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Abstract

We consider the optimization of a quadratic objective function whose gradients are only
accessible through a stochastic oracle that returns the gradient at any given point plus a
zero-mean finite variance random error. We present the first algorithm that achieves jointly
the optimal prediction error rates for least-squares regression, both in terms of forgetting
the initial conditions in O(1/n?), and in terms of dependence on the noise and dimension d
of the problem, as O(d/n). Our new algorithm is based on averaged accelerated regularized
gradient descent, and may also be analyzed through finer assumptions on initial conditions
and the Hessian matrix, leading to dimension-free quantities that may still be small in
some distances while the “optimal” terms above are large. In order to characterize the
tightness of these new bounds, we consider an application to non-parametric regression
and use the known lower bounds on the statistical performance (without computational
limits), which happen to match our bounds obtained from a single pass on the data and
thus show optimality of our algorithm in a wide variety of particular trade-offs between
bias and variance.

Keywords: convex optimization, least-squares regression, stochastic gradient, accelerated
gradient, non-parametric estimation

1. Introduction

Many supervised machine learning problems are naturally cast as the minimization of a
smooth function defined on a Euclidean space. This includes least-squares regression, lo-
gistic regression (see, e.g., Hastie et al., 2009) or generalized linear models (McCullagh
and Nelder, 1989). While small problems with few or low-dimensional input features may
be solved precisely by many potential optimization algorithms (e.g., Newton method),
large-scale problems with many high-dimensional features are typically solved with sim-
ple gradient-based iterative techniques whose per-iteration cost is small.
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In this paper, we consider a quadratic objective function f whose gradients are only
accessible through a stochastic oracle that returns the gradient at any given point plus a
zero-mean finite variance random error. In this stochastic approximation framework (Rob-
bins and Monro, 1951), it is known that two quantities dictate the behavior of various
algorithms, namely the covariance matrix V' of the noise in the gradients, and the deviation
0o — 0, between the initial point of the algorithm 6y and any of the global minimizer 6,
of f. This leads to a “bias/variance” decomposition (Bach and Moulines, 2013; Hsu et al.,
2014) of the performance of most algorithms as the sum of two terms: (a) the bias term
characterizes how fast initial conditions are forgotten and thus is increasing in a well-chosen
norm of 6y — 6,; while (b) the variance term characterizes the effect of the noise in the
gradients, independently of the starting point, and with a term that is increasing in the
covariance of the noise.

For quadratic functions with (a) a noise covariance matrix V' which is proportional (with
constant 02) to the Hessian of f (a situation which corresponds to least-squares regression)
and (b) an initial point characterized by the norm || — 6. ||, the optimal bias and variance
terms are known separately from the optimization and statistical theories. On the one
hand, the optimal bias dependency after n iterations is proportional to 1;”(90717_29*”27 where L
is the largest eigenvalue of the Hessian of f. This rate is achieved by accelerated gradient
descent (Nesterov, 1983, 2004), and is known to be optimal if the number of iterations n is
less than the dimension d of the underlying predictors, but the algorithm is not robust to
random or deterministic noise in the gradients (d’Aspremont, 2008; Schmidt et al., 2011;
Devolder et al., 2014). On the other hand, the optimal variance term is proportional to
% (Tsybakov, 2008); it is known to be achieved by averaged gradient descent (Bach and

L|[60—0.]? L6001
n? :

Moulines, 2013), for which the bias term only achieves instead of

Our first contribution in this paper is to present a novel algorithm which attains optimal
rates for both the variance and the bias terms. This algorithm analyzed in Section 4 is aver-
aged accelerated gradient descent; beyond obtaining jointly optimal rates, our result shows
that averaging is beneficial for accelerated techniques and provides a provable robustness
to noise.

While optimal when measuring performance in terms of the dimension d and the initial
distance to optimum ||y — 6.]|?, these rates are not adapted in many situations where
either d is larger than the number of iterations n (i.e., the number of observations for
regular stochastic gradient descent) or L||fy — 6.]|* is much larger than n?. Our second
contribution is to provide in Section 5 an analysis of a new algorithm (based on some
additional regularization) that can adapt our bounds to finer assumptions on 6y — 6, and
the Hessian of the problem, leading in particular to dimension-free quantities that can thus

be extended to the Hilbert space setting (in particular for non-parametric estimation).

In order to characterize the optimality of these new bounds, our third contribution is
to consider an application to non-parametric regression in Section 6 and use the known
lower bounds on the statistical performance (without computational limits), which happen
to match our bounds obtained from a single pass on the data and thus show optimality of
our algorithm in a wide variety of particular trade-offs between bias and variance.

Our paper is organized as follows: in Section 2, we present the main problem we tackle,
namely least-squares regression, then introduce the two algorithms that we consider in
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Section 2.2, as well as the two types of oracles on the gradient in Section 2.3. In Section 3, we
present new results for averaged stochastic gradient descent that set the stage for Section 4,
where we present our main novel result leading to an accelerated algorithm which is robust
to noise. Our tighter analysis of convergence rates based on finer dimension-free quantities
is presented in Section 5, and their optimality for kernel-based non-parametric regression is
studied in Section 6. Organization of the main results is summarized in the Table 1 bellow.

Averaged
Averaged Algo. Accelerated Algo.

Dimension dependent rates Section 3 Section 4
Additive Noise Lemma 1° Theorem 3
Multiplicative Noise Theorem 2° s
Dimension independent rates Section 5 Section 5
Additive Noise 1 Theorem 5
Multiplicative Noise 4% remark after Cor. 6’ s
Kernel regression setting Section 6 Section 6
Additive Noise i Theorem 8
Multiplicative Noise Theorem 7’ s

Table 1: Organization of the paper. ¢: We extend results from (Bach and Moulines, 2013)
to the setting in which extra regularization is added; f: apart from Lemma 1
which is useful to develop intuition of the different terms in the upper bound, we
do not state result for the averaged algorithm with additive noise, as the most
powerful result is for the multiplicative noise; b: these results recover results from
Dieuleveut and Bach (2015) (with the use of an extra regularization); f: it is still
an open problem to get results in the accelerated setting for a multiplicative noise
oracle.

2. Least-Squares Regression

In this section, we present our least-squares regression framework, which is risk minimization
with the square loss, together with the main assumptions regarding our model and our
algorithms. These algorithms will rely on stochastic gradient oracles, which will come in two
kinds, an additive noise which does not depend on the current iterate, which will correspond
in practice to the full knowledge of the covariance matrix, and a “multiplicative/additive”
noise, which corresponds to the regular stochastic gradient obtained from a single pair of
observations. This second oracle is much harder to analyze.

2.1 Statistical Assumptions

We consider the following general setting:

e H is a d-dimensional Euclidean space with d > 1. The (temporary) restriction to
finite dimension will be relaxed in Section 6.
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e The observations (x,, yn) € H xR, n > 1, are independent and identically distributed
(i.i.d.), and such that E||z,||?> and Ey?2 are finite.

e We consider the least-squares regression problem, namely the minimization of the

expected loss f(0) = 3E((xy,0) — yn)? which is a quadratic function.

We first introduce an assumption on the distribution of x,,.

Covariance matrix. We denote by ¥ = E(z, ® z,,) € R%*? the population covariance
matrix, which is the Hessian of f at all points. Without loss of generality, we can assume X
is invertible by reducing H to the minimal subspace where all x,, n > 1, lie almost surely.
This implies that all eigenvalues of ¥ are strictly positive (but they may be arbitrarily
small). Following Bach and Moulines (2013), we assume there exists R > 0 such that

Bz ||?z, @ 2, < R%X, (A1)

where A < B means that B — A is positive semi-definite. This assumption implies in
particular that (a) E|z,|/* is finite and (b) tr¥ = E|z,||> < R? since taking the trace of
the previous inequality we get E||z,[|* < R%E|z,||?> and using Cauchy-Schwarz inequality
we get E|lzal|? < v/Ellea]* < Ry/Elloa]-

Assumption (A;) is satisfied, for example, for least-square regression with almost surely
bounded data, since ||z, < R* almost surely implies E||zy|*z, ® 2, < B[Rz, ® x,] =
R?Y.. This assumption is also true for data with infinite support and a bounded kurtosis
for the projection of the covariates x, on any direction z € H, e.g, for which there exists
K > 0, such that:

VzeH, Elzz,)* < k(z,X2)2 (1)

Indeed, by Cauchy-Schwarz inequality, Equation (1) implies for all (z,t) € H?, the fol-
lowing bound E(z, x,,)%(t, 7,)? < k(z,$2)(t,$t), which in turn implies that for all positive
semi-definite symmetric matrices M, N, we have E(z,,, Mxy,){(xy, Nz,) < ktr(MX) tr(NX).
Equation (1), which is true for Gaussian vectors with x = 3, thus implies (A;) for R? =
ktrY = kE||z, [

In the next two paragraphs, we introduce some quantities that will be important in the
analysis, in order to get tighter bounds.

Eigenvalue decay. Most convergence bounds depend on the dimension d of H. However
it is possible to derive dimension-free and often tighter convergence rates by considering
bounds depending on the value tr £ for b € [0,1]. Given b, if we consider the eigenvalues

of ¥ ordered in decreasing order, which we denote by s;, then tr¥® = Z-sg’, and the
. by1/b .. . .
eigenvalues decay! at least as (“ii/g Moreover, it is known that (tr Zb)l/ b is decreasing

in b and thus, the smaller the b, the stronger the assumption. For b going to 0 then tr %°
tends to d and we are back in the classical low-dimensional case. When b = 1, we simply
get tr Y = E||z, ||, which will correspond to the weakest assumption in our context.

1. Indeed for any i > 1, we have is? < S°1_, s? < tr(X?).
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Optimal predictor. In finite dimension the regression function f(6) = SE((xy,0) — yn)?

always admits a global minimum 6, = 2E(y,z,). When initializing algorithms at 6y = 0 or
regularizing by the squared norm, rates of convergence generally depend on ||6,|, a quantity
which could be arbitrarily large.

However there exists a systematic upper-bound? HE%G* | < 24/Ey2. This leads naturally
to the consideration of convergence bounds depending on |X7/26,| for » < 1. In infinite
dimension this will correspond to assuming ||X7/26,|| < co. This new assumption relates
the optimal predictor with sources of ill-conditioning (since X is the Hessian of the objective
function f), the smaller r, the stronger our assumption, with » = 1 corresponding to no
assumption at all, 7 = 0 to 0, in H and r = —1 to a convergence of the bias of least-squares
regression with averaged stochastic gradient descent in O(W) (Dieuleveut and Bach,
2015; Défossez and Bach, 2015). In this paper, we will use arbitrary initial points 6y and
thus our bounds will depend on [|X7/2(6y — 6,)]|.

Finally , we make an assumption on the joint distribution of (x,, ).

Noise. We denote by €, = y, — (04, x,) the residual for which we have E[e,z,] = 0.
Although we do not have E[e,|z,] = 0 in general unless the model is well-specified, we
assume the noise to be a structured process such that there exists o > 0 with

Ele2z, ® 1,] < 0?2, (A2)

Assumption (As) is satisfied for example for data almost surely bounded or when the model
is well-specified, (e.g., yn = (0«, 1) +&n, With (g, )pen i.i.d. of variance o2 and independent
of x,).

2.2 Averaged Gradient Methods and Acceleration

We focus in this paper on stochastic gradient methods with and without acceleration for
the least-squares function regularized by 3| — 6| for A € RT. The regularization will
be useful when deriving tighter convergence rates in Section 5, and it has the additional
benefit of making the problem A-strongly-convex. Stochastic gradient descent (referred to
from now on as “SGD”), applied to the regularized problem, can be described for n > 1 as

an - en—l - ’Yfrlz(en—l) - 'Y)‘(en—l - 00)7 (2)

starting from 6y € H, where v > 0 is either called the step-size in optimization or the
learning rate in machine learning, and f},(6,—1) is an unbiased estimate of the gradient of
f at 6,_1, that is, its conditional expectation given all other sources of randomness is equal
to f /(enfl)-

Accelerated stochastic gradient descent is defined, for the regularized problem, by an
iterative system with two parameters (6, v,,) satisfying for n > 1

9n = Vp—1— ’Yf;L(Vn—l) - ’Y)‘(Vn—l - 00)
v = O+ 0(0n —0ny), (3)

2. Indeed for all € R? and in particular @ = 0, by Minkowski’s inequality, HE%Q* |—vVEy2 = VE{(Ou, zrn)2—
VEy < VE(0s, 20) — yn)? < VE(,2n) — yn)? < VE(yn)?.
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starting from 6y = 1y € 3, with 7,6 € R? and f/(6,_1) described as before. It may be
reformulated as the following second-order recursion

Hn = (1 - 7)\) (gnfl + 5(0n71 - 6n72)) - 'nyll (enfl + 5(9n71 - 9n72)) + '7)\90

The momentum coefficient § € R is chosen to accelerate the convergence rate (Nes-
terov, 1983; Beck and Teboulle, 2009) and has its roots in the heavy-ball algorithm from
Polyak (1964). We especially concentrate here, following Polyak and Juditsky (1992), on
the average of the sequence

_ 1 <&
n — ns 4
=i 20 (4)

and we note that it can be computed online as 6,, = niﬂén_l + n%rlﬁn.
The key ingredient in the algorithms presented above is the unbiased estimate on the
gradient f](6), which can take two forms that we now describe in our setting.

2.3 Additive versus Multiplicative Stochastic Oracles on the Gradient

We consider the standard stochastic approximation framework (Kushner and Yin, 2003).
That is, we let (F,,),>0 be the increasing family of o-fields that are generated by all variables
(x4, y;) for i < n, and such that for each § € H the random variable f/ (6) is square-integrable
and F,-measurable with E[f] (0)|F,—1] = f'(0), for all n > 0. Consequently it is of the form

fn(0) = f1(0) — &, (As)

where the noise process &, is F,-measurable with E[£,|F,,—1] = 0 and E[||£,]|?] is finite. We
will consider two different gradient oracles.

Additive noise. The first oracle is the sum of the true gradient f’(6) and an independent
zero-mean noise that does not depend on 6. This oracle is equal to

frlz(g) =30 — Ynxn. (5)

Since f'(6) = X0—Ey,z,, the oracle above has a noise vector &, = y,z, —Ey,z, independent
of 6 and therefore satisfies Assumption (As). Furthermore we also assume that there exists
7 € R such that

E[ﬁn ® gn] < 7—227 (-A4)

that is, the noise has a particular structure adapted to least-squares regression. For optimal
results for unstructured noise, with convergence rate for the noise part in O(1/4/n), see Lan
(2012). Our oracle above with an additive noise which is independent of the current iterate
corresponds to the first setting studied in stochastic approximation (Robbins and Monro,
1951; Duflo, 1997; Polyak and Juditsky, 1992). While used by Bach and Moulines (2013) as
an artifact of proof, for least-squares regression, such an additive noise corresponds to the
situation where the distribution of x is known so that the population covariance matrix is
computable, but the distribution of the outputs (y,)nen remains unknown. Thus it may be
seen as an intermediate set-up between regression estimation with fixed and random design
(see, e.g., Gyorfi et al., 2006, Section 1.9).
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Assumption (A4) will be satisfied, for example if the outputs are almost surely bounded
because E[¢, ® &,] < E[y22, @ x,] < 728 if y2 < 72 almost surely. But it will also be for
data satisfying Equation (1) since we will have

E[én & &n] < E[y72L$n & l‘n] = E[((G*, xn> =+ gn)an ® l‘n]
< 2E[(0y, 20) 200 @ xn] + 2078 < 2(6[| 2260, + 022 < 2(4kE[y2] + 023,

and thus Assumption (A4) is satisfied with 72 = 2(4kE[y2] + o2).

Stochastic noise (“multiplicative/additive”). This corresponds to:

f;z(e) = (<$7L7 0) - yn):zn = (Z + Cn)(e - ‘9*) - Eny (6)

with ¢, = 2, ®x, —X and Z,, = (yn — (zpn, 0x)) Ty = epxy. This oracle corresponds to regular
SGD, which is often referred to as the least-mean-square (LMS) algorithm for least-squares
regression, where the noise comes from sampling a single pair of observations. While still
satisfying Assumption (As), it combines an additive noise =,, independent of # as in Eq. (5)
and a multiplicative noise (,. This multiplicative noise makes this stochastic oracle harder
to analyze which explains why it is often approximated by an additive noise oracle. However
it is the most widely used and most practical one. Note that for the oracle in Eq. (6), from
Equation (A3), we have E[Z, ® Z,] < 02%. It has a similar form to Assumption (A4) which
is valid for the additive noise oracle in Eq. (5): we use different constants 2 and 72 to
highlight the difference between these two oracles.

3. Averaged Stochastic Gradient Descent

In this section, we provide convergence bounds for regularized averaged stochastic gradient
descent. The main novelty compared to the work of Bach and Moulines (2013) is (a) the
presence of regularization, which will be useful when deriving tighter convergence rates in
Section 5 and (b) a much simpler proof. We first consider the additive noise in Section 3.1
before considering the multiplicative/additive noise in Section 3.2.

3.1 Additive Noise

We study here the convergence of the averaged SGD recursion defined by Eq. (2) under the
simple oracle defined in Eq. (5). For least-squares regression, it takes the form:

0, = [I -y - ’y/\I] On—1 + YYnxn + A\Ybp. (7)

This is an easy adaptation of the work of Bach and Moulines (2013, Lemma 2) for the
regularized case.

Lemma 1 Assume (A4). Consider the recursion in Eq. (7) with any regularization param-
eter A € Ry and any constant step-size v such that v(X 4+ X)) < I. Then

BF0) =10 < (A+ =) IEAE +AD T 00— 0.1 + ma[FEEADTE]

We can make the following observations:
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The proof (see Appendix A) relies on the fact that 6,, — 6, is obtainable in closed form
since the cost function is quadratic and thus the recursions are linear, and follows
from Polyak and Juditsky (1992).

The constraint on the step-size v is equivalent to y(L + A) < 1 where L is the largest
eigenvalue of ¥ and we thus recover the usual step-size from deterministic gradient
descent (Nesterov, 2004).

When n tends to infinity, the algorithm converges to the minimum of f(6)+ % 16— 60>
and our performance guarantee becomes \2||XY2(X + AI)~*(Ay — 6.)||>. This is the
standard “bias term” from regularized ridge regression (Hsu et al., 2014) which we nat-
urally recover here. The term an tr [S2(2 + AI) 2] is usually referred to as the “vari-
ance term” (Hsu et al., 2014), and is equal to % times the quantity tr [22(2 +)\I)_2],
which is often called the degrees of freedom of the ridge regression problem (Gu, 2013).

For finite n, the first term in Eq. (8) is the usual bias term which depends on the
distance from the initial point 6y to the objective point 6, with an appropriate
norm. It includes a regularization-based component which is proportional to A? and
optimization-based component which depends on (yn)~2. The regularization-based
bias appears because the algorithm tends to minimize the regularized function instead
of the true function f.

Given Eq. (8), it is natural to set Ay = %, and the two components of the bias
term are exactly of the same order leading to 724712H21/2(E + A7 — 0,)]2. Tt

corresponds up to a constant factor to the bias term of regularized least-squares (Hsu
et al., 2014), but it is achieved by an algorithm accessing only n stochastic gradients.
Note that when A or v depend on n, this term is not necessarily of order O(n=2), as
the numerator might be arbitrarily large. Note also that here as in the rest of the
paper, we only prove results in the finite horizon setting, meaning that the number
of samples is known in advance and the parameters v, A may be chosen as functions
of n, but remain constant along the iterations (when A or v depend on n, our bounds
only hold for the last iterate).

Note that the bias term can also be bounded by %nHEl/Q(Z +MI)~Y/2(6y —6,)]||? only

when |6y — 6. is finite (note the difference in the powers of n and (X + AI)™1). See
the proof in Appendix A.2 for details.

The second term in Eq. (8) is the variance term. It depends on the noise in the
gradient. When this one is not structured the variance turns to be also bounded by
vtr (B(Z + M) 'E[¢, ® &,)]) (see Appendix A.3) and we recover for v = O(1//n),
the usual rate of ﬁ for SGD in the smooth case (Shalev-Shwartz et al., 2009).

Overall we get the same performance as the empirical risk minimizer with fixed design,
but with an algorithm that performs a single pass over the data.

When A = 0 we recover Lemma 2 of Bach and Moulines (2013). In this case the
variance term % is optimal over all estimators in 3 (Tsybakov, 2008) even without
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computational limits, in the sense that no estimator that uses the same information
can improve upon this rate.

3.2 Multiplicative/Additive Noise

When the general stochastic oracle in Eq. (6) is considered, the regularized LMS algorithm
defined by Eq. (2) takes the form:

0, = [I —YTp & Ty — 7/\1] On—1 + YYnTn + Aybo. (9)

We have a very similar result with an additional corrective term (second line below) com-
pared to Lemma 1.

Theorem 2 Assume (A12). Consider the recursion in Eq. (9). For any regularization
parameter X € RT and for any constant step-size y such that 27(R? + 2)) < 1 we have:

EA0) =50 < 3(2A+ ) ISVAE+ A0 (0= 0.)F +

602 _

(S + A1) "2(0 — 0.) || tr(S(S + A1)

3 v2(n +1)2

We can make the following remarks:

The proof (see Appendix B) relies on a bias-variance decomposition, each term being
treated separately. We adapt a proof technique from Bach and Moulines (2013) which
considers the difference between the recursions in Eq. (9) and in Eq. (7).

As in Lemma 1, the bias term can also be bounded by 7inH21/2(E4—)\1)_1/2(90 —6,)|1?

and the variance term by ~tr[S(X + M)7'¢, ® &,] (see proof in Appendices B.4
and B.5). This is useful in particular when considering unstructured noise.

The variance term is the same as in the previous case. However there is a residual term
that now appears when we go to the fully stochastic oracle (second line). This term
will go to zero when ~y tends to zero and can be compared to the corrective term which
also appears when Hsu et al. (2014) go from fixed to random design. Nevertheless
our bounds are more concise than theirs, making significantly fewer assumptions and
relying on an efficient single-pass algorithm.

In this setting, the step-size may not exceed 1/(2(R?+2))), whereas with an additive
noise in Lemma 1 the condition is v < 1/(L + \), a quantity which can be much
bigger than 1/(2(R?+2))), as L is the spectral radius of ¥ whereas R? is of the order
of tr(X). Note that in practice, computing L is as hard as computing 6, so that the
step-size v o< 1/R? is a good practical choice. See Défossez and Bach (2015) for larger
allowed step-sizes that require more information.

n+1-
from Défossez and Bach (2015) with a non-asymptotic bound but we lose the advan-
tage of having an asymptotic equivalent (i.e., a limit rather than an upper-bound).
We note that the assumption (A 2) are close to the minimal assumptions required to
obtain the optimal rate of convergence of o2d/n (Lecué and Mendelson, 2016; Oliveira,
2016)

For A\ = 0 the error is bounded by %HZ*UQ(HO — 0% + 60%d W recover results
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4. Accelerated Stochastic Averaged Gradient Descent

We study the convergence under the stochastic oracle from Eq. (5) of averaged accelerated
stochastic gradient descent defined by Eq. (3) which can be rewritten for the least-squares
function f as a second-order iterative system with constant coefficients:

Hn = [I - ’72 - ’7)‘1] [gn—l =+ 6(971—1 - 0n—2)} + YYnTn + ’Y)\‘90~ (10)
When using averaging, we refer to this algorithm as “averaged-accelerated-SGD”.

Theorem 3 Assume (Ay). For any regularization parameter A\ € Ry and for any constant

step-size v(X + M) < I, we have for any 0 € HI%, 1], for the recursion in Eq. (10):

Ef(0n) — f(0s) < 2<>\+ tr [B2(2 + A1)~

n—+1

e IS AD g — 0. + 572

The numerical constants are partially artifacts of the proof (see Appendices C and E).
Thanks to a wise use of tight inequalities, the bound is independent of § and valid for all
A € Ry. This results in the simple following corollary for A = 0, which corresponds to the
particularly simple recursion (with averaging to obtain 6,,):

On = [I — v (2001 — On—2) + VYnTn. (11)
Corollary 4 Assume (A4). For any constant step-size v < I, we have for 6 =1,

~ 160 — 6. 72d
Ef( n)_f(e*)§367(n+1)2 n+1

(12)

We can make the following observations:

e The proof technique relies on direct moment computations in each eigensubspace
obtained by O’Donoghue and Candés (2013) in the deterministic case. Indeed as 3 is
a symmetric matrix, the space can be decomposed on an orthonormal eigenbasis of 3,
and the iterations are decoupled in such an eigenbasis. Although we only provide an
upper-bound, this is in fact an equality plus other exponentially small terms as shown
in the proof which relies on linear algebra, with difficulties arising from the fact that
this second-order system can be expressed as a linear stochastic dynamical system
with non-symmetric matrices. We only provide a result for additive noise.

e The first bound #H@o — 6,]|? in Eq. (12) corresponds to the usual accelerated rate.
It has been shown by Nesterov (2004) to be the optimal rate of convergence for
optimizing a quadratic function with a first-order method that can access only to
sequences of gradients when n < d. We recover by averaging an algorithm dedicated
to strongly-convex function the traditional convergence rate for non-strongly convex
functions. Even if it seems surprising, the algorithm works also for A =0 and § = 1
(see also simulations in Section 7).

10
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e The second bound in Eq. (12) also matches the optimal statistical performance TZ—d
described in the observations following Lemma 1. Accordingly this algorithm achieves

joint bias/variance optimality (when measured in terms of 72 and ||fp — 6.?).

e We have the same rate of convergence for the bias when compared to the regular
Nesterov acceleration without averaging studied by Flammarion and Bach (2015),
which corresponds to choosing 6, = 1 — 2/n for all n. However if the problem is pu-
strongly convex, this latter was shown to also converge at the linear rate O((l —'y,u)”)
and thus is adaptive to hidden strong-convexity (since the algorithm does not need to
know p to run). This explains that it ends up converging faster for quadratic function
since for large n the convergence at rate 1/n? becomes slower than the one at rate
(1 — yu)™ even for very small p. This is confirmed in our experiments in Section 7.
Thanks to this adaptlwty, We can also show using the same tools and considering
its weighted average 0, i n+1 S7_o kO that the bias term of Ef(6,) — f(6.) has

T)HZUQ(E + M) 710y — 6,)]|* without any
change in the variance term. This has to be compared to the bias of averaged SGD
()\—i- ) |=Y2(84+M1)~(Ap—6.)||? in Section 3 and may lead to faster convergence
for the blas in presence of hidden strong-convexity.

a convergence rate of order ()\ +

e Overall, the bias term is improved whereas the variance term is not degraded and
acceleration is thus robust to noise in the gradients. Thereby, while second-order
finite difference methods for optimizing quadratic functions in the singular case, such
as conjugate gradient (Polyak, 1987, Section 6.1) are notoriously highly sensitive to
noise, we are able to propose a version which is robust to stochastic noise.

e Note that when there is no assumption on the covariance of the noise we still have the
variance bounded by L' tr [S(X+ A1) ~!V]; setting v = 1/n3/2 and A = 0 leads to the

— 2 . .
bound % + % We recover the usual rate for accelerated stochastic gradient

in the non-strongly-convex case (Xiao, 2010). When the values of the bias and the

2000 112
variance are known, we can achieve the optimal trade-off of Lan (2012) R||92729*H +

[60—=0: [ VtrV/ — mi 2 _[|fo—06x]|
Sy e— for v = min {1/R ,W}.

5. Tighter Dimension-Independent Convergence Rates

We have seen in Corollary 4 above that the averaged accelerated gradient algorithm matches
the lower bounds 72d/n and #HQO — 6,||? for the prediction error. However the algorithm
performs better in almost all cases except the worst-case scenarios corresponding to the
lower bounds. For example the algorithm may still predict well when the dimension d is
much bigger than n. Similarly the norm of the optimal predictor ||f,]|> may be huge and the
prediction still good, as gradients algorithms happen to be adaptive to the difficulty of the
problem: indeed, if the problem is simpler, the convergence rate of the gradient algorithm
will be improved. In this section, we provide such a theoretical guarantee.

The following bound stands for the averaged accelerated algorithm. It extends previously
known bounds in the kernel least-mean-squares setting (Dieuleveut and Bach, 2015).

11
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Theorem 5 Assume (Ay); for any regularization parameter A\ € Ry and for any constant

step-size such that v(X + A) < I we have for § € HI_%, 1], for the recursion in Eq. (10):

36 2 tr(X)A0

BA0) - 10 < _ min (210000 a7 () s TS

re0,1], be[0,1]

The proof is straightforward by upper bounding the terms coming from regularization,
depending on X(X+ AI)~!, by a power of A times the considered quantities. More precisely,
the quantity tr(3(X+AI)~1) can be seen as an effective dimension of the problem (Gu, 2013),
and is upper bounded by A=t tr(X?) for any b € [0;1]. Similarly, || £Y/2(2 4 X)~1/26,]|? can
be upper bounded by A~"||X7/2(fy — 6,)||>. A detailed proof of these results is given in
Appendix D.

In order to benefit from the acceleration, we choose A = (yn?)~!. With such a choice
we have the following corollary:

Corollary 6 Assume (Ayg), for any constant step-size v(X + M) < I, we have for A\ =
W}H)Q and 6 € [1 - %ﬁ, 1], for the recursion in Eq. (10):

. , [7/2(0 — 6.)[1> 7240 tr(XP)
Ef(6,) — f(6,) < m 74 .
J(6n) = 1(60) < redlvel] [ 4T+ 12050 T (o )2

We can make the following observations:

e The algorithm is independent of r and b, thus all the bounds for different values of
(r,b) are valid. This is a strong property of the algorithm, which is indeed adaptative
to the regularity and the effective dimension of the problem (once 7 is chosen). In
situations in which either d is larger than n or L||fp — 60.]|? is larger than n?, the
algorithm can still enjoy good convergence properties, by adapting to the best values
of b and r.

e For b = 0 we recover the variance term of Corollary 4, but for b > 0 and fast decays of
eigenvalues of 3, the bound may be much smaller; note that we lose in the dependency
in n, but typically, for large d, this can be advantageous.

e For r = 0 we recover the bias term of Corollary 4 and for » = 1 (no assumption at all)
the bias is bounded by ||%'/26, > < 4R?, which is not going to zero. The smaller 7 is,
the stronger the decrease of the bias with respect to n is (which is coherent with the
fact that we have a stronger assumption). Moreover, 7 is only considered between 0
and 1: indeed, if 7 < 0, the constant||(yX)"/2(fy — 6,)|| is bigger than |6y — 6., but
the dependence on n cannot improve beyond (yn?)~!. This is a classical phenomenon
called “saturation” (Engl et al., 1996). It is linked with the uniform averaging scheme:

here, the bias term cannot forget the initial condition faster than n=2.

e A similar result happens to hold, for averaged gradient descent, with A = (yn)~! :

; : I=2(60 = 6)° | oy tr(2)
E - * < 1 sy 1y ?
f(6n) — f(0s) < Ter[rilﬁl} (18 + Res(b,r,m,7)) = 1)) (n 1)
be0,1]

(13)

12
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where Res(b, r,n,)) corresponds to a residual term, which is smaller than tr(%?)nb~1+0

if » > 0 and does not exist otherwise. The bias term’s dependence on n is degraded,
thus the “saturation” limit is logically pushed down to r = —1, which explains the
[~1;1] interval for . The choice A = (yn)~! arises from Th. 2, in order to balance
both components of the bias term A + (yn)~!. This result is proved in Appendix D.
This recovers the result of Dieuleveut and Bach (2015).

e Considering a non-uniform averaging, as proposed after Theorem 2 the minp<,<; in
Th. 5 and Corollary 6 can be extended to min_j<,<;. Indeed, considering a non-
uniform averaging allows to have a faster decreasing bias, pushing the saturation
limit observed below.

In finite dimension these bounds for the bias and the variance cannot be said to be opti-
mal independently in any sense we are aware of. Indeed, in finite dimension, the asymptotic
rate of convergence for the bias (respectively the variance), when n goes to oo is governed
by L||fo — 0.||*/n? (resp. 72d/n). However, we show in the next section that in the setting
of non parametric learning in kernel spaces, these bounds lead to the optimal statistical rate
of convergence among all estimators (independently of their computational cost). Moving
to the infinite-dimensional setting allows to characterize the optimality of the bounds by
showing that they achieve the statistical rate when optimizing the bias/variance tradeoff in
Corollary 6.

6. Rates of Convergence for Kernel Regression

Computational convergence rates give the speed at which an objective function can decrease
depending on the amount of computation which is allowed. Typically, they show how the
error decreases with respect to the number of iterations, as in Theorem 2. Statistical rates,
however, show how close one can get to some objective given some amount of information
which is provided. Statistical rates do not depend on some chosen algorithm: these bounds
do not involve computation, on the contrary, they state the best performance that no
algorithm can beat, given the information, and without computational limits. In particular,
any lower bound on the statistical rate implies a lower bound on the computational rates,
if each iteration corresponds to access to some new information, here pairs of observations.
Interestingly, many algorithms for the past few years have proved to match, with minimal
computations (in general one pass through the data), the statistical rate, emphasizing the
importance of carrying together optimization and approximation in large scale learning,
as described by Bottou and Bousquet (2008). In a similar flavor, it also appears that
regularization can be accomplished through early stopping (Yao et al., 2007; Rudi et al.,
2015), highlighting this interplay between computation and statistics.

To characterize the optimality of our bounds, we will show that averaged-accelerated-
SGD matches the statistical lower bound in the context of non-parametric estimation. Even
if it may be computationally hard or impossible to implement averaged-accelerated-SGD
with additive noise in the kernel-based framework below (see remarks following Theorem 8),
it leads to the optimal statistical rate for a broader class of problems than averaged-SGD,
showing that for a wider set of trade-offs, acceleration is optimal.

13
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A natural extension of the finite-dimensional analysis is the non-parametric setting, es-
pecially with reproducing kernel Hilbert spaces. In the setting of non-parametric regression,
we consider a probability space X x R with probability distribution p, and assume that we
are given an i.i.d. sample (x;,y;)i=1,..n ~ p®", and denote by px the marginal distribu-
tion of x, in X; the aim of non-parametric least-squares regression is to find a function
g : X = R, which minimizes the expected risk:

£(9) = 5Eol(g(n) ~ 30)’) (14)

The optimal function g is the conditional expectation g(z) = E,(yn|x). In the kernel regres-
sion setting, we consider as hypothesis space a reproducing kernel Hilbert space (Aronszajn,
1950; Steinwart and Christmann, 2008; Scholkopf and Smola, 2002) associated with a ker-
nel function K. The space H is a subspace of the space of squared integrable functions
L%X. We look for a function gg which satisfies: f(gsc) = infyeqc f(g), and ggc belongs to
the closure H of H (meaning that there exists a sequence of function g, € H such that
lgn — gmll s 0). When X is dense, the minimum is attained for the regression function
defined above. This function however is not in H in general. Moreover there exists an
operator X : H — H, which extends the finite-dimensional population covariance matrix,
that will allow the characterization of the smoothness of g4. This operator is known to be
trace class when E,, [K (2, z,)] < oo.

Data points z; are mapped into the RKHS, via the feature map: x +— K,, where K, :
H — R is a function in the RKHS, such that K, : y — K(z,y). The reproducing property?
allows to express the minimization problem (14) as a least-squares linear regression problem:
for any g € 3, f(9) = 3E,[({(9, Kz, )3 — yn)?], and can thus be seen as an extension to the
infinite-dimensional setting of linear least-squares regression.

However, in such a setting, both quantities ||X7/26, |5 (where || - ||5¢ stands for the norm
associated with the inner product in the Hilbert space ) and tr(X%) may exist or not.
It thus arises as a natural assumption to consider the smaller r» € [—1;1] and the smaller
b € [0;1] such that

o ||[X7/20,]|3 < oo (meaning that X7/%0, € H), (As)
o tr(X?) < 0. (As)

The quantities considered in Sections 2 and 5 are the natural finite-dimensional twins of
these assumptions. However in infinite dimension a quantity may exist or not and it is
thus an assumption to consider its existence, whereas it can only be characterized by its
value, big or small, in finite dimension. The first assumption is generally called the “source
condition”, the second one the “capacity condition”.

In the last decade, De Vito et al. (2005); Cucker and Smale (2002) studied non-parametric
least-squares regression in the RKHS framework. These works were extended to derive
rates of convergence depending on assumption (As): Ying and Pontil (2008) studied un-

1—7r
regularized stochastic gradient descent and derived asymptotic rate of convergence O(n~ 2-7),
for r < 1 and proved that one could derive similar rates of convergence for 0 < r < 1 from

3. It states that for any function g € H, (g9, Kz)3c = g(z), where (-,-)sc denotes the scalar product in the
Hilbert space.

14
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Zhang (2004), who studies stochastic gradient descent with averaging; whereas Tarres and
Yao (2011) give similar performance for —1 < r < 0. Interestingly, Ying and Pontil (2008)
do not have saturation, meaning that the rate still improves for r smaller than —1. As it
will appear, any algorithm based on a uniform averaging scheme faces a saturation issue :
one cannot forget initial conditions faster than n~2, which makes the algorithm sub-optimal
in situations in which the optimal predictor is very smooth (As holds with » < —1). How-
ever, these papers only prove rates in the capacity-independent setting, meaning without
assumption on the spectrum of the covariance matrix. Although the rate O(n_%) is opti-
mal in this setting, it comes from a worst-case analysis. Considering the capacity-dependent
setting is more challenging, but allows to derive tighter and more realistic rates (a capacity
condition always stands under the trace class assumption that is made). Moreover, the
capacity-independent setting also does not allow to recover finite-dimensional rates. Up
to our knowledge, there is no one pass stochastic gradient algorithm which does not have
saturation while getting the minimax rate under both the capacity condition and source
condition. In a recent work, Lin and Rosasco (2016) achieves optimality without saturation
with multiple passes. We show in the next paragraphs that we can derive a tighter and
optimal rate for both averaged-SGD (recovering results from Dieuleveut and Bach (2015))
and averaged-accelerated-SGD, for a larger class of kernels for the latter. Note that the
averaging scheme for the RKHS setting was originally considered by Yao (2006).

We will first describe results for averaged-SGD, then increase the validity region of these
rates (which depends on r,b) using averaged accelerated SGD. We show that the derived
rates match statistical rates for our setting and thus our algorithms reach the optimal
prediction performance for certain b and r.

6.1 Averaged SGD

We have the following result, proved in Appendix D and following from Theorem 2: for
some fixed b,r, we choose the best step-size 7, that optimizes the bias-variance trade-off,
while still satisfying the constraint v < 1/(2R?). We get a result for the stochastic oracle
(multiplicative/additive noise).

Theorem 7 With A = »%m we have, if r < b, under Assumptions (A1 256) and the stochas-

. —btr
tic oracle Eq. (6), for any constant step-size v such that 2(R? +2)\) < 1, with v o nb+1tr,
for the recursion in Eq. (9):

) r/2 2 2 b -
Ef(0,) — f(0,) < <(27—|—0(1))HE (6o — 0.)||” + 607 tr(Z )) n~ -,
We can make the following remarks:

e The term o(1) stands for a quantity which is decreasing to 0 when n — oco. More
specifically, this constant is smaller than 3 tr(X?) divided by nX, where Y is bigger than
0 (see Appendix D). The result comes from Eq. (13) (which follows from Theorem 5),
with the choice of the optimal step-size.

e We recover the same errors bounds as in Dieuleveut and Bach (2015), but with a
simpler analysis resulting from the consideration of the regularized version of the
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problem associated with a choice of \. However, we only recover rates in the finite
horizon setting.

e This result shows that we get the optimal rate of convergence under Assumptions (Asg),

for » < b. This point will be discussed in more details after Theorem 8.

We now turn to the averaged accelerated SGD algorithm. We prove that it enjoys the
optimal rate of convergence for a larger class of problems, but only for the additive noise
which corresponds to knowing the distribution of x,,.

6.2 Averaged-Accelerated SGD

Similarly, choosing the best step-size -, it comes from Theorem 5, that in the RKHS setting,
under additional Assumptions (Asg), we have for the the averaged accelerated algorithm
the following result:

Theorem 8 With A = ,y#, we have, if r < b+ 1/2, under Assumptions (Ass¢), for any
—2b+2r—1 )
constant step-size vy < LL—M’ with v oc n~F1=7 | for the recursion in Eq. (10):

B10,) — 10 < (747200~ 0| + 877 e(s?) )

We can make the following remarks:

e The rate b—il-Iir is always between 0 and 1, and improves when our assumptions gets
stronger (r getting smaller, b getting smaller). Ultimately, with b — 0, and r — —1,

we recover the finite-dimensional n~! rate.

e We can achieve this optimal rate when r < b+ 1/2. Beyond, if » > b+ 1/2, the rate
is only n=2(1=")_ Indeed, the bias term cannot decrease faster than n=20=7) as ~ is
compelled to be upper bounded.

e The same phenomenon appears in the un-accelerated averaged situation, as shown by
Theorem 7, but the critical value was then r < b. There is thus a region (precisely
b < r < b+ 1/2) in which only the accelerated algorithm gets the optimal rate
of convergence. Note that we increase the optimality region towards optimization
problems which are more ill-conditioned, naturally benefiting from acceleration.

e This algorithm cannot be computed in practice (at least with computational limits).
Indeed, without any further assumption on the kernel K, it is not possible to compute
images of vectors by the covariance operator ¥ in the RKHS. However, as explained in
the following remark, this is enough to show some form of optimality of our algorithm.

Note that the easy computability is a great advantage of the multiplicative/additive
noise variant of the algorithms, for which the current point 6,, can always be expressed
as a finite sum of features 6, = Z?:l a; Ky, with a; € R, leading to a tractable
algorithm. An accelerated variant of SGD naturally arises from our algorithm, when
considering this stochastic oracle from Eq. (6). Such a variant can be implemented
but does not behave similarly for large step sizes, say, v ~ 1/(2R2). It is an open
problem to prove convergence results for averaged accelerated gradient under this
multiplicative/additive noise.
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e These rates happen to be optimal from a statistical perspective, meaning that no
algorithm which is given access to the sample points and the distribution of x,, can
perform better for all functions that satisfy assumption (Ag), for a kernel satisfy-
ing (As). Indeed it is equivalent to assuming that the function lives in some ellipsoid
in the space of squared integrable functions. Note that the statistical minimization
problem (and thus the lower bound) does not depend on the kernel, and is valid with-
out computational limits. The case of learning with kernels is studied by Caponnetto
and De Vito (2007) which shows these minimax convergence rates under (As ), under
assumption that —1 < r < 0 (but state that it can be easily extended to 0 < r < 1).
They do not assume knowledge of the distribution of the inputs; however, Massart
(2007) and Tsybakov (2008) discuss optimal rates on ellipsoids, and Gyorfi et al.
(2006) proves similar results for certain class of functions under a known distribution
for the input data, showing that the knowledge of the distribution does not make any
difference. This minimax statistical rate stands without computational limits and is
thus valid for both algorithms (additive noise that corresponds to knowing >, and
multiplicative/additive noise). The optimal tradeoff is derived for an extended region
of b,r (namely r < b+ 1/2 instead of » < b) in the accelerated case which shows the
improvement upon non-accelerated averaged SGD.

e The choice of the optimal « is difficult in practice, as the parameters b, r are unknown,
and this remains an open problem in general (see, e.g., Birgé, 2001, for some methods
for non-parametric regression), even if in the capacity-independent setting, Orabona
(2014) has proposed an algorithm that adapts to the unknown parameter r.

e Note that we do not give rates in terms of norm in the RHKS (i.e., an upper bound
on ||0, — 0.||3¢), because we mainly aim at extending optimality of prediction error
rate to ill-conditioned cases (i.e. situations for which » > b > 0). In such a situation,
Hilbert spaces norm bounds would not be relevant as the optimal estimator does not
even live in the RKHS.

7. Experiments

We illustrate now our theoretical results on synthetic examples. For d = 25 we consider
normally distributed inputs z,, with random covariance matrix ¥ which has eigenvalues 1/i3,
fori=1,...,d, and random optimum 6, and starting point 6y such that ||fp —6.| = 1. The
outputs ¥, are generated from a linear function with homoscedastic noise with unit signal
to noise-ratio (02 = 1), we take R? = tr ¥ the average radius of the data and a step-size
v =1/R? and A = 0. The additive noise oracle is used. We show results averaged over 10
replications.

We compare the performance of averaged SGD (AvSGD), AccSGD (usual Nesterov ac-
celeration for convex functions) and our novel averaged accelerated SGD from Section 4
AvAccSGD (which is not the averaging of AccSGD because the momentum term is propor-
tional to 1 — 3/n for AccSGD instead of being equal to 1 for AvAccSGD), on two different
problems: one deterministic (||6p — 6«|| = 1, 02 = 0) which will illustrate how the bias
term behaves, and one purely stochastic (||fg — 04| = 0, 0?> = 1) which will illustrate
how the variance term behaves. For the bias (left plot of Figure 1), AvSGD converges at
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Figure 1: Synthetic problem (d = 25) and v = 1/R2. Left: Bias. Right: Variance.

speed O(1/n), while AvAccSGD and AccSGD converge both at speed O(1/n?). However,
as mentioned in the observations following Corollary 4, AccSGD takes advantage of the
hidden strong convexity of the least-squares function and starts converging linearly at the
end. For the variance (right plot of Figure 1), AccSGD is not converging to the optimum
and keeps oscillating whereas AvSGD and AvAccSGD both converge to the optimum at a
speed O(1/n). However AvSGD remains slightly faster in the beginning.

Note that for small n, or when the bias L||fy — 6. ||?/n? is much bigger than the variance
o2d/n, the bias may have a stronger effect, although asymptotically, the variance always
dominates. It is thus essential to have an algorithm which is optimal in both regimes; this
is achieved by AvAccSGD.

8. Conclusion

In this paper, we showed that stochastic averaged accelerated gradient descent was robust to
structured noise in the gradients present in least-squares regression. Beyond being the first
algorithm which is jointly optimal in terms of both bias and finite-dimensional variance,
it is also adapted to finer assumptions such as fast decays of the covariance matrices or
optimal predictors with large norms.

Our current analysis is performed for least-squares regression. While it could be directly
extended to smooth losses through efficient online Newton methods (Bach and Moulines,
2013), an extension to all smooth or self-concordant-like functions (Bach, 2014) would widen
its applicability. Moreover, our accelerated gradient analysis is performed for additive noise
(i.e., for least-squares regression, with knowledge of the population covariance matrix) and
it would be interesting to study the robustness of our results in the contexts of least-mean
squares and online learning. Finally, our analysis relies on single observations per iteration
and could be made finer by using mini-batches (Cotter et al., 2011; Dekel et al., 2012),
which should not change the variance term but could impact the bias term.
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Appendix A. Proofs of Section 3

We first prove the results of Section 3.

A.1 Proof of Lemma 1

We proof here Lemma 1 which is the extension of Lemma 2 of Bach and Moulines (2013)
for the regularized case. The proof technique relies on the fact that recursions in Eq. (7)
are linear since the cost function is quadratic which allows us to obtain 6,, — 0, in closed
form.

For any regularization parameter A € Ry and any constant step-size v(X + AI) < I we
may rewrite the regularized stochastic gradient recursion in Eq. (7) as:

On =0 = [I =7 =N (Bus — 0.) + 70 + Ny(60 — 0.).

We thus get for n > 1 the expansion

n

On— 0. = (I—S—=yAD)™(00 — 0.) + 7Y (I -5 — A" F,

k=1
FYAD (T =4S =AD" * (8 — 6.)
k=1
= (I=9Z =AD" (00— 6.) +7D>_(I =7 =AD" *,
k=1

HA[L = (I =42 =AD" (S + A) "' (0 — 0.)
= (I =2 =AD" = X(E+ M) ')(6p — 0.) + Zn:(f — 8 =AD" Fg,
k=1
FAE 4 M) (0o — 60,).

We then have using the definition of the average

I
—

n

n(On-1—0.) =) (0; = 0.)

=0

n—1 n—1 j

=D T =A% = YA [I = XS+ M) (0 — 0.) + D) (I — 4% — )" g,
Jj= 7=0 k=1

0
(S 4+ AD L (8o — 6.).
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For which we will compute the two sums separately

n—1

S (I =4S = AAI[ = A(S + A1) (6 — 6.)
=0
- i[f— (I =% = AD"[(Z+ AT = A(Z + A1) (00 — 6.),
and
n-1lJ n—1 n—1
]zOk:l k=1  j=
n—1 n—-1-k
= 72( Z (I =% =7l )&
k=1 j=

Gathering the three terms together, we thus have

n(Op—1—0:) = —[I—IT == AD"|[(S+ M) = XNE+ )6 — 65)

2|~
|
—

n

:[_

Y [T =7 =) F(Z + M)
k=

(]

[ — (I =42 =AD" *](Z + AN 7, + nA(S + M) 7 (G — 6.)

Il
—

[I— (I =4S = AD™|[I = NE+ )T+ nM (S + M) (6 — 64)

s ==
AN

—_

Using standard martingale square moment inequalities which amount to consider &;, i =
1,...,n independent, the variance of the sum is the sum of variances and we have for

V =E& @&

2B BY2 (0,1 — 0. = Spi tr [1 = (I — 4% — yAD)" *]*S(S + A1) -2V

| [fly [T = (I =% =AD" = AT+ A1) 7]+ nAI [ S22 4 AD 7 (80 — 6.) ")

Since all the matrices in this equality are symmetric positive-definite we are allowed to
bound

[i [T = (I =4S =AD" [ = A+ AD) 7Y + nM] < (}Y + n)\)I (16)
I

[[— (I —~Z =) )2 <
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This concludes proof of the Lemma 1
_ 1 2
B[S0 — 617 < (- + ) 15722+ A0 7 0 - 6]
1
+—trN(2 + )72V (17)

A.2 Proof When Only ||y — 60.| Is Finite

Unfortunately ||$71(6p — 6.)|| may not be finite. However we can use that for all u € [0, 1]

we have # < 1% and have therefore the bound

[1 [1— (I — 4% =AD" [ = A+ AD) 7Y + n/\I} DESYIR

[ (I =% — A" +n)\I] DESYI
[ (I —7S =AD" [E+ A7+ nAE + )\I]ﬂ]
<1 +nl.

Combining with Eq. (16) we have

1 1 1/2 1 2
H [; [T — (I =% — A ADM] [T = M(S + A1)~} + n)\I]E 2(8 + A1y — 6,)
1
<(n+1) (5 + n)\) ISY2(S + A~ Y2(60 — 6,)]]2,
which implies that
- 1
ESY2(Ba-1 — )17 < 2(= + A) S22 + AD)V2(80 - 6.)]°
ny
+ %trE(E + A7V, (18)
which is interesting when only [|6p — 6.|| is finite.

A.3 Proof When the Noise Is Not Structured

The bound in Eq. (17) becomes less interesting when the noise is not structured. However
using the same technique we have that [I — (I — % — ’y/\I)"_k]z(E + ANt < (n—k)yI
and we get the following upper-bound on the variance

Ztr (I =% =AD" PSS+ A1)V < Z k) tr (S + A~V

nn+1)
2

IN

v tr (X + A1)V

4. since % =Y (1—uwk<

21



DIEULEVEUT, FLAMMARION AND BACH

Therefore we get
1/2(5 . _ 2 1 2 1/2 ~1(p. _ 2
E||2Y(0n—1 — 0,)|* < y + M) [[ZYH(E+ AT (6o — 64|

+ytr (X + DTV, (19)

which is meaningful when the noise is not structured.

Appendix B. Proof of Theorem 2

In this section, we will prove Theorem 2. The proof relies on a decomposition of the error
as the sum of three main terms which will be studied separately. We state decomposition
in Section B.1 then prove upper bounds for the different terms in Sections B.2 and B.3.

B.1 Expansion of the Recursion
We may rewrite the regularized stochastic gradient recursion as:
0, = [I — YTy Q Ty — ’y)\I] On—1+ venxn + ¥(Tp, Ox) Ty + A0

O0p — 0, = [I — YTy Q Ty — ’y)\I] (On—1 — 0x) + venxn + Ay(0o — 6).

For i > k, let
M(i k) = [I — vz @z — Y| -+ [I — o @ zp, — YAI]
be an operator from H to . We have the expansion
n n
On — 00 = M(n,1)(00 — 0.) +7 > M(n,k+ Degrp +7 Y M(n,k+ 1)A(00 — 0.).
k=1 k=1

Our goal is to study these three terms separately and bound || £/2(6,, — 6,)]| for each of
them.

B.2 Regularization-Based Bias Term
This is the term: 6, —6, =~ ;_; M(n,k+1)X(6p—0.), which corresponds to the recursion
On — 0. = (I —yxp @ T — YA (01 — 64) + Ay (60 — 6s), (20)

initialized with 6y = 0., and no noise.

Following the proof technique of Bach and Moulines (2013), we are going to consider a
related recursion by replacing in Equation (20) the operator z,, ® =, by its expectation X.
Thus, we consider 7, defined as

M — 0 =7 > (I =75 = M) *A(6y — 0.),
k=1
which satisfies the recursion (with initialization 79 = 6,) and

M — 0. = [I - 72 - )‘7[] (nn—l - 9*) + )\7(60 - 0*)

In order to bound HEl/Q(Hn — 6,)]|, we will independently bound H21/2(77n — 0,)]| and
|=1/2(0,, — n,)|| using Minkowski’s inequality.
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Bounding ||2'/2(0,, — n,)|. We have 6y — 19 = 0, and
Opn — 1 = [I — VT @ Ty — )\’YI] (an—l - nn—l) + '7[2 —Tn & xn] (nn—l - 9*)

We can now bound the recursion for 6, — 7, as follows, using standard online learning proofs
(Nemirovski et al., 2009):

10, — 77nH2 < fn-1— 77n—1H2 - 2’Y<0n—1 — N1, (Tn @ T + M) (On—1 — 7771—1)>
+2'7<0n—1 — n—-1, [2 —Tn ® xn] (nn—l - 9*)>
2
+72H [:En @ Ty + )‘I] (en,1 - ﬁnfl) - [Z -, ® xn] (nn—l - 0*)” .
By taking conditional expectations given F,_1, we get, using first the fact that E(X —

Ty ® p|Fn—1) = 0 and the inequality (a + b)? < 2(a® + b?), then developing and using
E[(z, ® 2,)?] < R?Y, which is assumption A;.

E(10n = mall*|Fa-1) < 001 = 1l = 29(0n-1 = na1, (Z + A1) (On1 — 10-1))
+292E(|| [#n © 20 + M) (On—1 — 101 || *|Fa1)
+29°E(||[S = 20 © 2] (-1 = 0|1 F0-1)

< -1 — 777%1”2 - 2'7<0n71 = =1, (E + A1) (01 — 77n71)>
+293(Op—1 — -1, (R*S + N1 + 2A2) (01 — Mp—1))
+292R? (1 — 6., %)

< 10n-1 = M-l = 27 [1 = V(R + 2X)]{n-1 = M=1, B(0n-1 — Mn—-1))

+272R2<77n—1 — 04, 2(7771—1 - 9*)>

This leads by taking full expectations and moving terms to

1
27[1 — v(R? + 2))] [

VR?
1 — 0, D (1 — 6.)).

E||9n—1 - 77n—1H2 - EH‘gn - %HQ]

E<9n—l — Nln—1, 2(en—l - 77n—1)> <

Thus, if y(R* +2)) < 3

1
IE<‘9nfl — Tln—1, Z(gnfl - nn71)> < ; [Enenfl - 777171”2 - E”en - 77n||2]
F2YRPE(1—1 — b, X (11 — 65)).
This leads to, summing and using initial conditions 6y — 79 = 0, then using convexity to
upper bound <9n — n, E(en - ﬁn)> < %_1_1 ZZ:O <9k — Nk, E(Gk - 7716)>:

n

D (k= O, S — 62)).

k=0

2vR?
n+1
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Bounding ||2'/2(n, — 6,)|. Moreover we have:

M — 0 = XS+ M) (0 — 0.) — (I —7E = M) A + M) (6o — 64)]
1 < _
— kZ:O(I — S = M DE[NE + M) — 6.)]

in — 0 = MZ + M) 710y — 6,) —

= AZ 4+ A" — 0,)

B nilV_l(E AT = (I = 9% = M D)™ [AE + M) ™ (8 — 0.)].

This leads using Minkowski inequality to

1/2 _
(EI=Y2(, — 0.)12)7 < IASY2(S 4+ A1) (00 — 6.
(EIZV2(@, — 0.)12)7 < [IASVAE + A1) (6 — 6.)])-

Thus this part is such that

(BI=Y2(0, — 0.)[%) " < JASY2(S + A1) 71 (6 — 6.)]]
1/2
+ (2732”@1/2(2 + M) 710 — 0*)|y2>

< IASV2(S + A0 — 0.)] (1 + v/2yR?),

that gives the first bound on the regularization-based bias
E|[SY2(8, — 6.))> < |AZV2(Z + A1) 7160 — 0.)|12 (1 + /27 R?). (21)

B.3 Expansion without the Regularization Term

We will follow here the outline of the proof of Gyorfi and Walk (1996) which considers a
full expansion of the function value ||%'/2(6,, — 6,)|?. This corresponds to

Op, — 0, = M(n,1)(6p — 0,) + VZM(n, k+ 1)egxy.
k=1

We have

n

n n n—1 n
EY S (0 — 0,50 — 0.) = E> (6 — 0., 5(0; — 0.)) + 2B > (6 — 0., 5(6; — 6.)).

=0 j=0 =0 1=0 j=i+1
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Moreover,

n—1 n
EY ) (0 —0.,5(6; — 6.))

i=0 j=i+1

:EZ > <0i—0*,E[M(j,i+1)(0i—0*)+ ZJ: M(jak+1)'75k$k}>

k=i+1

=E Z Z (0; — 0., XM(j,i+ 1)(0; — 6+)) because ez and 6; are independent,

<EY <9i 0o,y IS(S 4+ AT — 4% — AA)(6; — 9*)> using (X + A1) < 1,
=0

A EY O 0SS AL (0 0.) ~ B (6 0..5(6, — 6.).

i=0 i=0

We thus simply need to bound YIES T (0 — 0., S(E+ M)~ 1(0; — 6.)), to get a bound
on n’E[|XY2(6,, — 6.)|%.

Recursion on operators. We have:

E[M(i, b)S(S + M) "M@, k)] = E[M(@,k+1)[I — vz @ 2, — YAI] (S + AT) !
[I —vTE @ T — ’y)\I]M(i, k + 1)*}
Mk +1) (2(2 FAD T = 298 + 4 [ @
MS(S 4+ AD ™ g @ o + )\I])M(i, k+ 1)*}

E
+
E[M(i,k+ 1)[S(S + A) ! — 293
n
E

<
V(R + 205 M (i, k + 1)*}
- :M(z’, k+1)5(S+ M) MG,k + 1)*}
(2 — (B2 +2\))E [M(z’, k+1)SM(i, k + 1)*} ,
which leads to
E[M(i,k+ DEM(i, k+1)"] < e 7(]1%2 T3 (B[MG,k+ 10808+ A0 Mk +1)7]
—E[M(i,k)E(E + )\I)_lM(z’,k)*D. (22)
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Using the operator T' on matrices defined below, this corresponds to showing
(I-=D)[EE+ )] K Z(E+ M) -
Noise term. For 6y — 0, = 0, we have:
E(0; — 0., S(Z + M) 7H(0; — 6.))

7 7
= VQIEZ Zz-:j:v;fM(i,j + 1)*S(8 + M) M (i, k + 1)epxy, by expanding all terms,
k=1 j=1

(2
= ’}/2EZE]€$ZM(Z', kA4 1)*S(Z 4+ M) 7'M (i, k + 1)egay, using independence,
k=1

= ~%tr <Zﬁgzxkx;;EM(i, k4 1)*S(S 4+ M) M (i, k + 1))
k=1

N

(2
v2o? tr (ZEM(i, k+1)SM(i k+1)*2(2 + AI)_1>
k=1
using our assumption regarding the noise.

Using the recurrence between operators

E(§; — 9*, S(Z 4 M) 7HE; - 6,))

—1 . % 1
o ,VRQHA trZ<E[ (i, + 1)D(Z + M) IM (6, k + 1)*S(S + ) }

N

B[ M(i, K)S(S + A1) M (i, k) (S + M)_lD

yo?
2 —y(R? + 2\

N

) (E [M(i,z' F DS + M) M@0+ 1) 5 + Af)ﬂ

—-E {M(z, DE(Z 4+ M) T M (6, 1) S(S + )\I)_l]> by summing,

vo?
2 —y(R?+2)\)

tr23(2 + A)72

This implies that for the noise process

1
(R 24N

2
1/2(5 _ 2 g 2 -2
E(|=Y2(0, — 0,)]* < (n T DEOEDYY ]>1

Note that when v tends to zero, we recover the optimal variance term.

Noiseless term. Without noise, we then need to bound:
_1EZ Y(Z 4 M) 7O — 6.)),
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with (92 — (9* = M(’i, 1)(90 — 6*), that is
yES tr [M(z‘, 1)*S(S + M) ~LM (4, 1) (6o — 6.) (60 — 9*)*}.
1=0

We follow here the proof of Défossez and Bach (2015) and consider the operator T' from
symmetric matrices to symmetric matrices defined as

TA= S+ M)A+ A+ ) —vE[(zn @ Ty + M) A(xr @ 3, + X)].

of the form TA = (X + M)A+ (X + M)A —ySA.
The operator S is self-adjoint and positive. Moreover:

(A, SA) Etr [A(zn ®@ zn + M) A(zn @ 2 + AI)]

tr [2A2)\E + )\2A2] + Etr [(zn, Al‘n>2]

tr [QAQAE + )\2A2] + Etr [Han2xn ® T, A2] using Cauchy-Schwarz inequality,
tr 24202 + \?4%] + R tr A%

(R? + 2)\) tr [S + AIJA%.

NN IN

We have for any symmetric matrix A:
EM (i,1)*AM (i,1) = (I — ~T)"A.
Thus,
Yy EY tr [M(i, 1)*S(S + ML)~ M (4, 1) (6 — 6,) (60 — 9*)*} =y 'ES (T = AT) A, Eo))
i=0 1=0
with Eg = (6p — 04)(0o — 0+)* and A = X(X + A )~!. This leads to
YR TITTHI — (T = 4T)™) A, Eo)),

where ((-,-)) denote the dot-product between self-adjoint operators.
The sum is less than its limit for n — oo, and thus, we can get rid of the term (I—~T)" "1,
and we need to bound

VM, Bo)) = 42T HE(S + AT, Eo)),
with M =T 1[E(X + A)7!], i.e., such that

YEAAN)T = (SHEN)M A M(Z 4 M) — yE(z, @ 2 + MM (2, @ 20 + N)
= (S+ XM+ M(Z + M) — ySM. (23)

So that :

M=[S+A)RI+T12(E+A)] [SE+AD) ] +7[S+A)@T+T1@ (S+AD)]

1 _
= 3SE+A) 2+ A[(S+A) @I+ 1@ (S+ )] LS.

SM
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The operator (X + M) @ [ + 1 ® (X + M) is self adjoint, and so is its inverse, thus:
1 _
YH(M, Eo) =y HGEE+A) T[S+ M) @1+ 1@ (S + A1) 'SM, Ep))
1 —
= 7 ((EE + A o)) + 47 (SML [(S+ M) @ T+ 1@ (S +AD] ™ Ep))

= %Tz tr(S(S 4+ AN 2E) + v H(SM, [(S+ M) @ T + T ® (S + AI)] ' Ep)).

Moreover,
Ey = (60—0.)(00—0.)"
= S+ +A)TV2(0) — 0.)(00 — 0,)* (2 + M) V2D + A1) T2

[(Bg — 0.)* (2 + X)L (B — 6,)] (=4 M),
as (S 4+ A 7Y2(0p — 0,) (0o — 0,)* (2 + M) "2 < (0g — 0,)* (2 + M) "1 (6 — 0,)1.
Thus, as [(X + M) ® I + 1 ® (X + A)]~! is an non-decreasing operator on (S, (R), <) (see
technical Lemma 15 in Appendix E):

[(S+ANRT+1®(S+ )] B

< (AN T+T (S +AD] " ([(B — 0.0 (S + A1) 160 — 6.)](S + AI))
(9 — 0.)* (5 + A1) (60— 0.)

= 1.
2

Thus as SM is positive :

N

(B0 — 0.)* (X + M)~ (0o —
2y

Moreover we can upper bound tr(SM) : using Equation (23) we have

tr((2 + AN =2t0(2 + A)M — ytrE(z, @ 2, + M) M (2, @ 2, + M)

YT2(M, Ep)) < 2f1yztr(2(2+AI)_2Eo)+ ) tr(SM).

then, using Assumption (A;) :
tr E(2n, @20+ A M (2, @2, + M) < R tr MS42tr MEAHA? tr M < (R2420) tr M(S4M).
This implies

2
wion )
tr E(z, @ 2, + M) M (2, ® 2, + M) since y(R* 4 2)\) < 1,

tr [+ > ( trE(z, ® x, + M)M(x, ® x, + \),

WV

R2 +2)
1

2oy M

WV

Thus finally:
1
7HM, Ey)) < 5oy tr EgS(8 4+ M)~
i

¢ o6 ;3[)—1(90 “0) (B2 4 2n ) w(2(E 4+ AN,

which leads to the desired error term.
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B.4 Proof When Only ||y — 0.|| Is Finite

When A = 0, without noise, we then need to bound:
YIED (6; — 6.0, — 0.),
i=0
with 6; — 0, = M (i,1)(6p — 6.), that is
VTR br | M0 1) M5, 1) (0 — 0.)(0 — 0.)°].
i=0

By definition of M(i,1) we have that EM (i,1)*M(i,1) < I leading to

(n +1)]|6o — 6.
gl

YR (0 —0.,0;,— 0,) <
=0

For the regularization-based bias we also have
IASY2(S + ML) (0o — 6.)]17 < MIZV2(S + A1) V2(6) — 6.)|.

B.5 Proof When the Noise Is Not Structured
For ||6y — 0. = 0 we have 6,, — 0, =~ > }_; M(n, k+ 1)e,x;, which leads to

B[S0 — 0.)]1> =+ > trEM(n,k + 1)*SM(n, k + 1)V,
k=1

where V = Esixkatz And using the recursion on operators in Eq. (22) by changing order
of elements we have

1
V(2 = (R +2X))
- E[M(n, k)*S(S + M)~ M (n, k)} )

E[M(n, k+1)*SM(n, k + 1)} < (E [M(n, k+1)*S(S + M) 'M(n, k + 1)

And by adding the terms

72

12— (R +2V)

E|[SY2(6, — 6.)|? < tr 2(X 4+ ANV,

We conclude by convexity

,}/2

12— (R +20)

E|[SY%(6, — 6.)|? < tr 2( 4+ ALV
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Appendix C. Convergence of Accelerated Averaged Stochastic Gradient
Descent

We now prove Theorem 3. We thus consider iterates satisfying Eq. (10), under Assump-
tions (As), (A4). We consider a fixed step size v such that y(X + AI) < I. Seeing Eq. (10)
as a linear second order for 6,, we will derive from exact calculations a decomposition of
the errors a sum of three terms that will be studied independently. The proof is organized
as follows: in Section C.1, we state the formulation as a second order linear system and
derive the three main terms that have to be studied (see Lemma 9). Section C.2 studies
asymptotic behaviors of the three terms, ignoring some exponentially decreasing terms, in
order to give insight of how they behave. This section is not necessary for the proof, indeed
a direct and exact calculation in the eigenbasis of 3, following O’Donoghue and Candes
(2013), is provided in Section C.3. Results are summed up in Section C.4.

C.1 General Expansion

We study the regularized stochastic accelerated gradient descent recursion defined for n > 1
by

O = vp-1-— 'Yf,(l/nfl) —YA(n = bo) +vén
Up = O, + 5(971 - 971—1)7

starting from 6y = vy € H. We may rewrite it for a quadratic function f : § — 1(f —

2
0., 5(0 —0,)) for n > 2 as
O = [T — S — YAI] [0 1+ 6(0p1 — an_g)} e+ YA + 750,

with 6y € H and 6, = [I — 73— fy)\I] 0o + &1 + YN0y + vX0...
And by centering around the optimum, we get:

O — 0, = [I — 48 — YA [t — Ou+ 0(Bny — Oy — 0o+ 0*)} F e+ A (00 — 0,).
Thus this is a second order iterative system which is standard to cast in a linear form

O, =FO,_1+vE, +Y\O,, (24)
with T =T — A% — A\, F = <(1+5)T _5T>, 0, = (09”_9* ) Oy = (90_9*>,

1 0 h—1— 0 0o — 0.
—_ n 0 _9*
:n:(go) and@)\:<00 )

We are interested in the behavior of the average ©,, = n%_l > ko O for which we have
the following general convergence result:

Lemma 9 For all A € Ry and v such that v(X + M) < I and any matriz C the average

of the iterates ©,, defined by Eq. (24) satisfy for Py (def) CYV2(I — FRY(I — F)~', with
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Qg = Oy — YA(I — F)710,,

_ _ 2

E n n < 9 A 2 1/2 I—F —1 2 Pn A 12
(On, COR) < 2(7A)7[|C5( )7 64| +7(n+1)2|| +100|
’YQ g T

J=1
The error thus decomposes as the sum of three main terms:

e the two first ones are bias terms, one arising from the regularization (the first one),
and one arising computation (the second one),

e a variance term. which is the last one.

We remark that as we have assumed that ¥ is invertible, the matrix I — F' can be shown
to be invertible for all the considered §.

The regularization-based term will be studied directly whereas the two others will be
studied in two stages. First a heuristic will lead to an asymptotic bound then an exact

> O> would give

computation will give a non-asymptotic bound. Then using C = H = (0 0

. 10 .
a convergence result on the function value and C' = > a result on the iterate. The

00
end of the section is devoted to the proof of this lemma.

Proof The sequence O, satisfies a linear recursion, from which we get, for all n > 1:

n n
O, = F"Oy+~ Z FFE, + 4\ Z Fko,
k=1 k=1

= F"O+7 Y F"FE,+9\I - F")(I - F)'O,.
k=1

We study the averaged sequence: ©,, = n%rl > r—o Ok . Using the identity Zz;é Fk =
(I — F)(I - F)~ !, we get

n

_ 1 & y A YA
0, = FFOy + —— Fkiz, 4 12 I— F*I - F)le,.
" n—i-lg O—I—n—klg:_ljg1 ]+n+1;( ) )76x

With
©p =09 — Y\ — F)7'O,,

and Y74 (I = F*) =30 (I - F*) =[n+1— (I - F"H) (I —F)7"].
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Using summation formulas for geometric series, we derive:

_ 1
@nan(J—F”“)(I—F) 19, +—ZZF’“ IZ; + 4\ — F)'Oy
k=1 j=1
1
= — (I = F") (I - F)"'6 +LZ ZF’“ NEj+9MI — F)7'oy
k=j
1 n n—j
:n+1(I—F”“)(I—F) 100 +n+1 (ZF’“)Ej—i—’y/\(I—F) o,
k=0
1
:n+1(I—F"+1)(I—F) 160 +—— ZI FrH=0) (I — F)7'2, 4 9\I - F)'O,
1 n - Y j —1= —
= (I - F Hh(I - F) - Z(I-Fﬂ)(I—F) 12041 +9\I — F)7'e,.
=1
Using martingale square moment inequalities which amount to consider Z;,7 = 1,...,n

independent, so that the variance of the sum is the sum of variances, and denoting by
V =E[E, ® Z,] we have for any positive semi-definite C,

_ _ 1 - 2
E(0,,00,) = HCW (H(I—F”“)(I—F)‘l@g+7A(I—F)‘1@>\> H

+(n:1 QZtrI FHYI-F)'vI-FH'1-F)Tc,
7j=1

where C'/? denotes a symmetric square root of C. Define P, eh) CY2(I — F*(I - F)~!

we have, Using Minkowski’s inequality and inequality (a +b)? < 2(a +b?) for any a,b € R,

2 n
E(6,,C0,) = H 1 Poi100 +YACY3(I - F) 1@)\H +71)22terVP]T
- 2|| Pot160|)? 72
< 2N - Py ey 2] +(n+122trPVPT
This concludes proof of Lemma 9. |

C.2 Asymptotic Expansion

To give the main terms that we expect, we first provide an asymptotic analysis, which shall
only be understood as an insight and is not necessary for the proof. Operator F' will have
only eigenvalues smaller than 1, thus H!F J !H will decrease exponentially to 0 as j — oo (even
if ||F||> might be bigger than 1). The asymptotic analysis relies on ignoring all terms in

5. || F']|| denotes the operator norm of F, i.e., sup, <1 [[F'z]|-
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which F7 appears. We thus approximately have:
1 ~ 2
E(0,,C0,) < 2(N)[CYA(I = F)'052 +2|| 02— (1 = P (1 = F) &y
n

+

R ; - - ;
(n+1)2j§::1tr<f—F)<I—F) (I - FT)y" Y1 - F)TC

Q

2 () OV — F) 0P + 20— (1 — ) 1o

,.Y2

RCESVED

tr(I — F)"'v( - FH~lc,
=1

where, as it has been explained &~ stands for an equality up to terms that will decay
exponentially. However, these terms have to be studied very carefully, what will be done in
the Section C.3.

. - . 0
Using the matrix inversion lemma we have for C = <C ),

0 0
I—F = ((1 +5)(’YE_‘;’)/)\I) — 0l (5(I_ (/-}/XI]_F,Y/\I)))
0 (DT (I (v SN
e = ((32—&—1)\1)1 (1—1-(5)I _75(72'7—*—7)\[%1) (25)

CU2([— )1 — <01/2(72+7)\I)1 501/2(1—(72+7/\I)1)>
= 0 0 :

Regularization based term. This gives for the regularization based term

HCW([ B F)_l@AHQ _ H 01/2(7237)\])—1 501/2(1 — (702 +7>\I)—1)) <90 6 0*> Hz
- <1>2 1(2(S + A1) ™! (60 — 6.))]1*. (26)
v

The computation of this term is exact (not asymptotic).

Bias term. For the bias term we have

Oy = @0—7)\(I—F)71@,\

_ (90 - 9*) B ((7Z +ADTH A1 - (2 W\I)_l)1> (90 —~ 0*>
0y — 0, (7S + yAI) 1 (14 0)I — (7S + yAI) 0
= (n0) (@i e)

_ (L =AE+AD)TY (6 - 0.)
B ([I — A(E+ A1) (0o — 65)

33



DIEULEVEUT, FLAMMARION AND BACH

Thus this gives for the dominant term

Hcl/2(I_F)—1éoH2

2
<&QWE+1U)15&QU—ﬁE+7M)H)~
0 0 o

— (E2[(1 = ) (A + AN+ ST — A(E + M) (8o — 6.)]]

And if ¢ commutes with 3 we have the bound for § € [3= VA 1]

I+V/AA
ez - e < (ES2 4 oI - A - An 6 - 0.7
< (2 DT A + A (8 — 0.2

VA

Variance term. And for the variance term with V' = (S 8) , we have CV/2(I—F)~1V1/2 =

1/2 —1,,1/2
(c (72+(’]y)\1) v 8),and

rCYV2(I =)'V = FT)7ICY2 = tre(yS + yAD) lo(vE +yA) !

This gives the three dominant terms. However in order to control the remainders we
have to compute the eigenvalues more carefully, as done in the next section.

C.3 Direct Computation without the Regularization Based Term

We derive now direct computation both the bias and variance terms. This is not required
for the regularization based term whose previous expression in Eq. (26) is already non-
asymptotic. Following O’Donoghue and Candes (2013) we consider an eigen-decomposition
of the matrix F, in order to study independently the recursion on eigenspaces. We assume
¥ has eigenvalues (s;) and we decompose vectors in an eigenvector basis of ¥ we denote by
(pi), with 0!, = p. 6, and & = p; &, and we have the reduced equation:

01 = Fi0), + 7541

with 6} = 61, Fi = (“ + O “ST@'), with T; = 1 — ys; — 7\,
: a4 : oY) oY) i 19 ) 96_91
Computing initial point Oj. L = 0 —y\I — F;)~'0Y, with 0} = 0 _gi )
0 Yx

= <06 6 93‘) and (I — F;)~! given in Eq. (25). Thus
5o (%0 A (1 d((ysitaN) - 1) ) (6 6L
Oy = (02_91) (ysi +7A) (1 (1+5)(’ysi+’y)\)—6) ( O0 )
_ (@ A+ﬁ )(0h —6%)
a ((1 s ) (05 — 91)) ' 0
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Study of spectrum of F;. Depending on §, F; may have two distinct complex eigenvalues
of same modulus, only one (double) eigenvalue, or two real eigenvalues. We only consider
the two former cases, which we detail below.

Indeed, the characteristic polynomial

XE(X) H det(XT = F) = X2 — (14 8)(1— v(si + )X +8(1 — (s + \)
has discriminant A; = (1 —(s; + A))((1 +6)2(1 — y(s; + \)) — 46) which is non positive as
—V(si+) _ I+t

) 1
far as § € [0_; 0], with 6_ = Ay T A

C.3.1 Two DisTINCT EIGENVALUES
(146) (1= (si+A)) V-1V —A;
2

We first assume that F; has two distinct complex eigenvalues r4 =

which are conjugate. Thus the roots are of the form p;e™™i with p; = 1/5(1 —v(s; + A)),

cos(w;) = w’ w; € [=m/2;7/2] and sin(w;) = V;piAi.
- o+
Let Q; = (ri Ti ) be the transfer matrix into an eigenbasis of F;, i.e., F; = QiDiQi_l

. T 0 _ 1 —rF
WlthDi—<6 r*) aninl:TfiT,r <_1 r_’)

1 3

Computing P; ;. We first compute the matrix P; ;: With

2 _ (VG O\ qirg _ (VG VG
Ci _<0 0>’Ci Ql_< 0 0

we have

0 0

and, when developing and regrouping terms which depend on k, we get :

Py = C/Q:(I DM - D) 'Q;

o Ll AN el G TS
CiPQuI = DI =Dyt =@ | o ),

NG 1*(7‘1'7)1“7,7 - 1*(Ti+)kr+ 1*(7‘?)’“747# . 1*(7’;)kr+7ﬂf
— v 1—r; i 1—7‘?’ i 1—7‘;'_ 2 1—r; (2
- _ F
r;o—r; 0 0
1 —r;"'ri_
= o | a-r)a-rh)  a-r)Ha-rh)
0 0
\/07 (ri—)k+1 . (,,,Zﬂ—)kJrl (T:_)k+lr,_ B (,ri—)kJrl 74?"
- — | 1-r; 1—r}t 1—r; 't [
p— + k2 1 k2 k3
r,o—T; 0 0

We also have P, = C}/°Qi(I — DF)(I — D;)~'Q; ' = Y573 Ry j with
Ri; = CPQDIQ;t
—\J+1 +)i+1
= \/a <(T7, 3 (Tz g > Qz_l

Vi (P = (T = ) ey ()T
o r.*—r;r 0 0 ’

(2
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but computing error terms based in R;; before summing these errors gives a looser error
bound than a tight calculation using F; ;. More precisely, if we use P,;Jg@i = Z?;& Ri,j@f)
to upper bound | P; ;0f| < Z?;é | Ri j©}||, we end up with a worse bound.

Bias term. Thus, for the bias term:

. + _
. 1t N [(r,—)kﬂl—i@ _ (Tjir)k-&-li}
P, .0 = :0¢ L — z 1—r; ? 177';L
¥ = Vel S0 r;—m-*(
Ciei [(1—7"Z7Lr;)—pfA1]
= veith Va=rHa-rh) |,
Ja-ra-r) 0

where

N s Sl o e o M w

This can be bound with the following lemma

Lemma 10 For all p € (0,1) and w € [~m/2;7/2] and r* = p(cos(w) + v/—1sin(w)) we
have:
1=t — Ay
[1—r|

<3+3p"<6 (28)

We note that the exact constant seems empirically to be 2. This lemma is proved as
Lemma 16 in Appendix E. This gives for the bias term

1Pk00l = [ (L—rr)—piA ]
T Ja—ma—) wlnxlm( )
o )
n Y(si + A)
(l—r;)(l—r;r) = 1—2%6(T;r)+‘7“;r‘2
L= (1+8)(1—7(si + )+ (1 —7(si +A))
= v(si+ ).
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We also have a looser bound using P; 0} = Z?;& R; ;0}.

R; 6} = _Li%((l — D)) = (L =) ()

i i
(VL (P e (e ()i
= \/0790<( o) — (_; i) — Z_F( ) ) using De Moivre’s formula,
Ty T Ty T
\/»9 lan wl(] +1)) pieiwipg-i-le—iwi(j—i-l) _ pie—iwipg'Fle—i-iwi(j—l-l)

=.,/c - 4 .

o Pi sin (JJz pie*udi — pielwi

ij sin wz (G+1) e @i — et
= \/079 I
pi sin(w;) e~Wi — elwi

_ Jab pl sin wZ G+1) j+1sin(wij)

o sin(w;) ' sin(w;)

(I1+e \/0760 using Lemma 17 (see proof in Appendix E),
which also gives for the bias term
1Pkl < (1 + e h)y/ciblpk-

Thus we have the final bound:

1P:.x©4]|2 < min 3ﬁﬂ,6n(1+e*1)ﬂ,n2(1+e*1)20i(93)2 . (29)
Y(si+A) v(si + A)

U,’O

0 O)’ we have tr P; ,V; P ), =

Variance term. As for the variance term, with V; = (
r (7)1
0 .

I (691 = o=5

Py

0

_ VUG 1—pFBis
Y(si+A) R
where
ep o DM - e A
pz l,k’ - - 7”+—’]"_ 5
i i

which we can bound using the following Lemma:

Lemma 11 For all p € (0,1) and w € [—m/2;7/2] and r* = p(cos(w) + v/—1sin(w)) we
have:

"By | < 1.75.
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Where we note that the exact majoration seems to be 1.3. This Lemma is proved as
Lemma 18 in Appendix E.

1/2 1/2
We can also have a looser bound using P; j, (Uio ) = E;?;é R; ; (vio ) and

-+ i
0 r; r;

Ry, (vjﬂ) _ V/Civi ((r7 YHY = ()it

I sin(w;(j + 1))

— Jeu b
civi pi sin(w;)

< (j + 1)y/civi, using the inequality |sin(kw;)| < k| sin(w;)]

1/2
and sz,k UZ-O H < \/Csz(2k+1)k

This gives for the Variance term

n 2
(L= pFBig]” [1 = pfBiglk(k+1) K (k+ 1)
tr PuViPip < wici : ’ :
T

: 8n (n+1)2 (n+1)5
< g , ) . 30
= iGin { Y2(si+ A2 2v(si + A) 20 (30)
C.3.2 ONE COALESCENT EIGENVALUE

We now turn to the case where F' has two coalescent eigenvalues, which happens when the
discriminant A = 0. We assume that F; has one coalescent eigenvalue 7; M

Then, with § = Him’ r = w = 1—+/7(s; +A). Then F; can be
s
. . 1. ry 1 r; 1 1 0 1
trigonalized as F; = Q;D;Q; " with Q; = <1Z 0), D; = <OZ "”z‘) and Q; " = (1 )

We note that for all £ > 0, then Df = 'rf_l <78 f)
(A

Computing P, ;. We first compute P ;:

11
a7 = (7 7
1—7'1'

and
l—ri.c 1—7‘? krf_l
_ . o2 T 1—rs
(12 . Df)(IZ - Dz) 1_ 1—r; (1 rl)l_/rk 1—r;
0 177‘1

Thus with Cl-l/ZQi = <\§T1 \{)07> we have

I—rk 1k Rk
Cil/QQi(b — Df)(b — Di)il =/ (1_6i Ti T2 1—7“1') )
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And, computing as previously the matrices products, we derive:

Py = @Wwb—MWA—-r@f
1—7"1C krf 1— 7‘ 1—7"%C krf
Nl K= b = = Rl = i =l

0 0
1-rk krk 1-rk 2 krf"'l
= \/a ((1—7“1)2 1-r;  (1—r; )2 (’l”z) + 1-r; )
0 0
—rk —rk
RV =y T G A
L= 0 0

Bias term. We thus have:

- [1orf 1—rk :
paop = Y4 <1Z—k% —1xow2+me><%>
7 0

and this gives for the bias term:

| P; 052

- 1 i 2
=0 [(1 =7 T — ]
2 [LETi L+ 2 . :
=(6])¢; T (k + Rl )rf} developing the product, then using formulas for r;
L1 — T 1-— T
; r2 — 7 A 2 — i A 2
:(96)201 '7(8 + )_ (k‘—l— ’7(8 + ))(1 31‘1')\ k}
Y(si +A) Y(ci +A)
91; 2 ;
:m[2—\/ (si+N) — (kv/A(si +X) +2 = V(s + 0) (1= VA ]
(6)%ci VAGsi + N)F 2
= Q12— i+A) -2+ (k-1 i+A)([1— VA(si + )
g 27 VAGEN - (24 (= VARG N) A - VAl }
(6)%ci
<42 , using Lemma 19 in Appendix E.
Y(si +A)

39



DIEULEVEUT, FLAMMARION AND BACH

Variance term. With V = (Ui O),

0 0
tI‘Pi’kVPLk
-
__ s (ke SRR (o 0 (ke () 4 ke
(1—r;)? 0 0 00 0 0
SiV; 1-— rf &12
_(1—Ti)2[1—7“i _kTi:|
ihy  [1—rF 2
v h [ T; —krﬂ
v(si+A) L1 —r
vih; ! k]2
= 1— 7k — (1= r)ker!
'y(si—l—)\)(l—ri)?[ rt = (=t
il 2
=g [t (L RVAG A0~ VAG A
and

n

- ViSq 2
ZtrPi’kVPi,k = P+ NP [1 = (1 +kV(si + )1 - V’Y(Si‘i‘)\))k}
k=1 ¢ k=1

< nﬁ using Lemma 19 in Appendix E. (31)

Alternative bounds for the bias and the variance term, as in Equations(26), (29) may
be derived as well. Combining all these results, we are now able to state Theorem 3.
C.4 Conclusion

Combining results from Lemma 9, and Equations (26), (29), (30), with ¢ = X, and using
the following simple facts:

For the least squares regression function, with ¢ = ¥, E(0,,,CO,,) = Ef(0,) — f(04).
e Under assumption Az, Ay, we have V < 72%.

e The squared norm of a vector is the sum of its squared components on the orthonormal
eigenbasis. For example ||P,1100/|?> = Z?:l | Pin10||%.

e For any regularization parameter A € R and for any constant step-size y(X+AI) < I,

for any § € H:/\/?, 1], matrix F' will have only two distinct complex eigenvalues or
two coalescent eigenvalues.
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Proposition 12 Under (Ass), for any reqularization parameter X € Ry and for any con-

stant step-size y(X 4+ AI) < I we have for any 6 € H;ﬁ, 1} , for the recursion in Eq. (10):

Ef(0n) — f(6.) < 2X|NV2EV2(S 4 ML) (6o — 6.

ci(03)? 5

V(si +A)

d 2 3 5
_ Y ie;mi 8n (n+1)° (n+1)
* ; (n+ 1)21}10Z o {72(31- +A)2 2v(si +A)7 20 '

This implies, using the Equation (27) for the initial point, using ¢; = o; and regrouping
sums as traces or norms:

Ef(0n) — £(6:) < 2XAVZEY2(S 4+ A1) (6o — 6.)]°
1/2 —1/2(pn _ 2
. 2mm{gﬁnz (S 4+ A)~Y2(6, — 6,)]|

d i
- - ~a - < 1
+ El (n 1)2 mln{36 <3i )\),677;( +e )

y(n +1)2 1+ 671)2‘@1/2(90 - 9*)”2}

—2
+ min { 8“(‘/2(?{ A7) (Vs + Af)l)},
n

which gives exactly Theorem § using V < 72% in the Variance term, and )\1/2(2—{—)\[)_1/2 <
I in the first term.

Appendix D. Tighter Bounds
D.1 Simple Upper-Bounds

In this section, we chow how tighter bounds naturally appear from the regularized quantities
appearing in Theorems. It only relies on simple algebraic majorations, even if one has to
be careful with the allowed intervals for r, b.

Lemma 13 For any A > 0, for any b € [0;1], if tr(X°) exists, we have :

2SS+ AD7Y < tr(jb)
(D3 + M) 7)< trfjb).

Proof As all operators can be diagonalized in a same eigenbasis with positive eigenvalues,
we have,

IN

(S5 + AN H)EH’(E M) m (20

xlfb

YIS L AD T < osup ———
I ( I < ogg(ﬂﬁ-i-)\)

1 1
sup 21t < A >
0<z A x
b 1-b
1 1
supz!? () <> = A7".
0<z A X

41
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tr(TP)

The calculations are exactly the same for tr(372(X + M) ~72) < SR

As for the bias term, we need to bound the following quantities :

Lemma 14 For any A > 0, for any r € [-1;1], we have :

“21/2(E+)\I)_1(00_0*)H2 S )\_(1-‘1-’!“)“27‘/2(90—9*)“2.

For any A > 0, for any r € [—1;0], we have :

(S +AD72(0 - 0.)|]° < A0S0, — 0.
For any A > 0, for any r € [0;1], we have :

ISY2E 4 AD) V2 (G0 - 0|7 < ATT|[=72(0) — 6.)||°
(No result when r < 0 because of saturation effect).
Proof Proof relies of simple following calculations:

=2+ A0 00— 0| < |2 4 a7 27200 - 0.)]

1\ 1-(/2-1/2) ,
< (17 -0

1+7r
< A2

5/2(60 — 64) ||

lE+AD 20— 0. < |52+ an=12||[572(0 0.

147

N\
< (3) 7 Ime-o)
< ATE (0, - 0|
ISV2(S £ AD)"Y2(0, — 0,)| < ‘]‘21/2—’“/2(2+AI)—1/2(HH2T/2(90—0*)H

1 1—(1—7)
2
< (3) 7 I=e-ol

AT2[|272(00 — 64) |-

IN
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D.2 Theorem 5 and Equation (13)

Theorem 5 and Equation (13) are directly derived from Theorem 2 and Theorem 3, using
Lemmas 13 and 14.

To derive corollaries for the optimal v, one has to find the v that balances the bias and
variance term and to compute the products for such a step size.

D.2.1 EQuATION (13)

We derive from Theorem 2, when choosing v = (An)~!, and using Lemmas 13 and 14, the
following bound, under assumptions of Theorem 2 :

Ef(d,) — f(6,) < (S Res(n b, V)BPW(@O —0JI° 6o trl(ib)’yb‘
(vyn) 2 "

Where Res(n, b,7,7) := 3y Tonbtr(X) if —1 < r < 0 and Res(n,b,r,v) := 0if 0 < r < 1.
When choosing the optimal v oc nbjrbl%, we have that ~!*tnb = niH% = nX, with
X = ﬁb’”_r > 0 if r < 0. Thus the residual term is always vanishing for » < 0 and does not
exist for r > 0.

D.2.2 THEOREM b

Theorem 5 directly follows from Lemmas 13 and 14 and the choice of v n bR

Appendix E. Technical Lemmas

The following sequence of Lemmas appear in the proof. They are mostly independent and
rely on simple calculations.

Lemma 15 The operator [(S+ M) @1+ 1® (X + A)] ' is a non-decreasing operator on
(Sns <)
Proof Lemma means that for two matrices M, N € S,,(R) such that M < N, then

1

(S+M)@I+T0(E+AD)] "M [(S+M)@I+I0(S+AD)] 'N.

It is equivalent to show that for any symmetric positive matrix A € S,
(S+A)@T+T®(S+ )] 'Ac SHR).

We consider a matrix A € S;F(R). A can be decomposed as a sum of (at most) n rank one
matrices A =Y ", wiw;r , with w; € R™. We thus just have to prove that for some w € R",

[(S+ANRT+T®(E+A)] 'ww’ € SF(R).
Let X =), pie; @ e; is the eigenvalue decomposition of 3, then

-1 T (w, €)W, e5)
SHA)@I+1®(S+A =Y RS gy
. ) ( ) ]2;0 i+ + 22

43



DIEULEVEUT, FLAMMARION AND BACH

Thus, in the orthonormal basis of eigenvectors, this is thus Hadamard product between

Z (w,ei)(w, ej)e; @e; = ww
i,j20
: _ 1
and the matrix C = ((m)%]20
Moreover the Hadamard product of two positive matrices is positive, which concludes the

>. Matrix C is a Cauchy matrix and is thus positive.

proof. |

Remark: surprisingly, the inverse operator (X + A) ® [ + I ® (X + AI) is not non-
decreasing. Indeed, < is not a total order on S, so we may have that an operator is
non-decreasing and its inverse is not.

Lemma 16 For all p € (0,1) and w € [~m/2;7/2] and r* = p(cos(w) + v/—1sin(w)) we
have:
L= — b4y

1 —r*]

<min{l +p+e 1 +4p" 24 p+ V51 <6 (32)

Proof We note that ,ofAl is a real number as is is a quotient of pure complex numbers,
which come from the difference between a complex and its conjugate. We first write Ay as
a combination of sine and cosine functions:

(D)1 =) = () = )

k
kA, = i i i
A o
)M = )R = 2 () = (D)) A D)D) = ()M
Pi Sin wj
B _pf“ sin((k + 1)w;) — 2pF2 sin(kw;) + pf 3 sin((k — 1)w;)
n pi Sin w; '

This quantity can be simplified when p — 1 or w — 0. We thus modify the expression
of A; to make these dependencies clearer:

sin((k + 1w;) — 2p; SiI.l(k‘wi) + p? sin((k — 1)w;)
(cos(w) — p)(sin(kw) — pszin((k — 1)w)) + cos(kw) sin(w) — pcos((k — 1)w) sin(w)

—A =

sin w;
developingsin(a + b) = sin(a) cos(b) 4 cos(a) sin(b) and regrouping terms,
 (cos(w) — p)?sin((k — 1)w) + (cos(w) — p) sin(w) cos((k — 1)w) + cos(kw) sin(w)

sin w;
L oP cos((k — 1)w) sin(w)
sin w;

cos(w) — p)?sin((k — 1w
_ ( ( ) /;)inu% ((k 1) ) + (Cos(w) — p) COS((k — l)w) + cos(kw) — pCOS((k’ - l)w)

simplifying expression, then developing the cosine,

cos(w) — p)?sin — 1w
_ (cos(w) = p)”sin((k — 1) )+2(cos(w)—p)cos((k—1)w)+sin(w)sin((k—1)w). (33)

sin w;
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So that in that final expression all the terms behave relatively simply when p — 1 or w — 0.
We want to upper bound:
1—rtr™ — M4y
=]

We thus consider separately the first and second term.

l—r;rr; 1—0p
= <1+ exact if w =0).
[T e :

Then, using Equation (33):

oAl (cos(w)—p)® sin(k—1)w) | 2(cos(w) — p) cos((k — 1)w) + sin(w) sin((k — 1)w)

k sin w;

= p
1 -] V(1 = peosw)? + p2 sin®(w)

Considering separately the three terms in the numerator, using numerous times that for
any a,b € [0;1], |[a —b] <1 — ab:

cos(w)—p)? sin((k—1)w
pr (estlp) sinl (k1)) x (cos(w) — p) sin((k — 1)w)

<p ;
sin w;

V(1 = peosw)? 4 p?sin’(w)
as [(cos(w) — p)| <1 — pcos(w),
o (cos(w) — 1) sin((k — 1)w) Lo (1= p)sin((k —1w)

sin w; sin w;

writing cos(w) —p=cos(w) —14+1—p
< pk(l _ p)(k: _ 1) + pk: (cos(w) — il)nsiz((k — 1)w)
as |sin((k — )w)| < |(k — 1) sin(w)],
(cos(w) — 1) sin((k — 1)w)

sin w;

<pF(1=p)k— (1= p)p" +p"
writing cos(w) — 1 = 2sin?(w/2),
2sin?(w/2
<L+ (=) =t = (1= p)ph 4 pp 22
sin w;
using 1+ (1= p)k < (14 (1—p))",
<P 1+ (1 =p)* = p* = (1= p)p* + p* tan(w/2)
and as tan(w/2) <1 for |w| < 7/2,
<1—(1-p)p"
using p*(1+ (1—p)" = (1-(1-p)*)* <1,
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And for the second and third term:

k_(cos(w) — p)eos((k — Dw) | _ 2k
V(1 = peosw)? + p2sin®(w)| 7

r  +sin(w)sin((k — 1)w) < ok
V(1 = pcosw)? 4 p2sin®(w)|

Thus:

F—ﬁm—w&l

k
T < 1+4+p+1+3p"

We also have

cos(w)—p)? sin((k—1)w
T i (cos(w) — p) sin((k — 1)w)
p

|o* ——|
V(1 — pcosw)? + p?sin’(w)

sin w;
cos(w) — 1)sin((k — 1w
sin w;
1 (cos(w) — 1) sin((k — 1)w)
< (1 1 VL (g _ ) k
< k+1) (1=p)p"+0p o,
. 9
S1n w;
Using that
kosup 25 (1— ) = k(1 — — b = (1= — oy (h 4 1) In((1 — ——)) < e~L,(34)
2€[0:1] kE+1 k+1 k+1 k417 — " 7

we get

Lo A

1 =r B

We can also change 3p* into v/5p% We have used that |(p — cos(w))| < (1 — pcos(w)). W

Lemma 17 For any p; € (0;1), for any w; € [—7/2;7/2]

plsin(wi(j+1))  jiasin(wij)

< 1+e L
sin(w;) ¢ osin(w) T e
Proof
prsin(i(j +1))  jpisin(wig) 5 (sin(wi(j + 1)) — pisin(wij)
sin(w;) * sin(w;) ’ sin(wj)

i ( (cos(wi) — pi) sin(wij)
Pi < sin(w;)

ontin)

Pl (L= pi)i+1)
1+ e ! using (34).

IN A
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Lemma 18 For all p € (0,1) and w € [—m/2;7/2] and r* = p(cos(w) + v/—1sin(w)) we
have:

piBig| < 175 (35)

Proof Once again, as the considered quantity is real, we first express it as a combination
of sine and cosine functions. We then use some simple trigonometric trics to upper bound
the quantity.

()M A=) = DM A =)

By = —

o 20m[(r)M A -] : . .
= — as it is the difference between a complex and its conjugate,

Jm|pke=k+tDwwi(1 — p cos(w;) — ip; sin(w;
= — [pl ( - pi cos(ws) — ipisin( Z))] developing the product,
SN Wj P4
1 €08((k + Dw;) sin(wi)pi + sin((k + 1)w;)(1 — p; cos(w;))
! sin w; p;

— [pi cos((k + 1)w;) + (1 — p; cos(w;))

sin((k + 1)w;)

- ] and simplifying.
sin w;

Let’s turn our interest to the second part of the quantity:

pr(1 = picos(w;)) pr(L = pi + pi(1 — cos(w;)))

sin w; sin w;
introducing an artificial + p; — p;,
sin((k + 1)w; sin((k + 1)w;
§Pf (1—Pi)((.—m +Pf Pi(l—COS(Wi))M‘
sin w; sin w;
by triangular inequality,
w 1
< oFl(1=p)(k+1 S —
—p’L ( pl)( + ) +pz pZSHl (2)2COS(%)MH(%)
using 1 — cos(w;) = QSinz(%)
1
< oF(1— o)k - oF(1 Oy -
—Ioz( pl) +pz( p)+pz pZSln(2)QCOS(%)S (%)
<(1-01-p)NFa 1—p e —pFyp —— p—
1 1 1 1
<(A-1=p))fr+-4+=-<14=+=—pk
Thus
1 1 1 1
szlk = pl+1+4+5—p1_1+4+§—175
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Lemma 19 For any s;,v, A € Ri such that vy(s; + ) < 1, for any k € N, we have the two
following highly related identities:

0<2—A(si +A) = (24 (k= Dv/y(si + ) (1 — /(s + N)* 2
0<1—(1+EkVy(si +A))A—y(si +N)F < 1.
Proof Proof relies on the trick, for any o € R,n € N: 14+ na < (14 «)”. For the first one:
AN + (2 (k= DVAGs T D)1= VAl + V) =
Y(si+A) + (1 — /(s + X))+ (14 (k= 1)/(si + N) (1 — VA(si + N)F
Vs A) + (1= Vsi + 1)+ (L4 (k= 1)v(si+ ) (0

1+ (1 — (s +N)F <2

IA

<
<

For the second one:

< (T4 EVA(si + 01— Vy(si + AP < (1—A(si + M)k < 1.
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