm<n, and comes from standard derivations (see (Rasmussen and Williams,
2006)).

Lemma A.1 (Mean-variance in the Bayesian model) Under the Bayesian model,
then y(z) — pun(z) is Gaussian, with mean and variance given in the parametric form by

Bly(2) — piv (@), {nbuerny 0] = 0Pp(a) Gyl 100
V(o) v e, (rndacog 07 = 02 (0l0) Ol (1= 2GR, ol +1).
and in the functional form by
Bly(2) — o ()}, {onbncinys 0] = S2(@) — k(@) (K +0*In) '8
Vo) i (@l (on b, 0] = o ()T (R -+ 0In) k() +1)

Further, we can replace y(x) with f*(x) in the left-hand side with no effect on the expec-
tations, and by subtracting o? to the variance. Similarly we can replace in the left-hand
side pn(x) with fo(x) where 8 ~ A(0,%), with no effect on the expectations, and by
adding o%;(z) to the variance term.

As for conditional means and variances, it holds

Ely(z) — pn(@)|2,{Tn, Yntneny, 07] = f5(x) — pn(2)
Viy(x) = pn (@), {&n, yn}ney), 071 = o
Ely(x) — fo(@)|z, {Zn, Yntnen), 071 = f*(2) — pn(2)
Viy(x) — fo()|z, {Zn, Yntnen), 071 = of(x) +0°.
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The bias in the parametric form depends on 6* that is unknown. However, if a bound
C on ||X716*||3 is known, we can derive the bound

2 2
0 < o%p(x) TG, S0 < —— T [lp@)llg=1 150"l < —o——|lp(@)]| g1 C-
o A2 (G o) Cive A2 (G ) o

In particular, using the fact that y(x) — puy(x) is Gaussian, we deduce that
Corollary A.2 For all 6 € (0,1),

2

B () (@) > o, € + VTR G oR(1/0)
min N,o

IP’(;LN(JC) —y(x) = 2V x(z)log(1/d)

xZ, {x’n}nG[N]u 9*> < 6

€z, {I"}TLE[N]a 0*> < J.

where we introduced for convenience Vi (x) = V[y(x) — un(x)|z, {Zn tneing, 0]

Proof of Lemma A.1:

Let us start with the parametric form. In this case, we control the bias by
pn(z) =

— ( ‘I’[N]+U ¥ ) [N ((}[th -‘rE[N]) 9*>

- ( V@ +o?E ) [@[N]@m+022—1)9*—022—19*+<I>§V]E[N]} —9*)
= (@) (@@ +0°E57) (@ By — ?E710%)
Thus, we deduce that
E[f*(x) — pn (@)|z, {zn}new), 0] = oPp(x) Gyl 5710
V(@) = pn @)z, {zntuen), 07 = op(2) G, @\ @GN, »(2)
= Uzgo(x)TGjVi, (I - 0227161&,10—)90(55) .

Note that here f* is assumed to be fixed, not randomly sampled from a Gaussian
process, which explams why the variance is smaller than 0% (x). More precisely the
missing variance is o4p(z )TGNJE 1GN71U<p( ). It further holds that

N($)|CC, {xn}nE[N] ’ 9*]
N (@), {zn ey, 0°] + 0R ().

E[f*(x) = fo(@)|z,{zn}nen, 07] = E[f*(2)

T) —
V[f*(z) - e(w)lx,{xn}nem»@*] = V[f*(@)—p
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Now, let us turn to the function form. We obtain by the Shermann-Morrison formula

E[f*(2) — pn(2)|2, {zn}ne i, 07

= o%p(x)" (0—22 — 0Py, (IN+a—2q>[N]z<§[TN])‘1@[N]a—22) xlo

—1
= o(@)70" — p(@) Sy (P Ly + B TRy ) Bl
= f@) - rns(@) KL Ex

VIf* (@) = pn (@), {zn tnen, 0]
= o(@)S(1 - @KL @ T) @y Ky, @ Te()

—1 _
—p(2) DR (0P In + PRy B DR Ky, By Ve (@)
+p(2) '@y Ky, B Ze (@)
— —nN,U(x)T (I - 02K]§}G)K]§}UI€N7U($)
+EN.o (m)TKX,}U/{N,g(m)

= Zrnn(@) Ky kN x(T).

In function form, it then holds

E[f*(x) = pn (@) |2, {zntnev), 07 = [*(2) = kn(2) " (Kn + 0 In) "R
VIf*(x) — pn(@)|z, {Zntnen), 0] = ok (z) " (Kn + 0 In) " 2kn ()
Ely(x) — fo(@)|z, {en}nen) 0] = f*(2) —kn(2) (K + 0% In) 'Y
Vly(@) = fo(@)|z, {Zn}neny, 0F] = o*kn(2)" (Kn + 0?In) k(@) + oF(z) + 0.

O
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