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Abstract

Many problems in machine learning are naturally cast as the minimization of
a smooth function defined on a Euclidean space. For supervised learning, this in-
cludes least-squares regression and logistic regression. While small-scale problems
with few input features may be solved efficiently by many optimization algorithms
(e.g., Newton’s method), large-scale problems with many high-dimensional features
are typically solved with first-order techniques based on gradient descent, leading to
algorithms with many cheap iterations.

In this manuscript, we consider the particular case of the quadratic loss. In the
first part, we are interested in its minimization, considering that its 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 propose different algorithms
to efficiently solve these minimization problems in many cases. In the second part,
we consider two applications of the quadratic loss in machine learning: unsupervised
learning, specifically clustering and statistical estimation, specifically estimation with
shape constraints.

In the first main contribution of the thesis, we provide a unified framework for
optimizing non-strongly convex quadratic functions, which encompasses accelerated
gradient descent, averaged gradient descent and the heavyball method. They are
studied through second-order difference equations for which stability is equivalent to
an O(1/n?) convergence rate. This new framework suggests an alternative algorithm
that exhibits the positive behavior of both averaging and acceleration.

The second main contribution aims at obtaining the optimal prediction error rates
for least-squares regression, both in terms of dependence on the noise of the problem
and of forgetting the initial conditions. Our new algorithm rests upon averaged
accelerated gradient descent and is analyzed under finer assumptions on the covariance
matrix of the input data and the initial conditions of the algorithm which leads to
tighter convergence rates expressed with dimension-free quantities.

The third main contribution of the thesis deals with the minimization of composite
objective functions composed of the expectation of quadratic functions and a convex
function. We show that stochastic dual averaging with a constant step-size has a
convergence rate O(1/n) without strong convexity assumption, extending earlier re-
sults on least-squares regression to any regularizer and any geometry represented by
a Bregman divergence.

As a fourth contribution, we consider the problem of clustering high-dimensional
data. We present a novel sparse extension of the discriminative clustering framework
and propose a natural extension for the multi-label scenario. We also provide the
first theoretical analysis of this formulation with a simple probabilistic model and
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an efficient iterative algorithm with better running-time complexity than existing
methods.

The fifth main contribution of the thesis deals with the seriation problem, which
consists in permuting the rows of a given matrix in such way that all its columns
have the same shape. We propose a statistical approach to this problem where the
matrix of interest is observed with noise and study the corresponding minimax rate
of estimation of the matrices. We also suggest a computationally efficient estimator
whose performance is studied both theoretically and experimentally.

Keywords: Convex optimization, acceleration, averaging, stochastic gradient, least-
squares regression, stochastic approximation, dual averaging, mirror descent, discrim-
inative clustering, convex relaxation, sparsity, statistical seriation, permutation learn-
ing, minimax estimation, shape constraints.
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Résumé

De nombreux problémes en apprentissage automatique sont formellement équiv-
alents & la minimisation d’une fonction lisse définie sur un espace euclidien. Plus
précisément, dans le cas de 'apprentissage automatique supervisé, cela inclut la ré-
gression par moindres carrés et la régression logistique. Alors que les problémes de
petite taille, avec peu de variables, peuvent étre résolus efficacement a ’aide de nom-
breux algorithmes d’optimisation (la méthode de Newton par exemple), les problémes
de grande échelle, avec de nombreuses données en grande dimension, sont, quant a
eux, généralement traités a ’aide de méthodes du premier ordre, dérivées de la de-
scente de gradient, conduisant a des algorithmes avec de nombreuses itérations peu
coliteuses.

Dans ce manuscrit, nous considérons le cas particulier de la perte quadratique.
Dans une premiére partie, nous nous intéressons a la minimisation de celle-ci dans
I’hypothése ot nous accédons a ses gradients par I'intermédiaire d’un oracle stochas-
tique. Celui-ci retourne le gradient évalué au point demandé plus un bruit d’espérance
nulle et de variance finie. Nous proposons différents algorithmes pour résoudre effi-
cacement ce probléme dans de multiples cas. Dans une seconde partie, nous con-
sidérons deux applications différentes de la perte quadratique a ’apprentissage au-
tomatique : la premiére en apprentissage non-supervisé, plus spécifiquement en par-
titionnement des données, et la seconde en estimation statistique, plus précisément
en estimation sous contrainte de forme.

La premiére contribution de cette thése est un cadre unifié pour 'optimisation
de fonctions quadratiques non-fortement convexes. Celui-ci comprend la descente
de gradient accélérée, la descente de gradient moyennée et la méthode de la balle
lourde. Ces méthodes sont étudiées grace a des équations aux différences finies du
second ordre dont la stabilité est équivalente a une vitesse de convergence O(1/n?)
de la méthode étudiée. Ce nouveau cadre nous permet de proposer un algorithme
alternatif qui combine les aspects positifs du moyennage et ceux de ’accélération.

La deuxiéme contribution est d’obtenir le taux optimal d’erreur de prédiction
pour la régression par moindres carrés en fonction de la dépendance, & la fois au bruit
du probléme et a 'oubli des conditions initiales. Notre nouvel algorithme tire son
origine de la descente de gradient accélérée et moyennée et nous ’analysons sous des
hypothéses plus fines sur la matrice de covariance des données et sur les conditions
initiales de 'algorithme. Cette nouvelle analyse aboutit a des taux de convergence
plus tendus qui ne font pas intervenir la dimension du probléme.

La troisiéme contribution de cette thése traite du probléme de la minimisation

X



de fonctions composites qui sont la somme de ’espérance de fonctions quadratiques
et d’une régularisation convexe. Nous montrons qu’utilisée avec un pas constant, la
méthode duale moyennée converge vers la solution du probléme a la vitesse O(1/n)
sans hypothese de forte convexité. Cela étend les résultats existants sur la régression
par moindres carrés aux cas régularisés et aux différentes géométries induites par une
divergence de Bregman.

Dans une quatriéme contribution, nous considérons le probléme de partition-
nement de données de grande dimension. Nous présentons ainsi une nouvelle ex-
tension parcimonieuse du partitionnement discriminatif et son extension naturelle
au cas de données avec de multiples labels. Nous analysons aussi cette formulation
théoriquement, et ce pour la premiére fois, & 'aide d’'un modéle probabiliste simple
et nous proposons un nouvel algorithme itératif ayant une meilleure complexité que
les méthodes existantes.

La derniére contribution de cette thése aborde le probléme de la sériation. Celui-
ci consiste a permuter les lignes d’une matrice afin que ses colonnes aient toutes
une forme identique. Nous adoptons une approche statistique et, dans le cas ou
la matrice est observée avec du bruit, nous étudions les taux d’estimation minimax
correspondants. Nous proposons aussi un estimateur computationellement efficace et
nous étudions ses performances d’un point de vue théorique et pratique.

Mots-clés :  Optimisation convexe, accélération, moyennage, gradient stochastique,
régression par moindres carrés, approximation stochastique, algorithme dual moyenné,
descente miroir, partitionnement discriminatif, relaxation convexe, parcimonie, séri-
ation statistique, apprentissage de permutation, estimation minimax, contraintes de
forme.
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Contributions

This thesis is divided into two parts. Chapter 2 to 4 discuss stochastic optimization
of quadratic functions, while Chapter 5 and Chapter 6 concern applications of the
quadratic loss in machine learning. Each chapter can be read independently of the
others.

Chapter 1: This chapter is an introduction to statistical learning, convex optimiza-
tion, stochastic approximation and online learning, which are the main topics of this
manuscript. We overview the basic theoretical results through the unifying lens of
the least-squares problem.

Chapter 2: This chapter considers a general framework for stochastic non-strongly
convex quadratic optimization problems, including accelerated gradient descent, av-
eraged gradient descent and the heavyball method. We provide a joint analysis ex-
plaining existing behavior and design a novel intermediate algorithm that exhibits the
positive aspects of both acceleration (quick forgetting of initial conditions) and aver-
aging (robustness to noise). This chapter is based on the article of Flammarion and
Bach [2015], in the Proceedings of the International Conference on Learning Theory.

Chapter 3: This chapter presents a new algorithm, based on averaged accelerated
regularized gradient descent, for optimizing quadratic objective functions whose gra-
dients are only accessible through a stochastic oracle. We prove it 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 the
dimension d of the problem, as O(d/n). We also analyze it through finer assumptions
on the initial conditions and the Hessian matrix, leading to dimension-free quantities
that may still be small while the “optimal” terms above are large. This chapter is
based on the article of Dieuleveut et al. [2017|, in the Journal of Machine Learning
Research.

Chapter 4: This chapter considers the problem of minimizing composite objective
functions composed of the expectation of quadratic functions and an arbitrary convex
function. We prove the stochastic dual averaging algorithm converges at rate O(1/n)
without strong convexity assumptions. This extends earlier results on least-squares
regression to all convex regularizers and all geometries induced by a Bregman diver-



gence. This chapter is based on the article of Flammarion and Bach [2017], in the
Proceedings of the International Conference on Learning Theory.

Chapter 5: This chapter considers the problem of clustering high-dimensional data.
The commonly used unsupervised learning algorithms have problems identifying the
different clusters since they are easily perturbed by adding a few noisy dimensions
to the data. This chapter considers the discriminative clustering formulation which
aims at linearly separating noise from signal, i.e., finding a projection of the data that
extracts the signal and removes the noise. We provide the first theoretical analysis
of this formulation and a new efficient iterative algorithm with a complexity which
depends only linearly on the number of observations, thus improving over previous
results. We also propose a novel sparse extension to discriminative clustering to han-
dle data with many irrelevant dimensions and we naturally extend these formulations
to the multi-label scenarios where data share different labels, both potentially leading
to interesting applications. This chapter is based on the article of Flammarion et al.
[2017], in the Journal of Machine Learning Research.

Chapter 6: This chapter considers the seriation problems which consists in per-
muting the rows of a matrix in such way that all its columns have the same shape.
While such problems are hard in general, it can be shown that some subproblems
can be solved efficiently using spectral methods. However little is known about the
robustness to noise of these methods. We study the minimax rate of estimation when
the matrix is observed with noise by providing an upper bounds for the performance of
the least-squares estimator together with corresponding lower bound. Unfortunately
the least-squares estimator is intractable. Consequently we present a computationally
efficient substitute estimator and analyze its rates of convergence both theoretically
and numerically. This chapter is based on the article of Flammarion et al. [2016],
under submission to Bernoulli.

N. Flammarion and F. Bach. From averaging to acceleration, there is only a step-size.
In Proceedings of the International Conference on Learning Theory (COLT), 2015.

A. Dieuleveut, N. Flammarion, and F. Bach. Harder, Better, Faster, Stronger Con-
vergence Rates for Least-Squares Regression. In Journal of Machine Learning Re-
search, 2017.

N. Flammarion and F. Bach. Stochastic Composite Least-Squares Regression with
convergence rate O(1/n). In Proceedings of the International Conference on Learn-
ing Theory (COLT), 2017.
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Chapter 1

Introduction

1.1 Machine Learning

Machine learning is a recent scientific domain at the interface of applied math-
ematics, statistics and computer science. It aims at giving a machine the ability
to produce a predictive analysis based on existing data and it applies to a tremen-
dous variety of domains ranging from computer vision, natural language processing,
advertising, bio-informatics, robotics, speech processing and economics. Its utmost
challenge is to design general methods that can be applied across all of these domains.
Machine learning has been particularly important in the current context of big data,
that is a context of increasing data volumes, improved access to data and facilitated
data collection.

Learning can be very loosely defined as the ability to answer a question after
observing data. The related learning problems may be described through the inter-
action between the learner and the environment. An algorithm able to detect if a cat
appears in an image, first needs to be trained on a dataset of examples. This dataset
would consist of many pictures with a label saying if a cat is present or not. On the
basis of this training it would design a rule to decide if there is a cat in a new picture.
This is what is called supervised learning. In contrast for image segmentation, the
learner receives all the images without label and he has to automatically detect the
contours of objects in it. This is what is called unsupervised learning.

This thesis is centered around optimization methods for supervised learning. None-
theless we will still consider extensions to unsupervised learning in Chapter 5. We
note there are also other extensions (e.g., reinforcement learning) but they are outside
the scope of this manuscript.

1.2 Supervised Machine Learning

Supervised machine learning aims at understanding the relationship between ele-
ments of an arbitrary input set X and elements of an arbitrary output set ). Typically
X =R? for a large d and ) is a finite set or a subset of R. For example:

— X is a set of images that contains a hand-written number and ) is the set of



associated numbers. A picture is coded through the grey level of its pixels and

X =[0,1)¢ for d pixels and Y = {0,...,9}.

— X summarizes the air pollution, the crime rate, the high-school quality, the
percent of green spaces around certain neighborhoods and Y = R depicts the
housing prices.

Unfortunately an output y € ) cannot be always expressed exactly as a function
of an input x € X since there may be some random noise or unknown factors. So,
instead the couple (X, Y") is modeled as random variables. Therefore we aim to predict
the output Y associated to the input X where it is given that (X, Y) is sampled from
an unknown distribution D. We do this prediction through a predictor which is
defined as a measurable function h : X — ). The set of all predictors is denoted by
F(X,Y). A predictor is also called a hypothesis or an estimator. In order to measure
the performance of a predictor we define a loss function ¢ : ) x Y — R where ¢(y, ')
is the loss incurred when the true output is y whereas 4 is predicted. For instance:

Classification: Y is a finite set and /(y,y’) = 1,., is the 0 — 1 loss. In binary
classification this would be Y = {0, 1}.

Least-squares regression: X = R and {(y,y’) = |y — ¢/|*>. Least-squares regres-
sion is the main topic of this thesis and one of the most classical problems of
statistical learning. It will be used to illustrate numerous examples throughout
this introduction. In particular we shall be considering the parametric least-
squares framework: we shall assume a linear parameterization of the predictor,
h(z) = (0, ¢(z)) where the features ¢(z) € R? are designed by experts using
their knowledge of the phenomenon, or are independently learned, e.g., with
neural networks [Bengio et al., 2013]. These features have a key importance in
practice because linear predictors with relevant features may be more efficient
than non-linear predictors. Furthermore we note that a linear parametrization
in 6 does not imply a linear parametrization in x since ¢ may be non-linear.

The quality of a prediction is measured by the generalization error (also called
risk) of a predictor defined by

L(h) = Exy)~pl(Y,h(X)).

This is the averaged loss incurred when the learner predicts Y by h(X) and the data
(X,Y) are sampled following D. Thus the learner wants to solve the minimization
problem
min _ L(h).
heF(X,D)

The solution of this problem (when it exists) is called the Bayes predictor. For
least-squares regression the generalization error of a predictor A can be decomposed
as

L(h) = %E[Y —~EY|X))* + %E[E[Y|X} — h(X))%.

In other words E[Y'|X] is the Euclidean projection of Y onto the set L*(X) of the
square integrable functions of X. Consequently L(h) is always larger than %E[Y —

4



E[Y|X]]? and the Bayes predictor is (in this particular case)
h*(z) = E[Y|X = x].

Regrettably since the distribution D is unknown, this function is not computable.
Therefore we assume that the learner is observing a finite training set of points
Sn = (X1, Y1),...,(X,,Y,)) which are sampled independently from the unknown
law D and wants to use them to predict the output Y associated to the input X,
where (X,Y) is sampled from D independently from S,. This task is formalized
through a learning algorithm: a function A : U,> (X x V)" — F(X x V) which
relates a training set S, to a predictor A(S,). Since the training set S, is random,
the generalization error of the predictor A(S,) is a random variable and the quality
of a learning algorithm A is measured by Eg L(A(S,)), where the expectation is
measured with respect to the distribution of S,,. Alternatively L(A(S,)) may be
controlled in probability.

Let us stress that we adopt the distribution-free approach of Vapnik and Chervo-
nenkis [1971, 1974]; see, e.g., Devroye et al. [1996]. There is no assumptions on the
distribution D and the method has to be efficient independently of it. In contrast
classical statistics first assumes a particular statistical model for the distribution D
and then estimate the parameters of this model. This approach will be temporar-
ily taken in Chapter 6. It is also different from the probably approzimately correct
(PAC) learning framework introduced by Valiant [1984]| but the comparison is out-
side the scope of this introduction. Interested readers can see the monograph by
Shalev-Shwartz and Ben-David [2014] for more precisions on these frameworks.

As the distribution D is unknown the Bayes predictor cannot be directly computed
and the generalization error cannot even be minimized. Instead the training set S,
is used to approximate these objects. There are two principal ways to address this
problem:

Local averaging methods: They estimate the Bayes predictor E[Y|X = z] by av-
eraging the Y;’s corresponding to the X;’s close to x. This includes, for example,
the Nadaraya-Watson estimator [Nadaraya, 1964, Watson, 1964] or the k-nearest
neighbors algorithm Cover and Hart [1967]. These methods are well studied and
efficient for dimensions of small to middle scale compared to n [see, e.g., Hastie
et al., 2009].

Empirical Risk Minimization (ERM): It approximates the generalization error
by the training error (also called empirical risk) L defined by the average error
over the sample S,

Llg) = 1 > (Y h(),

and considers its minimizer [see, e.g., Vapnik, 1998]. This method raises two
principal issues:

Statistical problem: How well does the minimizer of the empirical risk per-
form? This question will be studied in Section 1.4.

Optimization problem: How to minimize the empirical risk L? This question



will be examined in Section 1.5.

We will succinctly address these two questions through the lens of the least-squares
regression. First of all we will introduce the mathematical framework adopted in this
thesis.

1.3 Mathematical Framework

We shall now consider the Euclidean space R? of dimension d € N* endowed with
the natural inner product (-,-) and the Euclidean norm || - ||z.
The central concept in this thesis is convezity:

Definition 1. A set C € R? is said to be convez if for all 01,0, € C and all t € (0,1),
(1—1)0, +thy € C.

While classical functional analysis does not attach the same importance to convex
functions as to convex sets [Clarke, 2013, the former is a key concept for optimization
theory:

Definition 2. A extended-valued function f : R4 — R U {+oc} is said to be convex
if for all 01,0, € RY and all t € (0,1),

F((L =)0 +t05) < (1 —1t)f(6r) + tf(62).

When f is twice differentiable this condition is equivalent to a symmetric positive-
definite Hessian. It is worth noting that these concepts of convexity are independent
of the notions of norm or even distance. Indeed convex sets and convex functions
only need the basic operations of a vector space to be defined. The class of convex
functions is very general and this thesis is restricted, for convenience, to the convex
functions which are closed (their epigraphs epi(f) = {(6,a) € R x R : f() < a}
are closed sets) and proper (not identically +00). We refer to the monographes by
Rockafellar [1970], Hiriart-Urruty and Lemaréchal [2001] for more details on convex
analysis.

Conceptually, convexity enables to turn a local information about the function
into a global one. For example a local minimum is automatically a global minimum
or even more importantly, the gradient Vf(#) at a point § € R? provides a global
linear lower-bound on the function f.

Functions met in machine learning applications often have additional properties.
A continuously differentiable function f is said to be L-smooth for L € R, when
the gradient of f is L-Lipschitz. When f is twice differentiable, this is equiva-
lent to a global upper-bound on the Hessian of f. Thus this assumption provides
a quadratic upper bound on the function value. For example, the empirical risk
L(h) = LS U(Y;, h(X;)) is usually smooth when the loss function ¢ is smooth and
the data X; are almost surely (abbreviated to from now on as a.s.) bounded.

On the other side a function f is p-strongly convex for p € Ry if f— & - [|3 is
convex. When f is twice differentiable this is equivalent to a global lower-bound on



the Hessian of f and then this assumption provides a quadratic lower-bound on the
function value. In this sense,  measures the curvature of the function f.

strongly convex and smooth functions have several interesting properties we will
not review here [see, e.g., Nesterov, 2004]. Moreover these two assumptions are
connected: if f is p-strongly convex then its Fenchel conjugate f* is 1/p-smooth
[Hiriart-Urruty and Lemaréchal, 2001, Theorem 4.2.1]. On the other hand, contrary
to convexity, both smoothness and strong convexity depend on the norm considered
and Bauschke et al. [2016] recently relaxed this dependency.

1.4 Analysis of Empirical Risk Minimization

Since the data distribution D is unknown, the generalization error is approximated
by the training error L(h) = LS (Y, h(Y;)) which may be optimized to obtain
a predictor h. Firstly we notice that the predictor h(z) = y;1,,(x) has a training
error f/(h) = 0 whereas its generalization error may be arbitrarily large. This is the
overfitting phenomenon which appears when the prediction fits the data too closely
and does not try to generalize enough. To prevent this effect, one may either adopt:
Constraint formulation: The hypothesis class is restricted to a smaller subset G C

F. The empirical risk minimization for this class is the learning algorithm
defined by R R

h = arg min L(h).
A bias may be created by restricting too much the class of predictor and the
sub-class has to be fixed in advance (without observing the data).

Penalized formulation: A penalization ¢(h) is added to the empirical risk L(h)
and one solves the problem

min L(h) + Ap(h) for A € R,.
The penalization ¢(h) controls the complexity of the predictor hA by implicitly
inducing a tradeoff between predictors with a small training error but a large
value of ¢(h) and predictors with larger training error but smaller penalization
¢(h). The penalization also induces a bias since the predictor would be the min-
imizer of the penalized problem which is different from the initial non-penalized
problem.
Even if the penalized and constraint formulations are equivalent by convex duality
[Borwein and Lewis, 2000, Sec. 4.3|, the penalized formulation is easier to use in
practice from an algorithmic point of view since (a) unconstrained optimization is
easier, (b) there are efficient ways to set the value A. On the other hand the constraint
formulation is more appropriate for the theoretical analysis [Bach et al., 2012, p.7].
The generalization error of the ERM predictor h can be decomposed as follows:

L(h) — L(h*) = L(h) — min L(h) +min L(h) — L(R")

heg
g N g
Vv Vv
Estimation error Approximation error
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Estimation error: It appears because the training error is an estimate of the gener-
alization error. It depends on the size of the training set and on the complexity
of the class G.

Approximation error: It measures how much is lost from restricting the set of
predictors. It does not depend on the sample size.

Thus there is a so-called bias-variance tradeoff: choosing a large class results in a
small approximation error and a large estimation error since it leads to overfitting.
We note that choosing a small class with dedicated structure may help in terms of
computational complexity. It is also worth noting that only the estimation error
depends on the predictor h. We denote by h = arg minyeg L(h). The estimation error
is uniformly bounded by

~ ~ A~ ~

L(h) — L(h) = L(h) — L(h) + L(h) — L(h) +L(Rh) — L(h)
<0

< 2sup|L(h) — L(h)|.

geg

Under Lipschitz assumptions on the loss, this supremum is typically of order
O(1/4/n) |Boucheron et al., 2013]. When the loss function is, in addition, pu-strongly
convex, Sridharan et al. [2009], Boucheron and Massart [2011] show that the esti-
mation error is of order O(1/un) by directly bounding L(h) — L(h) without using a
uniform bound as above.

We only consider here linear predictors, i.e., linearly parameterized by # € R?
as h(x) = (0,¢(z)) for features ¢(z) € RL The error of a parameter 6 is directly
defined as L(6) = L({0,¢(-))) by a slight abuse of notation. The generalization error
is assumed to be minimized among all linear predictors and we denote by 6* one of
its minimizer !:

0" argérelllR%L(H).
It is important to emphasize that the Bayes predictor h* is never assumed to be
linear as in the classical regression analysis (which assumes a well-specified linear
model Y = (0., X) + ¢ for some independent zero-mean noise ¢).

Parametric least-squares regression. For linear least-squares regression this
bias-variance decomposition takes the form

L(O) ~ L(h*) = SE[EYX] ~ (6., 6() + 5 (6. — 0, Elo(x) © (x)](6. — )

= SEEYIX] — (0.6 + 16— 0],

where the covariance matrix of the features is denoted by ¥ = E[¢(z) ® ¢(z)]. By
setting the gradient of the generalization error to 0, the optimum @, satisfies the

1. The generalization error does not always attain its global minimum, e.g., in logistic regression
when the model is not well-specified [Bach, 2010].
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normal equation
Y0, =E[p(X)Y].
This implies, when ¥ is full-rank, that 6, = Z7'E[¢(X)Y]. We will consider the
ordinary least-squares estimator 6 which is the minimizer of the training error over
linear predictors. Some authors also consider the ridge estimator [Hoerl, 1962] which
is the solution of the f,-regularized training error minimization mingega L(0) 4+ A||6]|2.
We will now study the estimation error in the linear least-squares framework. It

is a random variable which depends on the training-set .S,, and its expectation can be
decomposed as:

1. . . P
SENO—6.]% = |EO - 6.3+ EJEG— 6|3 .

Estimation bias Estimation variance

Note that we only compare to the class of linear predictors. In particular, this predic-
tor has a greater error than the Bayes predictor. This analysis becomes very simple
when the input data X, are assumed to be deterministic: this is the fized design
framework.

Fixed design analysis. We consider here that the input observations (X, ..., X,)
are deterministic. To emphasize this aspect, we denote them by (z1,...,z,). The only
randomness is thus in the sampling of the Y;. We use the notation 3 = % Yo d(x)@
¢(z;) = ®T® and Y = [Yi,...,Y,]T € R™. For the sake of clarity, the design matrix
® is assumed to be of rank d. This assumption may be relaxed using Moore-Penrose
pseudo-inverse. Then

0, = (®'®) 'O E]Y] and H=(d ) 'Y,

Therefore the estimation error is

N

L(0) — L(6,) = | II(EY - Y)|

2
)

where the orthogonal projection matrix is denoted by I = ®(®"®)~"'®". And the
expected estimation error is

EL(9) — L(6,) = tr(Ilvar Y).

L(0) — L(8,) < o*d/n.

Equality is obtained when var(Y;) = 02 and the full-rank assumption on the design
matrix may be relaxed to provide a bound of the form o?rank(X)/n. We also note
that one obtains high-probability bounds using extra-assumptions on the distribution
of the noise [van der Vaart and Wellner, 1996].

This result provides an upper-bound on the estimation error of the least-squares
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estimator. However a different proof could improve upon this bound and a different
estimator could also provide better performance. The minimaz theory [Tsybakov,
2009] was developed as a way to handle at once all possible learning algorithms from a
given class. This field which takes its roots in information theory [Cover and Thomas,
2006] provides a systematic way to show uniform bounds on their performance, even
though this may at first appear daunting. An estimator 0 is minimax optimal and a
positive sequence (¢,,)n>0 is the minimazx rate of estimation over the class © if there
exist constants ¢, C' > 0 such that

supEHé — 9”3 < ey,
9co

and .

lim inf inf sup ¢, "E||§ — 6|3 > ',

n—00 0 6coO
where the infimum is over all estimators (measurable functions of the data). In the
fixed design setting, it is possible to show that o?d/n is optimal over R? [Tsybakov,
2009].

Random design analysis. The input observations are not assumed deterministic
anymore. We start with the classical asymptotic study which assumes d fixed and n
going to co. We denote by ¢ = (6,,¢(X)) — Y and £ = e¢(X). By the law of large

numbers T 5 ¥ and oY 5 E[¢(X)Y]. We also assume here ¥ = ul for p > 0.

Therefore § 5 6, by the continuous mapping theorem. The Delta method [van der
Vaart, 1998, Chapter 3] may be applied to obtain asymptotic normality:

v —0,) 3 N0, E[¢ @ 5.

This matches the Cramer-Rao bound [Casella and Berger, 1990] and therefore this
estimator is asymptotically optimal. One proceeds in the same way to asymptotically
bound the estimation error

nlL(0) — L(0.)] 2 %trW(El/QE[ﬁ 2512 1),

where W(X, k) is the Wishart distribution with variance matrix ¥ and k degrees of
freedom. Under the assumption E€®& < 0?3, the asymptotic variance is bounded by
%l as in the fixed design analysis. Using Taylor expansions, this asymptotic analysis

can be extended to any loss functions.

The non-asymptotic study is more involved. It has been pursued by Gyorfi
et al. [2006], Audibert and Catoni [2011], Hsu et al. [2014], Lecué and Mendelson
[2016], Oliveira [2016]. Hsu et al. [2014] obtain results from fixed design anal-
ysis using that /2571312 is concentrated around the identity. They consider
0 = ]E[é | X1,...,X,], the conditional expectation of the least-squares estimator which
is equal to 0 = ifle[X h*(Y')], where the empirical expectation is denoted by E. We
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sketch below the main lines of their proof which holds on the decomposition

S20-0,) = SY2(0—-0)+ 220 —0,)
= S2STIRRESV2X (Y — hE(Y))]
+RV2HTISPRS VX (X)) — X T6,)).

They first observe that E[X~1/2X (Y — h*(Y))] is related to the fixed design excess
loss and goes to E[Y — h*(X)] = 0. The second term E[SY2X (h*(X) — X76,)]
corresponds to the approximation error and will be close to E[X (h*(X) — X 6,)] =0
by optimality of 6,. Under sub-Gaussian assumptions on the noise ¢, Hsu et al. [2014]
show that L(A) — L(6,) = O(xo2d/n) probability with exponentially close to 1 (at
least 1 — exp(—cdz)). Similar results were obtained by Lecué and Mendelson [2013].

Under much weaker assumptions on the noise, Lecué and Mendelson [2016] provide
a weak polynomial probability estimate:

Theorem 1. There exist absolute constants cg,ci,co for which the following holds.
Assume there exists k for which

E(9, (X)) < n(E(0, 6(X))*)? V0 € R,

and o = (E(e*))V* < 0co. Let n > (cor)?d. Then, for every 6 > 0 with probability
1 —exp(—n/ck?) — 6, .
A ok’ o°d
L(#) — L(4.) < 5

Oliveira [2016] obtains stronger polynomial probability under stronger assump-
tions on the noise. Even so Lecué and Mendelson [2016] explain it is impossible to
get an exponential probability estimate without stronger moment assumptions.

Tsybakov [2003], Shamir [2015] show this rate is also optimal in the random design
setting. Besides, it is worth noting a lower bound in the fixed design framework does
not directly imply a lower bound in the random design setting [Tsybakov, 2009,
Sec 2.7.2].

To conclude, for the parametric least-squares regression, the prediction error is
O(c%d/n) under very light assumptions. Yet these sharp results are very challenging
and their non asymptotic analysis is very recent. Even though (as will become clear
later) this thesis is centered on techniques which avoid minimizing the empirical risk,
we will now present some optimization methods which achieve that goal.

1.5 Complexity Results in Convex Optimization

This thesis is focused on convex optimization and mainly on the study of optimiza-
tion algorithms for quadratic functions. Nowadays, optimization is indeed divided
between convex problems (which can be efficiently solved) and non-convex problems
(for which there are no efficient and generic methods).

Interestingly, this distinction was initially drawn between linear and non-linear
problems. Linear programming is now essentially solved: (a) in practice since 1947
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by Dantzig’s simplex algorithm (with an exponential worst-case complexity); (b) in
theory by Khachiyan [1979] who achieved polynomial complexity using the ellipsoid
method (with very slow convergence in practice); and (c) in both theory and practice
since Karmakar [1984] proposed the first efficient polynomial-time algorithm using
interior point methods.

This winding path from practical to theoretical progress has fed and inspired con-
vex optimization since the seminal works of von Neumann [1963] and those of Kuhn
and Tucker [1951]. Nemirovski and Yudin [1979] first showed that all convex mini-
mization problems with a first-order oracle can theoretically be solved in polynomial
time using the ellipsoid method, but with slow convergence in practice. Then Nes-
terov and Nemirovskii [1994] extended the interior point method to efficiently solve
a wider class of convex problems.

However when the complexity of problems becomes higher, this generic solver
becomes inefficient and older first-order methods are preferred at the cost of precision
to the advantage of many cheap iterations. Unfortunately there is no unified analysis
for these large-scale problems and the algorithmic choices are constrained by the
problem structure. This has prompted both theoreticians and practitioners to move
away from black-box optimization and leverage the specifics of the problem being
considered to design better adapted algorithms.

Therefore large-scale optimization contributes to blur the frontier between con-
vexity and non-convexity by defining new common territories, i.e., algorithms which
can efficiently solve different problems indifferently of their convex aspects |Ge et al.,
2016, Jin et al., 2016].

1.5.1 Black Box Optimization and Lyapunov Analysis

We consider the general optimization problem:

min f(6),

where C is a convex set and f is a convex function. In order to conceptualize the
optimization task, we adopt the black box framework defined by Nemirovski and Yudin
[1979]. The convex set C is known to the algorithm but not the objective function f.
The only assumption made on f is that it belongs to some class of functions F. The
information about f is obtained through interacting with an oracle. When queried at
a given point 6, the first-order oracle we consider here, answers by giving the function
value f(0) and the gradient V f(¢). Therefore a first-order black box procedure is a
sequence of mappings (¢, ),>0 Where ¢, : C"* x (R%)" x R — C. The algorithm starts
from 6y = ¢ and then iterates:

en = ¢n—1 (‘907 cee 7971—17 Vf<90)a ce 7vf(9n—1)7f(90)7 ce 7f(9n—1))-

Our aim is to determine the oracle complexity of the problem. This is the number
of oracle queries necessary to solve the problem at a precision of ¢, i.e., to find an
admissible point § € C such that f(6) — ming., f(¢) < e. To that purpose we should:
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(a) find an algorithm whose convergence rate matches the desired rate, this would
imply an upper bound on the complexity; (b) provide a lower-bound on the complexity
by showing that no admissible method can solve the problem faster. This is usually
done by finding a particular function for which it is possible to bound from below the
performance of any method.

We note that oracle complexity does not directly provide information about the
computational complexity of the method since the oracle query and the mapping ¢,
may be computationally demanding. Therefore we will also pay attention to the com-
putational complexity of each method. This explains why we often restrict ourselves
to algorithms with finite-order iteration of the form:

en = ¢n71(9n7k, cee 7911717 vf(enfk)a ce 7Vf(9n71>7 f(0n7k> - 7f(9n71))-

They can be reformulated (after a change of variable ©,, = (0,,,,...,6,)) as iterative

processes of the form
@n = n—l(@n—l)‘

To prove the convergence of these dynamical systems, it is common to rely on Lya-
punov theory. It goes back to Lyapunov [1892] who showed that all the trajectories
of the ordinary differential equation (ODE)

#(t) = Ax(t)

goes to zero (the ODE is stable) if and only if there exists a symmetric positive-definite
matrix P such that
AP+ PAXO.

This is the origin of Lyapunov’s first method which is based on the equivalence
for the linear iterative process

gn = Aen—l
between
lim en —0 [Oldenburger, 1940] p(A) <1 [Stein, 1952] 3p . 0’ ATPA _p <0
n—00

The matrix P solution of the Lyapunov inequality ATPA — P < 0 can be found
analytically using convex optimization [Boyd et al., 1994] and ensures the convergence
of the iterative process. Lyapunov theory has been frequently applied to control
theory with major works from Lur’e and Postnikov [1944], Popov [1961], Kalman
[1963], Yakubovich [1971]. This method can be extended to non-linear processes,
by linearizing the iterative procedure [Perron, 1929, Ostrowski, 1966]. It can also
be applied directly to optimization [Polyak, 1987| or by using more complex control
theory tools [Lessard et al., 2016].

Most stability results for difference equations [Ortega and Rheinboldt, 2000| have
been obtained as discrete analogues of corresponding results for differential equa-
tions [see, e.g., LaSalle and Lefschetz, 1961|. Lyapunov’s second method [Hahn, 1958,
Kalman and Bertram, 1960] is the most common and general method to prove con-
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Figure 1-1 — Gradient descent.

vergence of iterative processes. Its idea is to introduce a nonnegative function V' (the
so-called Lyapunov function) which will decrease along the sequence of iterates, i.e.,
V(0n41) < V(0,) and therefore ensure the convergence of the method [see Polyak,
1987, Sec 2.2, for more details|. Therefore finding such a function V may prove
the convergence of the iterative system and converse results ensure existence of a
Lyapunov function for a stable iterative system |[Halanay, 1963, Driver, 1965]. Un-
fortunately there is no systematic way to find Lyapunov functions in practice. There
are some classical solutions such as f(0) — f(6.) or ||§ — 6,||?, but these do not always
work. In general, theoreticians have to use their experience to design them.

1.5.2 Smooth Optimization

In this section we present a panel of methods for optimizing a smooth function.
We do not aim at being comprehensive and we refer to Nesterov [2004], Bubeck [2015]
for surveys. We first present the gradient method dating back to Cauchy [1847] which
will be the starting point for more refined first-order techniques.

Gradient descent. With a first-order oracle, the simplest minimization algorithm
is to consider the Euler discretization of the continuous gradient flow n = —V f(n).
It starts from a vector 6y, and iterates

en = en—l - ’anf(en—l)a

for a step-size sequence (7,). The gradient step is illustrated in Figure 1-1. An
L-smooth function f is quadratically upper-bounded as

F(0) < F(Bur) + (T F(Bu2), 0~ ) + 510~ 6,1
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and therefore the gradient update is the minimizer of this first-order approximation

of f

. 1
6, = arg min {(W(en_l), )+ 510 - en_1||2}. (1.1)
This step is also the steepest descent direction since
: Vf(en—l)
arg min (Vf(0,_1),d) = —————.
5 VT o) @ = =157, ]

We now present the first convergence result.

Proposition 1. Let f be a L-smooth convex function. Then gradient descent with
Yo = 1/L satisfies

_ L6~ 6.

J— n .

Moreover, if f is p-strongly convex,

f(0n) = f(6.) < (1= p/L)"[f(00) — f(0.)]-

Convergence rates for gradient descent were first studied for quadratic functions
by Kantorovitch [1945] and for convex functions by Vainberg [1960], Goldstein [1962],
Polyak [1963], Levitin and Polyak [1966]. Proofs of convergence date back to seminal
works of Temple [1939], Curry [1944], Crockett and Chernoff [1955]. We sketch the
proof for quadratic convex functions since it will be used as a stepping stone when
proving more general results later in the manuscript. We denote f(0) = 5(6,%6) —
(b,0), which attains its global optimum at 6, = X7'b. The gradient descent iteration
is explicitly

0, — 0, = (1 - %2) (Op1 — 0,) = (1 - % 2)"(90 —0,)

and therefore

75 (0 -0.)

! T < (= /LA (0) — F0.)],

F(60.) — 5(0.) = 5[ (1 -

which concludes the proof in the strongly convex case. Otherwise when p = 0, we
use the inequality Z([ — %Z) 2 < L/nl.

The gradient descent is adaptive to the problem difficulty. Indeed the step-size
does not depend on the value of . On the other hand the result is proven for constant
step-size, but line-search techniques are also possible [Boyd and Vandenberghe, 2004,
Sec 9.3].

Lower-bounds on the convergence rates. After having shown that gradient
descent algorithms yield convergence rate O(%) for L-smooth problems and O((1 —
w1/ L)™) when the function is also p-strongly convex, it is natural to wonder whether
these rates are optimal or if other algorithms exist with better convergence rates.
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Figure 1-2 — Accelerated gradient descent.

This question was first answered positively by Nemirovski and Yudin [1979] and later
presented, in a simplified form, by Nesterov [2004]. Interested readers can also see
the recent work of Arjevani and Shamir [2016] on this topic.

Proposition 2. Let n < (d —1)/2, 6y € R? and L > 0. There exists a L-smooth
convex function f with a global minimizer 6, such that for any first-order method.

3 L||6. — 6ol®
f(0n) — f(0.) > 2 (12

The number of iterations can not be too large compared to the dimension of
the problem. Note this restriction is necessary since the ellipsoid method |Ben-Tal
and Nemirovski, 2001, Sec. 5.2 | converges at exponential rate for n larger than d.
Moreover this lower-bound is still informative about the first steps, when n is small
compared to d. Surprisingly, the worst-case function designed to prove this result is
quadratic. In this sense, quadratic functions are not easier to optimize than smooth

functions. Regarding the strongly convex case, Nesterov [2004] provides a lower bound
0((‘5‘\/ﬁ
VIit+y/n
Clearly, there is a gap between the lower bounds and the performance of gradient

descent in Proposition 1. But the lower bounds are not to blame as it turns out they
are matched by a slightly more involved algorithm, which we describe now.

)n> for the oracle complexity.

Accelerated gradient descent. Taking inspiration from conjugate gradient, Ne-
mirovsky and Yudin [1983| proposed the first method with optimal convergence rates.
However this method needed some kind of line-search and was not practical. Nes-
terov [1983] presented an optimal algorithm which only needs a first-order oracle.
Nesterov’s accelerated gradient can be described as follows: start from 6, = n, € R¢
and then iterate

1
O = N1 — va(nn—l)
M = en + 571(971 - en—l)a
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where the momentum coefficient d,, € R is chosen to accelerate the convergence rate
and has its roots in the heavy-ball algorithm from Polyak [1964]. Figure 1-2 illustrates
the difference between gradient and accelerated gradient steps. For this algorithm one
obtains the following result.

Proposition 3. Let f be a L-smooth convex function. Then for d, = Z—:;,

2L[6o — 0.
0,) — fb,) < ——m———
_ Vi-v&
Moreover let f be also j strongly convex. Then for d, = IR

762 = £(0.) < Lo — 0.7 (1 - /£) "

The algorithm was initially proposed by Nesterov [1983, 2004] with a more complex
momentum term. The simplified version we present here is due to Tseng [2008]. Beck
and Teboulle [2009], Schmidt et al. [2011] both proposed very concise proofs of these
optimal convergence rates. It is worth noting that the accelerated gradient method is
not adaptive to strong convexity. Indeed the value of y is needed to obtain the linear
convergence rate. Nesterov [2013], O’'Donoghue and Candés [2013| proposed the use
of restart heuristics to resolve this issue. Indeed Arjevani and Shamir [2016] show
that no methods with fixed sequences of step-sizes can achieve the accelerated rate,
unless the parameter p is known. This method is not a descent algorithm and often
exhibits an oscillatory behavior. This will be further detailed in Chapter 2. Until
recently, accelerated gradient descend lacked an intuitive interpretation, contrary to
the standard gradient descent. This has been addressed by Allen-Zhu and Orecchia
[2017], Bubeck et al. [2015], and in a series of works on the connection with differential
equations by Su et al. [2014], Krichene et al. [2015], Wibisono et al. [2016], Wilson
et al. [2016], Attouch et al. [2016a], Attouch and Peypouquet [2016].

1.5.3 Specificity of Quadratic Functions

Minimizing a quadratic function f is equivalent to solving a linear system of equa-
tions, i.e., Vf(0) = 0. For instance, in least-squares regression, the ERM predictor is
directly given by the normal equation

OTPh = Y, (1.2)

which is a set of d equations for d unknowns. Hence, the methods we presented
so far may appear inefficient or needlessly complicated for solving such problems.
Nevertheless the worst case function used to prove the lower bound in Proposition 2
is quadratic and accordingly quadratic problems are just as hard as any smooth
problem. We introduce presently two methods dedicated to minimizing quadratic
functions.

17



Numerical algebra. First one may prefer to directly solve the system in Eq. (1.2)
by using numerical linear algebra algorithms. The complexities of these methods can
usually be decomposed as O(d3 4+ nd?) to form ®T®, O(nd?) to form ®Y and O(d?) to
solve the linear system. Gaussian elimination could be used to solve the linear system
in Eq. (1.2) as any linear system but this approach is oblivious to the specific form
of the empirical covariance ®'®. One may thus prefer methods based on singular
value decomposition or QR decomposition when @ is full rank [see, e.g., Golub and
Van Loan, 2013|. These methods rely on well-known linear algebra, but can only be
used for small to medium scale problems (typically d < 10*). For large scale problems
they are not suitable since they do not leverage the special structure of the problem
and the conjugate gradient algorithm may be favored instead.

Conjugate gradient algorithm. Hestenes and Stiefel [1952] introduced the con-
jugate gradient method which corresponds to the momentum algorithm

en = enfl - anf(enfl) + 5n(6n71 - ‘97172)

with (7y, d,) solutions of the two dimensional optimization problem:
H’}lénf(enfl - f}/vf<9n71) + 5(01171 - ean))-

This line search procedure can be explicitly solved when f is a quadratic function with
the same computational complexity as a gradient computation. The explicit method
is detailed by Golub and Van Loan [2013|. Surprisingly this method converges to
the solution 6, of the problem in at most d steps and the behavior of the method is
globally controlled by [Polyak, 1987]

. L 60 - 9* 3
76— 16 < min { A0 oy o /aTTmy 00) 0.7}
We note that the method converges at the optimal linear rate without knowing the
strong convexity constant p, in contrast to the accelerated gradient method. Non-
linear extensions of the conjugate gradient are presented by Nocedal and Wright

2006].

1.5.4 Extension to Composite Optimization

When the function f is no longer smooth, gradient descent with constant step size
fails be to consistent [Bertsekas, 1999]. Shor [1962], Ermoliev [1966], Polyak [1967]
solve this issue by showing that the projected sub-gradient method with decreasing
step size O(1/4/n) converges at rate O(1/y/n) when the average of the iterates is
considered as output of the method [Shor et al., 1985]. When the function is also -
strongly convex, the projected sub-gradient method with step-size O(1/un) converges
at rate O(log(n)/un) and at rate O(1/un) when non-uniform average is used. More-
over Nemirovsky and Yudin [1983] show these rates are optimal among first-order
methods.
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Figure 1-3 — Projected subgradient. We denote by Il the Euclidean projection on
the convex set C.

Yet there is a crucial difference between the class of smooth problems (with
bounded smoothness constant) and the class of all convex problems since conver-
gence rates are downgraded from O(1/n?) to O(1/+/n). However the structure of the
function as well as the reason for non-smoothness are often known. For instance the
objective function is sometimes the sum of a smooth and a non-smooth function, as
in Lasso or constrained problems. These are composite problems of the form:

min f(0) + g(0).
where f is an L-smooth function accessible through a first-order oracle and g is a
simple convex function in a sense that will be explained below.

As with the gradient descent for smooth functions, at each iteration the smooth
function f is linearized around the current iterate 6,,. Then prozimal gradient meth-
ods, also called forward-backward splitting methods [see, e.g., Beck and Teboulle,
2009, Wright et al., 2009, Combettes and Pesquet, 2011]| consider the iterate

. L
b = argynin { 1(6,) + (V700,00 + 10 - 03+ gl0)

. L Non-smooth term
Linearization of the smooth component

For instance when g = 1¢ is the indicator function of a convex set C, proximal gradient
is tantamount to projected gradient as depicted in Figure 1-3. This update may be
efficiently written in the terms of proximal operator defined by Moreau [1962] as
Prox,(n) = arg mingepa {50 — nll3 + g(0)}:

01 = arg min {lg(m + %He (6, - %Vf(@n)) Hi} = Prox;, (6, - %Vfwn)).

erd | L

Therefore this method is only used in practice with simple functions g whose proximal
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operator is computable effectively. This is the case if there exists a closed form
expression and several examples are provided by Bach et al. [2012].

Surprisingly Beck and Teboulle [2009], Nesterov [2013| show convergence results
similar to smooth optimization with the proofs following the same general guidelines.

1.5.5 Extension to Non-Euclidean Geometry

Until now, we have derived dimension-free convergence rates under Lipschitz as-
sumptions on the function or on its gradient with respect to the Euclidean geometry.
When these assumptions are with respect to different norms, the above convergence
rates still apply but the dimension d of the space appears in the bound. For example,
if the gradient of a function f is bounded in the /. -norm by a constant B > 0,
it is bounded in the fo-norm as |V f(#)| < Bvd. Thus algorithms which work
with different geometries may yield convergence rates with better dependency on the
dimension.

Let h: R? — R be a differentiable convex function such that its gradient Vh is a
bijection of RY. The Bregman divergence associated with the function h is defined as

Dh(gl, 02) = h(gl) — h(eg) — <Vh(92), 0, — 92), 91, 0y € Rd.

It may be interpreted as a generalized squared distance which provides a new geometry
standing in for the Euclidean one. Incidentally, the latter is recovered by considering
() = 3l 13-

With the aim of solving the constrained problem mingee f(#) under the Bregman
geometry, Nemirovski and Yudin [1979] introduce the mirror descent algorithm which
may be defined by the update

0, = ar% I?in {%(Vf(én_l), 0) + Dp(0, Qn_l)},
€

started from 6y € C. The Bregman divergence has replaced the Euclidean distance in
the definition of the gradient descent iteration in Eq. (1.1). This contemporary proxi-
mal definition is due to Beck and Teboulle [2003|. Mirror descent can be equivalently
written as a greedy gradient update followed by a projection step

Vh(pn) = Vh(0,-1) — 7%V f(0,-1) (greedy update)

0, = argmin Dy(0, ¢,,). (projection step)
oec

Let us take a step backward and forget about the Euclidean structure. The gradient
V f(0,-1) belongs to the dual space whereas the iterate 6,,_; lives in the primal space.
Thus the gradient iteration no longer makes sense. Instead Nemirovski and Yudin
[1979] propose first to map the current iterate #,,_; to the dual space with Vh(6,_1),
and perform there the gradient update Vh(6,,_1) — ¥,V f(0,_1). The resulting point
is then mapped back in the primal space and projected with regards to the Bregman
divergence in the convex set C. This is depicted in Figure 1-4.
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dual space

Vh(gbn-l—l)

primal space “~_| €

Figure 1-4 — Mirror descent versus dual averaging. Left: mirror descent. Right: dual
averaging. We denote by II% the Bregman projection on the convex set C defined in
the projection step.

Mirror descent has to be associated with its cousin dual averaging initially in-
troduced by Nesterov [2009] which considers a lazy gradient update started from
0o, g0 € C

Vh(opn) = Vh(dn-1) — vV f(0,-1) (lazy update)

0,, = argmin Dy (6, ¢,,). (projection step)
fec

Taking ¢o such that Vh(¢y) = 0, dual averaging can also be written under the
following simpler expression (still started from 6, € C)

0, = argmin {< Z%HVf(Qi), 0) + h(&)}.

oeC

The greedy and lazy aspects of these methods as well as what differentiates them
will be explained in detail in Chapter 4. As initially desired, mirror descent and
dual averaging algorithms adapt to the geometry provided by the Bregman diver-
gence. When the function f is assumed to be B-Lipschitz with respect to an ar-
bitrary norm || - || and the mirror map h is p-strongly convex with respect to the
same norm, then these methods yield an optimal convergence O(BD//in) where
D? = supy, g,cc{h(61) — h(2)}. Nesterov [2007], Krichene et al. [2015] have acceler-
ated these algorithms when the function is smooth with respect to some non-Euclidean
geometry. Bauschke et al. [2016] have recently redefined the concept of smoothness
for non-Euclidean geometry. Furthermore these methods have also been extended to
the composite setting by Duchi et al. [2010], Xiao [2010].
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Convex p-Strongly convex

B-Lipschitz

Projected sub-gradient BD/\/n B?D/un
L-Smooth

Accelerated gradient L||6o — 0.]|?/n? (1 —~/L/pw)™||0p — 0.
Quadratic

Conjugate gradient min{d, L||6y — 0.]]*/n*} min{d, (1 — /L/p)"||60 — 0.]]*}

Table 1.1 — Convergence rates for deterministic optimization.

1.5.6 Conclusion

We summarize the different rates of convergence provided so far in Table 1.1. Our
goal is to minimize the generalization error of a machine learning problem. But we
have seen that the estimation error was O(1/4/n) in the Lipschitz case and O(1/n)
in the strongly convex case. This is the key insight of Bottou and Bousquet [2008],
Shalev-Shwartz and Srebro [2008] who explain there is no need to optimize below esti-
mation error for machine learning applications. We present now a different approach
which directly minimizes the generalization error.

1.6 Stochastic Approximation

1.6.1 Classical Stochastic Approximation

Stochastic approximation historically aims at finding a zero of a function h :
R? — R? which cannot be directly computed but is accessible through samples.
For instance in the dosage of chemical products, experiments make it possible to
sample the function h at certain points: the result of the experiment is the true value
perturbed by some random noise h(6) + ¢.

Traditional deterministic techniques may be used to solve the non-linear system
h(0) = 0. At each iteration, an estimate of the value of h(6,) is built, for example,
by approximating it by its means over the samples. This is the sample average
approzimation approach by Kleywegt et al. [2002[; see, e.g., Shapiro et al. [2014] for
a review. This technique is unstable and time-consuming because at each iteration
enough samples need to be computed to properly approximate the function value.
Instead Robbins and Monro [1951] propose to use each sample once by considering
the noisy fixed point iteration:

en = 97171 - P)/n[h(en) + Sn],

where g, is typically assumed to be an i.i.d. sequence of zero-mean finite variance noise
and (7,) is a sequence of step-size. Convergence results are usually asymptotic and
assume the existence of a well behaving Lyapunov function [Polyak, 1976, Duflo, 1997].
Ermoliev [1969], Robbins and Siegmund [1971] show the almost-surely convergence
of the iterates and Chung [1954], Sacks [1958], Fabian [1968] show their asymptotic
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normality, both if the step-size satisfies the conditions

i% =o0 and iﬁ < 0.
i=1 i=1

These results directly extend to minimization of a function f by finding a zero of
its gradient V f (we note that no convexity is assumed).

Therefore the goal of stochastic approximation can be equivalently defined as
minimizing a function f given only unbiased estimates Vf,1(6,) of its gradient
Vf(0,) at certain points 6,. Indeed in a lot of applications, the exact gradient of
a function is not tractable because of errors in the measurements or in the Monte
Carlo evaluation of expected values. Yet noisy unbiased estimates of the gradient are
accessible and cheap. As noticed by Bottou and Le Cun [2005] this directly includes
the usual machine learning situation of minimization of the generalization error

L(O) = Efu(0)  for  fu(0) = l(yn, (0, 20)),

observing estimate V f,,(0) = '(yn, (0, x,,))x, of the true gradient VL(6) = EV f,,(6).
But its applicability is much broader and goes far beyond convex optimization [Ben-
veniste et al., 1990, Kushner and Yin, 2003|.

1.6.2 Convex Stochastic Optimization

When we want to minimize a function which is only available through unbiased
estimates of the function values or its gradients, stochastic gradient descent is the key
algorithm. It takes the form

Qn - ‘gn—l - 'anfn(‘gn—l)7

where 7, is a step-size sequence chosen depending on the situation. Here we consider
the classical stochastic approximation framework [Kushner and Yin, 2003, Borkar,
2008]. That is, we let (F,)n>0 be an increasing family of o-fields such that for each
6 € R? and for all n > 1 the random variable Vf, () is square-integrable and JF,-
measurable with E[V f,,(0)|F,—1] = Vf(0). Polyak [1990], Ruppert [1988| consider
instead the average of the iterates 6, = %Z;:ll 0; as the output of the algorithm.
This is the averaged stochastic gradient descent.

In machine learning applications, when the objective function is the expectation
of a loss function, the running-time complexity of the stochastic gradient is O(nd)
after n iterations. This has to be compared with the O(n?d) complexity of gradient
descent on the training error computed with n data (computing a gradient which is
an average of n terms costs O(nd)).

The global minimax rates of convergence are known since Nemirovsky and Yudin
[1983] for convex non-smooth problems and Tsypkin and Polyak [1974], Nazin [1989]
for strongly convex non-smooth problems. For convex problems the minimax rate is
O(1/4/n) and it is attained by averaged stochastic gradient descent with step-size ,, =
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C/+/n [Zhang, 2004]. When in addition, the function is assumed pu-strongly convex,
the minimax rate becomes O(1/(un)) and is still attained by averaged stochastic
gradient but with a smaller step-size 7,, = C'/un and a non-uniform average [Rakhlin
et al., 2012, Lacoste-Julien et al., 2012|. Yet the minimax rate is the same for non-
smooth functions as it is in deterministic optimization. Moreover the proofs in the
two settings are very similar. The proof techniques are different for the lower-bounds
and use tools from statistics and information theory. They are clearly presented and
extended by Agarwal et al. [2012], Raginsky and Rakhlin [2011].

The stochastic gradient algorithm has been extended to the proximal case by Duchi
and Singer [2009], Hu et al. [2009], Xiao [2010] and to the non-Euclidean setting by
Nemirovski et al. [2009], Lan [2012].

1.6.3 Smooth and Strongly Convex Stochastic Optimization

We have seen that smoothness plays a central role in the context of deterministic
optimization but for stochastic optimization, smoothness only leads to improvements
on constants, not on the rate itself. The minimax rate remains O(1/y/n) for non-
strongly convex problems. Moreover accelerated gradient descent is notorious for not
being robust to random or deterministic noise in the gradient [d’Aspremont, 2008,
Schmidt et al., 2011, Devolder et al., 2014] and Hu et al. [2009], Lan [2012] advocate
small step-size C'/n®? to obtain convergence rate O(1/y/n).

The story is different for strongly convex problems. When the function is non-
smooth, stochastic gradient descent is not adaptive to strong convexity since the
step-size has to depend on  in order to obtain fast rates. Moreover the choice of the
constant in the step-size C'/un is very sensitive as noted by Nemirovski et al. [2009].

Yet for smooth and strongly convex functions, Polyak and Juditsky [1992| show
that averaged stochastic gradient with larger step size 7, = Cn=® for a € (1/2,1)
has a convergence rate of order O(1/n) independent of the strong convexity constant.
This idea is developed by Bach and Moulines [2011] who provide a non-asymptotic
analysis of averaging for smooth functions. They show that averaged stochastic gra-
dient with step-size 7, = C'/n® has a rate of convergence O(1/n + 1/(un)?) for u-
strongly convex problems and O(1/n'~%) for convex problems. Therefore this method
with step-size v, = C/+/n is adaptive to strong convexity with convergence rate
O(min(1/un),1/y/n) for all smooth problems. Bach [2014] extends these results to
logistic regression which is not globally strongly convex. We also note than the ben-
efits of averaging may be understood through the lens of two-time scale stochastic
approximation [Borkar, 1997].

Typical high-dimensional machine learning problems have very correlated vari-
ables so that the strong convexity constant ;1 may be arbitrarily small. This makes
convergence rates O(1/(un)) useless and makes non-strongly convex scenario more
suitable. Thus we aim at obtaining algorithms with convergence rate O(1/n) that
are robust to arbitrarily small strong convexity constants.
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Figure 1-5 — Markov chain interpretation.

1.6.4 Least-Mean-Squares Algorithm

When applied to least-squares f(0) = 3E[(yn — (¢(2n),0))?], stochastic gradi-
ent descent is known as the least-mean-square algorithm [Macchi, 1995]. In signal
processing theory, it is usually studied (a) without averaging, (b) with decreasing
step-size and (c) with strong convexity assumption ¥ = E[p(X) ® ¢(X)] %= pl. Bach
and Moulines [2013], following Gyorfi and Walk [1996], propose a non-asymptotic

analysis of the averaged least-mean-square algorithm with constant-step size

O = On1 = 7({0(xn), On1) = Yn)P(2n)- (1.3)

The sequence (6,,) is a homogeneous Markov chain [Meyn and Tweedie, 2009] which,
under appropriate conditions, converges in distribution to its unique stationary distri-
bution . The average of the stationary distribution is denoted by 6., = [ 6. (df).
Taking the expectation in Eq. (1.3) and remembering that 6, = X~ 'E[¢(x)y] one
obtains

E6, = Eb,_, — 7S(Eb,_, — 0,).

Recall that lim,,_,., E6,, = 6:, and X is invertible. It follows that 9} = 0,. The ergodic
theorem then shows that 6,, converges almost surely to év- The central limit theorem
for Markov chains also implies that nE||#, — 6.]|% has a finite limit. Therefore, the
Markov chain interpretation explains the averaged iterates converge to 6, pointwise,
and that the rate of convergence of E[f(6,,) — f(0.)] is of order O(1/n), whereas 6,
does not converge to 6, but oscillates around it. This is summarized in Figure 1-5.

In addition Bach and Moulines [2013] show that under similar assumptions to
that of the analysis of least-squares with random design and without assuming strong
convexity,

- 4R?||0y — 0.]|>  40%d
£f(0,) — (6. < TR0 A
The performance of this algorithm is then decomposed as the sum of: (a) a bias term
which depends on the deviation between the initial point of the algorithm and the
solution of the problem and characterizes how fast initial conditions are forgotten and

n n
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(b) a variance term, which depends on the covariance of the noise in the gradients
and describes the effect of this noise.

We have already seen that the variance term O(o?d/n) is optimal over all esti-
mators. However the bias term O(1/n) is suboptimal since the optimal optimization
algorithm forgets the initial condition as O(1/n?). Therefore there is a mismatch
between the optimization and the statistics theories which will be investigated to a
great extent in Chapter 3. This is relevant in practice since the bias term can be sig-
nificantly larger than the variance term. It may consequently be useful to accelerate
its convergence.

1.6.5 Finite Sum Problems

We end this section with an intermediate problem, related both to deterministic
optimization and to stochastic approximation, which has gained a lot of attention
these past years. We consider here a finite sum problem of the form:

1
F0) =22 i0),
i=1
where f1,..., fx are L-smooth-functions, possibly u-strongly convex. An important

example is the empirical risk studied in Section 1.4.

The function f is deterministic, thus contrary to stochastic approximation we have
a full access to its gradient. The function f can therefore be optimized with gradient
descent:

k
f)/n—l
On =01 — =7 ZQVﬂwng

with a linear convergence rate O(exp(—nu/L)). However the complexity of com-
puting Vf(6,,_1) is O(dk) at each iteration. The running time complexity is then
O(dkL/plog(1/e)) and can be decreased to O(dk+/L/ulog(1/e)) using accelerated
gradient descent.

Stochastic gradient descent can also be applied to f, sampling with replacement,
at each iteration, i(n) € {1,...,n} (see recent work by Giirbiizbalaban et al. [2015],
Shamir [2016] for results on sampling without replacement) and iterating

en - en—l - /Vn—lvfz(n) (en—l)-

The convergence rate O(L/(un)) is slower but the running time complexity O(Ld/(ue))
is independent of k. So stochastic gradient descent achieves rapidly low accuracy
whereas deterministic algorithm should be preferred when high accuracy is desired.
Schmidt et al. [2017], Shalev-Shwartz and Zhang [2013]| propose two new methods,
respectively stochastic averaged gradient (SAG) and stochastic dual coordinate ascent
(SDCA) which both combine linear convergence and O(d) complexity by iteration.
These methods have a running time complexity O(d(k + L/u)log(1/e)). Initially,
SDCA applied only to a restricted set of problems (minimization fs-regularized train-
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Convex u-Strongly convex

B-Lipschitz

Averaged gradient descent BD/\/n B?D/un
L-Smooth

Averaged gradient descent O(1/y/n) O(1/pun)
Least-squares

Averaged gradient descent — O(o?d/n + R?||0.|3) [Jain et al., 2016]

Finite sum

Accelerated SDCA, SVRG O(exp (-5 + \{I—Lj{) O(exp (- o n/—Lk/u)>

Table 1.2 — Convergence rates for stochastic approximation.

ing error with linear predictions) and required duality but these two assumptions have
been recently lifted by Shalev-Shwartz [2016a]. Johnson and Zhang [2013] obtain the
same running time complexity through a different method that can be understood
in terms of variance reduction.. These methods do not contradict lower bounds seen
in the previous section since they hold due to the special structure of the objective
function.

Shalev-Shwartz and Zhang [2014], Zhang and Xiao [2015|, Nitanda [2014], Lin
et al. [2015] obtain accelerated versions of these algorithms with running time com-
plexities O(d(k + \/kL/p)log(1/e)) and O(klog1/e) + \/kL/e) when the function is
not strongly convex. They are shown to be optimal by Agarwal and Bottou [2015],
Lan and Zhou [2015], Arjevani and Shamir [2016], Woodworth and Srebro [2016].

1.6.6 Conclusion

The different rates of convergence for stochastic convex optimization are summa-
rized in Table 1.2. Stochastic approximation techniques enable to directly optimize
the generalization error and provide predictors with optimal estimation error. More-
over their estimation rates are much simpler to prove than analyzing (a) the statistical
performance of the minimizer of the empirical risk as in Section 1.4 and (b) the con-
vergence rate of the optimization method (studied in Section 1.5).

Shalev-Shwartz [2016b| points out that the minimizer of the empirical risk may
have better statistical properties than the predictor obtained with stochastic gradient
descent even if they have an estimation error of the same order. In particular this
latter seems to be more efficient to predict rare events. Therefore this fact emphasizes
the importance to efficiently optimize finite sum objective functions with dedicated
methods (SAG, SDCA, SVRG) with the intended target of rapidly minimizing the
empirical risk [Frostig et al., 2015].

Stochastic approximation methods have the significant advantage of being on-
line and new data are instantly taken into account. Yet the i.i.d. assumption on
the streamed data is quite strong. We will explain now how online learning lifts
the assumption that the sequence being observed is independently sampled from an
unknown distribution.
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1.7 Online Convex Optimization

Online learning studies sequential decision processes. It may be viewed as an
extension of statistical learning to a sequential setting without independence of the
data. The setting is even harder: an adversary maliciously and adaptively picks the
data in order to confuse the learner. A comprehensive survey on this very active field,
closely related to game theory, was written by Cesa-Bianchi and Lugosi [2006]. We
present here the online conver optimization framework defined by Zinkevich [2003]
following Gordon [1999]: let C be a non empty convex set. At each iteration n the
learner

— predicts a vector 6,
— observes a convex loss function f, : C — R

— suffers the loss f,(6,).

He wants to minimize his regret:

n

Ry =Y fi0) = inf > fi(0).

=1

Following Shalev-Shwartz [2012], Hazan [2012|, only linear functions f,() =
(xn,0) for z,, € R? are considered here. Indeed results on linear functions are straight-
forwardly lifted to general convex functions, using the inequality f,,(6,) — f.(0) <
(V fu(6,),0, — 6) for all § € C and considering the linear proxy f,(6) = (V fu(6,),6).

Hannan [1957] initially proposes to predict 6,, = arg mingec Z?;ll fi(8), the best
vector so far. However Kalai and Vempala [2005] show that the regret R,, of this
simple strategy (they name follow the leader) can sometimes be O(n). Following
the time-varying potential method presented by Cesa-Bianchi and Lugosi [2006, Sec.
11.6], Shalev-Shwartz and Singer [2007] and Abernethy et al. [2008] propose to add a
regularization h : C — R to the previous approach. The follow the reqularized leader
(FTRL) algorithm considers at each iteration n the update

n—1

0 = arg min ; fi(6) + h(6).

It may be directly interpreted as the online extension of the dual averaging algo-
rithm presented in Section 1.5.5. Nevertheless the primal-dual approach of Shalev-
Shwartz and Singer [2007] is more general and may lead to different algorithms. We
also note FTRL recovers for special choices of constraint set C and regularization h
the online gradient descent by Zinkevich [2003] and the exponentiated gradient by
Kivinen and Warmuth [1997].

We can also take a different iterative approach and consider the online extensions
of mirror descent and dual averaging algorithms introduced Section 1.5.5. In online
learning, they are respectively denoted by greedy and lazy online mirror descent. As
their deterministic counterparts, these two methods consider two sequences (¢,,) and
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(0,) and respectively update:

Vh(¢n)
Vh(¢n)

Vh(0n—1) — nfn (greedy update)
Vh(¢n-1) = nfa-1, (lazy update)

Then 6,, is obtained by projecting according to the Bregman divergence

0, = arg min Dy (0, ¢y,).

In the linear case, the lazy online mirror descent is equivalent to the FTRL ap-
proach as remarked by Hazan and Kale [2010].

Under strong convexity assumptions on the regularization h, and B-Lipschitz
assumptions on the functions f,,, Shalev-Shwartz [2007], Abernethy et al. [2008] show
that the regret of FTRL is R, = O(By/n). Moreover when the loss functions f, are
also p-strongly convex, Hazan et al. [2007], Shalev-Shwartz and Kakade [2009] show
the regret becomes logarithmic R, = O(B?logn/u). These rates are known to be
optimal |[Takimoto and Warmuth, 2000, Shalev-Shwartz, 2007].

Furthermore Littlestone [1989] explains online learning results can be converted
into statistical learning results by considering the average 6, = %Z;:OI 0; as output
of the learning algorithm. This has been strengthened by Cesa-Bianchi et al. [2004],
Zhang [2005] to results on high probability.

Application to online linear regression. We illustrate this setting on online
linear regression where we observe sequentially deterministc data (1,41, ..., Zn, Yn) €
(X x V)" and want to design a predictor which achieves small regret

n

Ro = D (@160 = 3)* = juf > (@6 = )*

=1

This is the online learning setting applied to the least-squares functions f,(0) =
((2n,0) — y,)?. The FTRL approach may be used with an fy-regularization h(f) =
£116]13 to obtain a predictor

n—1

6, = arg mi 0,:) —y:)? + [0]2
arggrel%gizl(hx) vi)* + 110

similar to the one of the ridge regression [Hoerl and Kennard, 1970|. Its regret is not
generally bounded, though [Cesa-Bianchi and Lugosi, 2006, Theorem 11.7].

Vovk [2001], Azoury and Warmuth [2001] solve this issue making the predictor
non linear. The Vovk-Azoury- Warmuth predictor is the non linear predictor h,(x) =
(07, x) where 0F is given by

n—1
0y = argmin > ((0, ;) —yi)* + [|0]* + (0, 2)*.

OcRd
€ i=1
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The additional term (compared with the ridge regression predictor) (0, z)* may be
interpreted as the loss being incurred at time n when v, is estimated by 0. 6" has
the following close form:

n _ n—1
o= (1+ Y mown) 1(Zyixi),
i=1 i=1

which can be sequentially computed with complexity O(d?) thanks to the Sherman-
Morrison formula. For this predictor, the following convergence result holds [Cesa-
Bianchi and Lugosi, 2006, Theorem 11.8].

Proposition 4. The Vovk-Azoury-Warmuth predictor on (x1,y1, ..., T, yn) € (R? x
R)™ satisfies

n

Ze”“ —u? = jof {5 37000 — w0+ <012}

- dB*log(1+ nR?/d)
o n

. (14)

..........

Therefore in the setting of online learning, with no assumption on the generation of
the data, we obtain an O(dlog(n)/n) bound on the regret for least-squares problems.
Furthermore Cesa-Bianchi and Lugosi [2006] show the optimality of this bound. We
also note Rakhlin and Sridharan [2014] extend this method to online non-parametric
regression.

1.8 Digest of Least-Squares Regression

We summarize here the different results seen so far for the particular example of
the least-squares regression:

. 1 2
min L(0) = 5E(¢(X),0) —Y)7,
where (X,Y) are random variables of unknown distribution D. We remind that the
covariance matrix is denoted by ¥ = E[¢(X) ® ¢(X)] and is only assumed invertible.
Thus its eigenvalues may be arbitrarily small, in contrast with a recent work by Jain
et al. [2016]. The global minimum of L(€) is denoted by 6.

We consider not being limited in terms of sample complexity and are instead
interested in the running time complexity of the different methods.

Empirical risk minimization. In Section 1.4, the generalization error L is first
1 n

approximated by the training error L() = 5 Z_1(<gz5(xz) 0) — y;)%. Its minimizer 0
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Estimation Oracle Running-time

error complexity complexity
ERM
Conjugate gradient O(%) d O( aQE_cld )
Regularized ERM
Accelerated SDCA O(%) O(w) 0(02d2+||9*6||2R0d3/2)
S.A.
SGD O(w) 0(02d+R;||9*||2) O(amudf?ue*n?)
Online Learning
h,, predictor O (L Llogm)+R2I0. |17 O(M) ?

n

Table 1.3 — Complexities of least-squares regression. O ignores logarithmic factors.
S.A. denotes stochastic approximation.

achieves under reasonable assumptions on (X,Y):

2
L() — L(0.) = o(ﬂl).
n
This quadratic function is efficiently solved with the conjugate gradient algorithm
presented in Section 1.5.3. The solution 0 is obtained in at most d iterations and
the complexity of each iteration is O(nd) (the cost of computing a gradient of IA/)
Therefore the total running time complexity is O(@).

Regularized risk minimization. The (,-regularized training error Ly(0) = \||0]|2+
= > ((¢(x;),0) — y;)* may also be considered. Hsu et al. [2014] show its minimizer

0, achieves, under suitable assumptions, a similar estimation rate
- o%d
L() = 1(0.) = O( ==+ A10.013).

Thus A = O(ﬁ) is taken to obtain L(fy) — L(6,) = O(c%d/n). Furthermore the
® ([T
regularization may be leveraged by using fast optimization methods dedicated to finite

sum of strongly convex functions. Accelerated-SDCA has a running time complexity
O(d(n + Ry/n/Alog(1/¢))). Replacing with the value of A, the global running time

<02d2+||9* |l Rod3/2 )
- .

complexity becomes O

Stochastic approximations. The generalization error may also be directly opti-
mized using stochastic gradient descent with constant step size and averaging, as in
o?d?+dR?|0. 2 )

Section 1.6.4. One directly obtains a running time complexity O( ~
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Online learning. The Vovk-Azoury-Warmuth predictor presented in Section 1.7
guarantees an O(dlog(n)/n) bound on the regret for any sequence (1,41, ..., Tn, Yn)-
When the data are actually i.i.d., the average predictor h,, defined by

n

hal) = = D267 0)
i=1
can be taken into account. Classic online to batch conversion techniques ensure an
estimation error O(o2d/n+ R?(|0.]|3/n). The main downside of this method is that it
is unclear how to efficiently compute this average. It may be relaxed in hy, () = (0,,, z)
where 9~n is defined by 0~n = %Z?Zl 67" but the independence between 0~n and z,, is
then lost and the statistical properties of this estimator are not well understood.

Hence the best running time complexity of these methods is O(w) with a

minimax optimal variance term %d? /e and a suboptimal bias term O(dm!ﬂ). Actu-
ally a bias term with a decrease in 1/4/¢ is expected since it is the optimal rate of con-
vergence for first-order optimization of smooth non-strongly convex quadratic func-
tions. This issue will be the quest of the two following chapters of this manuscript.
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Part 1

Stochastic Approximation and
Least-Squares Regression
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Chapter 2

Multistep Methods for Quadratic
Optimization

Abstract

We show that accelerated gradient descent, averaged gradient descent and the
heavy-ball method for quadratic non-strongly convex problems may be reformulated
as constant parameter second-order difference equation algorithms, where stability
of the system is equivalent to convergence at rate O(1/n?), where n is the number
of iterations. We provide a detailed analysis of the eigenvalues of the corresponding
linear dynamical system, showing various oscillatory and non-oscillatory behaviors,
together with a sharp stability result with explicit constants. We also consider the
situation where noisy gradients are available, where we extend our general convergence
result, which suggests an alternative algorithm (i.e., with different step sizes) that
exhibits the good aspects of both averaging and acceleration.

This chapter is based on our work: “From Averaging to Acceleration, There is
Only a Step-size”, N. Flammarion and F. Bach, published in the Proceedings of the
International Conference on Learning Theory (COLT), 2015.

2.1 Introduction

Many problems in machine learning are naturally cast as convex optimization
problems over a Euclidean space; for supervised learning this includes least-squares
regression, logistic regression, and the support vector machine. Faced with large
amounts of data, practitioners often favor first-order techniques based on gradient
descent, leading to algorithms with many cheap iterations. For smooth problems, two
extensions of gradient descent have had important theoretical and practical impacts:
acceleration and averaging.

Acceleration techniques date back to Nesterov [1983] and have their roots in mo-
mentum techniques and conjugate gradient [Polyak, 1987|. For convex problems, with
an appropriately weighted momentum term which requires to store two iterates, Nes-
terov [1983] showed that the traditional convergence rate of O(1/n) for the function
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values after n iterations of gradient descent goes down to O(1/n?) for accelerated
gradient descent, such a rate being optimal among first-order techniques that can
access only sequences of gradients [Nesterov, 2004]. Like conjugate gradient methods
for solving linear systems, these methods are however more sensitive to noise in the
gradients; that is, to preserve their improved convergence rates, significantly less noise
may be tolerated [d’Aspremont, 2008, Schmidt et al., 2011, Devolder et al., 2014].

Averaging techniques which consist in replacing the iterates by the average of all
iterates have also been thoroughly considered, either because they sometimes lead to
simpler proofs, or because they lead to improved behavior. In the noiseless case where
gradients are exactly available, they do not improve the convergence rate in the con-
vex case; worse, for strongly convex problems, they are not linearly convergent while
regular gradient descent is. Their main advantage comes with random unbiased gra-
dients, where it has been shown that they lead to better convergence rates than the
unaveraged counterparts, in particular because they allow larger step-sizes [Polyak
and Juditsky, 1992, Bach and Moulines, 2011]. For example, for least-squares regres-
sion with stochastic gradients, they lead to convergence rates of O(1/n), even in the
non-strongly convex case [Bach and Moulines, 2013].

In this chapter, we show that for quadratic problems, both averaging and accel-
eration are two instances of the same second-order finite difference equation, with
different step-sizes. They may thus be analyzed jointly, together with a non-strongly
convex version of the heavy-ball method [Polyak, 1987, Section 3.2|. In presence of
random zero-mean noise on the gradients, this joint analysis allows to design a novel
intermediate algorithm that exhibits the good aspects of both acceleration (quick
forgetting of initial conditions) and averaging (robustness to noise).

In this chapter, we make the following contributions:

— We show in Section 2.2 that accelerated gradient descent, averaged gradient de-
scent and the heavy-ball method for quadratic non-strongly convex problems
may be reformulated as constant parameter second-order difference equation algo-
rithms, where stability of the system is equivalent to convergence at rate O(1/n?).

— In Section 2.3, we provide a detailed analysis of the eigenvalues of the corre-
sponding linear dynamical system, showing various oscillatory and non-oscillatory
behaviors, together with a sharp stability result with explicit constants.

— In Section 2.4, we consider the situation where noisy gradients are available, where
we extend our general convergence result, which suggests an alternative algorithm
(i.e., with different step sizes) that exhibits the good aspects of both averaging
and acceleration.

— In Section 2.5, we illustrate our results with simulations on synthetic examples.

2.2 Second-Order Iterative Algorithms for Quadratic
Functions

In this chapter, we consider minimizing a convex quadratic function f : RY — R
defined as:

£(0) = 3(0, HO) — {q,0), (2.1)
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with H € R™? a symmetric positive semi-definite matrix and ¢ € R% Without
loss of generality, H is assumed invertible (by projecting onto the orthogonal of
its null space), though its eigenvalues could be arbitrarily small. The solution is
known to be 0, = H~ !¢, but the inverse of the Hessian is often too expensive to
compute when d is large. The excess cost function may be simply expressed as

f(en) - f(Q*) = %wn — 0., H(en - ‘9*>>

2.2.1 Second-order Algorithms

In this chapter we study second-order iterative algorithms of the form:
9n+1 = Anen + Bnenfl + Cn, (22)

started with 6, = 6, in R?, with A,, € R™? B, € R%? and ¢, € R? for all n € N*.
We impose the natural restriction that the optimum 6, is a stationary point of this
recursion, that is, for all n € N*:

0, = A0, + B,0, + c,. (0,-stationarity)

By letting ¢,, = 0,, — 0, we then have ¢, 1 = A, ¢, + B¢, _1, started from ¢y = ¢ =
Oy — 0. Thus, we restrict our problem to the study of the convergence of an iterative
system to 0.

In connection with accelerated methods, we are interested in algorithms for which

fOn) = £(6s) = 5{bn, Hon) (2.3)

converges to 0 at a speed of O(1/n?). Within this context we impose that A, and B,
have the form:

A, =5 Aand B, ="4B Vn e Nwith A, B € R (n-scalability)

By letting n,, = n¢, = n(0, — 0.), we can now study the simple iterative system with
constant terms 1,1 = An, + Bn,_1, started at ny = 0 and 1, = 6y — #,. Showing
that the function values f(7,) remain bounded, we directly have from Eq. (2.3), the
convergence of f(6,) to f(6,) at the speed O (1/n?). Thus the n-scalability property
allows to switch from a convergence problem to a stability problem.

For feasibility concerns the method can only access H through matrix-vector prod-
ucts. Therefore A and B should be polynomials in H and ¢ a polynomial in H times ¢,
if possible of low degree. The following theorem clarifies the general form of iterative
systems which share these three properties (see proof in Appendix 2.B).

Theorem 2. Let (P,,Q,, R,) € (R[X])? for alln € N, be a sequence of polynomials.
If the iterative algorithm defined by Eq. (2.2) with A, = P,(H), B, = Qu(H) and ¢, =
R(H)q satisfies the 0,-stationarity and n-scalability properties, there are polynomials
(A, B) € (R[X])? such that:

A, = 2.2 (- Y(A(H) + B(H)H),
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B, = _n_—H(I B(H)H) and c,= n+1 (nA(H) + B(H))q.
Note that our result prevents A, and B, from being zero, thus requiring the
algorithm to strictly be of second order. This illustrates the fact that first-order
algorithms as gradient descent do not have the convergence rate in O(1/n?).
We now restrict our class of algorithms to lowest possible order polynomials, that
is, A = al and B = BI with (o, ) € R?, which correspond to the fewest matrix-
vector products per iteration, leading to the constant-coefficient recursion for n, =

ng, = n(6, —0.):
N1 = (I —aH)n, + (I = BH) (N0 — Mn—1) - (2.4)

Expression with gradients of f. The recursion in Eq. (2.4) may be written with
gradients of f in multiple ways. In order to preserve the parallel with accelerated
techniques, we rewrite it as:

2n n—1 _ no+tp n(a+p8) (n—1)8
0”""1 n+19 - n+10 n+1 f/( na—+ 9 na+p 6) ) (25)

It may be interpreted as a modified gradient recursion with two potentially different
affine (i.e., with coefficients that sum to one) combinations of the two past iterates.
This reformulation will also be crucial when using noisy gradients. The allowed values
for (o, 8) € R? will be determined in the following sections.

2.2.2 Examples

Averaged gradient descent. We consider averaged gradient descent (referred to
from now on as “Av-GD”) [Polyak and Juditsky, 1992| with step-size v € R defined by
U1 = Y —7f'(¥n) and 0,11 = — +1 Z"H ;. When computing the average online as
Opir =6, + %H(g/)nﬂ — 0,,) and seeing the average as the main iterate, the algorithm
becomes (see proof in Appendix 2.B.2):

Oni1 = f—fr‘lé’n - Z+}9n 1= n+1fl<n9 —(n— 1)9?1—1)'

This corresponds to Eq. (2.5) with @ = 0 and 5 = 7.

Accelerated gradient descent. We consider the accelerated gradient descent (re-
ferred to from now on as “Acc-GD”) [Nesterov, 1983] with step-sizes (v, d,) € R*:

0n+1 = Wp — ’Vf/(wn), Wy = en + 6n<6n - enfl)-

For smooth optimization, the accelerated literature [Nesterov, 2004, Beck and Teboulle,

2009] uses the step-size 6, = 1 — n_+1 and their results are not valid for bigger step-

size 0,. However &, = 1 — 27 is compatible with the framework of Lan [2012] and is
more convenient for our set-up. This corresponds to Eq. (2.5) with « = v and 8 = 7.
Note that accelerated techniques are more generally applicable, e.g., to composite

optimization with smooth functions [Nesterov, 2013, Beck and Teboulle, 2009].
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Heavy ball. We consider the heavy-ball algorithm (referred to from now on as
“HB”) [Polyak, 1964] with step-sizes (v, 4d,) € R? :

gn—i-l = Qn - ’Yf/(gn) + 5n<9n - en—l)a
when 9, = 1— %H (we note that typically ¢, is constant for strongly convex problems).
This corresponds to Eq. (2.5) with a =~ and § = 0.

2.3 Convergence with Noiseless Gradients

We study the convergence of the iterates defined by Eq. (2.4). This is a second-
order iterative system with constant coefficients that it is standard to cast in a linear
framework |[see, e.g., Ortega and Rheinboldt, 2000]. We may rewrite it as:

O, = FO,_,, with ©, = ( I ) and F = (21_ <O‘]+ ) H ”BHO_ ]> € R24x2d,
n—1

Thus ©, = F"0O,. Following O’Donoghue and Candés [2013], if we consider an
eigenvalue decomposition of H, i.e., H = PDiag(h)P" with P an orthogonal matrix
and (h;) the eigenvalues of H, sorted in decreasing order: hy = L > hg 1 > -+ >
ho > hy = p > 0, then Eq. (2.4) may be rewritten as:

P i1 = (I — aDiag (h)) P'n, + (I — 8Diag (h)) (P, — P -n). (26)

Thus there is no interaction between the different eigenspaces and we may consider,
for the analysis only, d different recursions with 0 = p'n,, i € {1,...,d}, where
p; € R? is the i-th column of P:

My = (1= ahy)nl, + (1= Bh) (n, —m,_,) - (2.7)

2.3.1 Characteristic Polynomial and Eigenvalues

In this section, we consider a fixed i € {1,...,d} and study the stability in the
corresponding eigenspace. This linear dynamical system may be analyzed by studying

the eigenvalues of the 2 x 2-matrix F; = 2- (Q1+ B)h: B hio_ 1). These eigenvalues

are the roots of its characteristic polynomial which is:

det(v] — F) = (z (z — 2+ (a + B)hi) + 1 — Bhy) = a? — 22(1 — (*E2)h,) + 1 — Bhs.

To compute the roots of the second-order polynomial, we compute its discriminant:
A= (U (S2))" 1+ B = u((552)7h — ).

Depending on the sign of the discriminant 4;, there will be two real distinct eigen-
values (A; > 0), two complex conjugate eigenvalues (A; < 0) or a single real eigen-
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. A — AVGD
Bh — HB
= AccGD

\

Figure 2-1 — Area of stability of the algorithm, with the three traditional algorithms
represented. In the interior of the triangle, the convergence is linear.

value (A; =0).

We will now study the sign of A;. In each different case, we will determine
under what conditions on o and  the modulus of the eigenvalues is less than one,
which means that the iterates (7’), remain bounded and the iterates (6,), converge

to 6,. We may then compute function values from Eq. (2.3) as f(6,) — f(0.) =
5w 2 (M) 2hs = 3 300 (0)2hi.

The various regimes are summarized in Figure 2-1: there is a triangle of values
of (ahy, Bh;) for which the algorithm remains stable (i.e., the iterates (7,), do not
diverge), with either complex or real eigenvalues. In the following lemmas (see proof
in Appendix 2.C), we provide a detailed analysis that leads to Figure 2-1.

Lemma 1 (Real eigenvalues). The discriminant A; is strictly positive and the algo-
rithm is stable if and only if

a>0, a+28<4/h;, a+p>2y/a/h,.

We then have two real roots rii =r; £ VA;, withr; =1 — (%ﬁ)hl Moreover, we

have:
D 2.9

Therefore, for real eigenvalues, ((¢!,)?h;), will converge to 0 at a speed of O(1/n?)
however the constant A; may be arbitrarily small (and thus the scaling factor ar-
bitrarily large). Furthermore we have linear convergence if the inequalities in the
lemmas are strict.

Lemma 2 (Complex eigenvalues). The discriminant A; is stricly negative and the
algorithm is stable if and only if

a>0, >0, a+p<a/h,.
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We then have two complex conjugate eigenvalues: 7“?: =71, £v—1v/—A;. Moreover,

we have: A

(¢1)>  sin*(win) o,
n (o= (25"
with p; = /1 — Bh;, and w; defined through sin(w;) = /—2A;/p; and cos(w;) = 1;/p;.

() i = (2.9)

Therefore, for complex eigenvalues, there is a linear convergence if the inequalities
in the lemma are strict. Moreover, ((¢!)%h;), oscillates to 0 at a speed of O(1/n?)
even if h; is arbitrarily small.

Coalescing eigenvalues. When the discriminants go to zero in the explicit formu-
las of the real and complex cases, both the denominator and numerator of ((¢%)2h;),
will go to zero. In the limit case, when the discriminant is equal to zero, we will
have a double real eigenvalue. This happens for § = 24/a/h; — @. Then the eigen-
value is r; = 1 — y/ah;, and the algorithm is stable for 0 < a < 4/h;, we then have
(¢7)%h; = hi(¢2)?(1 — v/ahy)* ™=V, This can be obtained by letting A; goes to 0 in
the real and complex cases (see also Appendix 2.C.3).

Summary. To conclude, the iterate (n%), = (n(6: — 6%)),, will be stable for a €
[0,4/h;] and B € [0,2/h; — a/2]. According to the values of o and § this iterate will
have a different behavior. In the complex case, the roots are complex conjugate with
magnitude /1 — Bh;. Thus, when 8 > 0, (1},),, will converge to 0, oscillating, at rate
v/1 — Bh;. In the real case, the two roots are real and distinct. However the product
of the two roots is equal to /1 — Sh;, thus one will have a higher magnitude and
(n)n will converges to 0 at rate higher than in the complex case (as long as « and 3
belong to the interior of the stability region).

Finally, for a given quadratic function f, all the d iterates (n?,),, should be bounded,
therefore we must have o« € [0,4/L] and 8 € [0,2/L — «/2]. Then, depending on the
value of h;, some eigenvalues may be complex or real.

2.3.2 Classical Examples

For particular choices of a and f, displayed in Figure 2-1, the eigenvalues are
either all real or all complex, as shown in the table below.

Av-GD Acc-GD Heavy ball

o 0 ~ Y
B i g 0 h
A (Yhi)? —yhi(l —yhi)  —yhi(1 = 23)
i 1,1 —hi T — Ahgeti ki,

cos(w;) V1—~h; 1—1h;
p VT=, 1
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Averaged gradient descent loses linear convergence for strongly convex problems,
because 77 = 1 for all eigensubspaces. Similarly, the heavy ball method is not adap-
tive to strong convexity because p; = 1. However, accelerated gradient descent, al-
though designed for non-strongly convex problems, is adaptive because p; = /1 — vh;
depends on h; while o and  do not. These last two algorithms have an oscillatory
behavior which can be observed in practice and has been already studied [Su et al.,
2014].

Note that all the classical methods choose step-sizes « and [ either having all the
eigenvalues real or complex; whereas we will see in Section 2.4 that it is significant to
combine both behaviors in the presence of noise.

2.3.3 General Bound

Even if the exact formulas in Lemmas 1 and 2 are computable, they are not easily
interpretable. In particular when the two roots become close, the denominator will go
to zero, which prevents us from bounding them easily. When we further restrict the

domain of («, 3), we can always bound the iterate by the general bound (see proof in
Appendix 2.D):

Theorem 3. For a <1/h; and 0 < 8 < 2/h; — «, we have

ive . f2m)* 8(mi)’n  16(n;)?
(7,) Smln{ ohy (ot Bhy (a+ﬂ)2h§}' (2.10)

These bounds are shown by dividing the set of («, 3) in three regions where we
obtain specific bounds. They do not depend on the regime of the eigenvalues (complex
or real); this enables us to get the following general bound on the function values,
our main result for the deterministic case.

Corollary 1. For 0 < a <1/L and0< 5 <2/L — a:

2 2

e
6 - 1(6.) <min {0 =20 S0

We can make the following observations:

— The first bound % corresponds to the traditional acceleration result, and
is only relevant for o« > 0 (that is, for Nesterov acceleration and the heavy-ball
method, but not for averaging). We recover the traditional convergence rate
of second-order methods for quadratic functions in the singular case, such as

conjugate gradient |[Polyak, 1987, Section 6.1].

— While the result above focuses on function values, like most results in the non-
strongly convex case, the distance to optimum ||6,, — 6,||* typically does not go to
zero (although it remains bounded in our situation).

4)|60—04 |
(a+B)n
a convergence rate of O(1/n) if no assumption is made regarding the starting point

— When a = 0 (averaged gradient descent), then the second bound provides
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0 1 2 3 4 ah;
Figure 2-2 — Trade-off between averaged and accelerated methods for noisy gradients.

0y, while the last bound of Theorem 3 would lead to a bound W, that

is a rate of O(1/n?), only for some starting points.
— As shown in Appendix 2.E by exhibiting explicit sequences of quadratic functions,
the inverse dependence in an? and (a + 8)n in Eq. (2.11) is not improvable.

2.4 Quadratic Optimization with Additive Noise

In many practical situations, the gradient of f is not available for the recursion
in Eq. (2.5), but only a noisy version. In this chapter, we only consider additive
uncorrelated noise with finite variance.

2.4.1 Stochastic Difference Equation

We now assume that the true gradient is not available and we rather have access
to a noisy oracle for the gradient of f in Eq. (2.5). We assume that the oracle outputs
a noisy gradient f’ (%Zig) 0, — (Z;}r)[f
uncorrelated zero-mean with bounded covariance, i.e., Ele, ® €,,] = 0 for all n # m
and Ele, ® ¢,] < C, where A < B means that B — A is positive semi-definite.

For quadratic functions, for the reduced variable n, = n¢, = n(0, — 6.), we get:

On,l) — €p41- The noise (e,) is assumed to be

Tn+1 = (I - aH)nn + (I - BH)(% - 77n71) + [na + 6]€n+1~ (212>

Note that algorithms with o # 0 will have an important level of noise because of the

[na + Blenta

term nae,+1. We denote by &,11 = ( 0

) and we now have the recursion:

@n+1 == F@n + fn—i—ly (213)

which is a standard noisy linear dynamical system [see, e.g., Arnold, 1998] with un-
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correlated noise process (£,). We may thus express ©,, directly as ©,, = F"710; +
Son_y F7FE,, and its expected second-order moment as

E(0,0,) = F" 0,0 (F" )" + > F"*E(&¢] ) (F ) .

k=2

In order to obtain the expected excess cost function, we simply need to compute

0 0\g

tr (0 H) (@n@z ), which thus decomposes as a term that only depends on initial

conditions (which is exactly the one computed and studied in Section 2.3.3), and a
new term that depends on the noise.

2.4.2 Convergence Result

For a quadratic function f with arbitrarily small eigenvalues and uncorrelated
noise with finite covariance, we obtain the following convergence result (see proof in
Appendix 2.F); since we will allow the parameters o and f to depend on the time we
stop the algorithm, we introduce the horizon N:

Theorem 4 (Convergence rates with noisy gradients). With E[e, ® ,] = C' for all
n €N, forozg% andOSﬁg%—a. Then for any N € N, we have:

Ef(On) — f(0.) <

16— 61" (aN + 8)” 460 — 6.]°  4(aN + B)”
mm{ aN? T anN (@), (a+B)N a+p tr(C’)}.

We can make the following observations:

— Although we only provide an upper-bound, the proof technique relies on direct
moment computations in each eigensubspace with few inequalities, and we con-
jecture that the scalings with respect to N are tight.

— For a = 0 and § = 1/L (which corresponds to averaged gradient descent), the

second bound leads to 4L”9‘}\;9*”2 + 4trL(c), which is bounded but not converging to

zero. We recover a result from Bach and Moulines [2011, Theorem 1].

— For a = 8 = 1/L (which corresponds to Nesterov’s acceleration), the first bound
2
leads to LHG‘}V}@*” + (NH%H(C), and our bound suggests that the algorithm diverges,

which we have observed in our experiments in Appendix 2.A.

— Fora=0and g = 1/L\/N, the second bound leads to 4L”%0*H2 + 4;5%), and we

recover the traditional rate of 1/v/N for stochastic gradient in the non-strongly
convex case.

— When the values of the bias and the variance are known we can choose « and
[ such that the trade-off between the bias and the variance is optimal in our
bound, as the following corrollary shows. Note that in the bound below, taking
a non-zero 3 enables the bias term to be adaptive to hidden strong convexity.
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Corollary 2. For a = min {%, 1/L} and € [0,min{Na, 1/L}|, we have:

_ 2Ll —0.]* | 4v/ixClgy — 0.

]Ef(eN) - f(e*) N2 \/N

2.4.3 Structured Noise and Least-Squares Regression

When only the noise total variance tr(C') is considered, as shown in Section 2.4.4,
Corollary 2 recovers existing (more general) results. Our framework however leads to
improved result for structured noise processes frequent in machine learning, in par-
ticular in least-squares regression which we now consider but also in others problems
[see, e.g. Bach and Moulines, 2013].

Assume we observe independent and identically distributed pairs (x,,y,) € R¢xR
and we want to minimize the expected loss f(0) = 1E[(y, — (0, 2,))?]. We denote by
H = E(z, ® z,) the covariance matrix which is assumed invertible. The global
minimum of f is attained at 6, € RY defined as before and we denote by 7, =
Yn — (O, x,,) the statistical noise, which we assume bounded by o. We have E[r,z,| =
0. In an online setting, we observe the gradient (z, ® x,)(0 — 0.) — r,z,, whose
expectation is the gradient f’(f). This corresponds to a noise in the gradient of
en = (H — 2, ®x,)(0 — 0,) + rpx,. Given 0, if the data (x,,y,) are almost surely
bounded, the covariance matrix of this noise is bounded by a constant times H. This
suggests to characterize the noise convergence by tr(C'H~'), which is bounded even
though H has arbitrarily small eigenvalues.

However, our result will not apply to stochastic gradient descent (SGD) for least-
squares, because of the term (H — z, ® x,)(0 — 0.) which depends on 6, but to
a “semi-stochastic” recursion where the noisy gradient is H(6 — 6,) — r,z,, with a
noise process €, = r,&,, which is such that E[e, ® ¢,] < o?H, and has been used
by Bach and Moulines [2011] and Dieuleveut and Bach [2015] to prove results on
regular stochastic gradient descent. We conjecture that our algorithm (and results)
also applies in the regular SGD case, and we provide encouraging experiments in
Section 2.5.

For this particular structured noise we can take advantage of a large f3:

Theorem 5 (Convergence rates with structured noisy gradients). Let o < * and

i3
0<B <3 —9. Forany N €N, Ef(0n) — f(0.) is upper-bounded by:

[ 1160 = 0:]> | (aN +B)?
mm{ Na T aBN?

(o), BB | SN £P7 MDY

(a+ B)N (a+ B)2N
We can make the following observations:

— For @« = 0 and 8 = 1/L (which corresponds to averaged gradient descent), the

2 —
second bound leads to 4LH93\;9*” + Str(C;VH 1). We recover a result from Bach and

Moulines [2013, Theorem 1]. Note that when C' < 0?H, tr(CH™ ') < o?d.

— For a = = 1/L (which corresponds to Nesterov’s acceleration), the first bound
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2
leads to LHG(}V;QG*H + tr(CH™'), which is bounded but not converging to zero (as
opposed to the the unstructured noise where the algorithm may diverge).

— For @« = 1/(LN®) with 0 < a < 1 and 8 = 1/L, the first bound leads to
L||90—9*\\2+tr(CH—1
N2—a Na
the value of a.

). We thus obtain an explicit bias-variance trade-off by changing

— When the values of the bias and the variance are known we can choose o and [
with an optimized trade-off, as the following corrollary shows:

Corollary 3. For a = min {Lte\/?i#z*”l)zv’ 1/L} and B =min {Na,1/L} we have:

5tr(CH™Y) 5y/a(CHL|6y — 6.] 2[00 —0*\|2L}
N ’ N ’ N2 ’

Ef(0x) - f(6.) < max{

2.4.4 Related Work

Acceleration and noisy gradients. Several authors [Lan, 2012, Hu et al., 2009,
Xiao, 2010] have shown that by using a step-size proportional to 1/N3/? accelerated

methods with noisy gradients lead to the same convergence rate of O(LH@ON—_ZQ*H2 +

% ”tr(o)) as in Corollary 2, for smooth functions. Thus, for unstructured noise,
our analysis provides insights in the behavior of second-order algorithms, without
improving bounds. We get significant improvements for structured noises.

Least-squares regression. When the noise is structured as in least-square regres-
sion and more generally in linear supervised learning, Bach and Moulines [2011] have
shown that using averaged stochastic gradient descent with constant step-size leads
to the convergence rate of O(LHHOTW + %) It has been highlighted by Défossez and

Bach [2015] that the bias term LHGOTW may often be the dominant one in practice.
Our result in Corollary 3 leads to an improved bias term in O(1/N?) with the price
of a potentially slightly worse constant in the variance term. However, with optimal
constants in Corollary 3, the new algorithm is always an improvement over averaged
stochastic gradient descent in all situations. If constants are unknown, we may use
a = 1/(LN®) with 0 < a < 1 and = 1/L and we choose a depending on the
emphasis we want to put on bias or variance.

Minimax convergence rates. For noisy quadratic problems, the convergence rate
nicely decomposes into two terms, a bias term which corresponds to the noiseless
problem and the variance term which corresponds to a problem started at 6,. For
each of these two terms, lower bounds are known. For the bias term, if N < d,
then the lower bound is, up to constants, L|6y — 6.||*/N? [Nesterov, 2004, Theo-
rem 2.1.7]. For the variance term, for the general noisy gradient situation, we show in
Appendix 2.H that for N < d, it is (tr C')/(LV/N), while for least-squares regression,
it is 0?d/N |Tsybakov, 2009]. Thus, for the two situations, we attain the two lower
bounds simultaneously for situations where respectively L||0y — 0.]|*> < (tr C)/L and
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Structured noisy gradients, d=20 Structured noisy gradients, d=20

= 0!—OA = —OA
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Figure 2-3 — Quadratic optimization with regression noise. Left 0 = 1, »r = 1. Right
o=0.1, r=10.

L||6y — 0.]|*> < do?. Tt remains an open problem to achieve the two minimax terms in
all situations.

Other algorithms as special cases. We also note as shown in Appendix 2.G
that in the special case of quadratic functions, the algorithms of Lan [2012], Hu
et al. [2009], Xiao [2010] could be unified into our framework (although they have
significantly different formulations and justifications in the smooth case).

2.5 Experiments

In this section, we illustrate our theoretical results on synthetic examples. We
consider a matrix H that has random eigenvectors and eigenvalues 1/k™, for k =
1,...,d and m € N. We take a random optimum 6, and a random starting point
6y such that r = ||y — 0.|| = 1 (unless otherwise specified). In Appendix 2.A, we
illustrate the noiseless results of Section 2.3, in particular the oscillatory behaviors and
the influence of all eigenvalues, as well as unstructured noisy gradients. In this section,
we focus on noisy gradients with structured noise (as described in Section 2.4.3), where
our new algorithms (referred to as “OA”) show significant improvements.

We compare our algorithm to other stochastic accelerated algorithms, that is,
AC-SA |Lan, 2012|, SAGE [Hu et al., 2009] and Acc-RDA [Xiao, 2010] which are
presented in Appendix 2.G. For all these algorithms (and ours) we take the optimal
step-sizes defined in these papers. We show results averaged over 10 replications.

Homoscedastic noise. We first consider an i.i.d. zero mean noise whose covariance
matrix is proportional to H. We also consider a variant “OA-at” of our algorithm with
an any-time step-size function of n rather than N (for which we currently have no
proof of convergence). In Figure 2-3, we take into account two different set-ups. In
the left plot, the variance dominates the bias (with r = ||#y — 0.]| = o). We see that
(a) Ace-GD does not converge to the optimum but does not diverge either, (b) Av-GD
and our algorithms achieve the optimal rate of convergence of O(c2d/n), whereas (c)
other accelerated algorithms only converge at rate O(1/y/n). In the right plot, the
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Figure 2-4 — Least-Square Regression. Left ¢ = 1, » = 1. Right ¢ = 0.1, r = 10.

bias dominates the variance (r = 10 and ¢ = 0.1). In this situation our algorithm
outperforms all others.

Application to least-squares regression. We now see how these algorithms be-
have for least-squares regressions and the regular (non-homoscedastic) stochastic gra-
dients described in Section 2.4.3. We consider normally distributed inputs. The
covariance matrix H is the same as before. The outputs are generated from a lin-
ear function with homoscedatic noise with a signal-to-noise ratio of . We consider
d = 20. We show results averaged over 10 replications. In Figure 2-4, we consider
again a situation where the variance dominates the bias (left) and vice versa (right).
We see that our algorithm has the same good behavior as in the homoscedastic noise
case and we conjecture that our bounds also hold in this situation.

2.6 Conclusion

We have provided a joint analysis of averaging and acceleration for non-strongly
convex quadratic functions in a single framework, both with noiseless and noisy gra-
dients. This allows us to define a class of algorithms that can benefit simultaneously
from the known improvements of averaging and acceleration: faster forgetting of
initial conditions (for acceleration), and better robustness to noise when the noise
covariance is proportional to the Hessian (for averaging).

Our current analysis of our class of algorithms in Eq. (2.5), that considers two
different affine combinations of previous iterates (instead of one for traditional accel-
eration), is limited to quadratic functions; an extension of its analysis to all smooth
or self-concordant-like functions would widen its applicability. Similarly, an extension
to least-squares regression with natural heteroscedastic stochastic gradient, as sug-
gested by our simulations, would be an interesting development. At this point, it is
tempting to consider algorithms which use the last three iterates rather than the last
two. In particular, we investigate the effect of blending acceleration and averaging in
Chapter 3.
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Appendix

2.A Additional Experimental Results

In this appendix, we provide additional experimental results to illustrate our the-
oretical results.

2.A.1 Deterministic Convergence

Comparaison for d = 1. In Figure 2.A.1, we minimize a one-dimensional quadratic
function f(0) = 362 for a fixed step-size & = 1/10 and different step-sizes 5. In the
left plot, we compare Acc-GD, HB and Av-GD. We see that HB and Acc-GD both
oscillate and that Acc-GD leverages strong convexity to converge faster. In the right
plot, we compare the behavior of the algorithm for different values of 5. We see that
the optimal rate is achieved for § = [, defined to be the one for which there is a
double coalescent eigenvalue, where the convergence is linear at speed O(1 — vaL)".
When § > f,, we are in the real case and when g < [, the algorithm oscillates to

the solution.

Comparison between the different eigenspaces. Figure 2.A.2 shows interac-
tions between different eigenspaces. In the left plot, we optimize a quadratic function
of dimension d = 2. The first eigenvalue is L = 1 and the second is y = 278. For
Av-GD the convergence is of order O(1/n) since the problem is “not” strongly convex

Minimization of f(9)=0%/2 Minimization of f(6)=6%/2
0 .
S o g
@ S
;O— -201—AccGD ;9
o —HB o
ag.—AVED 100,
0 50 100 0 50 100
n n

Figure 2.A.1 — Deterministic case for d = 1 and o = 1/10. Left: classical algorithms,
right: different oscillatory behaviors.
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d=2, hi=i® d=5, a=0.5, $=0.5

0
= 10
S
;‘3 -20|=—AccGD
o —HB
30 —AvGD
- 0
0 2 4
|Og10(n) 0 1n0 20

Figure 2.A.2 — Left: Deterministic quadratic optimization for d = 2. Right: Function
value of the projection of the iterate on the different eigenspaces (d = 5).

d=20, hi=i—2 d=20, hi=i®
0 ‘ _2 ‘ ‘ ‘

= -5 =
il T
s -10 &
= —AccGD "o _gll=—AccGD
& ~15|—HB 8 |—HB

20 —AVGD g —AVGD

0 2 4 0 1 2 3 4

log4(n) log;o(n)

Figure 2.A.3 — Deterministic case for d = 20 and v = 1/10. Left: m = 2. Right:
m = 8.

(i.e., not appearing as strongly convex since nyu remains small). The convergence is
at the beginning the same for HB and Acc-GD, with oscillation at speed O(1/n?),
since the small eigenvalue prevents Acc-GD from having a linear convergence. Then
for large n, the convergence becomes linear for Acc-GD, since un becomes large. In
the right plot, we optimize a quadratic function in dimension d = 5 with eigenvalues
from 1 to 0.1. We show the function values of the projections of the iterates 7, on
the different eigenspaces. We see that high eigenvalues first dominate, but converge
quickly to zero, whereas small ones keep oscillating, and converge more slowly.

Comparison for d = 20. In Figure 2.A.3, we optimize two 20-dimensional quadratic
functions with different eigenvalues with Av-GD, HB and Acc-GD for a fixed step-size
v = 1/10. In the left plot, the eigenvalues are 1/k* and in the right one, they are 1/k®,
for k =1,...,d. We see that in both cases, Av-GD converges at a rate of O(1/n) and
HB at a rate of O(1/n?). For Acc-GD the convergence is linear when p is large (left
plot) and becomes sublinear at a rate of O(1/n?) when p becomes small (right plot).
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Noisy gradients, d=20, hi=i*

10g, 4(n)

Figure 2.A.4 — Quadratic optimization with additive noise.

2.A.2 Noisy Convergence with Unstructured Additive Noise

We optimize the same quadratic function, but now with noisy gradients. We
compare our algorithm to other stochastic accelerated algorithms, that is, AC-SA
[Lan, 2012], SAGE [Hu et al., 2009] and Acc-RDA [Xiao, 2010|, which are presented
in Appendix 2.G. For all these algorithms (and ours) we take the optimal step-sizes
defined in these papers. We plot the results averaged over 10 replications.

We consider in Figure 2.A.4 an i.i.d. zero mean noise of variance C' = I. We see
that all the accelerated algorithms achieve the same precision whereas Av-GD with
constant step-size does not converge and Acc-Gd diverges. However SAGE and AC-
SA are anytime algorithms and are faster at the beginning since their step-sizes are
decreasing and not a constant (with respect to n) function of the horizon N.

2.B Proofs of Section 2.2

2.B.1 Proof of Theorem 2

Let (Pn,Qn, R,) € (R[X])? for all n € N be a sequence of polynomials. We
consider the iterates defined for all n € N* by

Opi1 = Po(H)0, + Qn(H)b,—1 + R(H)q,
started from 6, = 0; € R%. The 6,-stationarity property gives for n € N*:
0.=P,(H)0. +Q,(H)0. + R,(H)q.
Since 0, = H 'q we get for all ¢ € R?
H'q=P,(H)H ¢+ Q.(H)H 'q+ R,(H)q.
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For all § € R? we apply this relation to vectors ¢ = Hg:
and we get
I=P,(H)+Qu(H)+ R,(H)H Vn €N

Therefore there are polynomials (P,,@,) € (R[X])? and ¢, € R for all n € N* such
that we have for all n € N:

X) = (1-q)I+XP,(X)
Qn(X) = QnI+XQn(X)
X) = —(Py(X)+Qn(X)). (2.14)

The n-scalability property means that there are polynomials (P, Q) € (R[X])? inde-
pendent of n such that:

Pu(X) = == P(X),
QulX) = Q).

And in connection with Eq. (2.14) we can rewrite P and @ as:

P(X)=p+ XP(X),
Q(X) =7+ XQ(X),

with (p,¢) € R? and (P, Q) € (R[X])2 Thus for all n € N:

n—1_

Gn = n+1q (2.15)
GQ(X) = "a)
njlp = (1-qn) (2.16)
P(X) = —5P(X)

Eq. (2.15) and Eq. (2.16) give:

no_ 1 n—1_
n—i—lp_ n—|—1q )

Thus for n = 1, we have p = 2. Then —24¢ = 2% — 1 =2 and § = —1. Therefore
2n n o -
P, (H) = 1 P(H)H
(H) n+1 +n+1 (H)
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n—1

Qu(f) = ———I+Q(H)H

We let A= —(P+ Q) and B = Q so that we have:

) — 20 (I_(A(H)J;B(H))H>

n—+1
Qu(H) = ~"" (1~ B(H)H)
R (nA(f?jf(H))’

and with ¢, = 0,, — 0, for all n € N, the algorithm can be written under the form:

bwor=| 1= (S A+ 2B ) ] ou+ (12225 ) - BUDH) (6, )

2.B.2 Av-GD as Two-Steps Algorithm

We show now that when the averaged iterate of Av-GD is seen as the main iterate
we have that Av-GD with step-size v € R is equivalent to:

2n n—1
n+1" n+1

Y '
Ont1 = Op—1 — n—+1f (nen - (n - 1)9n—1>~

We remind

¢n+1 = Yn— ’Vf/(wn)a

en—i-l en + n—_i_l(wn—i-l - en)

Thus, we have:

1
Ot = On+ —— (s — 0
n+1 n T n+ 1(77Z}n+1 Tl)

1 /
= en + n—_i_l(wn - 7]0 (wn> - en)

1 /
= O+ n——l—l(en +(n = 1) — Op1) = 7f(0n + (n = 1)(0 = On1)) — 05)
. 2n n—1 v o

53



Figure 2.C.1 — Stability in the real case, with all contraints plotted.

2.C Proof of Section 2.3

2.C.1 Proof of Lemma 1

The discriminant A; is strictly positive when (O‘zﬂ)zhi —a > 0. This is always true

for « strictly negative. For a positive and for h; # 0, this is true for |QT+5| > v/a/h,;.
Thus the discriminant A; is strictly positive for

a<0 or

a>0 and {B<—a—2\/a/hi or ﬁ>—a+2\/a/hi}.

Then we determine when the modulus of the eigenvalues is less than one (which
corresponds to —1 < r; <r <1).

()]

< hya>0  and 5
< a>0 and a+ 5 >0.

Moreover, we have :

2




B+
B+

(52 o) < (2] e (252
(5 e s () [(5)0]

and (5 _; a) < 2/h;

&S —ha<4-—14 (5—1—7&) h; and

hi
& h

o
2

o
2

B
2
& [<2/h;j—a/2and < 4/h; — .

(0%
<2/h; — =
< 2/hi = 5

Figure 2.C.1 (where we plot all the constraints we have so far) enables to conclude
that the discriminant A; is strictly positive and the algorithm is stable when the
following three conditions are satisfied:

a > 0
a+p > 2+/a/h.

For any of those a et 8 we will have:

m=c(r)" +ea(rf)"

+

Since n}, =0, ¢; + o = 0 and for n =1, ¢; = n}/(r; —r;"); we thus have:

Thus, we get the final expression:

o, — @I+ VA] [ = VAT

2.C.2 Proof of Lemma 2

The discriminant A; is strictly negative if and only if (a—;rﬂfhi —«a < 0. This
implies |%:2| < \/a/h;. The modulus of the eigenvalues is 7|2 = 1 — Bh;. Thus the
discriminant A; is strictly negative and the algorithm is stable for

apB = 0
a+p < Va/h

as shown in Figure 2.C.2.
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Figure 2.C.2 — Stability in the complex case, with all constraints plotted.

For any of those a et  we have:
n = [e1 cos(win) + co sin(w;n)]pl,

with p; = /1 — Bhy, sin(w;) = vV—A;/p; and cos(w;) = r;/p;. Since i = 0, ¢; = 0

and we have for n = 1, ¢co = 1} /(sin(w;)p;). Therefore

th =k 1 ey,
and . L
(¢z )2hZ — (¢7i)2 Sin (wln) (1 o ﬁhz)n_l

n? sin®(w;)/h;

2.C.3 Coalescing Eigenvalues

When g = 24/a/h; — a, the discriminant A; is equal to zero and we have a double
real eigenvalue:
r; =1—+/ah,.
Thus the algorithm is stable for a < h%-' For any of those a et 3 we have:
nt = (cy + ney)r™.
This gives with 7y, = 0, ¢; = 0 and ¢y = 7} /r. Therefore
M, = ni(1— v/ ah;)" ™,

and:
(00,)°hs = ha(91)*(1 = V/ahy)?" 0.
In the presence of coalescing eigenvalues the convergence is linear if 0 < ao < 4/h;

and h; > 0, however one might worry about the behavior of ((¢!)%h;), when h;
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becomes small. Using the bound z? exp(—z) < 1 for z < 1, we have for o < 4/h;:

hi(1 — /ah)® = h;exp(2nlog(|l — /ahi]))

< hiexp(—2nmin{\/ah;,2 — \/ah;})
h;

min{y/ah;, 2 —h\/a_hi}Q
1 i
"o B Ve

Therefore we always have the following bound for a < 4/h;:

ey o (61)? 1 hi
(¢n) h; < An2 maX{a,m}-

IN

IN

Thus for ah; < 1 we get:
(¢,,)%h; <

2.D Proof of Theorem 3

2.D.1 Sketch of the Proof

We divide the domain of validity of Theorem 3 in three subdomains as explained
in Figure 2.D.4. On the domain described in Figure 2.D.1 we have a first bound on
the iterate 7’ :

Lemma 3. For 0 < a <1/h; and 1 — /1 —ah; < ph; <1+ /1 — ah;, we have:

And on the domain described Figure 2.D.2 we also have:

Lemma 4. For 0 < a < 1/h; and f < a we have:

These two lemmas enable us to prove the first bound of Theorem 3 since the
domain of this theorem is included in the intersection of the two domains of these
lemmas as shown in Figure 2.D.4.

Then we have the following bound on domain described in Figure 2.D.3:

Lemma 5. For 0 < a <2/h; and 0 < § < 2/h; — «, we have:

7’| < min 2v2n , 4 )
(a+ B)h; (a+ B)h
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Figure 2.D.3 — Validity of Lemma

5 Figure 2.D.4 — Area of Theorem 3

Since the domain of definition of Theorem 3 is included in the domain of definition
of Lemma 5 (as shown in Figure 2.D.4), this lemma proves the last two bounds of the
theorem.

2.D.2 Outline of the Proofs of the Lemmas

~ We find a Lyapunov function G from R? to R such that the sequence (G (1}, 1% ;))
decrease along the iterates.

— We also prove that G(n%, 7! _,) dominates c||n’ ||* when we want to have a bound

on ||, |[* of the form LG, 7)) = :G(6; — 0., 0).

For readability, we remove the index ¢ and take h; = 1 without loss of generality.

2.D.3 Proof of Lemma 3

.
We first consider a quadratic Lyapunov function (nn" ) G <nn" ) with G, =
n—1 n—1

1 —1 . . .. . .
(a 1 (1)[_ a)' We note that GGy is symmetric positive semi-definite for « < 1. We

recall F; = (2—(014+6) 581).
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For the result to be true weneed for 0 < a<landl—+vV1—-a<f<1++V1—«
two properties:

F'GF, < Gy, (2.17)
and

10
o (0 0) < Gy (2.18)

Proof of Eq. (2.18). We have:
1 0 11
Gl—a<0 0):(1—a)<1 1) =0 fora<l.

Proof of Eq. (2.17). Since 8 — F;(3)"G1F;(3) — G is convex in 8 (G is sym-
metric positive semi-definite), we only have to show Eq. (2.17) for the boundaries of
the interval in 3. For x € R%:

22—z 2\ (1 —2?\[(2®—z =z 1 —2? 9o (1 0
( 1 0) (—x2 xQ)( 1 0)_<—x2 xQ)__(l_x) (0 0)40'

This especially shows Eq. (2.17) for the boundaries of the interval with x = ++/1 — a.

Bound. Thus, because 79 = 0, we have
CW772H-1 S @ZGl@n S @Z_lGl@nfl S @0TG1@0 S 77%
This shows that for 0 < a < 1/h; and 1 — /1 — ah; < fh; <1+ /1 — ah;:

(n)?
Oéhi .

(mh)? <

2.D.4 Proof of Lemma 4

We consider now a second Lyapunov function Gy (7., 1m,-1) = (M, — m™n_1)? —
A(n,-1)?. We have:

G2(1n, 1) (

(Pt — (1= B)nn—2)® — Ay

= (P =AW+ (1= 80y —2(1 = B) 1172

(11— 5)772—1 +(1 - 5)(7”2 - A)Ui—z —2(1 = B)rnp—1Mn—2
(1-5)]

(1-5)

(77n71 - T77n72)2 - A(nan)z]-
Gy (77n—1, 77n—2)-
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Where we have used twice 2 — A = (1— ) and n,, = 2rn,_1 — (1 — 8)n,_2. Moreover
G2(Nn, Mn—1) can be rewritten as:

a+p
2

G2(nn7 7771—1) = (1 - )(nn - nn—1)2 +

Thus for o + f < 2 and § < « we have:
o

2 (1n)? < G, 1) = (1= B)" ' Ga(m,mo) = (1 — B)" " (m)*.

Therefore for a + § < 2/h; and 8 < «, we have:

(m,)? <

2.D.5 Proof of Lemma 5

We may write 7,, as
Mn = TNp—1 + (T-&-)n + (T—)n'
Moreover, we have:

|(ry )" + (r)" <2,
therefore for a + g < 2,

11— (1— (28
L < rln, 2< 9 <2 2 )
] < 70| +2 S 29— < (a5
2
Thus
] < —2
e

Moreover for all u € [0,1] and n > 1 we have 1 — (1 —u)" < y/nu, since 1 —(1—u)"* <1
and 1 — (1 —u)" =u > (1 —u)* < nu. Thus

2vn

’nn‘ < -y
(%37)

Therefore for 0 < o < 2/h; and a + 5 < 2/h; we have:

2v/2n 4
Via+ B (a+ B)hi |

i | < min{

2.E  Lower Bounds

We have the following lower-bound for the bound shown in Corollary 1, which
shows that depending on which of the two terms dominates, we may always find a
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sequence of functions that makes it tight.

Proposition 5. Let L > 0. For all sequences 0 < o, < 1/L and 0 < B3, < 2/L — a,,
such that o, + B, = o(na,) there exists a sequence of one-dimensional quadratic
functions (fy)n with second-derivative less than L such that:

A

hm oznn2(fn(9n) - fn(9*>) 2

For all sequences 0 < o, < 1/L and 0 < B, < 2/L— a,, such that noy, = o(ay, + 5),
there ezists a sequence of one-dimensional quadratic functions (gn), with second-
derwative less than L such that:

(1 — exp(—2))* |60 — 6|
. .

lim n(aw, + Bn)(gn(0n) — gu(6.)) =

Proof of the first lower-bound. For the first lower bound we consider 0 < o, <
1/L and 0 < 8, < 2/L — «, such that a,, + 8, = o(na,,). We define f, = 72/(4a,n?)
and we consider the sequence of quadratic functions f,(0) = #. We consider the
iterate (7),), defined by our algorithm. We will show that

n
lim anfn(nn) - 3

We have, from Lemma 2,

£u() = Mafn _ M7 sin(wnn)pp”
n n) — - 2 Qn . 2"
2 200, (1 — —((401,:;&)2) )

Moreover,

2\ " 2
pl = (1 — 4ann2> = exp (n log (1 — 4ann2)> =1+o0(1),

since A = o(1). Also, 1 — % =1+ o(1), since a,, + B, = o(nay,). Moreover

ann

VR, Ve - ey
Pn B \/]-_ﬁnfn

thus w, = 7/(2n) + o(1/n) and sin(nw,) = 1 + o(1).

=7/(2n) + o(1/n),

sin(wy,) =

Proof of the second lower-bound. We consider now the situation where the
second bound is active. Thus we take sequences («,) and (f,), such that na, =

o(a, + 8,). We define g, = n(an2+ BT (an4fgn)2 and consider the sequence of quadratic
gn6?

functions g,(0) = #5~. We will show for the iterate (7,) defined by our algorithm
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that:

lim n(c, + Ba)(gn(6,)

We will use Lemma 1. We first have

- gn(e*)) =

(1 — exp(=2))* |16 — 6|
| .

an—i_ﬁn 2 O‘n_{—ﬁn 1
An: 2 - ndn = Gn —.
(57) - = (M5
Thus (nA,)/gn, = (%) and
1\? 20
VA, = —) + <
\/(”) n(ay + B,)
1 14+ 2a,n
N n O‘n"’ﬁn
1+ o, ap,
= —_ 0 .
Moreover
] a, + By 1 20y,
n = 1— n - -
2 7 nooon+ By
Thus
p———
rp=1-— 0 ,
* an+ﬁn CVn_'_ﬂn
and
na na
rt =exp(nlog(ry)) =e - ~ + 0 L =1+o0(1
= explnlog(r)) = exp (-~ 25 ) o (95 ) < 1 o)
Furthermore
1 2 3oy, o,
ro=1——— 0 )
n an+6n Oén—i_ﬁn
and
" — exp(nlog(r+)) L I (=2) + o(1)
r" = exp(nlog(r =exp| —2 — 0 = exp(— o(1).
- PR IOBAT+ P 0+ Bn 0+ Bn P
Thus

(rt —r")? = (1 — exp(=2))" + o(1).

Finally, we have:

(n + Bu)n[gn(0n) — gn(0)]

an, + B [r? —r"]?
= A
2n 4N,/ gn
Z _9* g n n
_ o=ty
0o — 0.
= wu—exp(—m)uou).
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2.F Proofs of Section 2.4

2.F.1 Proofs of Theorem 4 and Theorem 5

We decompose again vectors in an eigenvector basis of H with 1! = pln, and
' T, .
€, = D; En:

77;+1 = (1 - ahi)n; + (1 - ﬁhz)(né - 772—1) + (na + 5)5;+1‘

[na + Blet 4

We denote by &, = ( 0

) and we have the reduced equation:

@;H = F0), + £7iz+1'

Unfortunately F; is not Hermitian and this formulation will not be convenient for

calculus. Without loss of generality, we assume r; # r;" even if it means having
- .+
"i ' Ti ) be the transfer matrix of

T, — r;L goes to 0 in the final bound. Let ); = L

2

Fi ie, F, =Q;D;Q;" with D, = 6 ot and Q; " = 1 ~]. We can

reparametrize the problem in the following way:
Qi'Onn = Q'FO,+Q7
= Q7'FQiQ7'6, + Q76
= Di(Qi'6,) + Q&
With ©) = Q;'0% and £ = Q; ¢! we now have:

O ., =D®O +¢& (2.19)

with now D; Hermitian (even diagonal).

Thus it is easier to tackle using standard techniques for stochastic approximation
[see, e.g., Polyak and Juditsky, 1992, Bach and Moulines, 2011]:

0, = D0+ > Ditg.

k=2
P2 L2
Let M; = ( ’O 6 >, we then get using standard martingale square moment in-

equalities, since for n # m, ¢}, and ¢!, are uncorrelated (i.e., E[e},el,] = 0):

E|M;6,|° = |M: D} O1 P + E Y |IM: DG .

k=2

This is a bias-variance decomposition; the left term only depends on the initial con-
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dition and the right term only depends on the noise process.

/2 ,1/2 1/2 _ -
We have with M; = (hio " ),Mi@f - (8 " ),and 1,6, = (W57>

Thus, we have access to the function values through:
1M:05, |17 = hi(n,,-1)*.

(_i/(r; —r)

Moreover we have ©F = A . Thus
! /(= rz‘+ ))

n—1Ai i (;
HMiDi 1@1”2 = (¢1)2hi(

This is the bias term we have studied in Section 2.3.3 which we bound with Theorem
3. The variance term is controlled by the next proposition.

Proposition 6. With E[(¢%)?] = ¢; for alln € N, fora < 1/h; and 0 < 3 < 2/h;—«,
we have

1 - n—k &i - 2(a(n—1) +B)° Ci
= I)QE; |M; D" ||* < min {045(4 a2 (n =12 by

16((n = Da+ 8P e (an=1)+6)? Slan—1)+5)’ }

(n—1)(a+ B2 h;’ (n—1)a Cis a+f G

The last two bounds prove Theorem 4.

We note that if we restrict g to 8 < 3/(2h;) — /2, then 4 — (o + 25)h; > 1 and

2(a(n=1)+8)2 ¢;

the first bound of Proposition 6 is simplified to This allows to conclude

aB(n—1)2  h;"
to prove Theorem 5.
2.F.2 Proof of Corollary 3
We let v = —A%=1_ anqd consider three different regimes depending on v and

Ltr(CH-1)

L.
If v <1/L, we have v/N < 1/L and thus o = v/N and § = v. Therefore

60— 0.1 , (aN +5)

160 — 0. N 4tr(CH™)
N2o afBN2

vIN N

VItw(CH |0y — 0,]]  4tr(CH™)
N +

N

tr(CH™) =

5tr(CH™)
— N Y

where we have used v/L||fy — 6,]| < \/tr(CH=!) since v < 1/L.
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If v>1/L and v < N/L, we have « = v/N and 5 = 1/L. Therefore

160 — 6. | (N + B)

160 — 6.||? N 4tr(CH™)
N2« afN?

vN LvN

VIU(CH [ —0.] | 4tx(CH)
N N
5y/Lte(CH )00 — 6.
N )

tr(CH™) <

where we have used v/'L||6y — 6.]| > /tr(CH-!) since v > 1/L.
If v> N/L, we have « = 1/L and = 1/L. Therefore

160 — u)1* | (a(N —1)+5)° 4 L||6lo — 0] 1
tr(CH = ——— +tr(CH
e + e r(CH™) e +tr(CH™)
2 a2
_ L0 Ll 0]
= N2 N2
2L|60 — 0.2
S T

where we have used that the real bound in Proposition 6 is in fact in (N — 1)a + 5,
(see Lemma 6) and that tr(CH ') < LHQON—_QQ*"Q since v > N/ L.

2.F.3 Proof of Proposition 6
Proof Outline

To prove Proposition 6 we will use Lemmas 6, 7 and 8, that are stated and proved
in Section 2.F.3.

We want to bound E[>"7_, || M; D%} ||?] and according to Lemma 6, we have an
explicit expansion using the roots of the characteristic polynomial:

E||M; D} & |1” = hi((k — 1)a + 5)2E[(5i)2] [(r;

Thus, by bouding (kK — 1)ae+ 8 by (n — 1)a + 3, we get

ES MO < hil(n— D)o+ p)EE?) S W) = )™

- )2
k=2 k=2 (r =77)

(2.20)

Then, we have from Lemma 7 the inequality:

S~ [00)" = 2~ B,
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Therefore

E[£%] ((n — 1) + B)? 2 — Bh;
hi daf (1= (zo+38)hi)

Y I 2D <
k=2
This allows to prove the first part of the bound. The other parts are much simpler

and are done in Lemma 8. Thus, adding these bounds gives for & < 1/h; and

1 - DrRE2 < min 2(a(n—1) +B)° <
<n—1>2E,;”M1D" ol = {aﬁ(n—1>2(4—(oz+2ﬁ>hi> hi’
16(n—Da+ 82 ¢ (o= +A)? 8(n=Da+if
(n—1)(a+ )2 hy’ (n—1a 7 a+p |

Some Technical Lemmas
We first compute an explicit expansion of the noise term as a function of the
eigenvalues of the dynamical system.
Lemma 6. For all « < 1/h; and 0 < 8 < 2/h; — a we have
f)nfk _ (Tﬂ-)nfk]Q

BIMD A = T+ BRI

Proof. We first turn the Euclidean norm into a trace, using that tr[AB] = tr[BA] for
two matrices A and B and that tr[z] = x for a real z.

.

]

E||M; D} & ||* = TeDP ="M M; D} E[&,(€) ], (2.21)

This enables us to separate the noise term from the rest of the formula. Then we
compute the latter from the definition of ¢ in Eq. (2.19) :

e - U w1 7).

(ri —r)?
And the first part of Eq. (2.21) is equal to:
_\2(n—k —\(n— n—k
N SN s s o (B (e M
T e e e )

_ (0 _(W? n” .
because D; = (0 TJF) and M; = ( 0 0 ) Therefore:

((k - Da+ p)?

(ri7 —ri")?

i

Ele”][(r7 )" — (rf )" M2,

3 7

E|M;D;7*&|* = b,
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In the following lemma, we bound a certain sum of powers of the roots.

Lemma 7. For all « < 1/h; and 0 < 8 < 2/h; — a we have

S GEGIN 2 — Bh,

We first note that when the two roots become close, the denominator and the
numerator will go to zero, which prevents from bounding the numerator easily. We
also note that this bound is very tight since the difference between the two terms goes
to zero when n goes to infinity.

Proof. We first expand the square of the difference of the powers of the roots and
compute their sums.

-2

(D) = = 3 [ 7 = 20
k=0
1— +2(n—1) 1— T’»f2(n_1) 1— ( + ;)n—l

i
)
3

1—7’Z~ 1—7’;2 1—(rfry)
1 n 1 2
1= 1—r? 1=(rfr))

[r+2("‘” BN (el G

11— 1)
1 n 1 2
1—rt? l—TZ-_Q 1—(rr;)

()

Il
:’\c
—

. +2n ,277, (T‘ r )n
with I, = - +2+ . 7 — 23 (TT)}

This sum is therefore equal to the sum of one term we will compute explicitly and
one other term which will go to zero. We have for the first term:

(R S S € et v [ <r;>> (L—r ) =7
L—rf 1=y 1= (rfr)) (1= =75 = (7))

)

+(1—7’+2)(1—('f’+7’ )) (L—r )1 =r)

K 2

(=) (1 =77 (1= (7))

Y

(L=r7 )1 =) = (=) (A =r7) = A== (7)) = (1 =177)]

rE (L= ),

K3 3
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and
(L= = () = (=7 A =77 = =7 (L =17 ) =17,
and with O =7 (1 —r;2)(rF =) = (L= ) (i = 1)),

DZ(+ )[?"

Therefore the first term is equal to:

1,1 2 _ =t
L= 1=t =00 =)A= (A= (7))

and the sum can be expanded as:

n—1,

= [(r7)F = (i)} 1+ 7777
Z [ry = riP? (1 —r Q=7 - ()

I,
with Jn = G=5"GHp-

Then we snnphfy the first term of this sum using the explicit values of the roots.
We recall T;t =rtvA =1-— O‘Twhi + \/(a—;rﬁy h? — ah;, therefore

r;rr; = rf—A?
B a+ 2 a+ 2
= (1 (557)m) - [(557) ] v
= 11— ph;,

L=r7) (@ =rOIA+ DA+ )]

(
= [(1— Tl+\/K1)((1_Ti_\/— 1—1—7’1—}—\/_ L+r— \/Kz)]
(1- ]

D7 = A1+ 1) = AJ[(1 = 7:)* = A
1— Gour %ﬁ) hi) )

S~ LD = 6P 2 By
o () = (7P 4afhi(l - Ga+ 30)h)

Even if J, will be asymptotically small, we want a non-asymptotic bound, thus
we will show that J, is always positive.

In the real case [(r;) — (r;])]? > 0 and using a® + b* > 2ab, for all (a,b) € R?, we

Thus

— Jn-1.
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have ) )
n —zn —
i ( ; )"

and using ;" g T 2> 2r;r; we have

V=i - <1- ),

i i i i i
— - _ 2 -2
=2rfr; =1 =1
<0
Thus ) )
+2n _2n n
T T rir
(A (A _ 2 ( (A ) O

+
1= 1—p2 T1=(rfr) ~

and .J,, > 0 in the real case.
In the complex case, [(r; ) — (r])]? <0, and using 2 + 2% < 22% for all z € C, we
have ) )
+ n —zn —+ -
T Ll <2 (ri'ri )"

1—7’i+2 1—r; \/(1—7“ )(1—7"2)

and using ;" ’+ T, < 2r;r; we have

Y

\/(1—7“ (1 —r; )>1—(7“ r;).

Thus ) )
r" ro " (rfr)m
[} ] ) 11 < 0.
1—7“?2—’_1—7‘;2 L= (rfry) —
and .J, > 0 in the complexe case.
Therefore we always have:
Jn >0,

and

S L) = DM 2 — Bh;

() = (PP T 4afh(1 — (o + 3B8)hi)

]

However we can also bound roughly Eq. (2.20) using Theorem 3 since we recall

w This gives us the following lemma which enables to prove

(r; —r;
the second part of Proposition 6.

we have n!, =
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Lemma 8. For all « < 1/h; and 0 < 5 < 2/h; — a we have

- yn—k Fi (|2 N (y — n—1a 2 hin 2 8(n—1) 16
B DG < B o i Va4 min 2 ST s |

Proof. From Lemma 6, we get

B IMLDE IR = MEl)) 3 - v+ el ]
k=2 k=2 i i

< E[(#))"](n-1)((n—1)a + §)* min {2 8(;@1 : himliﬁ)?} |

]

2.G Comparison with Additional Other Algorithms

2.G.1 Summary

When the objective function f is quadratic and for correct choices of step-sizes,
the AC-SA algorithm of Lan [2012], the SAGE algorithm of Hu et al. [2009] and the
Accelerated RDA algorithm of Xiao [2010] are all equivalent to:

n—2
1[[ - 5n+1Hn+1](9n - 97171) + 5n+15n+17

Opni1 =11 — 01 Hpy1]0, +
1= 1 1] n
where we use H,0 + ¢, as an unbiased estimate of the gradient and ¢,, as step-size
which values will be specified later.

Lan [2012] and Hu et al. [2009] only consider bounded cases by projecting their
iterates on a bounded space. Xiao [2010] deals with the unbounded case and prove
the following convergence result:

Theorem 6. [Xiao, 2010, Theorem 6]. With Ele, ®¢,] = C, for step-size 6, < "Ly
with v < 1/L, we have

4/|6 — 0, ]|? 2tr C
Ef(6,) - f(6.) < Ao —b." | mo rC

n2~y 3

This result is significantly more general than ours since it is valid for composite
optimization and general noise on the gradients.

We now present the different algorithms and show they all share the same form.
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2.G.2 AC-SA

Lemma 9. AC-SA algorithm with step size ~y, and (3, and gradient estimate H, 10, +
Ent1 1S equivalent to:

Or = (I — 220,00+ =L - Ty 0, — 0,) + e,
n Bn Bn Bn
Proof. We recall the general AC-SA algorithm:
— Let the initial points 1Y = x1, and the step-sizes {0, }n<1 and {7, }n<1 be given.
Set n =1
— Step 1. Set 2™ = 1w, + (1 — 8, 1)z9,
— Step 2. Call the Oracle for computing G(2™ ¢,) where E[G(2™%¢,)] =
fzpd).
Set

Tpy1 = Tp — VHG(leda n)a

2y =By i + (1= B )al,
— Step 3. Set n - n+ 1 and go to step 1.

When f is quadratic we will have G(z™%,&,) = H, 2™ — g,41, thus z,., =
Ty — %Hnﬂxlﬁd + YnEni1, and:

28 = Brltwa + (11— B,z

= Bn_l(xn - f)/an-‘rlx;nd + f)/ngn-i-l) + (1 - Bn_l)ng
= 551(571171?‘1 + (1= Bu)ay? — Van—&-lx?d + Vngn—f—l) +(1— @Zl)xﬁg

= apt— %Hnﬂ%md + %&Hl,
and
it = Byt (1= B )a!
= Bt Buamy? + B (1 = Buon)an?y + (1= B, !
— g P
These give the result for 6, = x%9. ]
2.G.3 SAGE

Lemma 10. The algorithm SAGE with step-sizes L,, and «, is equivalent to:

Opi1

Qn—i-l = ([ — 1/Ln+1Hn+1>en + (]. — Oén) [] — 1/Ln+lHn+1](0n — Qn—l) + 1/Ln+1€n+1-

n

Proof. We recall the general SAGE algorithm:
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— Let the initial points g = 2o = 0, and the step-sizes {5, },<1 and {L,},<1 be
given.

Set n=1
— Step 1. Set z, = (1 — )Yn—1 + nzn_1,

— Step 2. Call the Oracle for computing G(x,,,&,,) where E[G(z,,&,)] = f'(xn).
Set

Yn = Tp — 1/LTLG($n7£n)a
Zn = Zno1 — @ (Tn — Yn)

— Step 3. Set n - n+ 1 and go to step 1.

We have
Yn = (I - 1/Lan)xn + Yn€n,
and
Zn = Zpn-1— O./;l<l'n - yn)
= Zy1 — ) [(1— an)Yn-1 + QnZn—1 — Yn)
= Oéglyn - Oéﬁl(l - Oén)ynfl-
Thus
Ty = (1 - an)ynfl + QpZp—1
= (1 - an)yn—l + an[a;ilyn—l - O‘;il(l - an—l)yn—Q]
(079
= UYn-1 + (1 - Oznfl) [ynfl - yan]-
On—1
These give the result for 0,, = y,. O

2.G.4 Accelerated RDA Method

Lemma 11. The algorithm AccRDA with step-sizes 5 and v, is equivalent to:

Qp
‘9n+1 - (-[ - 'Yn—l—lHn—l—l)‘gn + (]— - an) +

I — Y1 Hps1](0n — On—1) + Yor1Ens1,

n

anbn

L+B"

with v, =

Proof. We recall the general Accelerated RDA method:
— Let the initial points wy = v, Ag = 0, Jo = 0 and the step-sizes {a,}n,<1 and
{Bn}n<1 be given.
Set n =1

— Step 1. Set A, = A,,_1 +«, and 6,, = j—:.
— Step 2. Compute the query point u,, = (1 — 0,)w,—1 + 00,1
— Step 3. Call the Oracle for computing g, = G(un,&,) where E[G(u,,&,)] =
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f'(uy,), and update the weighted average g,
gn = (1 - On)gn—l + 6)ngn-

Ap =
— Step 4. Set v, = vy — 75, n-
— Step 5. Set w, = (1 — 6,)w,_1 + O,v,.
— Step 6. Set n — n + 1 and go to step 1.

First we have

A,
Un = Vo — mgn
= Y- —|—an [(1 = 0n)Gn—1+ 0n9y]
= w-7 +an [(1 = 6n)Gn—1 + On(Hps1un + €n41)]
= v+ (1— Hn)gfﬁ;mvnl 7 ﬁ"ﬁn On(Hp1un + €ns1)]
= v+ (1- GH)M On (Hpi1Up + ny1))

(L + Bn)An—lvn_l - L+ /Bn
With 3, = 8 we have v, = v,,_1 — i“—fﬁ(HnHun + en41)] and

angn Oy Qn

wn = ( L+5 +1)U+L—|—6€H

Since v,_1 = 0, w, 1 — 0,1 (1 — 0,_1)w,_o, then
Up = (1 - Qn)wn—l + en(eg_llwn—l - H;il(l - Qn—l)wn—Q)u

and
anAn—Z
Up = Wp—1 + —A[wn—l - wn—2]'
Qp_1A4p

2.H Lower Bound for Stochastic Optimization for

Least-Squares

In this section, we show a lower bound for optimization of quadratic functions
with noisy access to gradients. We follow very closely the framework of Agarwal
et al. [2012] and use their notations. The only difference with their Theorem 1 in the

different choice of two functions f;% and f;”, which we choose to be:

fif(x) = ci(x; £+ 2)27
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with a non-increasing sequence (¢;) to be chosen later. The function g, that is opti-
mized is thus:

_ Z —1—041 VFi () + (——mé)f*(a:)}-

This function is quadratic and its Hessian has eigenvalues equal to 2¢;/d. Thus, its
largest eigenvalue is 2¢1/d, which we choose equal to L.

Noisy gradients are obtained by sampling d independent Bernoulli random vari-
ables b;, 1 = 1,...,d, with parameters (% + ;0) and using the gradient of the random
function £ 3°0 {b, £ () + (1 — b;) f; (x)}. The variance of the random gradient is
equal to

V= ngvar< ci(z; +1/2) — ¢z r/2)]) —%20?72(1/4—52).

i=1

The function g, is minimized for x = —adr, and the discrepancy measure between
two functions g, and gz is greater than

1< N 1 <A 3¢,7262
. +, — . . — (A
3;:1:{12f{f7; (0)+ 0} =0t £ 0) =m0 7 ) P, > 32 s

1 3cqr?6®

>
—d 4

Ale, B).

Since the vectors a, 8 € {—1,1}% are so that their Hamming distance A(«, 8) > d/4
3cqr2d?
6

approximate optimality of ¢ = , we have, following the proof of Theorem 1
(equation (29)) from Agarwal et al. [2012], for N iterations of any method that
accesses a random gradient, we have:

for a # [, we have a discrepancy measure greater than Thus, for a an

cqr2s?

16 Nd6? + log 2
dlog(2/+/e)

Thus, for d large, we get, up to constants, 6> > 1/N and thus £ >

1/3>1-2

T2Cd

For ¢; = 2Ld and ¢; = L\/d for the remaining ones, we get (up to constants):

e> vV
= LN’

This leads to the desired result for N < d.
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Chapter 3

Optimal Convergence Rates for
Least-Squares Regression through
Stochastic Approximation

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.

This chapter is extracted from the paper Harder, Better, Faster, Stronger Con-
vergence Rates for Least-Squares Regression, in collaboration with A. Dieuleveut and
F. Bach, accepted in the Journal of Machine Learning Research.

We do not present here the extension to kernel regression and content ourself with
a brief excerpt of Section 3.5 on tighter bounds. Indeed these two contributions will
be presented in the thesis of Aymeric Dieuleveut.

3.1 Introduction

Many supervised machine learning problems are naturally cast as the minimiza-
tion of a smooth function defined on a Euclidean space. This includes least-squares
regression, logistic regression [see, e.g., Hastie et al., 2009] or generalized linear mod-
els [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
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typically solved with simple gradient-based iterative techniques whose per-iteration
cost is small.

In this chapter, 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 [Robbins 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 6y — 0, between the initial point of the algorithm 6,
and any of the global minimizer 6, of f. This leads to a “bias/variance” decomposi-
tion [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 ||y — 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 propor-
tional to LHG(’R—_QG*HQ, 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 %l [Tsybakov, 2009]; it is
known to be achieved by averaged gradient descent [Bach and Moulines, 2013], for
which the bias term only achieves LHOOTW instead of LHG(’H—QQ*”Q.

Our first contribution in this chapter is to present a novel algorithm which attains
optimal rates for both the variance and the bias terms. This algorithm analyzed in
Section 3.4 is averaged 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||y — 6.||* is much larger
than n?. Our second contribution is to provide in Section 3.5 an analysis of a new
algorithm (based on some additional regularization) that can adapt our bounds to
finer assumptions on 0y — 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).

This chapter is organized as follows: in Section 3.2, we present the main problem
we tackle, namely least-squares regression, then introduce the two algorithms that
we consider in Section 3.2.2, as well as the two types of oracles on the gradient in
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Averaged Averaged
Algorithm Accelerated

Algorithm
Dimension dependent
rates Section 3.3  Section 3./
Additive Noise Lemma 12 Theorem 8
Multiplicative Noise Theorem 79 f

Table 3.1 — Organization of Chapter 3. {: We extend results from [Bach and Moulines,
2013] to the setting in which extra regularization is added; f: it is still an open problem
to get results in the accelerated setting for a multiplicative noise oracle.

Section 3.2.3. In Section 3.3, we present new results for averaged stochastic gradient
descent that set the stage for Section 3.4, 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 3.5.
Organization of the main results is summarized in the Table 3.1 bellow.

3.2 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.

3.2.1 Statistical Assumptions

We consider the following general setting:
— H is a d-dimensional Euclidean space with d > 1.

— The observations (z,,y,) € H x R, n > 1, are independent and identically
distributed (i.i.d.), and such that E|/z,||? and Ey? are finite.

— We consider the least-squares regression problem, namely the minimization of
the expected loss f(0) = 3E((zn,0) — yn)* which is a quadratic function.
We first introduce an assumption on the distribution of x,,.

Covariance matrix. We denote by ¥ = E(z, ® x,) € R¥? the population co-
variance 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 z,,,
n > 1, lie almost surely. This implies that all eigenvalues of X are strictly positive
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(but they may be arbitrarily small). Following Bach and Moulines [2013], we assume
there exists R > 0 such that

E||z,||?z, ® z, < R*Z, (Ay)

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||z,||* < \/E|z.||* < R\/E|z,|?.

Assumption (A;) is satisfied, for example, for least-square regression with almost
surely bounded data, since ||z,|*> < R? almost surely implies E|z,|*z, ® z, <
E [R%n ® xn} = 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, Elz,2,)* < k{z,T2)% (3.1)

Indeed, by Cauchy-Schwarz inequality, Equation (3.1) implies for all (z,t) € H?, the
following bound E(z,z,)?{t,x,)* < k(z,3z){t,Xt), which in turn implies that for
all positive semi-definite symmetric matrices M, N, we have E(z,, Mx,){x,, Nx,) <
ktr(MY) tr(NY). Equation (3.1), which is true for Gaussian vectors with x = 3, thus
implies (A;) for R? = ktr ¥ = 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 trX* = Y. %, and the eigenvalues decay ! at least as (triizl/b. Moreover, it is
known that (tr ©?)!/® is decreasing in b and thus, the smaller the b, the stronger the
assumption. For b going to 0 then tr X° tends to d and we are back in the classical low-
dimensional case. When b = 1, we simply get tr ¥ = E||x,||*, which will correspond
to the weakest assumption in our context.

Optimal predictor. In finite dimension the regression function f(6) = sE((z,, 6)—
yn)? always admits a global minimum 6, = X'E(y,z,). When initializing algorithms
at 0y = 0 or regularizing by the squared norm, rates of convergence generally depend

on ||04||, a quantity which could be arbitrarily large.

However there exists a systematic upper-bound? ||$26,| < 2/Ey2. This leads
naturally to the consideration of convergence bounds depending on ||X7/26,|| for r < 1.

1. Indeed for any i > 1, we have is? < Zi:l sb < tr(%h).
2. Indeed for all @ € R? and in particular = 0, by Minkowski’s inequality, ||[$26,| — /Ey2 =

V E(0., vn)? — V Ey < \/E(<9*,xn> —yn)? < \/]E(<97In> —yn)? < \/E(yn)Q-
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In infinite dimension this will correspond to assuming ||X7/26,|| < co. This new
assumption relates the optimal predictor with sources of ill-conditioning (since ¥ is
the Hessian of the objective function f), the smaller r, the stronger our assumption,
with r = 1 corresponding to no assumption at all, r =0 to 6, 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 chapter, we will use arbitrary initial points 6y and thus our bounds will depend
on [|7/2(60 — 6.)]|
Finally, we make an assumption on the joint distribution of (x,,y,).

Noise. We denote by ¢, = y,, — (0, x,,) the residual for which we have E[e,x,] = 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, ® 7,] < 0?2, (As)

Assumption (Ay) is satisfied for example for data almost surely bounded or when the
model is well-specified, (e.g., yp = (0x, Tn) + €n, With (€,)nen 1.1.d. of variance o and
independent of z,,).

3.2.2 Averaged Gradient Methods and Acceleration

We focus in this chapter on stochastic gradient methods with and without ac-
celeration for the least-squares function regularized by 2(|6 — 6,||* for A € R*. The
regularization will be useful when deriving tighter convergence rates in Section 3.5,
and it has the additional benefit of making the problem A-strongly convex. Stochas-
tic gradient descent (referred to from now on as “SGD”), applied to the regularized
problem, can be described for n > 1 as

en = 9,171 - P)/f;(enfl) - ’Y)\(enfl - 00)7 (32)

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'(6,_1).

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

en = Vp-1— Vf;l(ynfl) - 7>\<an1 - 90)
Vo = 00+ 0(0, —6n1), (3.3)

starting from 6y = vy € H, with v, € R? and f/(6,_1) described as before. It may
be reformulated as the following second-order recursion

gn - (]- - 7/\) (en—l + 6(971—1 - 9n—2)> - Vf; (971—1 + 5(071—1 - 971—2)) + 7)‘90
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The momentum coefficient § € R is chosen to accelerate the convergence rate
[Nesterov, 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

_ R
— 4
2 Hl;en, (34)

and we note that it can be computed online as 6,, = #19”,1 + n+r19n'
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.

3.2.3 Additive versus Multiplicative Stochastic Oracles on the
Gradient

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

f7/1(9> = f/(e) — &n, (As3)

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’(f) and an inde-
pendent zero-mean noise that does not depend on 6. This oracle is equal to

1) = %0 — ypan,. (3.5)
Since f'(0) = ¥0 — Ey,x,, the oracle above has a noise vector &, = y,x, — Ey,x,, in-

dependent of # and therefore satisfies Assumption (A3z). Furthermore we also assume
that there exists 7 € R such that

E[¢, ® &) < 7°%, (Ag)

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 inde-
pendent 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 distribu-
tion of z is known so that the population covariance matrix is computable, but the
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distribution of the outputs (y,),eny 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].

Assumption (A) will be satisfied, for example if the outputs are almost surely
bounded because E[§, ® &,] < Ely?r, ® z,] < 722 if y2 < 72 almost surely. But it
will also be for data satisfying Equation (3.1) since we will have

El¢, @& < Elyiz, ® z,] = E[((0s, 7n) + €0)°0 © :]
< 2E[(f., 20) 7 @ 2] + 2078
< 2(k||2Y20,]1% 4 6% < 2(4kE[y?] + o)X,

and thus Assumption (A4) is satisfied with 72 = 2(4kE[y2] + 02).

Stochastic noise (“multiplicative/additive”). This corresponds to:
Fa(0) = ((@n, 0) = yn)n = (E+ Gu)(6 — 0.) — En, (3.6)

with ¢, = z, ® z, — ¥ and =, = (y, — (2, 04))x, = €,2,. 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 (\A3), it combines an additive noise
=, independent of 6 as in Eq. (3.5) 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. (3.6), from Equation (Az), we have
E[Z, ® Z,] < 0?X. It has a similar form to Assumption (A4) which is valid for the
additive noise oracle in Eq. (3.5): we use different constants ¢ and 72 to highlight
the difference between these two oracles.

3.3 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 3.5 and (b) a much simpler proof. We first consider the
additive noise in Section 3.3.1 before considering the multiplicative/additive noise in
Section 3.3.2.

3.3.1 Additive Noise

We study here the convergence of the averaged SGD recursion defined by Eq. (3.2)
under the simple oracle defined in Eq. (3.5). For least-squares regression, it takes the
form:

On = [I =72 — YA 01 + YYnn + Mb0. (3.7)
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This is an easy adaptation of the work of Bach and Moulines [2013, Lemma 2| for the
regularized case.

Lemma 12. Assume (A4). Consider the recursion in Eq. (3.7) with any regular-
ization parameter A € Ry and any constant step-size v such that v(3 + ) < 1.
Then

T2t [S2(S 4 AT) 72

Ef(0,)— f(6,) < (A+ i>2\|21/2(2+ﬂ)—1(90—6*)||2+ . (3.8)

yn

We can make the following observations:
— The proof (see Appendix 3.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 7 is equivalent to v(L + \) < 1 where L is the
largest eigenvalue of 3 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) +
21|6—6o||* and our performance guarantee becomes A2||S/2(S+A1) =1 (6p—6.)]|%.
This is the standard “bias term” from regularized ridge regression [Hsu et al.,
2014] which we naturally recover here. The term % tr [22(2 +AI )*2} is usually
referred to as the “variance term” [Hsu et al., 2014], and is equal to % times the
quantity tr [ZQ(Z + A )*2], which is often called the degrees of freedom of the

ridge regression problem [Gu, 2013].

— For finite n, the first term in Eq. (3.8) 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 pro-
portional 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. (3.8), it is natural to set Ay = %, and the two components of the bias
term are exactly of the same order leading to 724 |5Y2(S 4+ X746y — 6.)]|2.

TL2
It 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~?), as the numerator might be arbitrarily large. Note
also that here as in the rest of the chapter, 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 X or v depend on n, our bounds only hold for the last
iterate).

— Note that the bias term can also be bounded by Vin||21/2(2 +A)7Y2(6y —0,)||?
only when ||y — 0,|| is finite (note the difference in the powers of n and (X +
AI)~1). See the proof in Appendix 3.A.2 for details.
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— The second term in Eq. (3.8) 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 v tr (S(X+X)'E[¢,®&,]) (see Appendix 3.A.3) and we recover for
v = O(1/4/n), the usual rate of —= for SGD in the smooth case [Shalev-Shwartz

o
et al., 2009].

— Opverall 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 H |Tsybakov, 2009]| even
without computational limits, in the sense that no estimator that uses the same
information can improve upon this rate.

3.3.2 Multiplicative/Additive Noise

When the general stochastic oracle in Eq. (3.6) is considered, the regularized LMS
algorithm defined by Eq. (3.2) takes the form:

0, = [[ — YTy @ Xy — Py)\I} On_1 + YYnTn + A\vbp. (3.9)

We have a very similar result with an additional corrective term (second line below)
compared to Lemma 12.

Theorem 7. Assume (Ay2). Consider the recursion in Eq. (3.9). For any regular-
ization parameter A\ € RY and for any constant step-size vy such that 2y(R*+2)\) < 1
we have:

2

_ 1 6
Ef(6,)— f(0,) < 3<2>\ + %)2||21/2(2 + )76 — 9*)”%”%1 tr [S2(S A1) 2]

(S 4+ A1)7Y2(80 — 6.)|*te(S(S + M)

3
* 3 (n + 1)

We can make the following remarks:

— The proof (see Appendix 3.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. (3.9) and in
Eq. (3.7).

— Asin Lemma 12, the bias term can also be bounded by - |SY2(S+N)~Y2(0y—
6.)||* and the variance term by 7 tr[3(X + M) 71, ® &,] (see proof in Appen-
dices 3.B.4 and 3.B.5). This is useful in particular when considering unstruc-
tured 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 v tends to zero and can be compared to
the corrective term which also appears when Hsu et al. [2014] go from fixed to

83



random design. Nevertheless our bounds are more concise than theirs, making
significantly fewer assumptions and relying on an efficient single-pass algorithm.

— 1In this setting, the step-size may not exceed 1/(2(R? + 2))), whereas with an
additive noise in Lemma 12 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.

— For A = 0 the error is bounded by %HZ*VQ(@O — 09| + %. We recover

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

3.4 Accelerated Stochastic Averaged Gradient De-
scent

We study the convergence under the stochastic oracle from Eq. (3.5) of averaged
accelerated stochastic gradient descent defined by Eq. (3.3) which can be rewritten
for the least-squares function f as a second-order iterative system with constant
coeflicients:

O = [T =% — A [0y + (01 — en_Q)} Y Ynn + YA (3.10)

When using averaging, we refer to this algorithm as “averaged-accelerated-SGD”.

Theorem 8. Assume (Ay). For any reqularization parameter X € Ry and for any

constant step-size (X + XI) < I, we have for any § € H;%, 1}, for the recursion

in Eq. (3.10):

tr [X2(X 4+ M) 2]
n+1 '

ﬁ) IZV2(E+AD) T (0o =6,) *+872

The numerical constants are partially artifacts of the proof (see Appendices 3.C
and 3.D). Thanks to a wise use of tight inequalities, the bound is independent of &
and valid for all A € R,. This results in the simple following corollary for A = 0,
which corresponds to the particularly simple recursion (with averaging to obtain 6, ):

Ef(62)~f(6.) < 2( A+

en = [] - ’72] (2871—1 - 071—2) + VYnTn . (311)
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Corollary 4. Assume (A,). For any constant step-size v3 < I, we have for 6 =1,

|60 — 0. 72d

z |
Ef(0n) — £(6.) < 36 v(n + 1)2 n+1

(3.12)

We can make the following observations:

— The proof technique relies on direct moment computations in each eigensubspace
obtained by O’Donoghue and Candés [2013] in the deterministic case. Indeed
as X is a symmetric matrix, the space can be decomposed on an orthonormal
eigenbasis of X, and the iterations are decoupled in such an eigenbasis. Al-
though 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 ex-
pressed as a linear stochastic dynamical system with non-symmetric matrices.
We only provide a result for additive noise.

— The first bound — L 1|00 — 0.]]? in Eq. (3.12) 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 algo-
rithm 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 3.6).

— The second bound in Eq. (3.12) also matches the optimal statistical perfor-
mance ¢ described in the observations following Lemma 12. Accordingly this
algorlthm achieves joint bias/variance optimality (when measured in terms of
72 and |0y — 0.]]?).

— We have the same rate of convergence for the bias when compared to the
regular Nesterov acceleration without averaging studied in Chapter 2, which
corresponds to choosing 4, = 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((1 — yw)") and thus is adaptive to hidden strong convexity (since the al-
gorithm does not need to know g to run). This explains that it ends up con-
verging 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 3.6. Thanks to this adaptivity,
we can also show using the same tools and considering its weighted average
0, = o n+1 Y r—o kO) that the bias term of Ef(6,) — f(6.) has a convergence

rate of order (A\? + W)HEVQ(Z + X)7Y(0y — 6,)]|*> without any change
in the varlance term. This has to be compared to the bias of averaged SGD
(A + n+1 ——LS)|ISV2(S + M)~ (0o — 6.)||? in Section 3.3 and may lead to faster
convergence for the bias in presence of hidden strong convexity.

— Opverall, 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
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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.

— Note that when there is no assumption on the covariance of the noise we still
have the variance bounded by 2 tr [X(X 4+ A)~'V]; setting v = 1/n*? and
A = 0 leads to the bound W—l—%. 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 variance are known, we can achieve the optimal

trade-off of Lan [2012] RQ"QSL;‘)*”Q + Heo*e\"/ll@m for v = min {1/R2, \ﬂf%:?k }

3.5 Tighter Dimension-Independent Convergence Rates

We have seen in Corollary 4 that the averaged accelerated gradient algorithm
achieves the lower bounds 72d/n and % |6y — 6.]|* for the prediction error. However
the algorithm behaves often better than in the worst-case scenarios corresponding to
the lower bounds. Indeed the algorithm still predicts well when the dimension d is
much larger than n or when the norm of the optimal predictor |6, ]| is huge. Actually
gradients algorithms are adaptive to the difficulty of the problem as presented in the
following corollary for the averaged accelerated algorithm.

Corollary 5. Assume (Ay), for any constant step-size v(X + A\ ) < I, we have for

A= W and § € [1 — n%w 1], for the recursion in Eq. (3.10):

7] : ||Er/2(90 — 0| 779" tr (%)
Ef(0, 0,) < m .
f(6n) — f(64) rE[D,l],lile[O,l] A1=r(n + 1)20-7) (n+1)1-2

We can make the following observations:

— This corollary is a direct consequence of Theorem 9 by Dieuleveut et al. [2016]
considered for A = (yn?)~!. It extends previously known bounds in the kernel
least-mean-squares setting [Dieuleveut and Bach, 2015| with the use of an extra
regularization.

— 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||fy — 6.]? is
larger than n?, the algorithm can still enjoy good convergence properties, by
adapting to the best values of b and r.

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

— For r = 0 we recover the bias term of Corollary 4 and for r = 1 (no assumption
at all) the bias is bounded by [|$1/26,]|?> < 4R?, which is not going to zero. The
smaller r 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).
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Figure 3-1 — Synthetic problem (d = 25) and v = 1/R?. Left: Bias. Right: Variance.

In the companion paper of Dieuleveut et al. [2016], we show that in the setting of
non parametric learning in kernel spaces, these bounds lead to the optimal statistical
rate of convergence.

3.6 Experiments

We illustrate now our theoretical results on synthetic examples. For d = 25 we
consider normally distributed inputs x,, with random covariance matrix ¥ which has
eigenvalues 1/73, for i« = 1,...,d, and random optimum 6, and starting point 6
such that [|fy — 0.|| = 1. The outputs y,, 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
acceleration for convex functions) and our novel averaged accelerated SGD from Sec-
tion 3.4 AvAccSGD (which is not the averaging of AccSGD because the momentum
term is proportional to 1 — 3/n for AccSGD instead of being equal to 1 for AvAcc-
SGD), on two different problems: one deterministic (|6 — 6.]] = 1, 0® = 0) which
will illustrate how the bias term behaves, and one purely stochastic (||fy — 6.]| = 0,
0?2 = 1) which will illustrate how the variance term behaves. For the bias (left plot of
Figure 3-1), AvSGD converges at speed O(1/n), while AvAccSGD and AccSGD con-
verge 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 3-1), 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 o?d/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.
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3.7 Conclusion

In this chapter, 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. 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. Finally, it would be appealing to consider
proximal extensions of this algorithm. In Chapter 4 we take a first step towards this
goal by studying a proximal extension of averaged gradient descent.
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Appendix

3.A Proofs of Section 3.3
3.A.1 Proof of Lemma 12

We proof here Lemma 12 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. (3.7) are linear since the cost function is quadratic which allows us to obtain
0, — 0, in closed form.

For any regularization parameter A € R, and any constant step-size y(X+AI) < [
we may rewrite the regularized stochastic gradient recursion in Eq. (3.7) as:

0 — 0. = [I =75 =] (0n1 — 0.) + &0 + Ay (60 — 6.).

We thus get for n > 1 the expansion n
O — 0. = (I =75 =AD" (0 —0.) +7 > (I =% — A",

k=1
FYAD (I =4S = YA (6 — 6.)
k=1
= (I =X =AD" (6 = 0.) +7 ) (I =75 =AD",
k=1

AL = (I = 4Z =AD" (2 + M)~ (8o — 64)

= (I =X —AAD"[I = AXZ+ )76 — 0.) + fyzn:(l — 8 — )R,

k=1
FAE 4+ )0y — 0.).
We then have using the definition of the average
n—1
n(Onr—0.) = > (0, —0.)
=0
n—1
= Y (I =S =) [I = X+ A1) 7"](6 — 0.)

=0
n—1 7

Y Y (I =4S =AD" G+ nA (S + M) (60 — 6,).
j=0 k=1
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For which we will compute the two sums separately

—_

n—

(I =4S =AY [I = N+ A6y — 6,)

7=0
1
=2 [I— (I =4S =4\ (S+ M) = X+ M) 76 — 6.),
and
n—1 7 n—1 n—1 '
YYD T =S =) rg = ( (I 7% —VM)]”“)&
J=0 k=1 k=1 j=k
n—1 n—1-k '
= Y (X u—m-ny)e
k=1  j=0

= [I— (I =4S =AD" (S + M) 7.

=1

3
|

o

Gathering the three terms together, we thus have

(@1 — 0.) = %[I (L= AS = DS+ AL = AE 4 AD (60— 6.)
+ nz_: [I— (I=7S—AA)" | (Z+A) & +nA(Z+A) " (6p—0.)

_ E 1~ (TS| [T~ A(S+A) 40| (S+ A1)~ (8, —6.,)

-1

Z [I = (I =% =AD" (2 + M),
k=1

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

n?E||SY2(0,-1 — 0,)||> = 2;11 tr [/ — (I —7% - 7)\1)”"“}22(2 + M)V

+H [5[1—([—72—%[)"} [T ASH+AD) " +nA | S35+ A1) (6~ 6.) " 3.13)

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

[% [ = (I =S =AD"= AS+AD " +nAl| < (1 )T (314)
I

[[— (I =% =AD" <
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This concludes proof of the Lemma 12
_ 1 2
E[S2(0n 1 = 0 < (== +2) IZV2(S + A1)~ (6 — 6.)
ny
1
+ - tr (X 4+ M) 2V, (3.15)

3.A.2 Proof When Only |6, — 6,| Is Finite

Unfortunately [|X7(6y — 6.)|| may not be finite. However we can use that for all
u € [0,1] we have # < 1 since == — S ho(l —u)* < n and it yields

u

[1 [T = (I = 7% —yAD"] [ = A + A7 + n)\I} DESYI

5
< E [I— (I =A% —~yA)"] + n/\]] DEDYI

< E [ — (I =% =AD" [S+ M7+ 0[S+ Al]ﬂ
<I+nl

Combining with Eq. (3.14) we have

2

H [% [T = (I =% =AD" ][I = M(S+ A1) + n)\l] SY2(8 + M) L6y — 6,)

< (4 1) (2 4 A Y2+ A0 — 0. P
which implies that
B2 (0or = 01 < 2+ A) IS+ A0 — 0.
+ %trZ(Z + A%V, (3.16)
which is interesting when only ||y — 6.]| is finite.

3.A.3 Proof When The noise Is Not Structured

The bound in Eq. (3.15) becomes less interesting when the noise is not structured.

However using the same technique we have that [1 — (I —~X—~AI)"*] 2(Z+)\I)_1 <
(n — k)vI and we get the following upper-bound on the variance

STtr[I— (I =4S =) FPRE ANV < Y (0 - R S(E+ M)V
k=1 k=1

n(n+1
y (n+1)

<
- 2

tr (S + M)V
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Therefore we get

1/2/p 2 1 2 1/2 -1 2
B[S (Br = 017 < (o +2) 15224 A0 (6~ 0.
FAtr (S 4+ )7V, (3.17)

which is meaningful when the noise is not structured.

3.B Proof of Theorem 7

In this section, we will prove Theorem 7. 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 3.B.1 then prove upper bounds for the different terms in
Sections 3.B.2 and 3.B.3.

3.B.1 Expansion of the Recursion

We may rewrite the regularized stochastic gradient recursion as:

0, = [I — YT, @ T, — 7)\1} On—1 + venTn + ¥{(Tp, )y + A0y
0, —0, = [I — VT, @ X, — 7)\1] (On—1 — 0,) + venxy + Ay(0p — 0,).

For ¢ > k, let
M(i k) = [I —ya; @y — YN -+ [I — yay, @ 7 — YA ]
be an operator from H to H. We have the expansion
O — 0. = M(n,1)(00— 0.) +7>_ M(n,k+ Depae +v > M(n k+1)A(0 — 6.).
k=1 k=1

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

3.B.2 Regularization-Based Bias Term

This is the term: 6,, — 0, =~y ,_, M(n,k+ 1)A\(6y — 0.), which corresponds to
the recursion

0, —0, = ([ — YTy @ Xy — *y)\[) (Op—1 — 0.) + Ay(00 — 6,), (3.18)

initialized with 6, = 6., and no noise.
Following the proof technique of Bach and Moulines [2013], we are going to con-
sider a related recursion by replacing in Equation (3.18) the operator z,, ® x,, by its
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expectation Y. Thus, we consider 7, defined as
Mo — 00 =7 Y (I =7% = MI)"*A(f — 6,),
k=1
which satisfies the recursion (with initialization ny = 6,) and
My — 0 = [T =48 = M| (71 — 0.) + My (6o — 6..).

In order to bound ||X'/2(6,, — 6,)||, we will independently bound ||%'/2(n, — 6,)|| and
134/2(0,, — 1,,)|| using Minkowski’s inequality.

Bounding ||~'/2(0,, —n,)||. We have 6, — 1, = 0, and
0, — 1 = [I — YTy ® Xy — /\7[] (On—1 — Nn_1) + 7[2 — T, ® xn} (Mp—1 — 04).

We can now bound the recursion for 6, — n, as follows, using standard online
learning proofs [Nemirovski et al., 2009]:

”Hn - nnHQ < ||9n—1 - 77”—1”2 - 2’7<6n—1 — Tn—1, (I‘n ® Ty + )‘I)<9n—1 - nn—1>>
s s[5 & 21— 0)
7| [2n @ @0 + M| (01 — 1) =[S — T @ 2] (01 — 65)

2

By taking conditional expectations given JF,,_1, we get, using first the fact that E(X —
Tp @ 2y|Fn 1) = 0 and the inequality (a+0)? < 2(a*+b?), then developing and using
E[(z, ® 1,)*] < R?*Y, which is assumption A;.
E(Hen - 77nH2|]:n71) < |On-1 = 777171H2 - 2’Y<9n71 — M1, (B A+ A (On—1 — 77n71)>
+272E(H [xn & Ty + /\I] (en—l - nn—1)||2|fn—1)
+272E(H (¥ — 2 @ ) (o1 — 64) 2|.7:n_1)

< 101 — Dot ll* = 29(0n—1 — 11, (X + ML) (On1 — 1))
+29*(0n—1 — N1, (RPZ 4 XL+ 2A8) (651 — 1))
+29 R (51 — 60,, %)

< |1 — 77n—1H2 + 272R2<77n—1 — 0., 5(Nn—1 — 04)))

_27 [1 - 7(R2 + 2/\)} <‘9n—1 — -1, E(Hn—l - nn—l)
This leads by taking full expectations and moving terms to

o
2v[1—~(R2+2))]

YR?
-1 — *72 n—1 — Ux)/-

E<9n71 —Mn—1, Z(anl _nn71)> <

Euenfl_nnfl‘IQ_EHQn_nnHQ}
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Thus, if y(R* 4+ 2)) <

1
2

1
IE’<9n—l — Tn—1, Z](6)n—1 - nn—1)> < ; [EHen—l - 77n—1||2 - EHQn - 77n||2}

F2YR*E (-1 — 0x, D(1h—1 — 0.))-
This leads to, summing and using initial conditions 6y — 1y = 0, then using convexity
to upper bound (G, — 7, (0 — 7)) < i3 Simo (O — s S0k — 1)),

n

> (e — 0., Sk — 6,)).

k=0

2vR?
n+1

Bounding ||$/?(n, — 6.)|. Moreover we have:

M — 0 = NS+ A0 — 0.) — (I —vE = M)A + M) (6o — 6.)]
- i - ];(1 — % = M DEINE + M) 70 — 6.)]

M — 0 = NS+ )" (0 —0.) —

= AN+ M) G, —6,)

—n%ﬂ‘l@ FAD)THT = (T =% = M) [AE + M) 7 (0 — 65)]-

This leads using Minkowski inequality to

1/2 _
(BISY2(m, = 0)]%)"* < [ASYA(S + A1) 70 — 6.)]
(BIS2(0, — 6.)1)7 < |ASY2(S+ A (6 — 6,)])-

Thus this part is such that

\/E\|21/2<9n—9*)!\2< HAEW(EHI)“(@O—9*)H+\/2732||A21/2(2+MT)‘1(90—9*)||2
< AEVAE + AD) M0 — 0.1 (1 + 2y R?),

that gives the first bound on the regularization-based bias

E|[S2(8, — 6.)]% < |ASY2(S 4+ AD 7 (0 — 0,)]12 (1 + /27 R?)*. (3.19)

3.B.3 Expansion without the Regularization Term
We will follow here the outline of the proof of Gyérfi and Walk [1996] which
considers a full expansion of the function value ||%'/2(6, —6,)||?>. This corresponds to
O — 0. = M(n,1)(60 — 0.) + 7 Y _ M(n, k + 1)epy.
k=1
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We have

EY > (6;—0.,%(6,—6.)) EZ||21/29 —0,) |]2+2EZZ (6;—6,,%(0,—6,)).
=0 j=0 =0 j=it+1

Moreover,

Enz Z (0, — 0., 50, — 0.))

i=0 j=i+1
n—1 n j
=E> > <9i —&,E[M(j,i%—l)(&i —0.)+ > M(jk+ 1)75kxk}>

1= Oj i+1 k=i+1

= EZ Z —0,,2M(j,i+ 1)(0; — 0.)) because e,z and 6; are independent,

= Oj i+1

= EZ Z (I — 4% — AN 6; — 6,))

=0 j=i+1
because M (7,7 + 1) and 6; are independent,

- EY <91~—9*, YIS M) T (T =y S —AAT) — (T =4S =AD" (0, — 9*)>
=0
< EZ <92- 0 IS AD T — A% — AN (0 — 9*)> using (X + M) < 1,

- ‘1EZ — 0, 2(Z+ M), — 0.) Z 5(6; — 6.)).

We thus simply need to bound v 'EY " ((6; — 6., (X 4+ X))~ (6; — 6.)), to get a
bound on n?E||$Y2(6,, — 6,)|.

Recursion on operators. We have:
E[M(i,k)S(S+XM)'M(i,k)*] = E [M(i, k+1)[I —yap @z, — YA S(S + M)
[ — vz @ ap — YN | M (i, k + 1)*}
~E [M(z', k+1) (2(2 FAD T = 298 + 42 [y @

FAS(S + A1)~ [ @+ M) MGGk + 1))

A

E|M(i, k+1)[S(S+ M) — 298

2 (R? + 205 M (i, k + 1)*}

= E[M(i, k+ 1)S(S + M) M (i, k + 1)*}
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—v(2 = Y(R* + 2)\)E|M (i, k + 1)SM (i, k + 1)*|,
which leads to

1
V(2 —y(R? +2)))
(E [M(z', k+ D)S(S + A IM (G, k + 1)*} - E[M(i, k)S(S + M) MG, k;)*] )
(3.20)

E[M(i, k+ 1)SM(k+1) <

Using the operator 7" on matrices defined below, this corresponds to showing

(I —T)[EE+ )] K Z(S+ M) — X

Noise term. For 6, — 0, = 0, we have:
E{0; — 0., 2(2 + X)~H0; — 6,))

= nyEZ Zé‘jx;M(i,j + 1)*2(X + M) "M (i, k + 1)ezy, by expanding all terms,
k=1 j=1

= 72E25k:cZM(i, k+1)*S(S + M) "' M (i, k + 1)ez), using independence,
k=1
= A2ty (Z Ee?apaiBM (i, k4 1)*S(3 + M) M (i, k + 1))
k=1

< Yol tr (ZEM(Z’, k+ 1M (i k+ 1) 2(S + M)l)
k=1
using our assumption regarding the noise.

Using the recurrence between operators

E(f; — 0., S(S + M)~ (6; — 6,))

)

5 V&;: o) tr; (E [M(z', k4 DX(E + M) M@,k + 1)*S(S + M)fl]

N

_E [M(i, B)S(S 4+ AL)-LM (i, k) S(S + AI)—l])

Vo
2 —y(R%2+2)

N

o (E [M(z',z‘ LSS+ M) MG+ 1) DS + M)-l]

—-E [M(z, DX+ M) M6, 1)*S(E + )J)*}) by summing,

vo®
<
2 —y(R%2+2))

tr D2(% + AT) 2
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This implies that for the noise process

0.2

+1

1
1—v(R2/2+\)

E[SY2(3, — 0.)| < (n ir [22(2+AI)—2})

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

Noiseless term. Without noise, we then need to bound:
IR i(@ — 0, (X + MDY —0,)),
i=0
with 0; — 0. = M (i,1)(6y — 6.), that is
'y_lEi tr [M(i, D*S(S + M) M (i, 1) (0o — 6.) (00 — 9*)*} .
=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=E+ M)A+ A+ M) = yE[(x, ® 2, + M)Az, @ 3, + N)].

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

(A,SA) = Etr [A(z, @ 2 + M) A(z, @ 2, + A)]
= tr [2A°A8 + N?A%] + E tr [(2,, Az,)?)
tr [2A°A8 + N A?] 4+ Etr [||z,]|*z, @ 2, A%] (Cauchy-Schwarz inequality)
r [2A°08 + N A%] + R?tr £ A?

<
<t
< (R? +20) tr [S + A A%

We have for any symmetric matrix A:
EM(i,1)*AM(i,1) = (I —~T)"A.

Thus,

E Ztr [M(i, DS+ M) M (i, 1) (0 — 6.)(0o — 9*)*} =E Z<<(1—7T)ZA, Ey))
with Ey = (g — 6,)(6p — 0.)* and A = X(X + AI)~!. This leads to
TR T - (- AT )AL B,

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

T2(M, Eo)) = v ((T7HEE + AT, Ey)),
with M :=T7'[S(X + AI)7], i.e., such that
YU+ = SHA)M A+ M(E+ M) —yE(x, @2, + M )M (3, @ 3, + N)
= (S+ XM+ M(Z+ M) —ySM. (3.21)
So that :
M = [(SHA) QT+ @ (SHAD] " [E(EHA) )+ [(S+AD @ T+ 10 (S+AD] " SM
= %2(2 FA) 2 A[(SHA) @ T+ 1@ (S +AD)] ' SM.

The operator (X + A) ® I + 1 ® (X + M) is self adjoint, and so is its inverse, thus:

(M, Ep)) = << NS4+ 24P M) @ T+ 1@ (S + )] SM, Ey))

%(@(2 F A2 E)) + 7 ((SM, [(E+ M) @ T+ T @ (S + )] Ey))
% (S(5 + A1) 2Eg) + 1((SM, [(S 4+ A @ [+ 1@ (S + AD)] " Eo)).

Moreover,

Ey = (0o —0.)(00 —0.)
= (SHADYAE A+ M) V200 — 0.) (0 — 0,)" (2 + M) HV2(Z 4 A1) T2
< [0 = 0. (Z+ X710 — 0,)] (Z+ ),

as (Z+AND7V2(0—0,) (00— 0.)* (S +MN)7V2 L (0 —0,)* (X +AI) "0y —6,)1. Thus,
as [(X+ M) @ [+ I ® (X + XI)]! is an non-decreasing operator on (S,(R), <) (see
technical Lemma 16 in Appendix 3.D):

-1

(E+M)@I+1® (S+M)] Ey

< [(E+AD@ T+ T E+ D] ([(60— 0.) (S + A (6 — 0.)](S + M)
_ (B0 (AN B -6,
. .

Thus as SM is positive :

(6o — 0.)* (S + M)~ (6, — 6,)
2y

(ML Ey)) < Lt1r<z:(2+AI)—2}«JO)+

57 tr(SM).
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Moreover we can upper bound tr(SM) : using Equation (3.21) we have

tr(B(S + M) =2t0(S + MM — ytrE(z, @ 2, + M) M (2, @ 2, + M)
then, using Assumption (A;) :
tr E(2, @7, N M (2,@2,+ M) < RPtrMSR2tr MEMA tr M < (RA20) trM (SHAT).

This implies

tr [S(S+A)7] > ( ) trE(z, ® @, + A)M (2, ® z, + \),

R+2x
1

> mtrE(xn ® T+ M (2, @ 2, + M) since v(R*+2A) < 1,

1

> trSM.
RZ 4o

Thus finally:

1
"}/_2<<M, E0>> S 2—72 tr EOE(Z + )\I)_z

n (90 — 9*)*(2 + )\I)_l(eg — 9*)
2y

(RZ+2\) tr(Z(Z + AD)7Y),

which leads to the desired error term.

3.B.4 Proof When Only ||fy — 6.]| Is Finite

When A = 0, without noise, we then need to bound:
7 IE i(@l —0,,0; —0,),
i=0
with 0; — 0. = M (i,1)(6y — 6.), that is
R itr [M(i, 1)* M (i, 1) (6 — 0.) (6o — 9*)*].
=0

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

(n + D160 — 6.1
gl

YEY (6= 0.,60; = 0,) <

i=0
For the regularization-based bias we also have
INSV2(E 4+ M) (B — 02|17 < ASY2(E + M) T8 — 6.
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3.B.5 Proof When the Noise Is Not Structured
For ||y — 0.]| = 0 we have 6,, — 0, =~ ;_, M(n, k + 1)ez), which leads to

E|[SY2(0, — 0.)]* = 7* Y trEM(n,k + 1)*SM(n, k + 1)V,
k=1

where V' = Eeiz,x}. And using the recursion on operators in Eq. (3.20) by changing
order of elements we have

1
V(2 = (R 4+ 2)))
(Epﬂmk+1ymﬂ+AD”wﬂmk+D}—EpﬂkaﬂZ+AU*%ﬂmkﬂ>

E[M(n, k+1)"SM(n, k + 1)} <

And by adding the terms

2
B[220, — 0,)| < i tr (S 4+ AV
ISV20, = B <~y gy S+ M)

We conclude by convexity

2
ESY2(6, — 6,)|? < B tr (S + AV,

3.C Convergence of Accelerated Averaged Stochas-
tic Gradient Descent

We now prove Theorem 8. We thus consider iterates satisfying Eq. (3.10), under
Assumptions (As3), (A4). We consider a fixed step size v such that v(X4+AI) < 1. See-
ing Eq. (3.10) 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 3.C.1, we state the formulation as a
second order linear system and derive the three main terms that have to be stud-
ied (see Lemma 13). Section 3.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 calcu-
lation in the eigenbasis of 3, following O’Donoghue and Candés [2013], is provided in
Section 3.C.3. Results are summed up in Section 3.C.4.

3.C.1 General Expansion

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

en = Vp-1— ’Yf/(yn—l) - W/A(Vn - 90) + 7517,
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Vn = en + 5(671 - Qn—l)a

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

20— 06,,5(0—0.)) for n > 2 as
O = [I =45 — YA [Boes + 0(Bpy — en,g)} 4+ M + 456,

with 0y € H and 0, = [I — - fy)\[} O + v&1 + YN0y + 7220,
And by centering around the optimum, we get:

O — 0. = [T — 7% — ANI] [Bey — O + 6(0y — 0. — Oy + 9*)] A+ Ay — 6.).
Thus this is a second order iterative system which is standard to cast in a linear form

@n = F@n_1 + ’)/En + ’7)\@>\, (3.22)

L (A +OT —6T [ 0, —0. _ (Bo—0,
with T =1 ’72 ’}/A],F—< I 0 7®n_ Qn—l_g* 760_ 60_9*7

- __ fn o 90_9*
== () w0 (%),

We are interested in the behavior of the average ©,, = #1 > ro Ok for which we
have the following general convergence result:

Lemma 13. For all A € Ry and v such that v(X 4+ M) < I and any matriz C' the

average of the iterates ©,, defined by Eq. (3.22) satisfy for Py (el CY2(I — F*)(I —

F)™', with ©9 = ©g —YA(I — F)710,,

3 B 2 -
E(©,,CO,) < 2(yw\)?||CV2(I - F) "o, + m\IPnH@oH2

,}/2

_r VT
T > VP

Jj=1

The error thus decomposes as the sum of three main terms:
— the two first ones are bias terms, one arising from the regularization (the first
one), and one arising computation (the second one),
— a variance term. which is the last one.
We remark that as we have assumed that Y is invertible, the matrix I — F’ can be
shown to be invertible for all the considered 9.
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

. aq . . by
exact computation will give a non-asymptotic bound. Then using C = H = ( 0 8)
I

: . 0
would give a convergence result on the function value and C' = ) a result on

00
the iterate. The end of the section is devoted to the proof of this lemma.
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Proof. The sequence 0,, satisfies a linear recursion, from which we get, for all n > 1:

O, = F"O+~ zn: F' e 4+ 9A zn: Frte,

k=1 k=1

= F"Og+7 Y F" 'S+ 9\ - F")(I - F)7'e,.

k=1

We study the averaged sequence: ©,, = #1 Y 10Ok . We get, using the identity
b FF = (I = F)(I = F)™",

n

k
6, = - Y Frey + — S FEIE 4 A N (I - F¥)(I - F)'e,.

k=0 k=1 j=1 =1

With )
@0 = @Q — ’7)\([ — F)_l@/\,

and 35 (1= F*) =350 (I = F*) = [n+ 1 (I - F")(I - F)7"].

Using summation formulas for geometric series, we derive:

6, = - i : (I — F"™)Y(I - F)7'6, + nLH ;gf”f—@j +y\I — F)~'e,
=~ i o= F™Y(I - F)™'6, + HLHJZZ; (kzn;ka')Ej +AI = F)7'O,
=~ i (1= F (I = F) ™0, + HLH;: (:Z_éF’“)Ej +AMI — F)7'e,
- HLH(]_F"H)(I—F)—@O + HLH jzn;(I—F”“‘j)(I—F)‘lquw)\(I—F)‘l@A
= TLLH(J—F"+1)(I—F)—1(1)O + HLH ;(I—Fj)(]—F)_lEn+1_j+7>\(I—F)_l@A.

Using martingale square moment inequalities which amount to consider =;,7 = 1,...,n
independent, so that the variance of the sum is the sum of variances, and denoting
by V = E[Z, ® Z,] we have for any positive semi-definite C,

_ _ 1 ~ 2
E(O,,06,) = HCW (n—H(I — PN ([ — F) @0 + A — F)16A> H

72

CESE

zn:tr(] — )Y -F)"'V({I-F") (I -F)"C,
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where C''/2 denotes a symmetric square root of C. Define P ‘e CY2(I — FF)(I —
F)~!, we have, Using Minkowski’s inequality and inequality (a + b)? < 2(a* + b?) for
any a,b € R,

P08 =73

~ B 2 72 n
7 Pan®o £ ACY (1 - F) 1@AH n S wp VP!
j=1

(n+1)2

2 ~1/2 -1 2 2||Pn+1é0||2 v - T
< 2(yA)?||CVAHI-F)7re, |2+ mrDE T e > wPVP.
j=1

This concludes proof of Lemma 13. O]

3.C.2 Asymptotic Expansion

To give the main terms that we expect, we first provide an asymptotic analy-
sis, 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 || F7|| will decrease ex-
ponentially to 0 as j — oo (even if || F[|® might be bigger than 1). The asymptotic
analysis relies on ignoring all terms in which F7 appears. We thus approximately
have:

1 ~ o2
E(6,,C6,) < 2(20)° [CV2(1 = F) 'O, 42|02 —— (1= F™)(I-F) 6y

2 n

gl _iN(T _ L T\l T
A ;thr([ FYI-F)'VI-F)y'(I-F)"C
~ 2RO F) 5P 2 01— )6
n+1
2 n
Y -1 -1
P ;1 tr(I — F)"'V({I - F1)"'C,

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 3.C.3.

Using the matrix inversion lemma we have for C' = ((C) 8),

—1I I
L (ORADT S(I— (1S AAD
(I=-F)" = ((zz foaD (1 +(5)1 T w]))l) (3:23)

AP+ 6 (I - (vE + 7)\1)_1))
0 0 ’

I_F — ((1+6)(72+7M)—51 5([—(72+7/\I)))

VA1 -F)t = (

3. [IF']l] denotes the operator norm of F, i.e., sup, <1 [[F'z||.
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Regularization based term. This gives for the regularization based term

”Cl/2<l_F)_1@>\H2: H 01/2(7237/\])1 501/2(]—(702+7A])1)) (90—9* H2
B (%) 1(2(S + M)~ (60 — 0.)1. (3.24)

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

Bias term. For the bias term we have

@0 = @0 - ’Y)\(I F 1@)\

B (YZ + M)~ O(I —(YZ+~AD)™) 0y — 6,
- 90 - (VS + AN (14 6)] — (4% + yAD) ! 0

B (vE + M)y - 0,)

N 90 — ")/2 + 7)\[ -1 00 — (9*)

([T =M+ MDY (60— 6.)

- - )\(E+/\I) ](90—9)

Thus this gives for the dominant term

0 0
= (2[(1=8) (Y +AN )+ 8T = A(E+ M) (6, —6.)||2.

2
- 1/2 1sel2(]
e -y - H (Y8 +9AD)"L B2 (I — (45 + 4AD) )>@0

And if ¢ commutes with 3 we have the bound for § € [:=¥22 1]

ISRVARN
e -re < 2w aie -+ an e - o)
2 1/2 —1 2
< (S DI = XS+ AD (0~ )P

Variance term. And for the variance term with V' = (8 8), we have CV/2(1

F)-lvy2 = (01/2(72 +(’)7)\[)_1“1/2 8), and

tr CV2(I — F)"'W(I — FN)71CY2 = tr (S + AN " fo(yE + y A1) !

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.
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3.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. (3.24) is
already non-asymptotic. Following O’Donoghue and Candés [2013] we consider an
eigen-decomposition of the matrix F', in order to study independently the recursion
on eigenspaces. We assume X has eigenvalues (s;) and we decompose vectors in an
eigenvector basis of ¥ we denote by (p;), with 6! = p0,, and & = p/ ¢, and we have
the reduced equation:

O, = 0, + 7541
(14 0)T; —0T;

with@g:ég,m:( . 0

>,WithTi:1—’ysi—’y)\.

Computing initial point ©}. O} = 0} —y\(I — F;)~'0}, with O} = (Z? B z;k>a
0~ Yx
91’

O = (QOS *> and (I — F;)~! given in Eq. (3.23). Thus

& — 0h—0.\ A 1 0((ysi+9A\) —1) 0y — 0.
O N0 —0L)  (ysitAN) L (T8 (ysi +9A) =9 0

(1— 5356 — 62)
_ ((1 e 03;)) | (3.25)

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

i (X) D det(XT — F) = X% = (14 6)(1 — y(s; + \)X 4+ 6(1 — y(s; + \))

has discriminant A; = (1 —~v(s;+A))((140)?(1 —~(s;+\)) —4d) which is non positive
. . 1= /v(sitN) I /(sitA)
as far as 0 € [0_; 4], with §_ = Fywy mpwny oy = Py e

Two Distinct Eigenvalues

We first assume that F; has two distinct complex eigenvalues

(1+0)(1—~(si + ) £V-1V=A;

T+ = 9

which are conjugate. Thus the roots are of the form p;e*™i with p;=+/0(1—7(s;+X)),

cos(w;) = W’ w; € [—7/2;7/2] and sin(w;) = —\/f.
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-

Let Qz = (ri i
T _ 1 —rf
Q:D;Q; WlthD—<6 r*) and Q; ' = _1+<_1 _Z).

r., —T; .
T 2 Tl

) be the transfer matrix into an eigenbasis of F;, i.e., F; =

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

2 _ (Ve 0\ e, _ (riVE riVG
¢ _(0 0)’Ci Q’_( 0 0

we have
I3

. DU S (g L
ClPQ;(I—DHYI—D) =g | = i T )

0 0
and, when developing and regrouping terms which depend on k, we get :
Py = CGPQiI = DI - Dy)'Q;
< (119:'_.—)% - ROk Bt - 1IY;'_.—WH_>

_l’_

Ty T 0 0
1 -l
= o | Q=rD)(=r)  A-ry)(A-r])
0 0
r)k+1 r)k+1 rh)k+1 ro)k+1
_—\/C_Z (lz—)rl_ B (f—)rj' (f—)rj' Ti B (f—)rz_ T;i_ .
vy -y 0 0
We also have Py, = C}°Q;(I — DF)(I — D)7'Q7" = S Rij with

Ri; = 01'1/2QiDgQi_1
r)itl rr)itl B
— \/C_z (( ’L()) ( z(% > Ql 1

I A G LA () A S Vo LA S PR (P KA
r; —rt 0 0 ’

but computing error terms based in R;; before summing these errors gives a looser
error bound than a tight calculation using P;j. More precisely, if we use P; ;0 =

Z?;S R; ;©} to upper bound ||P;;0}] < Z;:é |R;;0k]|, we end up with a worse
bound.

Bias term. Thus, for the bias term:

. 1— gyt -9 [ k+1lord oot k+11*7‘f]
Pl,k:@% \/C_Zel T3 T o \/C_ 0+ ( (T’L ) 1—r; (T’L ) 17Tz‘+

( —r )(1=r) =
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NG [ﬂ-ﬁ”f)—ﬂ?f‘l}
T Vammu—m \ VT )
i i 0

where k+1 +)2 +\k+1 —)\2
o, D O

This can be bound with the following lemma

Lemma 14. For all p € (0,1) and w € [—7/2;7/2] and r* = p(cos(w) £ +/—1sin(w))

we have:
1—rtr™ — pF| A

[1—r|
We note that the exact constant seems empirically to be 2. This lemma is proved
as Lemma 17 in Appendix 3.D. This gives for the bias term

2- Ja(6)) I
Il = = VA a =

<3+3p"<6 (3.26)

(1 =riri) = piAr) ]

IN
D
}‘
. —
>
o=
~—

since:
Q—r)A =) = 1=2%e(r) + [rf]?
= 1- (1 + 5)(1 — ’7(81' + /\)) + 5(1 — ’)/(87; + )\))
= v(si+A).
We also have a looser bound using PZ-’k@’ Zk ! R; @’
. 0 . .
Ri0h = L9 (=) P = (L= )P

7

r; =1
FRU_ (YL g (o)L ()i
= /et (( 0 ZZ e — TQ(T”‘ ) )(De Moivre’s formula)
- T, —T
B \/_91 SlIl wZ(J + 1)) p ezw,p]Jrl —w;(j+1) _ pie—iwipg+le+iwi(j+1)
pl Sln wl pie*’Lwi — pieiwi
e Pl sin(w;(j 4 1)) e e~ Wil — etiwi
p; sin(w;) t emiwi — piws
_ e p? sin( wl G+1) ﬁlsin(wij)
sin(w;) " sin(w;)

(1+e Hy/ch using Lemma 18 (see proof in Appendix 3.D),

which also gives for the bias term
POl < (1 + ) /cibik.
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Thus we have the final bound:

' 1(06)° (67)2
I1PixBill” < min{36 GO 61 4 ety )
Y

et ) m,n (14+e7)%ci(6y) }.(3.27)

Vi 0) , we have tr P, V; Py, =

Variance term. As for the variance term, with V; = (O 0

[ ()

na () - e

where

piBy, = —

which we can bound using the following Lemma:

Lemma 15. For all p € (0,1) and w € [—7/2;7/2] and r* = p(cos(w) £ /—1sin(w))
we have:

"Byl < 1.75.

Where we note that the exact majoration seems to be 1.3. This Lemma is proved
as Lemma 19 in Appendix 3.D.

1/2 1/2
We can also have a looser bound using F; (Uio ) = Z;:é R; ; (%‘0 ) and

Ry () = 25 (- )

pi sin(wi(j + 1))

- vl i sin(w;)

(7 4+ 1)y/c;v;, using the inequality |sin(kw;)| < k| sin(w;)|

IN

1/2
v; e (k+1)k
and [P (%)) | < L
This gives for the Variance term

& . [1—pEBig]® [L— pBialk(k+1) k2(k+1)?
tr P Vil < wvig i e, —_ ;
; T lik ok vic ; i { v2(s; + A)? 29(s; + A) 4
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8n (n+1) (n+1)° } (3.28)

< comi
= U'LC'L min {72(57: + )\)2) 2’}/(81 _'_ )\) ) 20

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

r, = (1+5)(172’y(si+)\)). Then, with § = 1—4/7(si+A) r = (1+5)(1;7(3¢+A)) = 1—/7(s; + V).

Ty /v(si+N)
Then F; can be trigonalized as F; = QZDZQ;I with Q; = <q’ (1])7 D; = (8 :)
-1 0 1 v k-1 (Ti K
and Q; " = L We note that for all £ > 0, then D; = r; 0 r )

Computing P, ;. We first compute P, :

1 1
(L — D))" = (16” (1_1”)2)

and

Thus with Cil/?Qi = (\/gn \/00_1) we have

i

1—rk ] 171"2c _ krf
CH?Qi(Iy — DF)(I, — D) ™' = /& 1_61' T

0
And, computing as previously the matrices products, we derive:
1/2 L
1-rk krk 1k 1—rk Jerk
= Jo | T T TR (G — o)

0 0
1—rk krf 17745@ 9 krf+1
= G <(1—n)2 o ler (I-m)? (7:) 1—r, )
0 0
rk —rk
_ E (i Lkt 2+ k>
L—r; 0
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PN AN & A k
= apa (1),

and this gives for the bias term:

i i ].+7’1 2
1245l = (65)ei| (1 =)t — k]

-7 g

= (6))%; [1 T (k n ﬂ)?ﬂza

1—7’i 1—7’i

developing the product, then using formulas for 7;,

IPseil? = @[ ) (1 2T AT ‘”T
- 7((ZZ)Q )[ — V(54N = (kv (si+A) 2=/ v(5i+0) (1= (si+N)) r
:Vgia) Z)[2— Y(si +A) = (24 (k= 1)y/~v(si + A) (1 — /v ]
(65)%ci . : .
< 4m, using Lemma 20 in Appendix 3.D. (3.29)

Variance term. With V = (161 8),

tr B,V P g

.
_ % %—krf _%(Ti)z-i-krfﬂ v 0 ijij—krf —%(n)z—i-krfﬂ
(1=r)? 0 0 0 0 0 0

5iV; [1 —rk B krfr

T -l
_ Uihi |:1—Tf_krk:|2
Y(si+A) L1 —ry

V; hl
TeE ek

= o[- A - VAT T )

2
—rF (1 - ri)k‘rﬂ

Y2 (s; + A)?
and
n . n 2
Ztr-Pi,kVPi,k = ﬁ |:].— 1+k7\/ Sz‘f—/\ -\ Sz‘f‘)\)) i|
k=1 i k=1
ViS;

IN

nm using Lemma 20 in Appendix 3.D. (3.30)
YSq
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Alternative bounds for the bias and the variance term, as in Equations(3.24), (3.27)
may be derived as well. Combining all these results, we are now able to state Theo-
rem 8.

3.C.4 Conclusion

Combining results from Lemma 13, and Equations (3.24), (3.27), (3.28), with
¢ =Y, and using the following simple facts:
— For the least squares regression function, with ¢ = 3, E(6,,, 00, = Ef(0,) —
f(0.).

— Under assumption As, A4, we have V < 723,

— The squared norm of a vector is the sum of its squared components on the
orthonormal eigenbasis. For example ||P,1100]2 = 2, | Pni1©0]|2.

— For any regularization parameter A € R, and for any constant step-size v(3 +

M) < I, for any 6 € [%\/z:i, 1], matrix F' will have only two distinct complex

eigenvalues or two coalescent eigenvalues.

Proposition 7. Under (Ays), for any reqularization parameter A € Ry and for any

constant step-size (X + AI) < I we have for any § € H:/\/%, 1} , for the recursion in

Eq. (3.10):

Ef(0.) — f(6:) < 2X|AYVZSY2(S 4+ M) (0 — 6,

d (012 (01)2
+3 2 min{36—’ycl(90) L6n(1 4+ e i(fo)

— (n+1)? (si+A) VA(si + )
n?(1+ 61)2@(56)2}

d 2 { 8n (n+1)? (n+ 1)5}‘

* Z (n + 1)2vici H Y2(si + M) 29(si +A) 20

=1

This implies, using the Equation (3.25) for the initial point, using ¢; = o; and re-
grouping sums as traces or norms:

Ef(0a) — f(6.) < 2A|NEY2(E 4+ ML) 71 (6 - 6.)]°

[ 36]|SY2(E4+A) 2 (0, —0,) || S1\ 2yl
2 1 12(0,—6.)|?
+ 2min { S (eS8 -0.)|
H(VE(S + )2
+min{8 v (++1 ) ),nvtr(VE(Z+AI)_1)},
n

which gives exactly Theorem 8 using V. < 72X in the Variance term, and \'/?(X +
M)7Y2 L T i the first term.
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3.D Technical Lemmas

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

Lemma 16. The operator [(S+A)®@1+1®(S+A)] ' is a non-decreasing operator
on (Sp, X).

Proof. Lemma means that for two matrices M, N € S,(R) such that M < N, then

[(S+A)@I+1@(E+A)] M [(S+A)@I+10(S+ )] N,

It is equivalent to show that for any symmetric positive matrix A € S,

(S+AN@I+T@ (S +AM)]'AcSHR).

We consider a matrix A € S (R). A can be decomposed as a sum of (at most) n
rank one matrices A = Y7 w;w,”, with w; € R". We thus just have to prove that for
some w € R™, [(E+ M) @I +1® (S + )] 'ww’ € SF(R).

Let ¥ = Zi>0 ie; @ e; is the eigenvalue decomposition of X, then

-1 T (w, i) (w, €;)
E+AN)RIT+TR(Z+A)|] ww = ——e; D e,.
[ } i§M¢+Mj+2A J

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

between
Z (w, e (w,ejle; ®ej = ww'

0,20

Mg 42X
positive. Moreover the Hadamard product of two positive matrices is positive, which

concludes the proof. O

and the matrix C' = <(;)ij>0>' Matrix C is a Cauchy matrix and is thus

Remark: surprisingly, the inverse operator (X + A) ® I + 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 17. For all p € (0,1) and w € [—7/2;7/2] and r* = p(cos(w) £ /—1sin(w))
we have:

Lt = Al
=]

<min{l +p+et+4p5 2+ p+ 5"} <6. (3.31)

Proof. We note that p¥A; 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
A, as a combination of sine and cosine functions:

(r )@ =) = () A = ry)?

k g i i
pid =

r, T
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(r)M = DM = 2 ()" = DY) + (D)) = (M)

Pi Sin w;
_P;Hl sin((k + 1)w;) — 2o 2 sin(kw;) + p* 3 sin((k — 1)w;)

7 7

P S 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 + 1)w;) — 2p; sir'l(kwi) + pZsin((k — 1)w;)

(cos(w)—p)(sin(kw) —psiri((k— 1)w))‘+cos(k;w) sin(w) —pcos((k—1)w) sin(w)
developing sin(a + b) = sin(a) cos(b) + cozs(a) sin(b) and regrouping terms,
(cos(w) — p)?sin((k — 1)w) + .(cos(w) — p) sin(w) cos((k — 1)w)

—A =

+cos(kw) sin(w) — pcos((k — 1)w) sin(w)

sin w;

_ (cos(w) —Z)insoif:((k_ 1)w) +(cos(w) — p) cos((k—1)w) +cos(kw) — p cos((k—1)w)
simplifying expression, then developing the cosine,
_ (cos(W)—f;)inifil((k—l)w) +2(cos(w) — p) cos((k—1)w)+sin(w) sin((k—1)w)3.32)

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= — pF A
[1—r+]

We thus consider separately the first and second term.

1—rir; B 1—p?

L=rl 1=

<l+p (exact if w =0).

Then, using Equation (3.32):

oAy e sl g (cos(w) — p) cos((k—1)w) + sin(w) sin((k—1)w)
= p ) .
V(1 — pcosw)? + p?sin®(w)

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

w)— 2 sin —1l)w
e Leoste) f;)inzi ((k=1)w) . (cos(w) — p) sin((k — 1)w)

< p :
V(1 — pcosw)? + p2sin?(w) SIn wj
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as |(cos(w) — p)| <1 — pcos(w), ‘
g (cos(w)—1) sin((k—1)w )+pk(1—f>) sin((k—1)w)

sin w; sin w;
writing cos(w) —p =cos(w) —14+1—p

< pPA—p)k—1)+p" (cos{uw) = ifnss((k — D)

as |sin((k — Dw)| < |(k — 1) sin(w)|,

< pk(l—p)k—(l—p)pk—i—pk(ms( ) Sl)nsiz((k 1) )

writing cos(w) — 1 = 2sin*(w/2),
< PP+ (1 =p)F =" = (1= p)pf + o
using 14 (1 = p)k < (14 (1 - p))F,
< PP+ (1 =p)" = p" = (1= p)p* + p* tan(w/2)
and as tan(w/2) <1 for |w| < /2,
<1-(1-p)p
using p*(1+(1—-p))" = (1 - (1-p)*)* <1,

2sin?(w/2)
sin w;

And for the second and third term:

k_(cos(w) — p) cos((k — Dw) 5
P < 2",
V(1 = pcosw)? + p?sin’(w)| P
. +sin(w)sin((k — 1)w) <
V(1 — peosw)? + p2sin®(w)|

Thus:

1 —rtr- — pFlA
L pz| 1| < 1+p+1+3pk

1=
We also have
AT o) — psin((k — 1)
V(1—pcosw)?+p?sin’(w) — sin w;
cos(w) — 1)sin((k — 1w
Spk(l—p)(k—l)-l-pk( ( ) ) (( ) )
sin w;
1 (cos(w)—1)sin((k—1)w)
< ( /<;+1) (I=p)p™+p e
L sin?(w/2)

<e ' —(1—-p)pt 4 —
S1n w;
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Using that

1 1
k ki1 — = k 1— k
JSup (1~ a) P Sy
1
— 1_ k+1
Sy
1
= Din((1 = — ) <e ! .
exp((k+1)((1 = =) < e, (3.33)

we get

1—rtr — oFlA
LA p’L| 1| < 1+p+€71+4pk
11—

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

[
Lemma 18. For any p; € (0;1), for any w; € [—m/2;7/2]
Pi sm('w,(] +1)) _ ‘+151.n(w,j) < 14el
sin(w;) " sin(w;)
Proof.
prsin(wi(j +1)) jrrsin(wij) P sin(w;(j + 1)) — pisin(wij)
sin(w;) © o sin(wy) ’ sin(w;)
_ ((cos(wi) - p;) sin(w;7) N cos(jwz-)>
sin(w;)
< P ((L=p)i+1)
< 1+e ! using (3.33).
[

Lemma 19. For all p € (0,1) and w € [—7/2;7/2] and r* = p(cos(w) £ +/—1sin(w))
we have:

pi By | < 1.75 (3.34)

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

)M =) = DA =)

k i i
kB, —
pz Lk rj_ _ Ti_
20m | (r; )AL —rf
= — 1G9 A( ) as it is the difference between a complex
AY
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and its conjugate,
Jm|[phe~ ki (1 — 5. cos(w;) — ip; sin(w;
= — 7 ( .p (i) — ipisin(w:))] developing the product,
sin w; p;
kcos((k + 1D)w;) sin(w;) p; + sin((k + 1)w; ) (1 — p; cos(w;))

sin w; p;

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

. 1 .
w} and simplifying.
S11 W;

Let’s turn our interest to the second part of the quantity. We denote by

sin((k + 1)w;) |

O=|pf(1—pi i
pi(1 = picos(w)) — 2
and
sin((k + 1)w;)
U F(1—pi+ pi(1— i)
pi(1 = pi+ pill = cos(wi))) —
introducing an artificial + p; — p;,
sin((k + 1)w;) sin((k + 1)w;)
< P (1= pi) |+ pF|pi(L = cos(wi))
sin w; sin w;
by triangular inequality,
w 1
< oM =p)k+1 ;
— p’L ( p)( + ) _I_pz p Sln (2)2(:08(%)811,1(%))
using 1 — cos(w;) = 2 sinQ(%)
< = pk+ pE(L— p) + | prsin?(D)—
27 2cos(%)sin(%)
1 Di
< (=0 =p))*A+ 1 =p))f=pF+ —— + pF|Z tan(=
< (=0 =p)" 1+ 1= p)) it s T an(3)
1 1 1 1
< (1-—Q=p)Vr+=4=<1+4+-+=-—p"
Thus
1 1 1 1
k k k
"B = p+1+-+=-—p!<1+4+-+==1.75.
Pi Bk prtltgrs—p sl +g

O

Lemma 20. For any s;,v, A € R such that v(s; + ) < 1, for any k € N, we have
the two following highly related identities:

0<2—(si+A)— (24 (k= 1)Vv(si + )1 Y(si +A)F < 2
0<1—(1+kVy(si +A))A—/v(si + ) < 1

Proof. Proof relies on the trick, for any a € R;n € N: 1+ na < (14 «)". For the
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first one:

Y(si+ M) =

v(s; + A)F + (1+ (k—1)v/A(si +A)(1 -

Y(si+A) + (24 (k= D)y(si+A)(1 -

Y(si+A) + (1 -

SOy
ORI

v(si +N)) + (1 + (k= D/~(s; + )\))(1 —

k—1 S 2.

Y(si+A) + (1 -
L+ (1 —~(si+A)

VI

V

For the second one:

Ysi+A) < Q-q(si+A) <L

Y(si+A)(1 -

0<(1+k

117



118



Chapter 4

Dual Averaging Algorithm for
Composite Least-Squares Problems

Abstract

We consider the minimization of composite objective functions composed of the
expectation of quadratic functions and an arbitrary convex function. We study the
stochastic dual averaging algorithm with a constant step-size, showing that it leads
to a convergence rate of O(1/n) without strong convexity assumptions. This thus
extends earlier results on least-squares regression with the Euclidean geometry to
(a) all convex regularizers and constraints, and (b) all geometries represented by a
Bregman divergence. This is achieved by a new proof technique that relates stochastic
and deterministic recursions.

This chapter is extracted from the paper: Stochastic Composite Least-Squares
Regression with convergence rate O(1/n), in collaboration with F. Bach published in
the Proceedings of the International Conference on Learning Theory (COLT), 2017.

4.1 Introduction

Many learning problems may be cast as the optimization of an objective func-
tion defined as an expectation of random functions, and which can be accessed only
through samples. In this chapter, we consider composite problems of the form

min E,{(z,6) + g(6), (4.1)
HeRrR?
where for any z, {(z,-) is a convex quadratic function (plus some linear terms) and g
is any extended-value convex function.

In a machine learning context, ¢(z, #) is the loss occurred for the observation z and
the predictor parameterized by 6, f(0) = E,{(z, 0) is its generalization error, while the
function g represents some additional regularization or constraints on the predictor.
Thus in this chapter we consider composite least-squares regression problems, noting
that solving such problems effectively leads to efficient algorithms for all smooth
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losses by using an online Newton algorithm [Bach and Moulines, 2013|, with the
same running-time complexity of O(d) per iteration for linear predictions.

When g = 0, averaged stochastic gradient descent with a constant step-size
achieves the optimal convergence rate of O(1/n) after n observations, even in ill-
conditioned settings without strong convexity [Jain et al., 2016], with precise non-
asymptotic results that depend on the statistical noise variance o2 of the least-squares
problem, as o%d/n, and on the squared Euclidean distance between the initial predic-
tor 0y and the optimal predictor 0, as ||y — 0.||3/n.

In this chapter, we extend this O(1/n) convergence result in two different ways:

— Composite problems: we provide a new algorithm that deals with composite
problems where g is (essentially) any extended-value convex function, such as
the indicator function of a convex set for constrained optimization, or a norm
or squared norm for additional regularization. This situation is common in
many applications in machine learning and signal processing [see, e.g., Rish and
Grabarnik, 2014, and references therein|. Because we consider large steps-sizes
(that allow robustness to ill-conditioning), the new algorithm is not simply a
proximal extension; for example, in the constrained case, averaged projected
stochastic gradient descent with a constant step-size is not convergent, even for
quadratic functions.

— Beyond Euclidean geometry: Following mirror descent [Nemirovski and
Yudin, 1979] and recent work of Bauschke et al. [2016], our new algorithm can
take into account a geometry obtained with a Bregman divergence D), associated
with a convex function A, which can typically be the squared Euclidean norm
(leading to regular stochastic gradient descent in the non-composite case), the
entropy function, or the squared ¢,-norm. This will allow convergence rates pro-
portional to Dy(0.,6,)/n, which may be significantly smaller than ||6y — 0,]|*/n
in many situations.

In order to obtain these two extensions, we consider the stochastic dual averaging
algorithm of Nesterov [2009] and Xiao [2010] which we present in Section 4.2, and
study under the particular set-up of constant step-size with averaging, showing in
Section 4.3 that it also achieves a convergence rate of O(1/n) even without strong
convexity. This is achieved by a new proof technique that relates stochastic and
deterministic recursions.

Given that known lower-bounds for this class of problems are proportional to
1/4/n for function values, we established our O(1/n) results with a different criterion,
namely the Mahalanobis distance associated with the Hessian of the least-squares
problem. In our simulations in Section 4.5, the two criteria behave similarly. Finally,
in Section 4.4, we shed additional insights of the relationships between mirror descent
and dual averaging, in particular in terms of continuous-time interpretations.

4.2 Dual Averaging Algorithm

In this section, we introduce dual averaging as well as related frameworks, together
with new results in the deterministic case.
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4.2.1 Assumptions

We consider the Euclidean space R? of dimension d endowed with the natural
inner product (-,-) and an arbitrary norm || - || (which may not be the Euclidean
norm). We denote by || - ||« its dual norm and for any symmetric positive-definite
matrix A, by ||-||a = +/(-, A-) the Mahalanobis norm. For a vector § € R?, we denote
by 6(i) its i-th coordinate and by [|6]], = (32, |8()[?)'/? its £,-norm. We also denote
the convex conjugate of a function f by f*(n) = supgera(n, ) — f(¢). We remind
that a function f is L-smooth with respect to a norm || - || if for all («, 8) € R? x R,
IV f(a) = VF(B)|« < Llja — B and is p-strongly convex if for all (a, 3) € R? x R4
and g € 9f (), f(a) = f(B) + (9, — B) + 5|l — B||* [see, e.g., Shalev-Shwartz and
Singer, 2006].

We consider problems of the form:

min ¢(0) = f(0) + g(0), (4.2)

fex

where X C R? is a closed convex set with non empty interior. Throughout this

chapter, we make the following general assumptions:

(A1) f:R? — RU{+oc} is a proper lower semicontinuous convex function and is
differentiable on X (the interior of X).

(A2) g:R?Y— RU{+occ} is a proper lower semicontinuous convex function.

(A3) h:R?— RU{+oo} with dom hNdom g = X, dom hNdom g # . Moreover
h is a Legendre function [Rockafellar, 1970, chap. 26]:

— h is a proper lower semicontinuous strictly convex function, differentiable
on dom h.

— The gradient of h is diverging on the boundary of dom A (i.e., for any se-
quence (f,,) converging to a boundary point of dom h, lim,,_, || VA(0,,)|| =
o0). Note that V1 is then a bijection from dom h to dom h* whose inverse
is the gradient of the conjugate VA*.
(A4) The function ¢ = f+ g attains its minimum over X at a certain 6, € R% (which
may not be unique).
Note that we adopt the same framework as Bauschke et al. [2016] with the difference
that a convex constraint C can be handled with more flexibility: either by considering
a Legendre function h whose domain is C or by considering the hard constraint g(6) =
1c(8) (equal to 0 if # € C and 400 otherwise).

4.2.2 Dual Averaging Algorithm

In this section we present the dual averaging algorithm (referred to from now
on as “pA”) for solving composite problems of the form of Eq. (4.2). It starts from
0o € dom h and 1y = Vh(fy) and iterates for n > 1 the recursion

N = 77n71—7vf(9n71)
O = Vhy(m), (4.3)
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with h, = h + nyg and v € (0,00) (commonly referred to as the step-size in op-
timization or the learning rate in machine learning). We note that equivalently
0, € argmaxgega{ (N, 0) — hn(0)}. When h = 1|| - |3 and g = 0, we recover gra-
dient descent.

Two iterates (1, 0,) are updated in DA. The dual iterate 7, is simply proportional
to the sum of the gradients evaluated in the primal iterates (6,,). The update of the
primal iterate 6,, is more complex and raises two different issues: its existence and its
tractability. We discuss the first point in Appendix 4.A and assume, as of now, that
the method is generally well defined in practice. The tractability of 6,, is essential
and the algorithm is only used in practice if the functions h and g are simple in the
sense that the gradient VA; may be computed effectively. This is the case if there
exists a closed form expression. Usual examples are given in Appendix 4.1.

Euclidean case and proximal operators. In the Euclidean case, Eq. (4.3) may
be written in term of the proximal operator defined by Moreau [1962] as Prox,(n) =

arg minge {510 — nll3 + g(0)}:

Ou=arg min {11, 6) +9(6)-+ 3613} =avg min {2 161 3-+179(6)} =Pror, o).
gex gex

DA is in this sense related to proximal gradient methods, also called forward-backward
splitting methods [see, e.g., Beck and Teboulle, 2009, Wright et al., 2009, Combettes
and Pesquet, 2011]. These methods are tailored to composite optimization problems:
at each iteration f is linearized around the current iterate 6,, and they consider the
following update

Oris = axgmin { (Y9 (6,),6) +99(6) + 310 — 0,3} = Prox,,(0 — 1V 1(0,)).

fex

Note the difference with DA which considers a dual iterate and a proximal operator
for the function nvyg instead of g (see additional insights in Section 4.4).

From non-smooth to smooth optimization. DA was initially introduced by
Nesterov [2009] to optimize a non-smooth function f with possibly convex constraints
(g =0or g =1¢). It was extended to the general stochastic composite case by Xiao
[2010] who defined the iteration as

n—1
1 n
6, = arg min {— (2:,0) + () + 5—/1(9)},
fex n = n
where z; is an unbiased estimate® of a subgradient in 9f(6;) and (8,),>1 a nonneg-
ative and nondecreasing sequence of real numbers. This formulation is equivalent to
Eq. (4.3) for constant sequences /3, = 1/v. Xiao [2010] proved convergence rates of

order O(1/4/n) for convex problems with decreasing step-size C'/v/n and O(1/(un))

1. Their results remain true in the more general setting of online learning.
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for problems with p-strongly convex regularization with constant step-size 1/u. DA
was also studied with decreasing step-sizes in the distributed case by Duchi et al.
[2012], Dekel et al. [2012], Colin et al. [2016] and combined with the alternating di-
rection method of multipliers (ADMM) by Suzuki [2013]. It was further shown to
be very efficient in manifold identification by Lee and Wright [2012] and Duchi and
Ruan [2016].

Relationship with mirror descent. The DA method should be associated with
its cousin mirror descent algorithm (referred to from now on as “MD”), introduced by
Nemirovski and Yudin [1979] for the constrained case and written under its modern
proximal form by Beck and Teboulle [2003]

6 = argmin {W{Vf(0n-1),0) + Di(0,0,1)},
(S

where we denote by Dy (c, 8) = h(a) —h(B) — (Vh(B),a— () the Bregman divergence
associated with h. Moreover it was later extended to the general composite case by
Duchi et al. [2010]

0, = arager)rclin {V(Vf(0n-1),0) +79(0) + Dp(6,60,-1)}. (4.4)

DA was initially motivated by Nesterov [2009] to avoid new gradients to be taken into
account with less weight than previous ones. However, as an extension of the Eu-
clidean case, DA essentially differs from MD on the way the regularization component
is dealt with. See more comparisons in Section 4.4.

Relationship with online learning. DA was traditionally studied under the on-
line learning setting [Zinkevich, 2003| of regret minimization and is related to the
“follow the leader” approach [see, e.g., Kalai and Vempala, 2005] as noted by McMa-
han [2011]. More generally, the DA method may be cast in the primal-dual algorith-
mic framework of Shalev-Shwartz and Singer [2006] and Shalev-Shwartz and Kakade
[2009].

4.2.3 Deterministic Convergence Result for Dual Averaging

In this section we present the convergence properties of the DA method for op-
timizing deterministic composite problems of the form in Eq. (4.2), for any smooth
function f (see proof in Appendix 4.B).

Proposition 8. Assume (A1-4). For any step-size y such that h — v f is convezr on
X we have for all 0 € X
Dy (6,00)
0,) — () < ———.
(B~ v(0) < TEE

Moreover assume g = 0, and there exists i € R such that f — ph is also convex on X
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then we have for all 0 € X

We can make the following remarks:

— We adapt the proofs of Chen and Teboule [1993], Bauschke et al. [2016] to the
composite case and the DA method by including the regularization component
g in the Bregman divergence. If g was differentiable we would simply use D), =
Dp 419 and prove the following recursion:

Dhn (9*7 (9”) - Dhn71 (9*7 9”—1> - _Dhn71(‘9n7 en—1> + 7<vf<9n—1)7 en—l - ‘9”)
—7(9(0n) — 9(0)) = Y (Vf(On-1), 01 — 05).

Since g is not differentiable, we extend instead the notion of Bregman divergence
to the non-smooth case in Appendix 4.B.2 and show the proof works in the same
way.

— Related work: A result on MD with analogue assumptions was first presented
by Bauschke et al. [2016]. DA was analyzed for smooth functions in the non-
composite case where g = 0, by Dekel et al. [2012] in the stochastic setting and
by Lu et al. [2016] in the deterministic setting. The technique to extend the
Bregman divergence to analyze the regularization component has its roots in
the time-varying potential method in online learning [Cesa-Bianchi and Lugosi,
2006, Chapter 11.6] and the “follow the regularized leader” approach [Abernethy
et al., 2008|.

— This convergence rate is suboptimal for the class of addressed problems. Indeed
accelerated gradient methods achieve the convergence rate of O(L/n?) in the
composite setting [Nesterov, 2013, such a rate being optimal for optimizing
smooth functions among first-order techniques that can access only sequences
of gradients [Nesterov, 2004].

— Classical results on the convergence of optimization algorithms in non-Euclidean
geometries assume on one hand that the function A is strongly convex and on
the other hand the function f is Lipschitz or smooth. Following Bauschke et al.
[2016], we consider a different assumption which combines the smoothness of f
and the strong convexity of h on the single condition A — v f convex. For the
Euclidean geometry where h(6) = £|6||3, this condition is obviously equivalent
to the smoothness of the function f with regards to the f3-norm. Moreover,
under arbitrary norm || - ||, this is also equivalent to assuming h p-strongly
convex and f L-smooth (with respect to this norm). However it is much more
general and may hold even when f is non-smooth, which precisely justifies the
introduction of this condition [see examples described by Bauschke et al., 2016].

— The bound adapts to the geometry of the function h through the Bregman
divergence between the starting point 6, and the solution #, and the step-size
~ which is controlled by h. Therefore the choice of h influences the constant in
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the bound. Examples are provided in Appendix 4.1.

4.3 Stochastic Convergence Results for Quadratic Func-
tions

In this section, we consider a symmetric positive semi-definite matrix > € R9*4
and a convex quadratic function f defined as

(A5) f(0) =1(6,%60) — (¢,0), with ¢ € R? in the column space of %,

so that f has a global minimizer 6y, € RY. Without loss of generality?, ¥ is as-
sumed invertible, though its eigenvalues could be arbitrarily small. The global so-
lution is known to be sy = ¥ !g, but the inverse of the Hessian is often too ex-
pensive to compute when d is large. The function may be simply expressed as
f(6,) = (6, — 05, 2(6, — 05)) + f(fs) and the excess of the cost function ¢ = f+g
as

U(0n) = (0:) = (0 — O, X(0, — 04)) + g(0) — g(0s) (linear part)
+ %(Gn —0,,%2(0, —0,)) (quadratic part) .

The first-order condition of the optimization problem in Eq. (4.2) is 0 € Vf(6.) +
0g(0.) + 01 x(0.). By convexity of g, we have g(0,) — g(0.) > (2,0, — 0,) for any
z € 0g(0.). Moreover 1x(0,) — 1x(0,) =0 > (2,0, — 6.) for any z € 01 (6,) since
0,0, € X by definition. Therefore this implies that the linear part ¢g(6,) — g(6.) +
(Vf(0.),0, —0,)) is non-negative and we have the bound

0, — 0.1 < 0(6,) - v(6.). (4.5

We derive, in this section, convergence results in terms of the distance |6, — 6.||x
which takes into account the ill-conditioning of the matrix ¥ and is a lower bound
in the excess of function values. Furthermore it directly implies classical results for
strongly convex problems.

In many practical situations, the gradient of f is not available for the recursion in
Eq. (4.3), and we have only access to an unbiased estimate V f,1(6,) of the gradient
of f at #,. We consider in this case the stochastic dual averaging method (referred
to from now on as “SDA”) defined the same way as DA as

M = ﬂn—l—Wan(Qn—l)

for 0y € dom h and no = Vh(6y). Here we consider the stochastic approximation

2. By decomposing 6 in 6

= 0 + 0. with #, € Null(¥) and (01,0)) = 0 and considering
P(8) = f(@u) —|—§(9H) where g(eu) =

infg, enui(s) 9(0L +0y).
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framework [Kushner and Yin, 2003]. That is, we let (F,,),>0 be an increasing family
of o-fields such that for each § € R? and for all n > 1 the random variable V£, ()
is square-integrable and F,,-measurable with E[V f,,(0)|F,_1] = V f(#). This includes
(but also extends) the usual machine learning situation where V f,, is the gradient of
the loss associated with the n-th independent observation. We will consider in the
following two different gradient oracles.

4.3.1 Additive Noise

We study here the convergence of the SDA recursion defined in Eq. (4.6) under
an additive noise model:

(A6) For all n > 1, Vf,(0) = Vf(0) — &,, where the noise (§,),>1 is a square-
integrable martingale difference sequence (i.e., E[¢,|F,—1] = 0) with bounded
covariance E[§, ® &,] < C.

With this oracle and for the quadratic function f, SDA takes the form

M = M1 — V(801 — q) + &,

On = Vh,(0n). (4.7)
We obtain the following convergence result on the average 6, = %ZZ;& 0, which is
an extension of results from Bach and Moulines [2013] to non-Euclidean geometries
and to composite settings (see proof in Appendix 4.C).

Proposition 9. Assume (A2-6). Consider the recursion in Eq. (4.7) for any con-
stant step-size v such that h — v f is convex. Then

7] . h(6y) — Vh(0,)|2_,
LE1d, — 0,2 < 2min | 2e0e0), IVR(E) — VAE.)IlE

4
} +—try e
n

We can make the following observations:

— The proof in the Euclidean case [Bach and Moulines, 2013| highly uses the
equality 0,, — 0, = (I —yX)(0,—1 — 0x) which is no longer available in the non-
Euclidean or proximal cases. Instead we adapt the classic proof of convergence
of averaged SGD of Polyak and Juditsky [1992] which rests upon the expansion

2 k=0 Vi1 (0k) = Dol = 1h+1) /7 = (M0 = 7n41)/7- The crux of the proof

is then to consider the difference between the iterations with and without noise,
nete — ndet which happens to satisfy a similar recursion as Eq. (4.7) but started

from the solution 6,. The quadratic nature of f is used twice: (a) to bound
ln3te — ndet||s;-1 ~ y/n, and (b) to expand Vf(6,) = Vf(0,) ~ %t,oy—;m +1/v/n.

— As for Proposition 8, the constraint on the step-size v depends on the function
h. Moreover the step-size v is constant, contrary to previous works on SDA
[Xiao, 2010] which prove results for decreasing step-size 7, = C/+/n for the
convex case (and with a convergence rate of only O(1/y/n)).

— The first term is the “bias” term. It only depends on the “distance” from the
initial point 6y to the solution #, as the minimum of two terms. The first one
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recovers the deterministic bound of Proposition 8. The second one, specific
to quadratic objectives, leads to an accelerated rate of O(1/n?) for some good
starting points such that ||Vh(6y) — VA(6.)||%-1 < oo, thus extending the result
from Chapter 2.

— The second term is the “variance” term which depends on the noise in the gra-
dients. When the noise is structured (such as for least-squares regression), i.e,
there exists o > 0 such that C' < ¢?%, the variance term becomes % which is
optimal over all estimators in R¢ without regularization [Tsybakov, 2003]. How-
ever the regularization g does not bring statistical improvement as possible, for
instance, with /;-regularization. We believe this is due to our proof technique.
Indeed, in the case of linear constraints, Duchi and Ruan [2016] recently showed
that the primal iterates (6,,) follow a central limit theorem (CLT), namely /nf,
is asymptotically normal with a covariance precisely restricted to the active con-
straints. This supports that SDA may leverage the regularization (the active
constraints in their case) to get better statistical performance. We leave such
non-asymptotic results to future work.

Assumption (A6) on the gradient noise is quite general, since the noise (&,) is
allowed to be a martingale difference sequence (correct conditional expectation given
the past, but not necessarily independence from the past). However it is not verified
by the oracle corresponding to regular SDA for least-squares regression, where the
noise combines both an additive and a multiplicative part, and its covariance is then
no longer bounded in general (it will be for g the indicator function of a bounded
set).

4.3.2 Least-Squares Regression

We consider now the least-squares regression framework, i.e, risk minimization
with the square loss. Following Bach and Moulines [2013], we assume that:
(A7) The observations (z,,y,) € R? x R, n > 1, are i.i.d. distributed with finite
variances E||z,||3 < co and Ey? < oo.

(A8) We consider the least-squares regression problem which is the minimization of
the quadratic function f(0) = 3E((zy, 0) — yn)*.

(A9) We denote by ¥ = E[z, ® x,] the population covariance matrix, which is
the Hessian of f at all points. Without loss of generality, we reduce R? to
the minimal subspace where all z,, n > 1, lie almost surely. Therefore ¥ is
invertible and all the eigenvalues of ¥ are strictly positive, even if they may be

arbitrarily small.

(A10) We denote the residual by &, = (y, — (0«, z,))z,. We have E[¢,] = 0 but
E[¢,|2,] # 0 in general (unless the model is well-specified). There exists o > 0
such that E[§, ® &,] < 022

(A11) There exists x > 0 such that for all 2 € R? E(z, 2,,)* < k(z, ¥z)2

(A12) The function g is lower bounded by some constant which is assumed by sake
of simplicity to be 0.
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(A13) There exists L > 0 such that Lh — 1| - |2 is convex.

Assumptions (A7-9) are standard for least-squares regression, while Assumption
(A10) defines a bounded statistical noise. Assumption (A11) is commonly used in
the analysis of least-mean-square algorithms [Macchi, 1995| and says the projection
of the covariates x,, on any direction z € R? have a bounded kurtosis. It is true for
Gaussian vectors with x = 3. Assumption (A13) links up the geometry of the func-
tion h and the objective function f; for example for ¢,-geometries, L is proportional
to El|z||2 where 1/p +1/q =1 (see Corollary 7 in Appendix 4.1).

For the least-squares regression problem, the SDA algorithm defined in Eq. (4.6)
takes the form:

T = Th-1— 7(<$n79n—1> - yn)xn
On = Vh(mn). (4.8)

This corresponds to a stochastic oracle of the form Vf,,(6) = (X +(,)(0 —0x) — &, for
0 € R?, with ¢, = x,, ®x, —Y. This oracle combines an additive noise &, satisfying the
previous Assumption (A6) and a multiplicative noise ¢, which is harder to analyze.

We obtain a similar result compared to Proposition 9 at the cost of additional
corrective terms.

Proposition 10. Assume (A2-4) and (A7-13). Consider the recursion in Eq. (4.8)

: 1
for any constant step-size v such that v < ;——. Then

Dy (6., 0 32d
(0, 60) + 22 (07 + ], — Os]|2) +
yn n

1. - 16xd ( 5Dy, (0., 0
SEl6, — 0.3 <2 br (5 (s 60)

n? v

+g(60)>.

We can make the following remarks:

— The proof technique is similar to the one of Proposition 9. Nevertheless its
complexity comes from the extra multiplicative noise (, in the gradient estimate
(see Appendix 4.D).

— The result is only proven for v < 1/(4xLd) which seems to be a proof artifact.
Indeed we empirically observed (see Section 4.5) that the iterates still converge
to the solution for all v < 1/(2E||z,||3).

— The global bound leads to a rate of O(1/n) without strong convexity, which is
optimal for stochastic approximation, even with strong convexity |[Nemirovsky
and Yudin, 1983]. We recover the terms of Proposition 9 pertubed by: (a)
one corrective term of order O(d/n) which depends on the distance between
the solution #, and the global minimizer s, of the quadratic function f, which
corresponds to the covariance of the multiplicative noise at the optimum, and (b)
two residual terms of order O(d/n?). It would be interesting to study whether
these two terms can be removed.

— As in Proposition 9, the bias is also O(ﬁHVh(HO) — Vh(6.)||4-.) for specific
starting points (see proof in Appendix 4.D for details).

— It is worth noting that in the constrained case (¢ = 1 for a bounded convex set
C), the covariance of the noisy oracle is simply bounded by (x tr £r?+02)% where
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we denote by r = maxgec |0 — Ox||2 (see Appendix 4.D.1 for details). Therefore

Proposition 9 already implies 1E||6, — 6.3 < QW + 3 (02 + kr?try).
Moreover the result holds then for any step-size v < 1/L, which is bigger than

allowed for g = 0 [Bach and Moulines, 2013].

4.3.3 Convergence Results on the Objective Function

In this section we present the convergence properties of the SDA method on the
objective function ¢ = f 4 g rather than on the norm || - ||s.

We first start with a disclaimer: it is not possible to obtain general non-asymptotic
results on the convergence of the SDA iterates in term of function values without
additional assumptions on the regularization g. We indeed show in Appendix 4.E that,
even in the simple case of a linear function f(#) = (a, ), for a € R? we can always
find, for any finite time horizon N, a quadratic non-strongly convex regularization
function gy such that for any unstructured noise of variance o2, the function value
Un(0) = f(0) + gn(0) evaluated in the SDA iterates at time N is lowerbounded by

2

Q

Un(On) — N (0,) > ]

(\V]

This lower bound is specific to the SDA algorithm and we underline that the regular-
ization gy depends on the horizon N. However this result still prevents the possibility
of a universal non-asymptotic convergence result on the function value for the SDA
iterates for general quadratic and linear functions. We note that this does not apply
to the setting of Proposition 9 and Proposition 10 since > = 0 for a linear function and
the vector ¢ defining the linear term (g, #) cannot be in the column space of ¥, thus
violating Assumption (A5). We conjecture that in the setting of Assumption (A5),
the lower bound is O(1/y/n) as well.

We now provide some specific examples for which we can prove convergence in
function values.

Quadratic objectives with smooth regularization. When there exists a con-
stant Ly > 0 such that L,f — g is convex on X then results from Propositions 9 and
10 directly imply convergence of the composite objective to the optimum through

w(6,) — w6 < L g, 0.3 = o0/m),

with precise constants from Propositions 9 and 10. Indeed we have in that case (L, +

1) f — convex and this would be directly implied by Proposition 11 in Appendix 4.B.
An easy but still interesting application is the non-regularized case (g = 0) when

the optimum 6, is the global optimum 65, of f, because then () —(6,) = 3|0 —06.[|3.

Thus this extends previous results on function values [Bach and Moulines, 2013| to

non-Euclidean geometries.
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Constrained problems. When g is the indicator function of a convex set C then
by definition the primal iterate 6,, € C and by convexity 6,, € C. Therefore ¥(0,,) =

f(0,) + 1c(0,) = f(6,,) and we obtain with the Cauchy-Schwarz inequality:

FO) = F0) = (V0.0 0+ 518, — 6.1}

_ 1, -
16. = 5112116, — 6.]1s:+ 5118, — .12 = O

IN

16. —92||z)
\/ﬁ )

with precise constants from Propositions 9 and 10. Hence we obtain a global rate of
order O(1/4/n) for the convergence of the function value in the constrained case.

These rates may be accelerated to O(1/n) for certain specific convex constraints
or when the global optimum 6y, € C; Duchi and Ruan [2016] recently obtained asymp-
totic convergence results for the iterates in the cases of linear and /5-ball constraints
for linear objective functions. Their results can be directly extended to asymptotic
convergence of function values and very probably to all strongly convex sets [see, e.g.,
Vial, 1983]. However, even for the simple ¢5-ball constrained problem, we were not
able to derive non-asymptotic convergence rates for function values.

However the global rate of order O(1/4/n) is statically non-improvable in general.
In Appendix 4.F, we relate the stochastic convex optimization problem [Agarwal et al.,
2012| to the statistical problem of convex aggregation of estimators [Tsybakov, 2003,
Lecué, 2006]. These authors showed lower bounds on the performance of such estima-
tors which provide us lower bounds on the performance of any stochastic algorithm to
solve constrained problems. In Proposition 14 and Proposition 16 of Appendix 4.F,
we derive more precisely lower bound results for linear and quadratic functions for
certain ranges of n and d confirming the optimality of the convergence rate O(1//n).
This being said, in our experiments in Section 4.5, we observed that the convergence
of function values follows closely the convergence in the Mahalanobis distance.

4.4 Parallel Between Dual Averaging and Mirror De-
scent

In this section we compare the behaviors of DA and MD algorithms, by high-
lighting their similarities and differences, in particular in terms of continuous-time
interpretation.

4.4.1 Lazy versus Greedy Projection Methods

DA and MD are often described in the online-learning literature as “lazy” and
“greedy” projection methods |Zinkevich, 2003|. Indeed, the difference between these
two methods is more apparent in the Euclidean projection case (when g = 1¢ and
h = 1| - ||3). MD is then projected gradient descent and may be written under its
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Figure 4-1 — Lazy versus greedy projection. In red: greedy projection. In black: lazy
projection.

primal-dual form as:

Mt =0, —gpd with gid e 9f(0r<) and O3 = argmin || — 0]2.
oeC

Whereas DA takes the form

Mt =t — gyt with gt € 9f(05%,)  and 05" = argmin |95 — 0],
oeC

Therefore, imagining the subgradients g,, are provided by an adversary without the
need to compute the primal sequence (6,), no projections are needed to update the
dual sequence (n9%), and this one moves far away in the asymptotic direction of
the gradient at the optimum V f(6,). Furthermore the primal iterate 0% is simply
obtained, when required, by projecting back the dual iterate in the constraint set.
Conversely, the MD dual iterate n™¢ update calls for 69, and therefore a projection

step is unavoidable. Thereby MD iterates (n™d,6™4) are going, at each iteration,

back-and-forth between the boundary and the outside of the convex set C. This is
illustrated in Figure 4-1

4.4.2 Strongly Convex Cases

MD converges linearly for smooth and strongly convex functions f, in the absence
of a regularization component |Lu et al., 2016] or for Euclidean geometries [Nesterov,
2013]. However we were not able to derive faster convergence rates for DA when
the function f or the regularization g are strongly convex. Moreover the only results
we found in the literature are about (a) an alteration of the dual gradient method
[Devolder et al., 2013, Section 4] which is itself a modification of DA with an additional
projection step proposed by Nesterov [2013] for smooth optimization, (b) the strongly
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convex regularization g which enables Xiao [2010] to obtain a O(1/un) convergence
rate in the stochastic case.

At the simplest level, for h = 1| - ||3 and f = 0, MD is equivalent to the proximal
point algorithm [Martinet, 1970] 629 = arg minyga {g(6) + leHQ — 6md 1|3}, whereas
DA, which is not anymore iterative, is such that 3* = arg mingega {g(6) + %HQH%}
For the squared (-regularization g(f) = %[/ — 6.]|3, we compute exactly (see Ap-
pendix 4.G)

1

1 _ 9(65) — 9(6.)
o '

g(on) — g(6.) = ( (14 vyn)?

) To(05) — g(6.)]  and  g(62) - 9(0.)
Therefore the convergence of DA can be dramatically slower than MD. However when
noise is present, its special structure may be leveraged to get interesting results.

4.4.3 Continuous Time Interpretation of DA et MD

Following Nemirovsky and Yudin [1983], Bolte and Teboulle [2003], Krichene et al.
[2015], Wibisono et al. [2016] we propose a continuous interpretation of these methods
for g twice differentiable. Precise computations are derived in Appendix 4.H.

The MD iteration in Eq. (4.4) may be viewed as a forward-backward Euler dis-
cretization of the MD ODE [Bolte and Teboulle, 2003]:

0 = —V2h(0) "V F(0) + Vg(6)]. (4.9)
On the other hand, the ODE associated to DA takes the form
0 = —V2(h(0) +tg(0)) " (Vf(0) + Vg(0)). (4.10)

It is worth noting that these ODEs are very similar, with an additional term ¢g(6) in
the inverse mapping V2(h(6) + tg(6))~" which may slow down the DA dynamics.

In analogy with the discrete case, the Bregman divergences D) and Dj 4, are
respectively Lyapunov functions for the MD and the DA ODEs [see, e.g., Krichene
et al., 2015] and we notice in Appendix 4.H the continuous time argument really
mimics the proof of Proposition 8 without the technicalities associated with discrete
time. Moreover we recover the variational interpretation of Krichene et al. [2015],
Wibisono et al. [2016], Wilson et al. [2016]: the Lyapunov function generates the
dynamic in the sense that a function L is first chosen and secondly a dynamics, for
which L is a Lyapunov function, is then designed. In this way MD and DA are the
two different dynamics associated to the two different Lyapunov functions D, and
Dy 4+g. We also provide in Appendix 4.H a slight extension to the noisy-gradient case.

4.5 Experiments

In this section, we illustrate our theoretical results on synthetic examples. We
provide additional experiments on a machine learning benchmark in Appendix 4.K.
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Figure 4-1 — Simplex-constrained least-squares regression with synthetic data. Left:
Performance on the objective function. Right: Performance on the Mahalanobis norm
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Simplex-constrained least-squares regression with synthetic data. We con-
sider normally distributed inputs z,, € R? with a covariance matrix ¥ that has ran-
dom eigenvectors and eigenvalues 1/k, for k = 1,...,d and a random global optimum
Os € [0,+00)?. The outputs y, are generated from a linear function with homosce-
datic noise with unit signal to noise-ratio (02 = 1). We denote by R? = trX the
average radius of the data and we show results averaged over 10 replications.

We consider the problem of least-squares regression constrained on the simplex
Ay of radius r = ||0s||1/2 , i.e., minge,a, E({(z,,0) — y,)?, for d = 100. We compare
the performance of SDA and SGD algorithms with different settings of the step-
size 7,, constant or proportional to 1/4/n. In the left plot of Figure 4-1 we show the
performance on the objective function and on the right plot, we show the performance
on the squared Mahalanobis norm || - ||%. All costs are shown in log-scale, normalized
so that the first iteration leads to f(6p) — f(0«) = 1. We can make the following
observations (we only show results on Euclidean geometry since results under the
negative entropy geometry were very similar):

— With constant step-size, SDA converges to the solution at rate O(1/n) whereas
the SGD algorithm does not converge to the optimal solution.

— With decaying step-size 7, = 1/(2R?*\/n), SDA and SGD converge first at rate
O(1/4/n), then at rate O(1/n), taking finally advantage of the strong convexity
of the problem.

— We note (a) there is no empirical difference between the performance on the
objective function and the squared distance || - [|%, (b) with decreasing step-size,
SGD and SDA behave very similarly.
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4.6 Conclusion

In this chapter, we proposed and analyzed the first algorithm to achieve a conver-
gence rate of O(1/n) for stochastic composite objectives, without the need for strong
convexity. This was achieved by considering a constant step-size and averaging of the
primal iterates in the dual averaging method.

Our results only apply to expectations of quadratic functions (but to any addi-
tional potentially non-smooth terms). In fact, constant step-size stochastic dual av-
eraging is not convergent for general smooth objectives; however, as done in the non-
composite case by Bach and Moulines [2013], one could iteratively solved quadratic
approximations of the smooth problems with the algorithm we proposed in this chap-
ter to achieve the same rate of O(1/n), still with robustness to ill-conditioning and
efficient iterations. Finally, it would be worth considering accelerated extensions to
achieve a forgetting of initial conditions in O(1/n?) as was done for averaged gradient
descent in Chapter 3. After having studied the stochastic optimization of quadratic
functions, we now shift our focus towards two applications of the quadratic loss in
machine learning.
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Appendix

4.A Unambiguity of the Primal Iterate

We describe here conditions under which the primal iterate 6, in Eq. (4.3) is
correctly defined. Since h is strictly convex, h; is continuously differentiable on
dom h;, |see Hiriart-Urruty and Lemaréchal, 2001, Theorem 4.1.1]. Therefore the
primal iterate 6, is well defined if the dual iterate 7, € dom hy. It is, for example,
the case under two natural assumptions as shown by the next lemma which is an
adaption of Lemma 2 by Bauschke et al. [2016].

Lemma 21. We make the following assumptions:
(B1) h or g is supercoercive.

(B2) argming., () is compact and h bounded below.
Under (B1) or (B2) the primal iterates (0,,) defined in Eq. (4.3) are well defined.

Proof. Since h is strictly convex, h is continuously differentiable on dom hE [see
Hiriart-Urruty and Lemaréchal, 2001, Theorem 4.1.1]. Therefore the primal iterate
0,, is well defined if the dual iterate n, € dom hr.
— If h or g is supercoercive then h,, is supercoercive [see Bauschke and Combettes,
2011, Proposition 11.13] and it follows from Hiriart-Urruty and Lemaréchal
[2001, Chapter E, Proposition 1.3.8] that dom A’ = R%.

— If argming{¢(6)} is compact then ¢ + 1y is coercive. Moreover

hi(n,) = sup{(n,,0) — h,()} since X C dom h
pex

- inf{ +7Z )+ f(0;—1) + <vf(0i—1)70_9i—1>)}

fex

+VZ — (Vf(6i-1). 6:1))
< —eig/g{h(e)—irn'y }—l—’yz —(Vf(i-1),0i-1)),

by convexity of f. Therefore n, € dom h} since ¢ + 1y is coercive and h
bounded below [see Bauschke and Combettes, 2011, Proposition 11.15].
[
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4.B Proof of Convergence of Deterministic DA

We first describe a new notion of smoothness defined by Bauschke et al. [2016].
Then we present our extension of the Bregman divergence to the non-smooth function
g to finally prove Proposition 8.

4.B.1 A Lipschitz-Like/Convexity Condition

Classical results on the convergence of optimization algorithms in non-Euclidean
geometry assume on one hand that the function h is strongly convex and on the other
hand the function f is Lipschitz or smooth. Following Bauschke et al. [2016], we
consider a different assumption which combines the smoothness of f and the strong
convexity of h on a single condition called Lipschitz-like/Convezity Condition by
Bauschke et al. [2016] and denoted by (LC):

(LC) There exists a constant L € (0,400) such that Lh — f is convex on X.

For Euclidean geometry, this condition is obviously equivalent to the smoothness of
the function f with regards to the /¢;-norm. Moreover, under an arbitrary norm
| - |l, assuming A p-strongly convex and f L-smooth clearly implies, by simple convex
computation, (LC) with constant L/u. However (LC) is much more general and
may hold even when f is non-smooth what precisely justifies the introduction of this
condition. Many examples are described by Bauschke et al. [2016]. Furthermore
this notion has the elegance of pairing well with Bregman divergences and leading to
more refined proofs as shown in the following proposition which summarizes equivalent
properties of (LC).

Proposition 11 (Bauschke et al. [2016]). Assume (A1-4). For L > 0 the following
conditions are equivalent:

— Lh — [ is convex on X, ie. (LC) holds,

— Dy(a, B) < LDy(a, B) for all (a, ) € X x X.
Furthermore, when f and h are assumed twice differentiable, then the above is equiv-

alent to .
V2F(0) < LV?h(0)  for all 0 € X.

4.B.2 Generalized Bregman Divergence

The Bregman divergence was defined by Bregman [1967] for a differentiable convex
function h as

Dy(a, B) = h(a) — h(B) — (Vh(B), e — B), for (a, 3) € dom h x dom h.  (4.11)

It behaves as a squared distance depending on the function A and extends the
computational properties of the squared f>-norm to non-Euclidean spaces. Indeed
most proofs in Euclidean space rest upon the expansion ||0,, — 6, — YV f(6,)]]3 =
165, — 0. |13+72IIV £ (6,)]13—27(V f(6,), 0, —0.) which is not available in non-Euclidean
geometry. Therefore the Bregman divergence comes to rescue and is used to compute
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a deviation between the current iterate of the algorithm and the solution of the prob-
lem and, seemingly, used as an non-Euclidean Lyapunov function [Chen and Teboule,
1993|. It has been widely used in optimization [see, e.g., Bauschke and Borwein, 1997,
for a review].

We follow this path and include the regularization component g of the objective
function ¢ = f + ¢ in the Bregman divergence for the sake of the analysis. If ¢
was differentiable we would simply use Dj44+4. Since g is not differentiable, Dy, is

not well defined. However for («,n) € dom h x dom h}, we denote by extension for
0 = Vh;,(n): X

D, (a,n) = hp(a) — h,(0) — (n,a — 0). (4.12)
This extension is different from the one defined by Kiwiel [1997]. It is worth not-
ing that if there exists p such that o = VA’ (u), we recover the classical formula
Dy(a,n) = Dyz(n, 1) which is well defined since A is differentiable. Yet D, is de-
fined more generally since such a p does not always exist. The next lemma relates
Dn to Dy, and is obvious if g is differentiable since Dy, = Dy, + ynD,.

Lemma 22. Let n >0, o € dom h and n € dom hZ, then with 0 = Vh(n),

D, (a,n) > Dp(a, 0). (4.13)

Proof. 8 = Vh}(n), thus n € 0h,(f) and by elementary calculus rule 0h,(0) =
Vh(0) + ny0dg(6). Consequently n — Vh(6) € nydg(#) and by convexity of g

Dun) = Dafa ) =1 [a(e) = ) - ("= 0 0)] 2.

4.B.3 Proof of Proposition 8

We assume their exists a constant L > 0 such that Lh — f is convex on X and we
assume the step-size v < 1/L. We first show that the Bregman divergence decreases
along the iterates [see, e.g., Chen and Teboule, 1993, Beck and Teboulle, 2003, Bach,
2015]. For all § € X,

Dn(0,1) — Dn1(0,10-1) = hp1(0n_1) — hn(0,) + hn(0) — hn_1(6)
~ (N, 0 = On) + (1,0 — O 1)
= hp1(On1) = hn1(0n) —v(9(0n) — 9(0))
(M1, 00 — On1) + (M — N1, 00 — 0)
= =Dy 1(0n,m01) — 7(9(6,) — 9(8))
—Y(V f(On-1),0n — 0).

Therefore for all § € X,

Dn(‘gv nn) - anl(annfl) = —Dn—1(9nﬂ7n71) + ’Y<Vf(9n71>v On1— 9n>
—7(9(0n) — 9(0)) = UV f(On-1),0p-1 —0). (4.14)
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It follows from Proposition 11 and Lemma 22
f(0n> - f(en—l) + <vf(0n—1>7 Qn - 9n—1> S LDh(Qny Qn—l) S LDn—l(Qny 077,—1)7

and from the convexity of f,

_<Vf(9n—1)7 Qn—l - 0> < f(e) - f(‘gn—l)
And Eq. (4.14) is bounded by

Dy (0,m0) — D10, nn-1) <y ((0) —(0,)) + (VL — 1) Dy (6, On—1).

Thus for vy < 1/L,

Dn(0777n) - Dn—l(ea nn—l) S 7(¢(6) - ¢<0n))

Taking 6 = 0,,_1 we note that the sequence {1(0,)},>0 is decreasing and we obtain
for v <1/L,

1
n+1

Dy, (0, 00) — Dn(ea M)
y(n+1)

U(B,) —b(0) < > [b(6;) — v (0)] <

k=0

. (4.15)

We assume now that the non-smooth part g = 0 and there exists g > 0 such that
f — ph is convex. So Proposition 11 implies

(VB 1), bt — 0) < F(8) = (B s) — HD1(0, 6, 1),
which gives with Eq. (4.14) the better bound
Dp(0,0,) — Di(8,0n-1) < 7(f(0) = f(0n)) — yuDn(0, 0n—1) + (YL — 1) D (6n, 0n1).
And for v < 1/L, this can be simplified as

Dy(0,0n) < (1 = v1) D(0, 0n) + (£ (0) = f(0n)).

The sequence { f(6,)}n>0 is still decreasing and we obtain by expanding the recursion

Dy(0,6,) < (1 —=y)"Da(6,60) + > _(1—vu)" " y(f(6) — f(6k))

< (L= )" Du(0,00) + > (1 =) v (f(0) — f(0k))
k=1

< (L= )" Da(0,00) + > (1 = )" v (f(0) — £(6n))
k=1

< (=) Du(0,0) + =L (0 — 6,

TH
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Thus for all § € X,

L (L)

p f(0n) = f(0)) + Dp(0,0,) < (1 —yu)"Di(8,00),

and

0y #gy < L= 7)™ D(0,60)
) = ) < JHEE 2 S
since (1 —yu)? <1 — v implies yu/(1 — (1 —yu)") < 1.

4.C Proof of Proposition 9

In this section, we will prove Proposition 9. The proof relies on considering the
difference between the iteration with noise we denote by (7,, 6,,) and without noise we
denote by (wy, ¢, ), which happens to verify a similar recursion as the SDA recursion.

— We first show in Lemma 23 that the distance E||n, — w,||%-. is of order n.
— Then in Lemma 24 we show that E||#, — ¢,||% is of order O(1/n), by: (a)
o . n N . E n—wn 2, 1 . . .
noticing that E||6,, — ¢,||% is of order I :2 e varance  (b) combining this
with the result of Lemma 23.

4.C.1 Two Technical Lemmas

We first present and prove two technical lemmas.

Bound on the Difference of Two Dual Iterates

In the following lemma we show that the difference between two dual iterates that
follow the same recursion is of order n. This will be used with the iteration with noise
(Mn, 0,,) and without noise (wy,, ¢y,).

Lemma 23. Let us consider two sequences of iterates (g, ax) and (vg, Br) which
satisfy the recursion Mn —Vn = Up—1 — Vn—1 — VE(an—l - Bn—l) + ’an; Oy = Vh2<,un)
and B, = Vh!(v,) and assume that 7y is such that 2h—~ f is convex then for alln > 0

Bl — vall3os < llto — wol2-: +ma?r 7€,
Proof. We first expand the square.

a1 = varllz— = Nlin = vallE=r + VIS (@0 = Ba) = o[z
—29(S(an = Bn) = &nt1, 7 (0 — )
= |l — VHHQZ*1 + 72”0% - BHHQE + 72H’£n+1‘|22*1
_2’72<O‘n — Bn, €n+1> - 27<an — B — Z_1§n+1a Hn — Vn)-
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And taking the expectation

Elllttnsr = vnall5-11Fa] = Mlptn = vall5-s + VE[lnsall5-1 15
+72||O‘n - BTLHQE - 272E[<O‘n - ﬁn7£n+1>|}—n]
—27E[{an — Bn) — Z_lfn_,_l, P — Vn) | Fn)
= ||p“n - Vn”%—l + 72 tr E_IE[fn—l—l ® §n+1|]:n]
+72”O‘n - ﬁnHQE - 2’72<an - ﬁnaE[gnJrll}-nD
—27(an — Bn) — Z_lE[€n+l|fn]v fin = Vi)
= ||Mn - VnH%—l + 72 trx'C

+’72H04n - ﬁnH% - 27<O[n - Bn; Mn — Vn)-
Moreover, using the definition of av,, and 3,,, with O = ||, — B, |3 —2(tn— B, fin—1n),

O = <’72(05n - ﬁn) - 2<,un - Vn)a Qp — Bn>
= (Vf(am) = Vf(Br) = 2(Vh(an) = VA(Br)), om — Bn)
—2((pn — V() = (Vs — VR(Bn)), atn — Bn)
= (V(vf = 2h)(an) = V(7f = 2h)(Bn), an — Bn)
—2((pn — Vh(an)) — (vn = V() an — Bn)-

Using the h-smoothness of f and assuming that v is such 2h — v f is convex,
<V(’}/f - 2h)(an) - V(’Yf - Qh)(ﬁn)a Ap — ﬁn> < 07

and as explained in the proof of Lemma 22, u, — Vh(a,) € dnyg(a,) and v, —
Vh(B,) € Onvg(B,) and consequently

((n = Vh(an)) = (vn = VA(Br)), om — Bn) = 0,
by convexity of g. This explains that
Ve = Balls = 2an = Bay pn — i) < 0.
Then, taking the global expectation, we have shown that
Ellttnir = Vi 31 S Ellpn = w31 + 72 tr 271C,

which concludes the proof. O]

Bound on the Difference of the Average of Two Primal Iterates

In the following lemma we adapt the classic proof of averaged SGD by Polyak
and Juditsky [1992] to show that the difference between two averaged primal iterates,
which follow the same recursion, is of order O(1/n).

Lemma 24. Let us consider two sequences of iterates (pg,ax) and (vg, Br) which
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Satisfy the recursion Mpn — Vn = p—1 — Vn—-1 — /72<04n—1 - Bn—l) + ’Vgn; Qp = Vh:<,un)
and B, = Vh}(v,) and assume that ~y is such that 2h—~y f is convex then for alln > 0

|10 — Vo||2zf1

(yn)?

Proof. Let us consider two sequences of iterates (py, ax) and (v, B;) which satisfy
the recursion p, — vy = fin-1 — Vn—1 — Y2(@n-1 — Bn_1) + ¥én, @n = VA (1,) and
Bn = Vh!(v,). This can be written as

_ 4
E|l@, — Ball% < 4 +—tr Y.

— Vn — Hn+1 + Vn+1

L
E(an - ﬁn) = + gn-i-l'
Thus we obtain
1/2 -— N2 (o — v — pn + ) — ~1/2
2N (- B) = 5 +Y BTG,
i=0 i=0

Finally, using that by convexity (a + b)? < 2(a? + b?), this leads to

2 (1, — )
v

:

_ N12(0 — nt 2 )y
nEl, - 6,3 < 28| Z U0 =) Shsig |4 o .
Y =0 2 2

Using martingale second moment expansions, we obtain

n—1
2 _
+ ) E tr STE(G1 ® &)
i—0

o = ol o Ellin = valls

(yn)? (yn)?

We compute Z?:_Ol tr S E(G @ &) = Z?:_Ol trX1C = ntrX!C and, using
Lemma 23, we bound E||p1, — v,]|%-: as

EH@n - BnH% é 2E

E|l i, — v,l|2- — 1|2 1
| VQHE L [l 110 VoQHZ Loy
(yn) (yn) n

This implies the final bound

2
_ — _ 4

Ella. — 3112 < 4M T 1o

o, = s < 410 1 i
O

4.C.2 Application of Lemma 24 to Prove Proposition 9
First of all we define the sequence

n, = Vh(6,) —nyV f(6,). (4.16)
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By definition of 0., —V f(6.) € 0g(0,) then n’ € d(h + nvyg)f,. and 6, = Vh}(n:).
Therefore the sequence 1 is obtained by iterating DA started from the solution of
the problem 6,.

We note then than Lemma 24 applied to (i, = 1, o, = 6,,) and (v, = 0, 5, = 6,)
gives the first bound of Proposition 9.

On the other hand, when considering the noiseless iterates (w,,®,) defined by
Wp = wp_1 —Y8(¢pn_1 — Ox) and ¢, = Vh*(w,), started from the same point ¢g = 6y,
we obtain, following Proposition 8, for v such that h — ~ f is convex, the bound

L~ 7 Dy (0., 00)

Therefore, considering the difference between the semi-stochastic and the noiseless
iterate (7, —w,) which verifies the same equation 7, —w, = N1 —wp_1 — Y5(0p—1 —
Gn—1) + V& with 8y — ¢g = 0 as initial value, we may apply Lemma 24 to show

- 4
E||f, — ¢n]|3% < —tr 271C.
n
And by the Cauchy-Schwarz inequality

8 Dy(6.,6
< Suxric 420l
n mnm
which proves the second bound of Proposition 9.

It is worth noting that the condition on the step-size of Lemma 23 is less restrictive
than in Proposition 9. Indeed for all v such that 2h — ~+f is convex, the difference
between the dual iterates of the stochastic and deterministic recursions stay close
but the deterministic iterates only converge to the solution for + such that h — v f is
convex.

4.D Proof of Proposition 10

In this section, we prove Proposition 10. The proof technique is similar to Propo-
sition 9 but with the additional difficulty of the multiplicative noise.
We first note that Assumption (A11) is equivalent by the Cauchy-Schwarz in-
equality to
E(z,, Mxy,)(z,, N2,) < ktr(MX) tr(NY), (4.17)

for all positive semi-definite symmetric matrices M and N, see, e.,g., proof in Chap-
ter 3. We will often use, in the following demonstrations, Eq. (4.17) and its direct

corollary
(Tpy, Mxp) T @ )y < KIT(ME)E, (4.18)

without always referring to it.
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4.D.1 A Simple Proof for the Bounded Constrained Case

We first prove Proposition 10 for the constrained case. It is then a simple corollary
of Proposition 9.

Let us denote by C a bounded convex set and consider the constrained problem
(9 = 1¢). We remind that the general stochastic oracle for SDA in least-squares
regression is

Va(0) = (4 ) (0 — 0s) — &, for € RY

with ¢, = 2, ® x, — . We denote by r = maxyec ||@ — Ox]||2 and we show that the
noise covariance is directly bounded, despite the multiplicative noise:

E[(V1a(60) = VI(9)) @ (V1(8) = V1 (6)) | < 2E[G0(0~ 05) @ (0 B)C,] + 2B, 2o,
and using Assumption (A11)
E[G(0 — b5) @ (6 — 65)C] < 7°ECaGn < rPR(tr D).
Therefore
E[(V1a(6) = V£(8) @ (V1(6) = VF(B))] < 2(0* +r2(tr ) S

Hence Proposition 9 already implies for all step-size such that h — v f is convex

1 - Dy (6.,0 8d
—E||6, — 0.]|% < QM + —(c® + kr?trY).
2 yn n

4.D.2 A General Result

We prove in this section a more general result than Proposition 10 under the
additional assumption

(A14) There exists b € [0,1] and j, > 0 such that h — £| - [|3, is convex.

Proposition 12. Assume (A2-4) and (A7-14). Consider the recursion in Eq. (4.8).
For any constant step-size v such that v < min{ =, ﬁ} Then

1 Dn(0.,0) 24 16xd _
“E|6, — 6,]% < o Dnl0160) 24, e 168 e
2 n Ty
8kd [(4kytrXi? kd 16xd
+ ( i +3)\|9*—62H22+80—2Dh(9*,00)+ 5—9(00).
n 11y n n

We note Assumption (14) is always satisfied for b = 1, for which it is Assumption
(13). Therefore Proposition 12 directly implies Proposition 10 as a corollary. We
prove now two auxiliary lemmas which will be used in the proof of the Proposition 12.
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4.D.3 Two Auxiliary Results for Least-Squares Objectives

For b € [0, 1], we denote by T;, the operator T, = E[(z, ¥~ %z)x ® x]. We first prove
that, for least-square objectives, the sum of the function evaluated along the primal
iterates remains bounded.

Lemma 25. Let us consider the recursion n, = n,—1 — YTp @ Tp(0n_1 — 0.) + 7€, and
assume g is positive and there exist pu, such that h — 22| - ||3, is convex and K such
that Ty, < ktr(XP0)S, then for v < up/(4ktr X1°) and 0 € X we have

E S 1000 — v0)) + (1= 4yw(5) /) S SN 0}

< Dh(ea 00) - EDh(ea 9n+1>
N Y

A1)/ tr 2P CHA(n+1)m tr(51°) /£ () +9(6o)-

We note that we can also obtain a bound depending on 2¢(€) rather than 4f(0)
with a similar proof.

Proof. Let denote by f,(0) = z, ® z,(0 — 0x) + &,. Then following the proof of
Proposition 8 (see Eq. (4.14)) we have the expansion

Dy (0,m0) = Dp1(0,0n-1) < =7(9(0n) — g(0)) — AV fulbn-1),0n1 — 0)
— Dp(0,0n-1) + YV fu(0n-1), 0n—1 — 0,). (4.19)

Since h— 4| - ||, is convex, using Proposition 11, we get that Dy (0,,,6,—1) > 52(60, —
Qn—l”éb' Let denote by A= _Dh(Q’m 971—1)7 +7<vfn<9n—1)a 071—1 - 0n>7

A

IA

_%Hen - 9n71||22b + /7<'Tn & xn<9n71 - 62) + fn; enfl - 9n>

IN

o
—§H9n - enfl H2Eb

72—1)/2 B /2 B
+( o ® 0001 = 05) + &5V 0n)
2
= %”xn ® xn<9n—1 - 92) + gnHé—b
—b/2
_%||72b/2\/ :U'b(en - 0”—1) - 72\://71; [xn ® xn<9n—1 - 92) + gn]H%
2
v 2
< —z, N nll5-1
< 2,ub||96 ® 1y (Op—1 — 0x) + &alls

2 2
Y 2 i 2
S enf - 9 + n —b-
_,Ub” 1 EHT,, /L_ng Hz b

Thus, taking the conditional expectation and assuming that s is such that 7T, <
ktr(317°)X we obtain

- E[Dh(ena en—l)Fn—l] + 7E<an(9n—1)a 9n—1 - 0n>]:n—1]
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< Y2k tr(2170)

[— | —trE del
Mo 22

Taking again the conditional expectation in Eq. (4.19), we have for § € X

_ _ 2 2
B (0, ) Fot] = Doca (0,2) < == () [y = O + - r2°C
b b

—’yEKl’n X l’n(en,1 — ‘92) -+ fn, en,1 - 9>|~Fn71]
—7( [9(0n)|Fn-a] — 9(0))

< L ()60 O = {6 s — B, S(Ors —6))
72 b
+E tr X27°C — y(E[g(0n)|Fn-1] — 9(8)).

And we note that
—Y(On1 — 05,2001 — 0.)) = =y [f(On1) — f(0.)] — %Hen—l —9)13.
Therefore

E[Dn(e*; nn>|fn—1] - Dn—l(‘g*,nn—l) < _’Y[f(en—l) - f(‘g*) + E[g(enﬂfn—l] - 9(9*)]

’Y( YK 1—b> 2
——(1—-4—tr(X 0,_1—0
9 0 r( ) || 1 2||z

2 2
F2 T (S10]0 — O |2 + L tr BbC
2z Hb

Taking the total expectation we obtain

1 K _
Ef () = F(0:) + Eg(6n) = 9(6)] + 5 (1= 427 (5 ) s = 51
S EDn—1(9*77]n—1) - EDn(9*77]n) + Qﬁ tI‘(El*b)He o eEHQE + l tr E’bC,
v b 22

which, summing from ¢ = 0 to ¢ = n, leads to

n

SOES(®) = 16+ Eg(8) = 90 + (1= 425 () 30 516 — o <

1=0 =0
Dy(6.,60) —ED, 1 (6s, 1 _
182 00) = BDuealOrses) Ly 0% 5104 1) - 612
Y Hb
+ (4 1) 570 = Eg(O) + 9(00)
b
The result follows if ¢ is non negative. m

We now present an extension of Lemma 23 to least-squares objectives.
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Lemma 26. Let us consider two sequences of iterates (ux, ) and (vg, Br) which
satisfy the recursion fi,—Vs = pn-1—Vn-1—YTn@Tn(0n—1—Ln-1)+7n, an = VR (1)
and B, = VR (v,) and denote by C = E[x, ® x,] for n > 0. Assume that 7 is such
that h —~T' s convex. Then

El|pn — vnll3-1 < Eljpo — vol|3-1 + 29’ ntr S71C.

We note that the condition A — «T' is rather restrictive since bounds on 7' are
often of the form d times a matrix. For instance Eq. (4.17) directly implies 7' < xd>.
Even for independent normal data x,, with diagonal covariance matrix ¥ we are able
to derive the equality T = (d + 2)X.

Proof. We expand

i = vall$mr = Nttn1 = ol + 72120 @ 2n(an-1 = Bar) + &allss
_Q’Y(l‘n ® l‘n(an—l - Bn—l) + fna Z_1(,un—1 - Vn—l))-

Taking conditional expectations, we get

E([lptn=vnll5-11Fra] = llptnr=vnall5-1 + VEll| 20 ® @n (01— Brr) Hénll 31| Fi]
—29E[(2 ® Zn(an_1 — Bn-1) + &, B (1 — V1)) Fri]
= |t = Va5 Y El[[ 20 @ 21— Bra) Fenll5m1 [ Foa]
—2v(n—1 = Bt flne1 — Vn—1)-

Using (a+b)* < 2a?+2b* and denoting by B = E[||z,, @2, (n—1—Fn-1)+&n 51| Fn1],
this leads to

B 2E[||zn @ zn(an1 — Bn—l)szfl | Fn1] + 2]E[||fn||22,1 | Foi)
2”an—1 - Bn—l||12E[xn®xn2—1xn®xn\]:n_1] +2tr E_IE[gn & 6n|]:n—1]

2llan_1 — Bu1|F +2tr 2710,

INIA A

with 7' = E[r ® 2¥ 7'z ® z]. Thus we obtain

Elllptn = vnlls-1[Faa] < Nlptnr = vna [l + 29200 2710
_2")/<,un—l — VUp—1 — ’YT(Oén—l - Bn—l)a Op—1 — ﬁn—l>
< 1 = v [$o0 + 2920 71,

assuming that + is such h — 1 - || is convex (as in the proof of Lemma 23). Taking
global expectations, we have shown that

Ellpn = valls1 < Ellptn-1 = vaa[l5r + 2% tr 571
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4.D.4 Bound on the Difference between Two Averages of Pri-
mal Variables

We present now the following lemma with is an analogue of Lemma 24 for the least-
squares problem. It shows that the difference between the average of two sequences
of primal iterates which follow the same recursion is O(1/n).

Lemma 27. Let us consider two sequences of iterates (g, ar) and (vg, Br) which
satisfy the recursion fi,—vy, = pin-1—"Vn-1—YLn@Tn (01— Ln-1)+7&n, an = VA (1)
and B, = Vh!(v,). Forn > 0 denote by C = E[z,, ® x,]. Assume that 7 is such that
h —~T is convex and there exists k such that T < kdY. Then

Bl — B3 < 47

2
— ., 8
§ jE 112 4_””0 poll5-1 —tr2 .
“ ﬁ HE + (’771)2 + n r

Proof. Using the expansion p, — v, = fin—1 — Vn—1 — ¥Tn ® Tn(0n-1 — Bn-1) + Vn,
we derive

Z(an - 571,) = (E — Tp+1 ® xn-{-l)(an - 571) + Tn+1 ® Tn+1 (an - ﬁn)
— Hn41 + Vny1

n — Un
- (E — Tn+1 ® xn-{—l)(an - Bn) + a + gn-‘rl'
We obtain by summing n times
12n_1 — 1/2 2 /(MO_VO_Nn+Vn) — 1/2
sV Z(Oéi—ﬁi) = sz PXip+ +ZE 241,
, , v
=0 1=0 =0

where we denote by X; = (¥ — z; ® x;)(«

_1 — Bi—1) which is a square-integrable
martingale difference sequence. We use (a + b)? < 2

(a* + b?) to obtain

+2||:un_7/n||2271.
(yn)?

Therefore using martingale square moment inequalities which here amount to consid-
ering the variance of the sum as the sum of the variance, we have

n—1 n—1
= 2 _ S 1Y2(g—v _ 2
(= Ba) 1% < ﬁH pp> 1/2Xi+1+¥+22 Y2 )
=0 =0

n—1

Ell(a < EILX. QHMO—VOHZy1
(@ — Bn) % —Z [ Xipa 3 + 27—

(yn)?

EHNn VnHz 1
(yn)?

n—1

+2 + ZtrE 'B(&1 ® &irr). (4.20)
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— The variance term may be bounded as

n

n—1
N TE(En®&n) <) S0 <ntrXT'C
=0

—1
=0

— Following Lemma 26 we bound the dual iterates E|/u, — v,||%- as

Ellpn = valls-1 _ llio = voll5-s

2
< + Ztry e,
(yn)? (yn)? n

— The martingale difference sequence (X;) satisfies

B2 X3 < B{(E—2ip1 © zig1)(@i—B:), 57 (E—2i1 @ Tip1) (i — i)
<A{i=Bi, Bl(S—2ip1 @ 2i41) ' 57 (E—2i1 © 2i01)) (=)
(a; — Bi, [E(zig1 @ 2is1) ' 27 i1 @ 241 — Z(0y — B5))
(@i = B;, [T = E](i = B1))

(kd = D)loi = Bill5:-

IN A IA

Consequently we obtain in Eq. (4.20)

2
- _ 8
g E|la; 6i||22+4_H’u0 o[- + 2y ion
n

E(|SY2(a, — 6,2 < 4%

]

4.D.5 Application of Lemma 27 to the Proof of Proposition 12

We are now able to prove Proposition 12 using Lemma 27.
Firstly we can directly apply Lemma 27 to (p, = n,, o, = 0,,) and (v, = 15, B, =
0.) where (n’,0,) are defined in Eq. (4.16). This implies

ZEH@—@HE Jh(6) — V6. e

E(|X2Y2(6, —6,)]2 < 42

Following Lemma 25, the primal variables (6;) satisfy

} Zl_b
ZEHQ o, < 220000 oY s 8RR og(0).
Y Mo My
This leads to the final bound
pd 1 IVA(60) — VA0,

Dy (0., 00) + 4

/27 _ 2
—b 1-b wd — 1
trX77C + 4k tr XV f(0,)] + 8——5—9g(6h). (4.21)

md—ll[

1
+8~trX'C +8
n no
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This bound depends on || - [[x-1 which may be infinite. For this reason we compare
again the noisy iterate 6, to the noiseless iterate we still denote by (¢,,). We remind
these iterates verify the recursion

Wp = Wp—1 — Pyz<¢n71 - 92)
Therefore the difference (7, — w,) satisfies the same form of recursion as (n,):
Np — Wy = V777171 — Wp—1 — VYTp & xn(enfl - ¢n71> + YEn,

with a different noise ¢, = &, — [z, ® z,, — X|(¢pp—1 — Ox) and 0 for initial value.
Although the noise ¢, is different from &,, its covariance is still bounded by

%Ekmg%]<E%n®&J+EWm®xn—EK@hy—&Ma@m4—Hohn®wn—EH
+E[[z, ® 2, — 2](0 — 05) ® (0. — Ox) [z, ® 7, — 3]
< El& ® &) — E[S(dn-1 — 0,)%°%] — E[X(0, — 65)%%%]
+E[z, ® 2n(dn_1 — 0,)%%2, @ 2] + B[z, ® 2,(0, — 05)%%z, @ 2,,]
< El& @&+ (k= D)([[¢n-1 — 0.3 + 16 — 65]13) 2,

where we have use that for z € R? E(z, z,)* < k(z,X2). We may apply Proposition 8
and obtain

6(k—1)

Ele,®e,] < 3C +
n

Dy (64,00)2 4 6(k — 1) f(6,).
Thereby Lemma 27 can be applied with ) = oy and we get

kd —1
n2

n—1

8
§ M@—@%+EUE”H%®%L
=0

As before we apply Lemma 25 to have

n—1 [ n—1 n—1
D E8 - illy < 2ZE||9i—9*H§+22||¢i—9*||gz]
=0 [ =0 i=0

(8D, (0,0 160k tr 1
< 8Dy (0, 60) T ol Mf(g*) 4 49(90)] .
i Y b b
Therefore
o d—1[_Dy0.,0 16my tr D10
E||0, — énl% < 4" — |8 AGHL) + M yto+ Lf(g*)_i_zlg(@o)]
n Y Kb 22
8 6(k —1
+ 2 awso %th*, 60)d + 6(ss — 1)f(9*)d] |
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And rearranging terms we obtain

64r2d 16d
N st 0+ 2 om
Ny Ty

16kd 24 48kd
+— g(0p)+—tr 7 'C+
n n

- kd
E(0,—¢n|% < SOWDh(G*,eoH

f(8.).

And by the Cauchy-Schwarz inequality (E||6, —0.||% < 2E||0,, — ¢, ||% + 2E|| b, —0. %)

1= Dy(0,,0 24 _ 16kd _
“E|6, — 6,]% < o Dnl0160) 24, e 168 s
2 yn n Ny
16kd /4Ky tr X0 kd 16kd
+— (= +3) (6.) +80-5 Dy (62, 60) + —5-9(60),
n I yn n

which proves the second bound of Proposition 12.

4.D.6 A Corollary of Proposition 12 for 2 with an Euclidean
Behavior

When h rather behaves as an Euclidean norm, we may replace Assumptions (A12-
13) by the following:

(A12’) There exists ju, > 0 such that h — £ - ||3 is convex.

(A13 ) There exists R? such that E[||z,|3z, ® z,] < R*Z.
And Proposition 12 implies the following corollary.

. . 2
Corollary 6. Assume For any constant step-size v such that v < min{ /2%, fﬂ )
Then
| - Dy(0,,0 8 4yk R
Lgyg, — 6,2 < 220nt) | —(3 + 2= ) (a%z + wd|6, — 92”22)
2 n n Uh
16kd /5Dy (6,, 0
4 L0 (OPHO00) o).
n Y

This corollary would pave the way for a general result for larger step-size v without
the condition v < %. Unfortunately the latter seems not improvable, as noted after
Lemma 26.

4.E Lower Bound for Non-Strongly Convex Quadratic
Regularization
We derive, in this section, a lower bound on the performance of SDA when f is

the linear form f(#) = (a,0) with a € R? and g is a non-strongly convex quadratic
function. We assume that the vector a is not available and we only have access to
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estimates of the gradient
Vi(0) =a+§&, forn > 1, (4.22)

where (§,) is an uncorrelated zero-mean noise sequence with bounded covariance.

Proposition 13. For anyd > 2, L > 0; v > 0 and finite time horizon N > 1, there
exists a quadratic function g L-smooth such that for any uncorrelated zero-mean noise
sequence (&,) with bounded covariance E[&,®&,| = 02 L1;, SDA with constant step-size
v applied with the oracle Eq. (4.22) satisfies

2

Y(On) — (0.) > 2= min{(Ly)* 1}

12
Proof. For sake of clarity, we consider d = 2 and a = 0. Thus f(6) = E(¢,,0) =0
Let g(0) = (6, A9) be a quadratic form with A = g for L > p > 0 with

u possibly arbitrary small. The noise (&,) is assumed to be uncorrelated zero-mean
with bounded covariance E[§, ® ] = 0%LI,. The stochastic dual algorithm with
step-size v takes the form:

O, = Vh;(_RVEn)
B (- 1 1o
= argmin {(£,,0) + 500, 40) + 5 ]2}
= n(l +nA) 7,

And
- ~ n—1 k 1
O = - > k(I +ykA)” kg
k=1 j=1
~ n—1 n—1
j=1 k=j

Therefore using standard martingale square moment inequalities

E(d,, AG,) = 7’y <§j<zn:(l+7kA)_1>,A(zn:(I+7kA) )g>

— 2Lt i(z (I +~kA)” )A(i(f—l—fyk’fl)l)h

- TR ) ()

=
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And

n

2 2
_ — Y o L L 2 )

E(,, A —
(6, A0n) n? [(1 +vLn)? * (1+ wm)J ;(n )

v

no’y*
3

(1+yun)?

J
2 2
S noy L[ L n 7 }
- 3 (14+~Ln)?2 (1 +yun)?

o’L . 5 1
> ——min (n,tw ,—).
un

Vv

Conclude by taking u = L/N.
The proof is the same for d > 2 by considering A = diag(L, ..., L, Lu) with d — 1
L. 0

4.F Lower Bound for Stochastic Approximation Prob-
lems

In this section we relate the problem of aggregation of estimators to the stochastic
convex optimization problem, i.e., minimizing a convex function, given only unbiased
estimates of its gradients. We will consider the regression and the classification with
hinge loss problems which will individually provide lower bounds for quadratic and
linear functions. We follow here Tsybakov [2003], Lecué [2006], Agarwal et al. [2012].

4.F.1 Oracle Complexity of Stochastic Convex Optimization

Beforehand we describe the stochastic oracle model formalism as done by Ne-
mirovsky and Yudin [1983], Agarwal et al. [2012], Raginsky and Rakhlin [2011]. For
a given class of problems we aim to determine lower bounds on the number of queries
to a stochastic first-order oracle needed to optimize to a certain precision any function
in this class. To this end we have the following definition.

Definition 3 (Agarwal et al. [2012]). For a given constraint convex set C, and a
function class S, a first-order stochastic oracle is a random mapping ™ : C x § —
R x R? of the form 3
o0, f) = (£(0),9(0)),
such that 3
Ef(0) = f(0);  Eg(0) = V(0),

and there exists a constant C' < oo such that for every 6 € R?
E[llg(0) = V()] < C(1+10]*).

The class of first-order stochastic oracle is denoted by ®. A stochastic approx-
imation algorithm M is a method which approximately minimizes a function f by
querying, at each iteration ¢, the oracle at the point ;. The oracle answers with the
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information ¢(6;, f) and the method uses all the information {¢(6y, f),...,o(6;, f)}
to build a new point 6,,;. For n € N we denote by M,, the class of all such methods
that are allowed to make n queries. As done by Agarwal et al. [2012], we denote the
error of the method M on the function f after n steps as

Given a class of functions &, an oracle ¢ and a convex constraint set C, Agarwal et al.
[2012] also defines the minimax error as

e (S,C,¢) = inf supEue, (M, f,C, o).

MeMn fes

We will lower bound this minimax error by relating convex stochastic approxima-
tion with convex aggregation of estimators [Juditsky and Nemirovski, 2000, Tsybakov,
2003].

4.F.2 Convex Aggregation of Estimators

Let (X,.A) be a measurable space and ) C R . We consider random variables
(X,Y) on & x Y with probability distribution denoted by 7. We observe n i.i.d.
pairs D, = {(X1,Y1),...,(X,,Ys)} which follow the law 7 and we want to predict
the output Y for any feature X € X by a prediction f(X) for a measurable function
f from X to R. For this purpose we want to minimize the risk defined by

for any measurable function f from X to R and ¢:) x Y — R a loss function.

We consider we have access to d different arbitrary estimators F = {f1,..., fa}
with values in )). We denote their convex hull by C = conv(fi,..., fq). The aim of
convex aggregation is to build a new estimator which is a convex combination of the
different f; and behaves as the best among the estimators f;. The aggregation problem
is equivalent to a minimization problem over the simplex Ay since for f € C there is

0 € A4 such that f = 2?21 0(i) f;. Therefore, defining B(0) = A(Zd H(i)fl), we

i=1
have

R AU) = o BO)

We denote by F': X — R% x — (fi(x),..., fa(z)) the function whose the ith coordi-
nate is the function f;, and we have

Therefore the convex aggregation problem of minimizing A(f) over the convex hull
of F is formally equivalent to the stochastic approximation problem of minimizing,
over the simplex Ay, the function B(0) = E[(({F(X),6),Y)], given only unbiased
estimates of its gradient VB,,(8) = V{((F(x,),0), y,). Hence lower bounds on convex
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aggregation problems provide lower bounds on stochastic approximation problems
studied in this chapter.

4.F.3 Aggregation in Regression and Application to Oracle
Complexity of Stochastic Quadratic Optimization

We first consider the regression problem for which ) = R. We rely substantially
on Tsybakov [2003]. The regression model is

Y;:f*<Xz)+€la fori=1,...,n,

where X, ..., X, are i.i.d. random vectors of X of law P¥ and ¢; are i.i.d. Gaussian
N(0,0?) random variables such that (&, ...,&,) is independent of (X7,...,X,) and
fi © X — R is the regression function. Regression problem aims to estimate the
unknown regression function f, based on the data D,, by minimizing the risk

Aveg(f. f1) = E(f(X) = f.(X))*.

The problem of the optimal rate of convex aggregation has been studied by Tsybakov
[2003]. We reintroduce his notations and assumptions for sake of completeness.

Let denote by Fo = {f : || flloc < L} for L > 0 and assume that

(B1) There exists a cube S C X such that P* admits a bounded density p on S
w.r.t. the Lebesgue measure and p(z) > pp > 0 for all z € S.

(B2) There exists a constant ¢y such that d < ¢qexp(n).
We have the following result

Theorem 9 (Theorem 2, Tsybakov [2003]). Under assumptions (B1-2) we have

sup inf sup [Ep, Areg(Th, fo) — min A(f, f2)] > cCa(d),
frofa€Fo Tn fueFy fec

for some constant ¢ > 0 and any integer n, where infy,, denotes the infimum over all

estimators, Bp_ denotes the expectation with regard to the probability distribution of
the data D,, and

d/n ifd < /n
uld) = {\/%bg(\%—k 1) ifd>yn.

We relate now the problem of convex aggregation of regression functions to the
problem of stochastic quadratic functions optimization. Consider F = {f1,..., fa}
the set of estimators given by Proposition 9 and denote by F : X — R% z —
(fi(x),..., fa(x)). For f € C, there is # € Ay such that f = 3¢ 6(i)f; and we
obtain

Aveg(f, f) = E[((0, F(X)) — f(X))*] = B(0),
where B(0) = (0, E[F(X)® F(X)],0) — 2(0E[f.(X)F(X)]) + E[f.(X)?] is a quadratic
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function. This set enables us to construct a difficult subclass of quadratic functions:

Gawna = { B(O) = JEI(6, F() — LX) . € o}

We also define the first-order stochastic oracle ¢quaq 0N Gquaq as follows

buma0.£) = (50, F (@) = L. (0. F2) = L2)F(a)) for 2~ P

We can optimize B with a stochastic approximation algorithm M € M, to obtain
0, € Ay and therefore build a estimator T, = Z?Zl 0,,(7) f; which belongs to C.
Moreover we have

Aveg(Ty, f2) = B(6,,) and I;leiél Aveg(f, f) = min B(6).

0cAy

Consequently, for the oracle ¢quaq and the class Gquaq Proposition 9 implies that

<C’:;I:L(gquad; Ada ¢quad) Z CCn(d) (423)

And we have proven the following minimax oracle complexity.

Proposition 14. Let Ay be the simplex. Then there exists universal constants cg > 0
and ¢ > 0 such that the minimax oracle complexity over the class Syuqaqa 0f quadratic
functions satisfies the following lower bounds:

— Ford<.+/n

. d
sup 8n(‘gquada Ad7 ¢) Z cC—.
peD n

— For /n <d < ¢pexp(n)

1 d
Zlelg €n<8quada d ¢) = C\/n Og (\/ﬁ * )

We note that without assumption on d the lower-bound for the class of quadratic
functions is of order O(1/n) but in high-dimensional settings it becomes of order
(1/4/n). Nevertheless we will see in the next section this lower-bound is always of
order (1/4/n) for the class of linear functions.

4.F.4 Aggregation in Classification and Application to Oracle
Complexity of Stochastic Linear Optimization

We consider now the classification problem with the hinge loss for which Y =
{=1,1}. We follow very closely the framework of Lecué¢ [2006, 2007] and use their
notations. We still consider random variables (X,Y) on & x Y with probability
distribution denoted by 7. We observe n ii.d. pairs D, = {(X1,Y7),..., (X, Yo)}
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which follow the law 7 and we want to predict the label Y for any feature X € X by
minimizing the hinge risk defined by

Ada(f) = Emax(1 - Y f(X),0),

for any measurable function f from X to R. We consider we have access to d different
estimators F = {f1,..., fa} with values in [—1,1]. We denote their convex hull by
C = conv(fi,..., fa). Lecué [2006, Theorem 1| and Lecué [2007, Theorem 2| provide
a lower bound on this aggregation problem for classification we adapt to our specific
case.

Proposition 15 ( Adaptation of Theorem 2 of Lecué [2007] for k = oo). Let d,n
be two integers such that 2logs d < n. We assume that the input space X is infinite.
There exists an absolute constant ¢ > 0, and a set of prediction rules F = {f1,..., fu}
such that for any real-valued procedure T,,, there exists a probability measure 7, for
which

log d

EDn [Acla(Tn)] - ?ég(Acla(f)) >c n

Proof. Theorem 2 of Lecué [2007| is stated under an additional Margin assumption
MAH(k) (see definition and notation below Eq. (9) in Lecué [2007]) on the probability
distribution m, i.e., there exists a constant ¢y such that

E[lf(X) = f*(X)]] < co(A(f) = A",

for any function f on X with values in [—1,1]. Therefore taking k — oo, we can
always consider ¢y = 2. And the constant ¢(x) in Theorem 2 of Lecué [2007] is

C(K) = 08(46)—12—2m(n—1)/(2ﬁ—1) (10g 2)—&/(2/-;—1)’

which goes when x — 00 to cs = v/2/(4ey/Tog2). Hence taking s — oo in Theorem
2 of Lecué [2007] implies Proposition 15. We could also have plugged arguments of
the proof of Theorem 14.5 of Devroye et al. [1996] to directly prove this result. [

We relate now the problem of convex aggregation of classifiers to the problem of
optimizing a linear function on the simplex. Consider the set of prediction rules F =
{f1,..., fa} given by Proposition 15 and denote by F' : X — R% x +— (fi(z),..., fa()).
For f € C, there is § € A, such that f = Zle (i) f; and we obtain

Acta(f) = Emax(1 — Y(F(X),0),0).

On the other hand, when the f; are valued in [—1,1], the classification problem
becomes equivalent to maximize the expectation EY f(.X) since the hinge loss is linear
on [—1,1]:

Y € {—1,1}, f(X) € [-1,1]=Y f(X) € [~1,1]=Emax(1-Y f(X),0) = 1-EY f(X).
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Combining both, we obtain that
Acla(f) =1- <E[YF(X)]> €> =1+ 0(6)7

where C'(0) = —(E[Y F(X)],6) is a linear function. This set enables us to construct
a difficult subclass of linear functions

Glin = {C(Q) = _<]E[YF(X)]79>a (X’ Y) ~ 7T}'

We also define the first-order stochastic oracle ¢y, on Gy, as follows

o0 ) = (WF(@).0).9F (@) ). for (2,9) ~ .

As before we may optimize C' with a stochastic approximation algorithm M € M,
to obtain 0,, € A, and therefore build a estimator T}, = Z?Zl 0,.(7) f; which belongs
to C. Moreover we have

Auaa(T,) = C(6,) and 1}11(111 Aca(f) = min C(0).
€

oAy

Consequently, for the oracle ¢y, and the class Gy, Proposition 9 implies that

log d
er (Grins Ady G1in) > € o8 . (4.24)

n

And we have proven the following minimax oracle complexity.

Proposition 16. Let Ay be the simplex. Then there exists universal constant ¢ > 0
such that the minimax oracle complexity over the class Sy, of linear functions satisfies
the following lower bound for 2log,d <n

log(d
sup E; (Slim Ada ¢) Z c Og( ) .
ped n

4.G Lower Bounds on the Rates of Convergence of
DA and MD Algorithms

Let us consider in this section that f =0, g(6) = 5|0 — 6.]|3 and h = [|0||3. In
this case, for n > 1, MD iterates (§™) verify

1 1
emd: : {_ 0_0* 2 el e_ernd 2}.
= angmin {10 — 0.3+ 519 - 02

Therefore 14 = 6, + %(9?{1}1 —0,),0md -9, = (A/i)n (024 —9,) and

g(egld) - g<9*) = (71/)2”
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Whereas DA iterates (09%) satisfy

1 1
gla — ' {—9—9*2 —92}.
R A e
yvn

We compute QSa = Zonid 0, and

o _ 9(65%) — g(6.)

4.H Continuous Time Interpretation of DA et MD

Following Nemirovsky and Yudin [1983], Bolte and Teboulle [2003], Krichene et al.
[2015] we propose a continuous interpretation of these methods for g twice differen-
tiable. We note this could be extended for g non-smooth with differential inclusions.

Derivation of the ordinary differential equation (ODE). The first-order opti-
mality condition of the MD iteration in Eq. (4.4) YV f(0.) + YV g(0ni1) + Vh(0ni1) —
Vh(6,) can be rearranged as
Vh(Oni1) — VR(6,)
v

=—-V£(6,) —Vg(0ni1).

Noting 9, Vh(#) = V2h(0)6, this is exactly a forward-backward Euler discretization
of the MD ODE [Bolte and Teboulle, 2003]:

0 = —V2h(0) "LV F(0) + Vg(6)]. (4.25)
On the other hand, considering the DA iteration in Eq. (4.3) we obtain
et _777"_1 = Vf(0ar)  and 9, =nyVg(6) + Vh(6,). (4.26)

Combining both parts in Eq. (4.26) leads to the single equation

Vq(6,) —Vqg(0,_ Vh(0,) — Vh(0,_
ney g( ) g( 1) +Vg(9n,1)+ ( ) ( 1) _ —Vf(enfl),
Y Y
which is the explicit Euler discretization of the ODE 9;(tVg(0) + Vh(0)) = =V f(6).
Therefore the ODE associated to DA takes the form

6 = —V2(h(6) +tg(0)) " (VF(8) + V(). (4.27)

It is worth noting that this ODE is very similar to the MD ODE in Eq. (4.25), with
an additional term ¢g(6) in the inverse mapping V?(h(6) + tg(6))~' which may thus
slow down the DA dynamic.
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Lyapunov analyzes. Lyapunov functions are used to prove convergence of the
solutions of ODEs. In analogy with the discrete case, the Bregman divergence is
a Lyapunov function for these ODEs [see, e.g., Bolte and Teboulle, 2003, Krichene
et al., 2015] since

0rDp(6.,0(1)) = Oi[h(0.) = h(0(t)) = (VR(0(1)), 6. — 0(1))] '
= ( h(6(1),6(2)) + (V2h(6(1))6 ()ﬁ(t)—9*>+<Vh(9(t))79(t)>
= (VR(0(1))0(1),6(t) - 6.).

For the MD ODE in Eq. (4.25) we obtain

ODuB.0(1) = —(VFO(D) + Va(6(1)), 6(1) — 6.)
< Y(6,) —v(6(t)) (by convexity of v).

Integrating, this yields with Jensen inequality

_ 1t Dy(6.,0(0)) — Dy,(6.,0(t
wwmwwwns¥/<wam_¢@»@g 0000 ~ Du0-,0(0)
0
for O(t) = 1 fo s)ds. This is the same convergence result as in the discrete time.

For the DA ODE in Eq. (4.27) we obtain

OiDhy1g(0.,0(t)) = O[(h +1g)(6s) — (h+1g)(0(t)) — (V(h+1g)(0(1)), 0. — 0(¢))]

= g(6.) — (Vh(6(t)) + tVg(6(1)), (1)) + g(6(2)) _
HO(Vh+1Vg)(6(1)),0(t) = 0.) + ((V + tVg)h(6(2)), 0(t))

: )
= g(0.) —g(6,) — (VF(6(1)),0(t) — 0.).
Therefore by convexity of f, 0, Dp144(6s,6(t)) < ¥(0,) —1(0(t)) and we obtain

Dh(0x,0(0)) — Dhitg(0s,0(t))
. :

D(0(t) — v(0:) <

The continuous time argument really mimics the proof of Proposition 8 without the
technicalities associated with the discrete time. We remind that we recover the vari-
ational interpretation of Krichene et al. [2015], Wibisono et al. [2016], Wilson et al.
[2016]: the Lyapunov function generates the dynamic in the sense that a function L
is first chosen and secondly a dynamics, for which L is a Lyapunov function, is then
designed. In this way MD and DA are the two different dynamics associated to the
two different Lyapunov functions Dj, and Dj4,.

Extension to the noisy-gradient case. We consider now we only have access
to noisy estimates of the gradient as in Section 4.3 and propose a continuous-time
interpretation of these stochastic methods. Stochastic MD and SDA may be viewed,
in their primal-dual forms, as discretizations of the following stochastic differential
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equations (SDE). For stochastic MD
dn(t) = —[Vf(0(t)) + Vg(0(t))]dt + odW (t)dt and n(t) = Vh(6(t)),
and for SDA
dn(t) = —=VFO®)dt + odW()dt  and  n(t) = V(h + tg)(0(t)),

where W, is a Wiener process and o > (0. We note that the regularization g does not
take part in the SDA SDE which explains this dynamic is efficient in presence of noise.
In contrast, the stochastic MD SDE is corrupted by the presence of the gradient Vg
which may not behaves well for non-smooth g. This continuous-time interpretation
of stochastic algorithms could lead to further insights but is outside the scope of this
chapter.

4.1 Examples of Different Geometries

We describe now different examples of concrete geometries and how SDA is then
implemented for well known regularizations g.

Euclidean distance. The simplest geometry is obtained by taking the function
h(0) = £16||3, which is a Legendre function on dom h = R%. Its associated Bregman
divergence is also the squared Euclidean distance Dy,(a, 8) = 3|l — S||3. Therefore
(LC) is equivalent to the smoothness of the function f and we return to classic results
on proximal gradient descent.

— Projection: Let g = 1¢ be the indicator of a convex set C. The SDA method
yields to the projected method

6, = min | +vn§fwk+1<ek>(\z-

k=0

— (ly-regularization: Let g = 3| - [|3 where Q = 0, we directly have Vh(n) =
(I +nyQ) 'n and the SDA method comes back to

en = enfl - (771[ + nQ)il(Qenfl + vfn(9n71>>7 fOI' n Z 17
which is a standard gradient descent on f + g with a structured decreasing

step-size v, = (v ' +nQ)".

— {y-regularization: Let g = A|| - |1, we can compute the primal iterate with, for
i=1,...,d, V;hi(n) = sign(n(i)) max(|n(i)| — nyA,0) . Therefore the SDA

method is equivalent, for i = 1,...,d, to the iteration:

n—1 n—1
0, (i) = — sign (Z v fm(ek)) max (‘ YV, fkﬂ(ek)‘ — YA, 0).
k=0

k=0
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Yet since convergence results hold on the average of the iterates 6, SDA pro-
vides less sparse solutions than other methods which rather consider final iter-
ates as outputs.

Kullback-Leibler divergence. The negative entropy h(6) = Y"1 0(i) log(0(i)) is
a Legendre function on dom h = (0, 00)™ whose associated Bregman divergence is the
Kullback-Leibler divergence

Difen. ) = 3 alilog (1) + 3(80) ~ ()

and its conjugate gradient mapping is V;h*(n) = exp(n;) — L fori=1,... . d.

When constrained on the simplex Ay, h is 1-strongly convex with respect to the
(1-norm |[see, e.g., Beck and Teboulle, 2003, Proposition 5.1], and (LC) holds, for
example, if f is smooth with regards to the ¢;-norm. This illustrates one of the
non-Euclidean benefit since Lipschitz constants under the /.-norm are smaller than
under the f5-norm.

This geometry is particularly appropriated to constrained minimization on the
simplex Ay, With ¢g(f) = 1a,, SDA update is the dual averaging analogue of the
exponentiated gradient algorithm [Kivinen and Warmuth, 1997]:

o) — P (0)

y — fori=1,....,d.
Zj:l exp(17(7))

(,-norm. The choice h = mﬂ |2 for p € (1,2] is believed to adapt to the

geometry of learning problem and is often used with p =1 + 1/log(d) in association
with ¢;-regularization [see, e.g., Duchi et al., 2010|. Its Fenchel conjugate is the

squared conjugate norm h* = 2(q1_1) | 1|2 for 1/p+1/q = 1 and its conjugate gradient
mapping is V;h*(n) = % [see, e.g., Gentile and Littlestone, 1999|. For
- q

(1-regularization, this yields to:
Vihi(n) = V;h*(sign(n(i)) max(n(i)| — nyA,0)) fori=1,...,d.

The function h is 1-strongly convex with respect to the £,-norm [see, e.g., Hanner,
1956]. Therefore (LC) holds if f is smooth with respect to the the £,-norm. However
when the function f considered is quadratic as in Section 4.3, we can directly show
that (LC) holds under tighter conditions on the Hessian matrix 3 (see proof in
Appendix 4.J).

Proposition 17. Assume that f(0) = $(6,%6) and h(9) = ;)H@Hf, Then h —~f

2(p—1
1s convex for any constant step-size vy such that

2
«
min | Hp

< .
T= (o, Yav)
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When ¥ = E(x®z) is a covariance matrix as in Section 4.3.2, (o, Ya) = E(z, a)? <
Eljz2[lc|> by Holder inequality, and Proposition 17 admits the following corollary.

Corollary 7. Assume that f(0) = JE((z,0) —y)*, h(0) = 3[|0||> and q such that

1/p+1/q=1. Then h —~f is convez for any constant step-size v such that
v < 1/E||=[f3.

Therefore we may use the algorithm with bigger step-size than in the Euclidean
case. Moreover when the algorithm is started from 6, = 0, the Bregman divergence is

_ 1 E|l=)I7116« 113
Dy(0.,00) = 5531 21

For high-dimension problems, taking ¢ = 1 + log(d) (with p ~ 1 and ¢ ~ +00)
yields to bounds depending on the ¢;-norm of the optimal predictor and the ¢,,-norm
of the features which is advisable for sparse problems.

|0.||> and the bias in Proposition 8 would be bounded by

4.J Proof of Proposition 17

We consider here h(0) =

gradient is

mHHHIQ,. For § € R?, h is twice differentiable. Its

_ sign(6(0)|0()["~
(o= Dllofp—

and its Hessian may be written for a = (12):_%”9";2@71)’ u(i) = [|0]2776(i)P~* and
v(i) = 0P~ fori=1,...,d, as

V,h(6)

V2h(0) = Diag(u) + awvv',

The function h — «f is convex if and only if V2h(d) < 42 for all # € RY. This
condition is equivalent to

2
min min —<a, VZh(0)a)

> .
0« (o, Yav) =7

A sufficient condition is that Diagu = ~X. After a change of variables, u may
be written as u(i) = n(i)?~2 where n(i) = |0(i)|/||0]|, satisfies 3% n(i)? = 1 and
n(i) > 0. Hence for all ,a € R?



This optimization problem is equivalent with v(7) = n(7)? to the one the simplex Ay

d d
min > a(i)?v(i)! P such that Zv(z) =1 and v(i) > 0,
i=1

]Rd
Ve oL

for which we define the Lagrangian L(v, \, 1) = S0, a(i)?0(i)' =27 — (A, v) + v(1 —
SF v(i)) for A € RE and p € R. Tts gradient is Vi) £(v, A, 1) = (1—2/p)a(i)? /v(i)>/P—
A(7) — v. Writing the KKT condition for this problem [see, e.g., Boyd and Vanden-
berghe, 2004], we have that (v, A, v) is optimal if and only if (1 — 2/p)a(i)?/v(i)*? —
A(i) —v =0, 2?21 v(7) = 1 and for all 4; A\(7) > 0, v(¢) > 0 and A(i)v(i) = 0. These
conditions are satisfied by v(i) = <2 _ (i) = 0 and v = (1 —2p)(%_, a(j)?)¥?.

o . S a)r’
Hence the minimum value is

a(i)’v(i)' P = d afi)? o)’ — > a(d) = |le||?.
Z ()0 (i) Z O ST amyr ~ oL a1l

Consequently
(o, V2h(0)ar) = |3,

el

and h — v f is convex for v < min,cpa s

4. K Standard Benchmarks

We have considered the sido dataset which is often used for comparing large-
scale optimization algorithms. This is a finite binary classification dataset with finite
number of observations with outputs in {—1,1}. We have followed the following
experimental protocol: (1) remove all outliers, i.e., sample points x,, whose norms is
greater than 5 times the average norm. (2) divide the dataset in two equal parts, one
for training, one for testing, (3) start the algorithms from 6, = 0, (4) sample within
the training dataset with replacement, for 100 times the number of observations in
the training set; a dashed line marks the first effective pass in all plots, (5) compute
averaged cost on training and testing data based on 10 replications. All cost are
shown in log-scale, normalized to that the first iteration leads to ¢(6y) — ¥ (0.) = 1.

We solved a ¢;-regularized least-squares regression for three different values of ¢;-
regularization: (1) one with the A, which corresponds to the best generalization error
after 500 effective passes through the train set, (2) one with A,/8 and (3) one with
256\,

We compare five algorithms: averaged SGD with constant step-size, average SGD
with decreasing step-size C'/(R*y/n), SDA with constant step-size, SDA with decreas-
ing step-size C'/(R?y/n) and SAGA with constant step-size |[Defazio et al., 2014], which
showed state-of-the-art performance in the set-up of finite data sets. We consider the
theoretical value of step-size which ensures convergence. We note the behaviors are
comparable to the situation where step-sizes with the best testing error after one
effective pass through the data (testing powers of 4 times the theoretical step-size)
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are used.
We can make the following observations:

— We show results for A = A, in Figure 4.K.1. SAGA, constant-step-size SDA
and constant-step-size SGD exhibit the best behavior for both settings of step-
size. However the training error of SGD does not converge to 0. On the other
hand, SGD and SDA with step-size decaying as C'//R*\/n are slower. SAGA
and constant-step-size SDA exhibit some overfitting after more than 10 passes
on the regularized objective .

— We show results for A = A, /8 in Figure 4.K.2. The problem is then very little
regularized and the behavior of constant-step-size SGD gets closer to constant-
step-size SDA. There is here still overfitting for the regularized objective ).

— We show results for A = 256, in Figure 4.K.1. The problem is then much more
regularized. In this case the regularization has an important weight and the
stochasticity of the quadratic objective plays a minor role. Therefore SAGA
exhibits the best behavior, despite strong early oscillations, with a linear con-
vergence but reaches a saturation point after few passes over the data. On the
other hand, constant-step-size SDA exhibits a sublinear convergence which is
faster at the beginning and catches up with SAGA at the end. Constant-step-
size SGD is not converging to the solution.

To conclude, constant-step-size SDA behaves similarly to SAGA which is specially
dedicated to the set-up of finite data sets. For larger datasets, where only a single
pass is possible, SAGA could not be run. Moreover SAGA does not come with
generalization guarantees while SDA does (if a single pass is made).
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Figure 4.K.1 — Test and train performances for /;-regularized least-squares regression

on the sido dataset with A = A;p¢. Left: test performance. Right: train performance.
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Part 11

Applications of the Quadratic Loss in
Machine Learning
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Chapter 5

Application to Discriminative
Clustering

Abstract

Clustering high-dimensional data often requires some form of dimensionality re-
duction, where clustered variables are separated from “noise-looking” variables. We
cast this problem as finding a low-dimensional projection of the data which is well-
clustered. This yields a one-dimensional projection in the simplest situation with two
clusters, and extends naturally to a multi-label scenario for more than two clusters. In
this chapter, (a) we first show that this joint clustering and dimension reduction for-
mulation is equivalent to previously proposed discriminative clustering frameworks,
thus leading to convex relaxations of the problem; (b) we propose a novel sparse
extension, which is still cast as a convex relaxation and allows estimation in higher
dimensions; (c) we propose a natural extension for the multi-label scenario; (d) we
provide a new theoretical analysis of the performance of these formulations with a
simple probabilistic model, leading to scalings over the form d = O(y/n) for the affine
invariant case and d = O(n) for the sparse case, where n is the number of examples
and d the ambient dimension; and finally, (e) we propose an efficient iterative al-
gorithm with running-time complexity proportional to O(nd?), improving on earlier
algorithms for discriminative clustering with the square loss, which had quadratic
complexity in the number of examples.

This chapter is extracted from the paper Robust Discriminative Clustering with
Sparse Regularizers, in collaboration with B. Palaniappan and F. Bach, accepted in
the Journal of Machine Learning Research.

5.1 Introduction

Clustering is an important and commonly used pre-processing tool in many ma-
chine learning applications, with classical algorithms such as K-means [MacQueen,
1967], linkage algorithms [Gower and Ross, 1969| or spectral clustering [Ng et al.,
2002]. In high dimensions, these unsupervised learning algorithms typically have
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problems identifying the underlying optimal discrete nature of the data; for exam-
ple, they are quickly perturbed by adding a few noisy dimensions. Clustering high-
dimensional data thus requires some form of dimensionality reduction, where clus-
tered variables are separated from non-informative “noise-looking” (e.g., Gaussian)
variables.

Several frameworks aim at linearly separating noise from signal, that is finding
projections of the data that extracts the signal and removes the noise. They differ in
the ways signals and noise are defined. A line of work that dates back to projection
pursuit [Friedman and Stuetzle, 1981| and independent component analysis [Hyvéri-
nen et al., 2004| defines the noise as Gaussian while the signal is non-Gaussian [Blan-
chard et al., 2006, Le Roux and Bach, 2013, Diederichs et al., 2013]. In this work,
we follow De la Torre and Kanade [2006], Ding and Li [2007], along the alternative
route where one defines the signal as being clustered while the noise is any non-
clustered variable. In the simplest situation with two clusters, we may project the
data into a one-dimensional subspace. Given a data matrix X € R"*¢ composed of
n d-dimensional points, the goal is to find a direction w € R? such that Xw € R"
is well-clustered, e.g., by K-means. This is equivalent to identifying both a direction
to project, represented as w € R? and the labeling y € {—1,1}" that represents the
partition into two clusters.

Most existing formulations are non-convex and typically perform a form of alter-
nating optimization |De la Torre and Kanade, 2006, Ding and Li, 2007|, where given
y € {—1,1}", the projection w is found by linear discriminant analysis (or any bi-
nary classification method), and given the projection w, the clustering is obtained by
thresholding Xw or running K-means on Xw. As shown in Section 5.2, this alternat-
ing minimization procedure happens to be equivalent to maximizing the (centered)
correlation between y € {—1,1}" and the projection Xw € R?, that is

(yTHan)2
a. )
werdye{-1,1p [|TLy]|3 [T, Xw|3

where II,, = I, — %1n1; is the usual centering projection matrix (with 1, € R"™
being the vector of all ones, and I, the n x n identity matrix). This correlation is
equal to one when the projection is perfectly clustered (independently of the number
of elements per cluster). Existing methods are alternating minimization algorithms
with no theoretical guarantees.

In this chapter, we relate this formulation to discriminative clustering formula-
tions [Xu et al., 2004, Bach and Harchaoui, 2007|, which consider the problem

1
min —ly — Xv — b1, 5.1
N Iy nll2 (5.1)
with the intuition of finding labels y which are easy to predict by an affine function
of the data. In particular, we show that given the relationship between the number of
positive labels and negative labels (i.e., the squared difference between the respective
number of elements), these two problems are equivalent, and hence discriminative
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clustering explicitly performs joint dimension reduction and clustering.

While the discriminative framework is based on convex relaxations and has led to
interesting developments and applications [Zhang et al., 2009, Li et al., 2009, Joulin
et al., 2010a,b, Wang et al., 2010, Niu et al., 2013, Huang et al., 2015|, it has several
shortcomings when used with the square loss: (a) the running-time complexity of the
semi-definite formulations is at least quadratic in n, and typically much more, (b)
no theoretical analysis has ever been performed, (¢) no convex sparse extension has
been proposed to handle data with many irrelevant dimensions, (d) balancing of the
clusters remains an issue, as it typically adds an extra hyperparameter which may be
hard to set. In this chapter, we focus on addressing these concerns.

When there are more than two clusters, one considers either the multi-label or the
multi-class settings. The multi-class problem assumes that the data are clustered into
distinct classes, i.e., a single class per observation, whereas the multi-label problem
assumes the data share different labels, i.e., multiple labels per observation. We
show in this work that discriminative clustering framework extends more naturally
to multi-label scenarios and that this extension has the same convex relaxation.

A summary of the contributions of this chapter follows:

— In Section 5.2, we relate discriminative clustering with the square loss to a
joint clustering and dimension reduction formulation. The proposed formulation
takes care of the balancing hyperparameter implicitly.

— We propose in Section 5.3 a novel sparse extension to discriminative clustering
and show that it can still be cast through a convex relaxation.

— When there are more than two clusters, we extend naturally the sparse formu-
lation to a multi-label scenario in Section 5.4.

— We then proceed to provide a theoretical analysis of the proposed formulations
with a simple probabilistic model in Section 5.5, which effectively leads to scal-
ings over the form d = O(y/n) for the affine invariant case and d = O(n) for the
1-sparse case.

— Finally, we propose in Section 5.6 efficient iterative algorithms with running-
time complexity for each step equal to O(nd?), the first to be linear in the
number of observations n for discriminative clustering with the square loss.

Throughout this chapter we assume that X € R" 9 is centered, a common pre-
processing step in unsupervised (and supervised) learning. This implies that X "1, =
0 and II, X = X.

5.2 Joint Dimension Reduction and Clustering

In this section, we focus on the single binary label case, where we first study
the usual non-convex formulation, before deriving convex relaxations based on semi-
definite programming. Some of the following results are already known in the litera-
ture however we state them here for completeness.
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5.2.1 Non-Convex Formulation

Following De la Torre and Kanade [2006], Ding and Li [2007], Ye et al. [2008],
we consider a cost function which depends on y € {—1,1}" and w € RY, which is
such that alternating optimization is exactly (a) running K-means with two clusters
on Xw to obtain y given w (when we say “running K-means”’, we mean solving the
vector quantization problem exactly), and (b) performing linear discriminant analysis
to obtain w given y.

Proposition 18 (Joint clustering and dimension reduction for two clusters). Given
X € R4 such that X1, =0 and X has rank d, consider the optimization problem

(y' Xw)?
werd ye{-1,13 || ILy|13 [ Xw]|3’

(5.2)

Given y, the optimal w is obtained as w = (X" X)"1X Ty, while given w, the optimal
y 1s obtained by running K-means on Xw.

This equivalence might be straightforward however it has not been precisely stated
in the literature to the best of our knowledge.
Proof. Given y, we need to optimize the Rayleigh quotient % with a rank-
one matrix in the numerator, which leads to w = (X" X)™1X Ty, Given w, we show
in Appendix 5.A, that the averaged distortion measure of K-means once the means
have been optimized is exactly equal to (y' Xw)?/||[IL,y||3. O

Algorithm. The proposition above leads to an alternating optimization algorithm.
Note that K-means in one dimension may be run ezactly in O(nlogn) [Bellman, 1973].

After having optimized with respect to w in Eq. (5.2), we then need to maximize with
yTX(XTX)—lXTy
Mnyl3
means on the whitened data (which is now in high dimension and not in 1 dimension).

At first, it seems that dimension reduction is simply equivalent to whitening the data
and performing K-means; while this is a formally correct statement, the resulting
K-means problem is not easy to solve as the clustered dimension is hidden in noise;
for example, algorithms such as K-means++ [Arthur and Vassilvitskii, 2007|, which
have a multiplicative theoretical guarantee on the final distortion measure, are not
provably effective here because the minimal final distortion is not small (since the
clusters are corrupted by some noisy dimensions), and the multiplicative guarantee
is then meaningless.

respect to y the function , which happens to be exactly performing K-

5.2.2 Convex Relaxation and Discriminative Clustering

The discriminative clustering formulation in Eq. (5.1) may be optimized for any
Ly(y=Xv) _ liy
n

y € {—1,1}" in closed form with respect to b as b = since X 1is
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centered. Substituting b in Eq. (5.1) leads us to

1 1 (v Xw)?
2,y — Xol]2 = =||ILy||2 — 5.3
where v is obtained from any solution w as v = w ﬁ’;iﬁ‘; Thus, given
2
(yTln)2 1 . . 2
L =) - #in= ) =0, (54)

which characterizes the asymmetry between clusters and with [|IL,y||*> = n(1 — «),
we obtain from Eq. (5.3), an equivalent formulation to Eq. (5.2) (with the added
constraint) as

1
min —||TT,,y — Xvl||3 such that

= q. 5.9
ye{—1,1}", veRL N n? “ (5:5)

This is exactly equivalent to a discriminative clustering formulation with the square
loss [Bach and Harchaoui, 2007] with an explicit cluster balance constraint. Conse-
quently we have formally established that the discriminative clustering formulation
in Eq. (5.5) is related to the joint clustering and dimension reduction formulation in
Eq. (5.2). Following Bach and Harchaoui [2007], we may optimize Eq. (5.5) in closed
form with respect to v as v = (X" X)71 X Ty. Substituting v in Eq. (5.5) leads us to

1 71,)?
min _ —y' (II, — X(X"X)'X ")y such that y 5 )
yE{—l,l}n n n

= . (5.6)

This combinatorial optimization problem is NP-hard in general [Karp, 1972, Garey
et al., 1976]. Hence in practice, it is classical to consider the following convex relax-
ation of Eq. (5.6) [Luo et al., 2010]. For any admissible y € {—1,+1}", the matrix
Y = yy' € R™™" is a rank-one symmetric positive semi-definite matrix with unit
diagonal entries and conversely any such Y may be written in the form Y = yy ' such
that y is admissible for Eq. (5.6). Moreover by rewriting Eq. (5.6) as

1 (yy M1,
e _

1
min  —tryy' (I, — X(XTX)'X") such that = q,

ye{-1,1}" n
we see that the objective and constraints are linear in the matrix Y = yy' and
Eq. (5.6) is equivalent to

1Y,

1
—tr Y (IL, — X(X'X)™'X ") such that —"—
n

min
Y20, rank(Y)=1 diag(Y)=17

Q.
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Then dropping the non-convex rank constraint leads us to the following classical
convex relaxation:

17v1,
7 — @
n

1
min —trY (I, — X(X"X)"'XT) such that (5.7)

Y20, diag(Y)=1"n
This is the standard (unregularized) formulation, which is cast as a semi-definite
program. The complexity of interior-point methods is O(nT), but efficient algorithms
in O(n?) for such problems have been developed due to the relationship with the max-
cut problem [Journée et al., 2010, Wen et al., 2012]. We note that convex relaxation
techniques are also used for semi-supervised methods [De Bie and Cristianini, 2003].

Given the solution Y, one may traditionally obtain a candidate y € {—1,1}"
by running K-means on the largest eigenvector of Y or by sampling [Goemans and
Williamson, 1995]. In this chapter, we show in Section 5.5 that it may be advantageous
to consider the first two eigenvectors.

5.2.3 Unsuccessful Full Convex Relaxation

The formulation in Eq. (5.7) imposes an extra parameter « that characterises the
cluster imbalance. It is tempting to find a direct relaxation of Eq. (5.2). It turns out
to lead to a trivial relaxation, which we outline below.

When optimizing Eq. (5.2) with respect to w, we obtain the following optimization
problem

yTX(XTX)_lXTy
max
ye{-11} y 'Ly
leading to a quasi-convex relaxation as
trY X(XTX)"1xT

max
Y0, diag(Y)=1 trIL,Y ’

whose solution is found by solving a sequence of convex problems |Boyd and Van-
denberghe, 2004, Section 4.2.5|. As shown in Appendix 5.B, this may be exactly
reformulated as a single convex problem:

max tr MX(XTX)PXT,

. Ty
M0, diag(M)=1+1-251

Unfortunately, this relaxation always leads to trivial solutions, and we thus need to
consider the relaxation in Eq. (5.7) for several values of & = 1]Y1,/n? (and then
the non-convex algorithm can be run from the rounded solution of the convex prob-
lem, using Eq. (5.2) as a final objective). Alternatively, we may solve the following
penalized problem for several values of v > 0:

1
min_ —trY (I, — X(X X)"'XT) + Z11Y1,. (5.8)
Y=0, diag(Y)=1 "N n
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For v =0,Y = 1,1, is always a trivial solution. As outlined in our theoretical section
and as observed in our experiments, it is sufficient to consider v € [0, 1].

By convex duality [Borwein and Lewis, 2000, Sec. 4.3|, both constrained relax-
ation in Eq. (5.7) and penalized relaxation in Eq. (5.8) are formally equivalent for
specific choice of constraint parameter a and penalization parameter v. We will see
in Section 5.6 that the formulation in Eq. (5.8) is more suitable for algorithmic design
[Bach et al., 2012].

5.2.4 Equivalent Relaxations

Optimizing Eq. (5.5) with respect to v in closed form as in Section 5.2.2 is feasible
with no regularizer or with a quadratic regularizer. However, if one needs to add more
complex regularizers, we need a different relaxation. Therefore we now propose a new
formulation of the discriminative clustering framework. We start from the penalized
version of Eq. (5.5),

T1,)?

1
min [Ty — Xvf2 4 Y 1) (5.9)
n

ye{—1,1}", veRe N

which we expand as:

1 2 1

min —trLyy' — = tr Xoy" + = tr X" X" +v SR (5.10)

ye{—1,1}", veRe N n

and relax as, using Y =yy', P=yv' and V =o',
1 2 1TY1n
min  —trll,Y =~ tr PTX trXTXV+ 5
V,PY n
Y P .

s.t. (PT V) =0, diag(Y) = 1. (5.11)

When optimizing Eq. (5.11) with respect to V and P, we get exactly Eq. (5.8). In-
deed, the optimum is attained for V=(XTX) !XTV X(XTX) ' and P=Y X (X" X)™!
as shown in Appendix 5.C.1. Therefore, the convex relaxation in Eq. (5.11) is equiv-
alent to Eq. (5.8).

However, we get an interesting behavior when optimizing Eq. (5.11) with respect
to P and Y also in closed form. For v = 1, we obtain, as shown in Appendix 5.C.2,
the following closed form expressions:

Y = Diag(diag(XVX ")) Y2XV X" Diag(diag(XVX"))~"/?
P = Diag(diag(XVXT"))"V2XV,

leading to the problem:

min 1— = Z (XVXT); + ltr(VXTX). (5.12)

V=0
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The formulation above in Eq. (5.12) is interesting for several reasons: (a) it is formu-
lated as an optimization problem in V € R%*?  which will lead to algorithms whose
running time will depend on n linearly (see Section 5.6), (b) it allows for easy adding
of regularizers (see Section 5.3), which may be formulated as convex functions of
V = vv'. At first sight this seems to be valid only for v = 1. However we now
propose a reformulation which can handle all possible v € [0,1) through a simple
data augmentation.

Reformulation for any v. When v € [0,1), we may reformulate the objective
function in Eq. (5.9) as follows:

T1,)2 T, vyTl, 2 T, 2
(ARG O S CAR D Y VRS GRPIE/AR ER Y S /A P ()
n n n n
T T1 )2
Yy In 2 l/((l—V)y 1n)
— ly— Xv—(1— 1,
= X0 = (1= n)men i+ Do
= min|ly — Xv — bl |2 + —p? (5.13)
- beR y nli2 1—v ’ ’

since |ly — Xv — b1,[|3 + £5b* can be optimized in closed form with respect to b as

b=(1- V)& Note that the weighted imbalance ratio (1 — u)yT% is made as an

n .

optimization variable in Eq. (5.13). Thus we have the following reformulation

1 (?/Tln)2
' — I,y — Xvl? -
vGRd,Ig?el?—l,l}” n Iy vllz +v n?
1 v
= i “ly — Xv —bl,||> + —b?, 5.14
veRd,belg,lIyIé{—l,l}n n Iy v Iz + 1—v ( )

which is a non-centered penalized formulation on a higher-dimensional problem in
the variable (}j) € R, In the rest of the chapter, we will focus on the case v = 1
for ease of exposition. This enables the use of the formulation in Eq. (5.12), which
is easier to optimize. It is worth noting that this is not an algorithmic restriction.
Of course any problem with v € [0,1) can be treated with equal ease by adding a

constant term and a quadratic regularizer.

5.3 Regularization

There are several natural possibilities. We consider norms 2 such that Q(w)? =
[(ww?") for a certain convex function I'; all norms have that form [Bach et al., 2012,
Proposition 5.1]. When v = 1, Eq. (5.12) then becomes

n

max 2 > VXVXT); - %tr(VXTX) — (V). (5.15)

V=0 n 4
=1
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The quadratic regularizers I'(V) = tr AV have already been tackled by Bach and
Harchaoui [2007]. They consider the regularized version of problem in Eq. (5.3)

1
in — ||,y — Xv|2+0v'A 5.16
min ~ [y — Xofl; +v" Av, (5.16)

optimize in closed form with respect to v as v = (X "X +nA)"1X Ty. Substituting v
in Eq. (5.16) leads them to

1
min_~ —trY (I, — X(X'X +nA)"'X).
Y20, diag(Y)=1 1N
In this chapter, we propose a novel sparse extension to discriminative clustering frame-
work with the square loss. Specifically we formulate a non-trivial sparse regularizer
which is a combination of weighted squared ¢;-norm and ¢s-norm. It leads to

['(V) = tr[Diag(a)V Diag(a)] + || Diag(c)V Diag(c)||1, (5.17)

such that D(voT) = 30 a?v? + (Zle cl-|vi|)2. This allows to treat all situations
simultaneously, with v = 1 or with v € [0,1). To be more precise, when v € [0,1),
we can consider in Eq. (5.14), a problem of size d + 1 with a design matrix [X, 1,] €
R (@+1) 5 direction of projection (Z) € R and different weights for the last

variable with agy1 = % and cq41 = 0.

Note that the sparse regularizers on V' introduced in this chapter are significantly
different when compared to the sparse regularizers on variable v in Eq. (5.3), for ex-
ample, considered by Wang et al. [2013]. A straightforward sparse regularizer on v in
Eq. (5.3), despite leading to a sparse projection, does not yield natural generalizations
of the discriminative clustering framework in terms of theory or algorithms.

In our analysis and experiments for the balanced clusters (when v = 1), the sparse
regularization I' = A|| - ||1, for A € R will often be considered. This is equivalent to
setting a = 04 and ¢ = v/Alg in Eq. (5.17). The problem in Eq. (5.15) then becomes

2 — 1
max ~ > |/ (XVXT);i — —tr(VXTX) = AV (5.18)
=1

Vie0 m 4

The sparse regularizers considered in this chapter have a significant algorithmic
appeal for certain applications in computer vision [Bojanowski et al., 2013, Alayrac
et al., 2016|, audio processing |Lajugie et al., 2016] and natural language processing
[Grave, 2014]. They also lead to robust cluster recovery under minor assumptions
as will be illustrated on a simple example in Section 5.5. The practical benefits of
the sparse regularizers will be further demonstrated using empirical evaluation on
synthetic and real data sets in Section 5.7.
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5.4 Extension to Multiple Labels

The discussion so far has focussed on two clusters. Yet it is key in practice to
tackle more clusters. It is worth noting that the discrete formulations in Eq. (5.2) and
Eq. (5.5) extend directly to more than two clusters. However two different extensions
of the initial problems Eq. (5.2) or Eq. (5.5) are conceivable. They lead to problems
with different constraints on different optimization domains and, consequently, to
different relaxations. We discuss these possibilities next.

One extension is the multi-class case. The multi-class problem which is dealt with
by Bach and Harchaoui [2007] assumes that the data are clustered into K classes and
the various partitions of the data points into clusters are represented by the K-
class indicator matrices y € {0, 1}"*¥ such that ylx = 1,,. The constraint ylx = 1,
ensures that one data point belongs to only one cluster. However as discussed by Bach
and Harchaoui [2007], by letting Y = yy ', it is possible to lift these K-class indicator
matrices into the outer convex approximations Cx = {Y € R™" : Y =Y T diag(Y) =
1,,Y = 0,Y 5 1,1, } [Frieze and Jerrum, 1995, which is different for all values of
K. Note that letting K = 2 corresponds to the previous sections.

In this chapter, we consider a different novel extension for discriminative clustering
to the multi-label case. The multi-label problem assumes that the data share k labels
and the data-label membership is represented by matrices y € {—1, +1}"**. In other
words, the multi-class problem embeds the data in the extreme points of a simplex,
while the multi-label problem does so in the extreme points of the hypercube.

The discriminative clustering formulation of the multi-label problem is

1
min — |y — X%, (5.19)

vERka, ye{*l,l}"Xk’ n

where the Frobenius norm is defined for any vector or rectangular matrix as ||Al|% =
tr AAT = tr ATA. Letting ¥ = 1 here corresponds to the previous sections. The
discrete ensemble of matrices y € {—1,+1}"** can be naturally lifted into Dy, = {Y €
R™" .Y = Y7 diag(Y) = kl,,Y 3= 0}, since diag(Y) = diag(yy™) = 3.1, Y =
k. As the optimization problems in Eq. (5.7) and Eq. (5.8) have linear objective
functions, we can change the variable from Y to Y = Y/k to change the constraint
diag(Y) = k1, to diag(Y) = 1, without changing the optimizer of the problem.
Thus the problems can be solved over the relaxed domain D = {Y € R™" : Y =
YT diag(Y) = 1,,Y 3= 0} which is independent of k.

Note that the domain D is similar to that considered in the problems in Eq. (5.8)
and Eq. (5.11) and these convex relaxations are the same regardless of the value of
k. Hence the multi-label problem is a more natural extension of the discriminative
framework, with a slight change in how the labels y are recovered from the solution
Y (we discuss this in Section 5.5.3).
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5.5 Theoretical Analysis

In this section, we provide the first theoretical analysis for the discriminative
clustering framework with the square loss. We start with the 2-clusters situation:
the non-sparse case is considered first and analysis is provided for both balanced and
imbalanced clusters. Our study for the sparse case currently only provides results for
the simple 1-sparse solution. However, the analysis also yields valuable insights on
the scaling between n and d. We then derive results for multi-label situation.

For ease of analysis, we consider the constrained problem in Eq. (5.7), the penal-
ized problem in Eq. (5.8) or their equivalent relaxations in Eq. (5.12) or Eq. (5.18)
under various scenarios, for which we use the same proof technique. We first try
to characterize the low-rank solutions of these relaxations and then show in certain
simple situations the uniqueness of such solutions, which are then non-ambiguously
found by convex optimization. Perturbation arguments could extend these results by
weakening our assumptions but are not within the scope of this chapter, and hence
we do not investigate them further in this section.

5.5.1 Analysis for 2 Clusters: Non-Sparse Problems

In this section, we consider several noise models for the problem, either adding
irrelevant dimensions or perturbing the label vector with noise. We consider these
separately for simplicity, but they could also be combined (with little extra insight).

Irrelevant Dimensions

We consider an “ideal” design matrix X € R™*? such that there exists a direction
v along which the projection Xwv is perfectly clustered into two distinct real values
c; and ¢y. Since Eq. (5.2) is invariant by affine transformation, we can rotate the
design matrix X to have X = [y, Z] with y € {—1,1}", which is clustered into +1
or —1 along the direction v = (odl,1 ) Then after being centered, the design matrix
is written as X = [[I,y, Z] with Z = [z1,...,24_1] € R™ @Y The columns of Z
represent the noisy irrelevant dimensions added on top of the signal y.

Balanced Problem

When the problem is well balanced (y'1,, = 0), y is already centered and II,,y = y.
Thus the design matrix is represented as X = [y, Z]. We consider here the penalized
formulation in Eq. (5.8) with v = 1 which is the only scenario where we are able to
provide a theoretical analysis.

Let us assume that the columns (2;);—1__4—1 of Z are i.i.d. with symmetric distri-
bution z, with Ez = E2% = 0 and such that ||z||. is almost surely bounded by R > 0.
We denote by Ez? = m its second moment and by Ez*/(Ez?)? = 3 its (unnormalized)
kurtosis.

Surprisingly the clustered vector y happens to generate a solution yy' of the
relaxation Eq. (5.8) for all possible values of Z (see Lemma 35 in Appendix 5.D.2 ).
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However the problem in Eq. (5.8) should have a unique solution in order to always
recover the correct assignment y. Unfortunately the semidefinite constraint Y = 0
of the relaxation makes the second-order information arduous to study. Due to this
reason, we consider the other equivalent relaxation in Eq. (5.12) for which V, = vv' is
also solution with v oc (X" X)7'X Ty (see Lemma 36 in Appendix 5.D.3). Fortunately
the semidefinite constraint V' 5= 0 of the problem in Eq. (5.12) may be ignored since
the second-order information in V' of the objective function already provides unicity
for the unconstrained problem. Hence we are able to ensure the uniqueness of the
solution with high probability.

Proposition 19. Let us assume d >3, 3 > 1 and m? > ﬁ:

(a) If n > d%%“%, V. is the unique solution of the problem in Eq. (5.12) with
high probability.

(b) If n > min{m2(gilf;,2m2,2m}’ v 1s the principal eigenvector of any solution of the
problem in Eq. (5.12) with high probability.

Let us make the following observations:

— Proof technique: The proof relies on a computation of the Hessian of f(V) =
23 V(XVXT); — L tr XTXV which is the objective function in Eq. (5.12).
We first derive the expectation of V2f (V) with respect to the distribution of X.
By the law of large numbers, it amounts to have n going to infinity in V2 f(V).
Then we expand the spectrum of this operator EVZf(V) to lower-bound its
smallest eigenvalue. Finally we use concentration theory on matrices, following
Tropp [2012], to bound the Hessian V2 f(V) for finite n.

— Effect of kurtosis: We remind that § > 1, with equality if and only if z
follows a Rademacher law (P(z = +1) = P(z = —1) = 1/2). Thus, if the noisy
dimensions are clustered, then unsurprisingly, our guarantee is meaningless.
Note that the constant 8 behaves like a distance of the distribution z to the
Rademacher distribution. Moreover, § = 3 if z follows a standard normal
distribution.

— Scaling between d and n: If the noisy variables are not evenly clustered
between the same clusters {£1} (i.e., § > 1), we recover a rank-one solution as
long as n = O(d?); while, as long as n = O(d?), the solution is not unique but
its principal eigenvector recovers the correct clustering. Moreover, as explained
in the proof, its spectrum would be very spiky.

: 2 -3
— The assumption m= > WD
that m?d is the total variance of the irrelevant dimensions, and when it is

small, i.e., when m? < Mi—_ﬁ?’_ﬁt), the problem is particularly simple, and we can
also show that V; is the unique solution of the problem in Eq. (5.12) with high
probability if n > d;ff. Finally, note that for sub-Gaussian distributions (where
B < 3), the extra constraint is vacuous, while for super-Gaussian distributions

(where 8 > 3), this extra constraint only appears for small m.

is generally satisfied for large dimensions. Note

— This result provides the first guarantee for discriminative clustering. However
similar theoretical results have been derived for K-means by Ostrovsky et al.
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[2006] and Gaussian mixtures by Kalai et al. [2010], Moitra and Valiant [2010],
where separation conditions between the two clusters are derived, under which
the clustering problem is efficiently solved. It would be of great interest to relate
these separation conditions to our condition on n and d but this is outside the
scope of this work.

Noise Robustness for the 1-Dimensional Balanced Problem

We assume now that the data are one-dimensional and are perturbed by some
noise € € R™ such that X =y + ¢ with y € {—1,1}". The solution of the relaxation
in Eq. (5.8) recovers the correct y in this setting only when each component of y and
y + € have the same sign (this is shown in Appendix 5.D.5). This result comes out
naturally from the information on whether the signs of y and y + ¢ are the same or
not. Further if we assume that y and ¢ are independent, this condition is equivalent
to ||e]|oo < 1 almost surely.

Unbalanced Problem

When the clusters are imbalanced (y'1, # 0), the natural rank-one candidates
Y, = yy' and V, = vv' are no longer solutions of the relaxations in Eq. (5.8) (for
v = 1) and Eq. (5.12), as proved in Appendix 5.D.6. Nevertheless we are able to
characterize some solutions of the penalized relaxation in Eq. (5.8) for v = 0.

Lemma 28. For v =0 and for any non-negative a,b € R such that a +b =1,
Y =ayy' +bl,1)
is solution of the penalized relaxation in Eq. (5.8).

Hence any eigenvector of this solution Y would be supported by the directions y
and 1,,. Moreover when the value a, = (1;[7?/)2 is known, it turns out that we can
characterize some solutions of the constrained relaxation in Eq. (5.7), as stated in the
following lemma.

Lemma 29. For o > «,

1— 1—
Y = any+<1_ a)lnlz
1—a, 1 x

is a rank-2 solution of the constrained relaxation in Eq. (5.7) with constraint param-
eter o.

The eigenvectors of Y enable to recover y for o, < a < 1. We conjecture (and
checked empirically) that this rank-2 solution is unique under similar regimes to those
considered for the balanced case. The proof would be more involved since, when v # 1,
we are not able to derive an equivalent problem in V' for the penalized relaxation in
Eq. (5.8) similar to Eq. (5.12) for the balanced case. We also note that Lemmas 28
and 29 will be direct consequences of Lemma 32 in Section 5.5.3.
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Thus Y being rank-2, one should really be careful and consider the first two
eigenvectors when recovering y from a solution Y. This can be done by rounding
the principal eigenvector of IT1,YTI, = 11__;* IL,y(IT,y)" as discussed in the following
lemma.

Lemma 30. Let y., be the principal eigenvector of 11, YII,, where Y 1is defined in
Lemma 29, then

Sign(yev) =Y.

Proof. By definition of Y, y., = ,/11_’;‘* I1,,y thus sign(ye,) = sign(Il,y) and since
a < 1 then sign(Il,y) = sign(y — Val,) =y. O

In practice, contrary to the standard procedure, we should, for any v, solve the
penalized relaxation in Eq. (5.8) and then do K-means on the principal eigenvector
of the centered solution II,Yl,, instead of the solution Y to recover the correct y.
This procedure is followed in our experiments on real-world data in Section 5.7.2.

5.5.2 Analysis for 2 Clusters: 1-Sparse Problems

We assume here that the direction of projection v (such that Xv = y) is [-sparse
(by Il-sparse we mean ||v||p = ). The ¢;-norm regularized problem in Eq. (5.18) is
no longer invariant by affine transformation and we cannot consider that X = [y, Z]
without loss of generality. Yet the relaxation Eq. (5.18) seems experimentally to only
have rank-one solutions for the simple [ = 1 situation. Hence we are able to derive
some theoretical analysis only for this case. It is worth noting the [ = 1 case is simple
since it can be solved in O(d) by using K-means separately on all dimensions and
ranking them. Nonetheless the proposed scaling also holds in practice for I > 1 (see
Figure 5-1b).

Thereby we consider data X = [y, Z] with y € {—1,1}" and Z € R™ (1) which
are clustered in the direction v = [1,0,...,0]" € R When adding a ¢;-penalty, the
initial problem in Eq. (5.5) for a = 0 is

. 1
min Iy — X%+ o2 (5.20)

ye{-1,1}", veRd N

When optimizing in v this problem is close to the Lasso |Tibshirani, 1996] and a
solution is known to be vi = (y'y + n\)ly'y = 14%\’ Vi e Jand vy = 0, Vi €
{1,2,...,d}\ J, where .J is the support of v*. The candidate V, = v*v* " is still a
solution of the relaxation in Eq. (5.18) (see Lemma 39 in Appendix 5.E.1) and we
will investigate under which conditions on X this solution is unique. Let us assume
as before (z;);=1, 4 are i.i.d. with distribution z symmetric with Ez = Ez? =0, and
denote by Ez? = m and Ez?/(Ez?)? = 3. We also assume that ||z]| is almost surely
bounded by 0 < R < 1. We are able to ensure the uniqueness of the solution with
high-probability.
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Proposition 20. Let us assume d > 3.

(a) If n > dRQHd(;Bl), Vi is the unique solution of the problem Eq. (5.12) with high
probability.

(b) If n > %, v* is the principal eigenvector of any solution of the problem
Eq. (5.12) with high probability.

The proof technique is very similar to the one of Proposition 19. With the function
g(V) =231 J(XVXT)y=A|V[i— £ tr XXV, we can certify that g will decrease
around the solution V, by analyzing the eigenvalues of its Hessian.

The rank-one solution V is recovered by the principal eigenvector of the solution
of the relaxation Eq. (5.18) as long as n = O(d). Thus we have a much better scaling
when compared to the non-sparse setting where n = O(d?). We also conjecture a
scaling of order n = O(ld) for a projection in a [-sparse direction (see Figure 5-1b for
empirical results).

The proposition does not state any particular value for the regularizer parameter
A. This makes sense since the proposition only holds for the simple situation when
[ = 1. We propose to use A = 1/4/n by analogy with the Lasso.

5.5.3 Analysis for the Multi-Label Extension

In this section, the signals share k labels which are corrupted by some extra
noisy dimensions. We assume the centered design matrix to be X = [II,y, Z] where
y € {—1,+1}™* and Z € R™*@=%) We also assume that y is full-rank!. We denote
by v = [v1,...,uk] and «; = (ylnl”) for i =1,...,k. We consider the discrete
constrained problem

1;L|—ny1n 2
min —||Hny Xw||3 such that =, (5.21)
vERIXE ye{-1,1}nxk N n
and the discrete penalized problem for v = 0
min —||Hny X3 (5.22)

veRIXk ye{-1,1}nxk N

As explained in Section 5.4, these two discrete problems admit the same relax-
ations in Eq. (5.7) and Eq. (5.8) we have studied for one label. We now investigate
when the solution of the problems in Eq. (5.21) and in Eq. (5.22) generate solutions
of the relaxations in Eq. (5.7) and Eq. (5.8).

By analogy with Lemma 28, we want to characterize the solutions of these re-
laxations which are supported by the constant vector 1, and the labels (yi, ..., yx).
Their general form is Y = §Aj" where A € R¥** is symmetric semi-definite positive
and § = [1,,y]. However the initial y is easily recovered from the solution Y only

1. This assumption is fairly reasonable since the probability of a matrix whose entries are
ii.d. Rademacher random variables to be singular is conjectured to be 1/2 + o(1) [Bourgain et al.,
2010].
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when A is diagonal. To that end the following lemma derives some condition under
which the only matrix A such that the corresponding Y satisfies the constraint of the
relaxations in Eq. (5.7) and Eq. (5.8) is diagonal.

Lemma 31. The solutions of the matriz equation diag(§Ay'") = 1, with unknown
variable A are diagonal if and only if the family {1, (vi)1<i<k (Ui © Yj)i<icj<i} S
linearly independent where we denoted by ® the Hadamard (i.e., pointwise) product
between matrices.

In this way we are able to characterize the solution of relaxations in Eq. (5.7) and
Eq. (5.8) with the following result:

Lemma 32. Let us assume that the family {1,, (yi)1<i<k, (Vi © Yj)1<i<j<i} 5 linearly
independent. If a > iy = lgngk{al} with (o;)1<i<k defined above Eq. (5.21), the so-

lutions of the constrained relazation in Eq. (5.7) supported by the vectors (1,,y1, ..., Yx)

are of the form:
k

Y =a21,1) + Z a2y,

=1

where (a;)oci<k satisfies Yor_ga? =1 and a3 + Y.F_, a?a; = av.
Moreover the solutions of the penalized relazation in Eq. (5.8) for v =0 which are

supported by the vectors (1,,y1,...,yx) are of the form:

k
Y =a2l, 1) + Z ayy;

i=1
where (a;)o<i<k satisfies Zfzo a2 =1.

In the multi-label case, some combinations of the constant matrix 1,1, and the
rank-one matrices y;y;, are solutions of constrained or penalized relaxations. Fur-
thermore, under some assumptions on the labels (y;)1<;<x, these combinations are
the only solutions which are supported by the vectors (1, v, .., yx). And we conjec-
ture (and checked empirically) that under assumptions similar to those made for the
balanced one-label case, all the solutions of the relaxation are supported by the fam-
ily (1,,,%1,--.,yx) and consequently share the same form as in Lemma 32. Thus the
eigenvector of the solution Y would be in the span of the directions (1,1, ..., Yx)-

Let us consider an eigenvalue decomposition of ¥ = FFT = Zf:o N\iese] and
denote by M = [agl,, a1y, . . ., aryr] where (a;)o<i<k are defined in Lemma 32. Since
MM?" = FFT, there is an orthogonal transformation R such that FR = M. We
also denote the product F'R by FR = [&,...,£x|. We propose now an alternating
minimization procedure to recover the labels (yi, ..., yx) from M.

Lemma 33. Consider the optimization problem

min |IFR — MHZF,
MeM, RERFxk: RTR=I,
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where M = {[apl,, a1y, - . ., axyr],a € R¥ L la|ly = 1,y € {£1}"}.
Given M, the problem is equivalent to the orthogonal Procrustes problem [Schone-

mann, 1966]. Denote by UAV'T a singular value decomposition of FT M. The optimal
R is obtained as R = UV T. While given R, the optimal M is obtained as

1
M: 2 2 2
VG + &I+ + &3

Proof. We give only the argument for the optimization problem with respect to M.

Given R, the optimization problem in M is equivalent to max tr(FR)'M s.t. ||alls =
a€R

1, ye{-1,1}"* and tr(FR)"M = ap&) 1, + Zle a;&y; . Thus by property of the
lI€:1lx
Vi +lglE .+l

[[10ll1 sign(&o), - - -, [k [l sign(&x)]-

dual norms the solution is given by y; = sign(¢;) and a; =

The minimization problem in Lemma 33 is non-convex; however we observe that
performing few alternating optimizations is sufficient to recover the correct (yi, ..., yx)
from M.

5.5.4 Discussion

In this section we studied the tightness of convex relaxations under simple scenar-
ios where the relaxed problem admits low-rank solutions generated by the solution
of the original non-convex problem. Unfortunately the solutions lose the character-
ized rank when the initial problem is slightly perturbed since the rank of a matrix is
not a continuous function. Nevertheless, the spectrum of the new solution is really
spiked, and thus these results are quite conservative. We empirically observe that the
principal eigenvectors keep recovering the correct information outside these scenar-
ios. However this simple proof mechanism is not easily adaptable to handle perturbed
problems in a straightforward way since it is difficult to characterize the properties of
eigenvectors of the solution of a semi-definite program. Hence we are able to derive
a proper theoretical study only for these simple models.

5.6 Algorithms

In this section, we present an optimization algorithm which is adapted to large n
settings, and avoids the n-dimensional semidefinite constraint.

5.6.1 Reformulation

We aim to solve the general regularized problem which correponds to Eq. (5.15)

n

2 1
max — E VXVXT); — - tr V(X " X +nDiag(a)?) — || Diag(c)V Diag(c)|;. (5.23)
- i=1
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We consider a slightly different optimization problem:

1 n
max  — % 0 /(XVXT);; — || Diag(c)V Diag(c)|l
=1

V=0
1

s.t. tr V(=X "X + Diag(a)?) = 1. (5.24)
n

When c¢ is equal to zero, then Eq. (5.24) is exactly equivalent to Eq. (5.23); when
¢ is small (as will typically be the case in our experiments), the solutions are very
similar—in fact, one can show by Lagrangian duality that by a sequence of problems
in Eq. (5.24), one may obtain the solution to Eq. (5.23).

5.6.2 Smoothing

By letting A = XTTX+Diag(a)2, we consider a strongly convex approximation of
Eq. (5.24) as:

1 & 1 1 1 1
max - Z V(XVXT); — || Diag(c)V Diag(c)|y — e tr[(A2V Az)log(A2V A%))]

Vel =1
st tr(AzVA2) =1, (5.25)

where —tr M log(M) is a spectral convex function called the von Neumann en-
tropy [von Neumann, 1927|. The difference in the two problems is known to be
elog(d) [Nesterov, 2007]. As shown in Appendix 5.G.1, the dual problem is

n

min sy ¢ (A2 (iXT Diag(u)X — C)A™2),  (5.26)

u€R™ ,CERI*:|Cyj|<cic; 2T — U 2n

where ¢°(M) is an e-smooth approximation to the maximal eigenvalue of the matrix

M.

5.6.3 Optimization Algorithm

In order to solve Eq. (5.26), we split the objective function into a smooth part
F(u,C) = qﬁE(A*%(%XT Diag(u)X — C)A’%) and a non-smooth part H(u,C) =
Loy, 1<cic; T 32 2oiy ui We may then apply FISTA [Beck and Teboulle, 2009] updates
to the smooth function ng(A_%(%XT Diag(u)X — C)A™2), along with a proximal
operator for the non-smooth terms I, |<c,c; and % Yoy uii, which may be computed
efficiently. See details in Appendix 5.G.2.

Running-time complexity. Since we need to project on the SDP cone of size d at
each iteration, the running-time complexity per iteration is O(d® + d?n); given that
often n > d, the dominating term is O(d?n). It is still an open problem to make this
linear in d. Our function being O(1/¢)-smooth, the convergence rate is of the form
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O(1/(et?)). Since we stop when the duality gap is log(d) (as we use smoothing, it
is not useful to go lower), the number of iterations is of order 1/(e4/log(d)). The
proposed algorithm is a clear improvement over the existing approach by Bach and
Harchaoui [2007] which is quadratic in n.

5.7 Experiments

We implemented the proposed algorithm in Matlab. The code is available in
https://drive.google.com/uc?export=download&id=0B5Bx9jrp7celMk5p0FI4UGt0ZEk.
Two sets of experiments were performed: one on synthetically generated data sets
and the other on real-world data sets. The details about experiments follow.

5.7.1 Experiments on Synthetic Data

In this section, we illustrate our theoretical results and algorithms on synthetic
examples. The synthetic data were generated by assuming a fixed clustering with
a, € [0,1], along a single direction and the remaining variables were whitened. We
consider clustering error defined for a predictor 7 as 1 — (7' y/n)?, with values in [0, 1]
and equal to zero if and only if y = ¥.

Phase transition. We first illustrate our theoretical results for the balanced case
in Figure 5-1. We solve the relaxation in Eq. (5.12) and Eq. (5.18) for a large range
of d and n using the cvx solver |Grant and Boyd, 2008, 2014|. We show the results
averaged over 4 replications and take A = 1/4/n for the sparse problems. In Figure 5-
la we investigate whether cvx finds a rank-one solution for a problem of size (n, d) (the
value is 1 if the solution is rank-one and 0 otherwise). We compare the performance
of the algorithms without ¢;-regularization in the affine invariant case and with /¢;-
regularization in the 1-sparse case. We observe a phase transition with a scaling
over the form n = O(d?) for the affine invariant case and n = O(d) for the 1-sparse
case. This is better than what is expected by the theory and corresponds rather to
the performance of the principal eigenvector of the solution. It is worth noting that
it may be uncertain to really distinguish between a rank-one solution and a spiked
solution.

We also solve the relaxation for 4-sparse problems of different sizes d and n and plot
the clustering error. We compare, in Figure 5-1b, the performance of the formulation
in Eq. (5.12) (without ¢;-regularization) which corresponds to the affine invariant case,
against the ¢;-regularized formulation in Eq. (5.18). We notice a phase transition of
the clustering error with a scaling over the form n = O(d?) for the affine invariant case
and n = O(d) for the 4-sparse case. It supports our conjecture on the scaling of order
n = O(ld) for l-sparse problems. Comparing left plots of Figure 5-1a and Figure 5-1b,
we observe that the two phase-transitions occur at the same scaling between n and
d. Thus there are few values of (n,d) for which the cvx solver finds a solution whose
rank is stricly larger than one and whose principal eigenvector has a low clustering
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Figure 5-1 — Phase transition plots.

error. This illustrates, in practice, this solver aims to find a rank-one solution under
the improved scaling n = O(d?).

Unbalanced case. We generate an unbalanced problem for d = 10, n = 80 and
a, = 0.25 and we average the results over 10 replications. We compare the clustering
error for the constrained and the penalized relaxations in Eq. (5.7) and Eq. (5.8) when
we consider the sign of the first or second eigenvector and when we use projection
technique defined as (IL,Y(2)I1,)1) where Y{3) is the best rank-k approximation of Y,
to extract the information of y. We see in Figure 5-2 that (a) for the constrained
case, the range of « such that the sign of y is recovered is cut in two parts where
one eigenvector is correct, whereas the projection method performs well on the whole
set. (b) For the penalized case, the correct sign is recovered for v close to 0 by the
first eigenvector and the projection method whereas the second one performs always
badly. (c) When there is zero noise the rank of the solution is one for a € {a., 1}, two
for a € (., 1) and greater otherwise. These findings confirm our analysis. However,
when y is corrupted by some noise this result is no longer true.

Runtime experiments. We generated data with a k-sparse direction of projec-
tion v by adding d—k noise variables to a randomly generated and rotated k-dimension
data. The scalability of the FISTA based optimization algorithm illustrated in Sec-
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error for the constrained relaxation. Middle: Rank of the solution for different level
of noise o. Right: Clustering error for the penalized relaxation.

tion 5.6.3 to solve Eq. (5.24) (with ¢ = v/Alg, a = 04) was compared against a
benchmark cvx solver (which solves Eq. (5.18)). Experiments were performed for
A = 0 and A = 0.001, the coefficient associated with the sparse ||[V|; term. For
a fixed d, cvx breaks down for large n values (typically n > 1000). Similarly, the
runtime required by cvx is generally high for A = 0 and is comparable to our method
for A = 0.001. This behavior is illustrated in Figure 5-3.

When A = 0, the problem reduces exactly to the original Diffrac problem [Bach
and Harchaoui, 2007|. In the plots in Figure 5-3a our implementation using FISTA
is compared to the baseline Diffrac which is solved with max-cut SDP [Boumal et al.,
2014]. We observed that our method is comparable in terms of runtime and clustering
performance of low-rank methods for max-cut. However, for A > 0, the equivalence
with max-cut disappears.

The plots in these figures show the behavior of FISTA for two different stop-
ping criteria: & = 1072/log(d) and ¢ = 107%/log(d). It is observed that the choice
1073/ log(d) gives a better accurate solution at the cost of more number of iterations
(and hence higher runtime). For sparse problems in Figure 5-3b, we see that cvx gets
a better clustering performance (while crashing for large n); the difference would be
reduced with a smaller duality gap for FISTA.

Clustering performance. Experiments comparing the proposed method (Eq. (5.24)
with ¢ = VAly and @ = 0,4 solved using FISTA based optimization algorithm, and
Eq. (5.18) solved using benchmark cvx solver) with K-means and alternating opti-
mization are given in Figure 5-4. K-means is run on the whitened variables in R?.
Alternating optimization is another popular method proposed by Ye et al. [2008] for
dimensionality reduction with clustering (where alternating optimization of w and y
is performed to solve the non-convex formulation (5.2)). The plots show that both K-
means and alternating optimization fail when only a few dimensions of noise variables
are present. The plots also show that with the introduction of a sparse regularizer
(corresponding to the non-zero \) the proposed method becomes more robust to noisy
dimensions. As observed earlier, the performance of FISTA is also sensitive to the
choice of €.

Finally we give a comparison of sparse discriminative clustering (cvx and FISTA)
with max-margin clustering [Li et al., 2009 in Figure 5-5. While square loss is used
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in our framework, hinge loss is used in max-margin clustering. We have also included
the behavior of K-means and alternating optimization methods in Figure 5-5 for
completeness. From this plot, it is clear that the max-margin clustering is sensitive
to noisy dimensions present in the data. Sparse discriminative clustering with square
loss is able to maintain zero cluster error for a large number of noisy dimensions,
while the performance of max-margin clustering starts deteriorating after adding a
few noisy dimensions. However, we note from Figure 5-5 that for large dimensions,
the hinge loss used in max-margin clustering is observed to provide a better solution
than the square loss used in our framework.

5.7.2 Experiments on Real-World Data

Experiments on two-class data. Experiments were conducted on real two-class
classification datasets 2 to compare the performance of sparse discriminative clustering
against non-sparse discriminative clustering, alternating optimization, K-means and
max-margin clustering algorithms. For sparse and non-sparse discriminative cluster-
ing, we consider the problem in Eq. (5.24) and the algorithm detailed in Section 5.6.3
(with the regularization ¢ = 0 for the non-sparse case). The alternating optimization
method is described in Proposition 18. For the two-class datasets, the clustering per-
formance for a cluster § € {41, —1}" obtained from an algorithm under comparison,

2. The data sets were obtained from https://www.csie.ntu.edu.tw/“cjlin/libsvmtools/
datasets/
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was computed as 1 — (§'y/n)?, where y is the original labeling. Here we explicitly
compare the output of clustering with the original labels of the data points.

The dataset details and clustering performance results are summarized in Ta-
ble 5.1. The experiments for discriminative clustering were conducted for differ-
ent values of a,c € {1073,1072,107'}1, associated with the fy-regularizer and ¢;-
regularizer respectively. The range of cluster imbalance parameter was chosen to
be v € {0.01,0.25,0.5,0.75,1}. Note that for v # 1, the reformulation given in
Eq. (5.14) was used, as explained in Section 5.3 after Eq. (5.17). The results given
in Table 5.1 pertain to the best choices of these parameters. Similarly, the values
of regularization parameter for max-margin clustering [Li et al., 2009] were chosen
from the set {107°,107*,1073,1072,0.1, 1, 10} and the cluster balance parameter was
chosen from {0.1,0.2,...,0.9}. The results for alternating optimization and K-means
show the average cluster error (and standard deviation) over 10 different runs. These
results show that the cluster error is quite high for many datasets. This is primarily
due to the absence of an ambient low-dimensional clustering of the two-class data,
which can be identified by the simple linear model presented in this chapter. Since
K-means does not provide explicit dimensionality reduction, it might not be able to
take advantage of the existence of an ambient low-dimensional clustering of the two-
class data and its performance is poor. The results show that max-margin clustering
achieves best clustering performance on most datasets. This improved performance
of max-margin clustering may be due to the use of hinge loss, as opposed to square
loss used in discriminative clustering in this chapter. However for the heart dataset,
we note that the sparse version with the square loss performs significantly better than
the non-sparse version with the hinge loss (see additional experiments in Figure 5-
5). The results also show that adding sparse regularizers to discriminative clustering
helps in a better cluster identification when compared to the non-sparse case.
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Dataset n d Cluster Error
S. Non-S.  Alternating K-means  Max-margin
D.C. D.C. Optimization Clustering
Heart 270 3 052 061 0.97 £ 0.03 0.91 + 0.09 0.93
Diabetes 768 8 0.88 0.88 0.91 £ 0.05 0.93 + 0.06 0.88
Breast-cancer 683 10 0.15 0.15 0.48 £ 0.17 0.68 + 0.24 0.15
Australian 690 14 0.5 0.5 0.88 £ 0.17 0.87 £ 0.21 0.5
Liver-disorder = 345 6 097 097 0.99 &£ 0.01  0.99 + 0.01 0.73
Sonar 208 60 0.92 0.95 0.98 £ 0.02 0.99 + 0.01 0.92
DNA(1 vs 2,3) 1400 180 0.75 0.83 0.99 &£ 0.01  0.98 £ 0.02 0.71
ala 1605 113 0.74 0.75 0.98 £0.02 0.8 £0.08 0.69
wla 2270 290 0.11 0.11 0.92 £ 0.08 0.16 + 0.06 0.11

Table 5.1 — Experiments on two-class datasets (S.D.C. means sparse discriminative
clustering, and Non-S. D.C. non sparse discriminative clustering.)

Experiments on real multi-label data. Experiments were also conducted on the
Microsoft COCO dataset® to demonstrate the effectiveness of the proposed method
in discovering multiple labels. We considered n = 2000 images from the dataset, each
of which was labeled with a subset of K = 80 labels. The labels identified the objects
in the images like person, car, chair, table, etc. and the corresponding features for
each image were extracted from the last layer of a conventional convolutional neural
network (CNN). The CNN was originally trained over the imagenet data [Krizhevsky
et al., 2012].

For each image in the dataset, we obtained d = 1000 features. We then performed
discriminative clustering on the 2000 x 1000 data matrix X and obtained the label
matrix Y which was then subjected to the alternating optimization procedure (see
Section 5.5.3).

It is clearly unlikely to recover perfect labels; therefore we now describe a way of
measuring the amount of information which is recovered. In order to extract mean-
ingful cluster information from the result so-obtained, we computed the correlation
matrix YiII, Y. where Y;,.. is the n x K label matrix containing actual labels and I1,,
is the n x n centering matrix I,, — %lnlz . The k predicted labels are present in the Y},
matrix. In order to choose an appropriate value of k, we plotted Tr(®y,,,. Py, ) (shown
in Figure 5-6 along with a K-means baseline), where ®y, = Y;(Y;'Y;)"'Y,’. From
these plots, we chose k = 30 to be a suitable value for our interpretation purposes.

After choosing an arbitrary value of k = 30, we plotted the correlations between
the actual and predicted labels. The heatmap of the normalized absolute correlations
is given in Figure 5-7, where the columns and rows corresponding to the 80 true labels
and 30 predicted labels respectively, are ordered according to the sum of squared
correlations (the top-scoring labels appear to the left-bottom). From this plot, we
extract following highly correlated labels: person, dining table, car, chair, cup, tennis
racket, bowl, truck, fork, pizza, showing that these labels were partially recovered by

3. Dataset obtained from http://mscoco.org/dataset
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our unsupervised technique (note that the CNN features are learned with supervision
on the different dataset Imagenet, hence there is still some partial supervision).

5.8 Conclusion

In this chapter, we provided a sparse extension of the discriminative clustering
framework, and gave a first analysis of its theoretical performance in the totally
unsupervised situation, highlighting provable scalings between ambient dimension d,
number of observations and “clusterability” of irrelevant variables. We also proposed
an efficient algorithm which is the first of its kind to be linear in the number of
observations for discriminative clustering with the square loss. Our work could be
extended in a number of ways, e.g., extending the sparse analysis to [-sparse case with
higher [,extending the framework to nonlinear clustering using kernels, considering
related weakly supervised learning extensions [Joulin and Bach, 2012, going beyond
uniqueness of rank-one solutions, and improving the complexity of our algorithm
to O(nd), for example using stochastic gradient techniques.

192



Appendix

5.A Joint Clustering and Dimension Reduction

Given y, we need to optimize the Rayleigh quotient % with a rank-one

matrix in the numerator, which leads to w = (X" X) ' X Ty. Given w, we will show
that the averaged distortion measure of K-means once the means have been optimized
is exactly equal to (y'IL, Xw)?/|[IL,y|3. Given the data matrix X € R"*¢ K-means
to cluster the data into two components will tend to approximate the data points in
X by the centroids ¢, € R? and c¢_ € R? such that

1, -1, .
Y A (yz )CI W 5 )cf (since y € {—1,1}")
y 1
— 5(01 — C—_r) + Eln(CI + CI)

The objective of K-means can now be written as problem KM:

2
min
Y,C+,C—

1
XUl =)= gl + )

‘X_(y"‘ln)cT_(ln_y) T

F

2

= min
Y,C+,C—

9 2
2
+ el

F

(y + 1n) (1 — yn) ?

2 2

(y+1n)T(1n_y) (w+l) v+ (la—y) +
5 5 2tr X 5 ¢, + 5 c.

= min [|X[F + [leg |7

,C—

+2c’ey

: 1 1 y+1,
= i X+ (e o 100+ 17 50— 1) -2 (1512

,C—

o TxT (1Y
— 2 .

Fixing y and minimizing with respect to ¢y and c_, we get closed-form expressions
for ¢, and c_ as

XT(y+1.) X1, —y)
g =—————+ and c¢c. = ——5—-.
(n+1y) (n—13y)
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Substituting these expressions in M, we have the following optimization problem
in y:

LIXT(+ L)l 11X (1, =)l

. X 2 _ _
wn X = s Ty 2 m-iy)
Ttr XX (y + 1, L) 1tr XX (L, —y)(1, —y)T
i x| - LEXX @A)+ L)L L XX (L~ y)(1a — y)
y 2 (n+10y) 2 (n—11y)

2 1, I
— min [ X2 - —— g xx (L) (L
y (n+1]y) 2 2

) 1, — L, —y\
XX y 4
(n—10y) 2 2

2 1, L\ "
—min tr XX — —— tr XX' y+ y+
y (n+1)y) 2 2

2 1, — L, —y\
__f axxT y Y
(n—17y) 2 2

1
—min tr XX ([ - ——
e ( 2(n+11y)
1

—m(lnlz +yy' =Ly’ - yl;))-

(yy' +1.1, +yl) +1,y")

By the centering of X, we have 1) X = 0 and hence tr XX "1,,1] = tr XX T1,y" =
tr XX Tyl = 0. Therefore, we obtain

1 1
intr XX ([— —— [ [ T
min tr ( Sty W) T sy W >)

n

= min tr bod (I —(yy") (2(n +1 Ty " 2(n jlly)))

= min tr XX T (I - (WT)(#M))

.
—min tr XX ' I—L .
v n?*—(1,y)?

Thus we have the equivalent K-means problem as

1 TXT 2
min  —tr Xww' X' (I — L?JZUT> =1—- max (w y) :
yel-11}" n n?—(y'1)? ye{-11 n® — (y'1)?

Thus the averaged distortion measure of K-means with the optimized means is
(yTHan)2
(Tnyll3

194



5.B  Full (Unsuccessful) Relaxation

It is tempting to find a direct relaxation of Eq. (5.2). It turns out to lead to a
trivial relaxation, which we outline in this section. When optimizing Eq. (5.2) with

TX(XTX) X Ty
respect to w, we obtain max TARTRYY , leading to a quasi-convex relaxation
ye{-1,1}"
trY X(XTX)"1XT . . ..
as  max - (trH Y) . Unfortunately, this relaxation always leads to trivial solu-
?0’ "
diag(Y)=1

tions as described below.
Consider the quasi-convex relaxation
trY X(XTX)"1xT

) 5.27
Yko,gga%)((Y):l trIL,Y ( )

By definition of II,, this relaxation is equal to:

1tr Y X(XTX)LXT
max — .

Y'=0,diag(Y)=1 N 1— w
n

Let A ={Y =0, dlag( ) = 1} the feasible set of this problem and deﬁne B={M =

0, diag(M) =1+ 21"} Let Y € A, then M defined by M = —¥-— belongs to
~Livin
B since 1 + = Ml” =1+ ngﬂglgln = 1_17%“” = diag(M). Reciprocally for M € B,
I
we can define Y = +M17 such that diag(Y) =1 and Y € A and then verify that
14inliin
M = 1Ty1 . Thus the problem Eq. (5.27) is equivalent to the relaxation
1-1ntln
1
max —trMX(XTX)'XT. (5.28)
M0,diag(M)=1+0M1n Mo T

The Lagrangian function of this problem can be written as:

T 1T M1,
Lip) = rMX(X'X)"'X"T = £ [diag(M) — 1, — 2——"1,]
n n
1L 1

= tr M[X(X"X)'X" — Diag(u) + i 1,107+ ﬁ/ﬂ1n.

Using L(p) and the PSD constraint M 3= 0, the dual problem is given by

Tl 1T
min £ s.t. Diag(u) — "QM L1, = X(X'X)'X T
Looon n

Since X (X TX)71X T = 0, this implies for the dual variable yu:

. 12# T T -1 n’
Diag(p) — ?1711” =0 < 1, Diag(p) 1, < e
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However for v € R" , the harmonic mean [1 7" | %]_1 is always smaller than the
arithmetic mean %2?21 v; with equality if and only if v = c1,, for ¢ € R.

Thus the dual variable p is constant and the diagonal constraint simplifies itself
as a trace constraint. Therefore the problem is equivalent to the trivial relaxation

whose each eigenvector of X (X TX)"1XT is solution

max tr MX(XTX)'XT
M =0, tr(M):nJrL]r\:”"

5.C Equivalent Relaxation

5.C.1 First Equivalent Relaxation

We start from the penalized version of Eq. (5.5),

. 1 (yTln)Q
~ |,y — Xvl2 5.29
ye{—lgl}l’g veRd 1 1wy vz +v n? (529)
which we expand as:
1 2 1 T1,)?
min —trLyy' — =tr Xoy' +—tr X Xov' + V(y : ) , (5.30)
ye{—1,1}", veRe N n n n
and relax as, using Y =yy', P=yv' and V =wvv',
1 2 1 1,Y1,
min  —trll,Y —=tr P'X + —tr X' XV 4 v~
V.PY n n n n
s.t. ( s 5) = 0, diag(Y) = 1. (5.31)

When optimizing Eq. (5.31) with respect to V and P, we get exactly Eq. (5.8). Indeed
we solve this problem by fixing the matrix Y such that Y = Y and diag(Yy) = 1,.
Then the Lagrangian function of the problem in Eq. (5.31) can be written as

1 2 1 1'Y1,
L(A) = —trl,Y = =trP'X + —tr XXV + v 4 tr A(Y — Yp)
n n n n
Y P\ (i, + %1,1)+A =X
- (PT V) (" Sibal 17y )~ AY
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Y P

Using L(A) and the psd constraint ( PV

) = 0, we write the dual problem as

: I, + 41,10 +A 21X
mjntr AY) s.t. (" _TanT %SL(TX = 0.
1 v 11T -1
From the Schur’s complement condition of ( niln +£12)1(”T1” +4 1 )”(}X X) =0, we

obtain 1T, + 41,1, + A = tX(X"X) "' XT. Substituting the bound for A we get
the optimal objective function value

1 1
D' = —tr X(X X)X Y, — — trTLYy — 1] Yo1,,.
n n n

Note that the optimal dual objective value D* corresponds to a fixed Y. Hence by
maximizing with respect to Y we obtain exactly Eq. (5.8) and therefore, the convex
relaxation in Eq. (5.11) is equivalent to Eq. (5.8). Moreover the Karush-Kuhn-Tucker
(KKT) conditions gives

Pl X+VX'X=0and —YX+PX'X=0

Thus the optimum is attained for P=Y X (XTX)land V=(XTX)"'XTY X(X " X)L

5.C.2 Second Equivalent Relaxation

For v = 1, we solve the problem in Eq. (5.31) by fixing the matrix V' = V. Then
the Lagrangian function of this problem can be written as

. 1 2 1 1'y1,
L(p,B) = —wrILY — —trPTX +—tr X' XV +v—"—
n n n n
+u" (diag(Y) — 1,,) + tr B(V — V)

Y P\ (L +dia Sy
- (PT v) (” JXTg(N) 1XT"X+B> 4 e = tr Bla,

Y P

Using L(u, B) and the psd constraint < PV

) »= 0, the dual problem is given by

mgl,uTln + tr BV} s.t. ( = 0.

s

L1, + diag(p) =X
%XT %XTX + B
, " 17, + dia .4
From the Schur’s complement condition of <" _71 XTg(’LL ) % XTnX B = 0, we

obtain B = 5 X " diag(+ 1,/n) "X — 2 X T X. Substituting the bound for B we get
the dual problem as

1 1
min ' 1, + = tr VoX T diag(p + 1,/n) ' X — = tr p X' X
12 n n
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L 1 - 1 -
i+ ————a Vo, | — —tr VX' X.
m;n; (,u +n2ui+nxz O:L*) - rVy

Solving for u;, we get
1 1
wi=—\/x] Voz; — —.
n n

Substituting p into the dual obkective function, we get the optimal objective function

value .
b= %Zm_ 1_%trmx.
i=1
Furthermore the KKT conditions gives
Y diag(v + 1,,/n) — %PXT =0 and P' diag(v + 1,/n) — %VXT = 0.
Thus we obtain the following closed form expressions:

P = Diag(diag(XVXT"))""2XV
Y = Diag(diag(XVX"))"Y2XV X Diag(diag(XVX "))~/2.

The optimal dual objective value D corresponds to a fixed Vj. Therefore, maximizing
with respect to V leads to the problem:

- T - T
min 1 Z (XVXT); + tr(VX X). (5.32)

5.D Auxiliary Results for Section 5.5.1

5.D.1 Auxiliary Lemma
The matrix X (X " X) ' X T has the following properties [see, e.g., Freedman, 2009].

Lemma 34. The matriv H = X(X"X)7'X7 is the orthogonal projection onto the
column space of the design matriz X since:

— H s symmetric.
— H is idempotent (H?*) = H.
— X s tnvariant under H, that is HX = X.

5.D.2 Rank-One Solution of the Relaxation Eq. (5.8)

We denote by (x;)i=1.., the lines of X.

Lemma 35. The rank-one solution Y, = yy' is always solution of the relazation

Eq. (5.8).
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Proof. We give an elementary proof of this result without using convex optimization
tools. Using lemma 34 we have Hy = y, thus

tr HY, = tr Hyy' =tryy' =

Moreover all M = 0 can always be decomposed as > ;' Niwu; with A; > 0 and
(w;)i=1,.n an orthonormal family. Since H is an orthogonal projection (u;)" Hu; =

.....

(Hu;) T Hu; = ||Hug||? < ||ug]|? < 1. Thus

trHM = Z)\ tr Hu;( ul Z)\ u;) THuZ

=1

Then for all matrix M feasible we have tr HM < n since diag(M) = 1,, and tr HY, =
n which conclude the lemma. O]

5.D.3 Rank-One Solution of the Relaxation Eq. (5.12)

T

Lemma 36. The rank-one solution V, = vv' s always solution of the relaxation

Eq. (5.12).

Proof. The Karush-Kuhn-Tucker (KKT) optimality conditions for the problem are
for the dual variable A < 0:

1
— —XX" =Aand AV =0 (Complementary Slackness).

e o

Since z] w = y;, /x} Vir; = |y;| = 1, V. and the dual variable A = 0 satisfy the KKT
conditions and then V, is solution of this problem. O

5.D.4 Proof of Proposition 19

In the following lemma, we use a Taylor expansion to lower-bound f around its
minimum.

Lemma 37. Ford >3 and 5 €10,1).
If B> 3 and m? < W then with probability at least 1 — d exp ( — JQRZ’ZQ) for
any symmetric matriz A:

FV) = f(Vi+ A) > 2(1 = o)m?|| Al + o([A]*) = 0

6271#1
4RAd?

Otherwise with probability at least 1 — d exp ( - ), for any symmetric matrix

A:
FVa) = f(Vi+ A) > (1= )| AllE + o(|A[1*) > 0
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with py > Jdi(ﬁ%))mz. Moreover we also have with probability at least 1 — dexp ( —
Znps 1

43_46[2)7 for any symmetric matriv A € A, :
JV) = F(Vi+ 8) > (1 = 8)pa|AF + o A[*) = 0,

1 0

where po = min{2m? m?*(8 — 1),2m} and A =
0 Cmin-[d—l

) 1s defined in the

proof and satisfies
m

(d+pB—-2)m?—1|

|Cmin| S |

This lemma directly implies Proposition 19.
Proof. For A € §(d) and § € R we compute for f(V) = 23" /2] Va,,

2 1 n TA N2
v ony =L (@ Az)”

do?

Thus the second directional derivative in V' = V, along A is
2

o d ] —
VALV =lim o f(V 4+ 08) = == (w] Azy)*,
=1

Let 7, be the semidefinite positive quadratic form of S(d) defined for A € §(d), by
To: A (27 Az)?, (5.33)

Then it exists a positive linear operator 7, from S(d) to S(d) such that T,(A) =
(A, T,A).
Therefore the function f will be stricly concave if for all directions A € S(d)

%iﬂi(A) > 0. (5.34)

We will bound the empirical expectation in Eq. (5.34) by first showing that its
expectation remains away from 0. Then we will use a concentration inequality for
matrices to control the distance between the sum in Eq. (5.34) and its expectation.

We first derive conditions so that the result is true in expectation, i.e. for the
operator T defined by T = ET, for z following the same law as (y,z")". We denote
by m = Ez? and by 3 = Ez*/m? its kurtosis.

-
We let A = (Z %) and then have 2" Az = a + 2yb" 2z + 2" Cz. Thus

To(A) = a® + dayb" 2 + 2az" Cz +4b" (z2")b+ (27 C2)? +4yb 2(2 " C2).
Therefore we can express the value of the operator 7 only in function of the elements
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T(A) = (a+mtrC)?+4m)|b||3 +2m?||C — Diag(diag(C))|| %+ m*(8 — 1) diag(C)||*,
where we have used

E(z'Cz)? = Eg 2% 262G jCh

i?j7k7l
= EZ zi +EZZ zkc“ckk+2EZzzc]
i,k 1,j#1
- 5m2zcm+m220”0kk+2m ch
i,k 1,J#1

= m*(8—3) Z ci;+m? Z CiiChk + 2m’ Z i
i i,k &3

= (8 - 3)| diag(C)[]* + m> (2| CII% + tr(C)?)
— (8 - 3)| diag(C)[|? + m?(2]|C — Diag(diag(C))|[% + tr(C)?).

Since 8 > 1, we get
T(A) = (a+mtrC)* + 4m|b]3 + 2m*(|C||7 — || diag(C)[*).

Thus 7(A) = 0 if and only if 8 = 1 with b = 0;_; and C = diag(c) with ¢"14 = —miz
With the condition 8 = 1 meaning that var(z?) = 0 and thus 2? is constant a.s., i.e.

z follows a Rademacher law.

However we would like to bound 7 (A) away from zero by some constant and for
that we are looking for the smallest eigenvalue of the operator ET,. Unfortunately
we are not able to solve the optimization problem

min T(A),

AeS(d),]|AlIE=1

and we have to compute all the spectrum of this operator to be able to find the
smallest using ET, A = 1/2VT(A) .

We have

a+mtr(C) 2mb’
1/2VT(A) = 2mb (@ +mtr(C))maly_y + 2m2*C
+m? (B — 3) Diag(diag(C))

0 b'

— For all b € R we have for A = b0

), 1/2VT(A) = 2mA. Thus 2m is an

eigenvalue of multiplicity d — 1.

— For all 0 € RV with diag(C) = 04-1 we have for A = (8 g ;
1/2VT(A) = 2m?A. Thus 2m? is an eigenvalue of multiplicity W,
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0 0
o d—1 3 T — =
For all ¢ € R*™" with ¢' 151 = 0 we have for A = (0 diag(C))’

1/2VT(A) = m*(B—1)A. Thus m?(8—1) is an eigenvalue of multiplicity d — 2.
—Foralla,c€R2wehaveforA:(a 0 ),

0 CId_l
_ (a+m(d—-1)c 0
YIVTA) = ( 0 ma -+ m(d + § - 2)c][d1>
A 1 ml) | a
= Diag | (md1 (d+ 68— 2)m2[d1) (cld1> J
Thus an eigenvalue of L (d—=1)m with an eigenvector [a, ¢]" would
m  (d+ B —2)m? ’

) . . 0
be an eigenvalue of the operator [ET, with a corresponding eigenvector <8 ol ) .
d—1

This matrix has two simple eigenvalues

1+ (d+B-2mP £ (1 + (d+ B —2m?)? — 4m*(B— 1)
; .

JO (5.35)

Moreover when we add all the multiplicity of the found eigenvalues we get d — 1 +
&2@72) +d—2+2= @ which is the dimension of S(d), therefore we have found
all the eigenvalues of the linear operator ET.

We will prove now than the smallest eigenvalue is p— when the dimension d is
large enough with regards to m? and 2m? otherwise.

Lemma 38. Let p; and ps be the two smallest eigenvalues of the operator ET,. Let
us assume that d > 3 (the case d = 2 will also be done in the proof).

5-3
If 3> 3 and m? < WA then
= 2m?
Otherwise
2
-1
w=pe> D g, = min{2m?, m?(5 - 1), 2m).

1+ (d+ 58 —2)m?

1 0
0 Cmin]d—l
for which we have set without loss of generality the first component a = 1. Then

Moreover we denote by Apm = ) the eigenvector associated to p_

m
(d+p—2)m?—1|

|Cmin| S |

Unfortunately p— can become small when the dimension increases as explained

14+(d+B—-2)m?2"

by the tight bound p_ > —m (G- owever the corresponding eigenvector have a
particular structure we will be abfe to exploit.
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Proof. First we note that u_ < m?(8 — 1) and compute

po>2m? o 1+ (d+8—2)m* — /(1 + (d+ B8 —2)m2)2 —4m2(B — 1) —4m? > 0
S 1+ (d+B—2)m* —4m? > /(1 + (d+ B —2)m?2)% — 4m2(B — 1)
S 1+ (d+p—-2)m*—4m*)? > (1+ (d+ B —2)m?*)* —4m?*(B — 1)
and 1+ (d+ 3 —6)m? >0
& 16m* —8m*(1+ (d+ B — 2)m?*) > —4m*(8 — 1)
and 14 (d+ 3 —6)m* >0
& 2d+B—-4m*<B-3and 1+ (d+ 3 —6)m* > 0.

— If d =2,
— If 6 < 3 we have necessary that 3 < 2 and the first equation gives m?
(2 5) and the second m? < 1/(4—f3). Thus we should have (4—3)(3—23)
2(2 — f3) which is not possible since the polynomial 3? — 53 + 8 > 0.

— If B > 3, the first equation gives m? < (% 32) < 1 and the second m?

1/(4—p) < B 5 ; < 1for § <4 andis always satisfied otherwise.
— If d > 3, the first equatlon implies that S > 3 for which the second equation is

always satisfied. It also implies that m? < % <1
1 0

0 CminIdfl
loss of generality a = 1 and

VAN

IN

We denote by A, = > the eigenvector for which we have set without

%m:5@5%%ﬂv«d+ﬁ—2mﬂ—D2+Md—nm?—w+5—2mﬁ+1.

Consequently cin < 0 and by convexity of the square root we have

2(d —1)m?
(R E Tk

VI d+B8=2)m2 =12 +4(d—1)m2 < ((d+p —2)m* —1) +

Therefore
m

o] S T B 2y = 1]

]

We will control now the behavior of the empirical expection by its expectation
thanks to concentration theory. By definition 7T, is a symmetric positive linear oper-
ator as its projection T3 onto the orthogonal space of Ap;,. We can thus apply the
Matrix Chernoff inequality from Tropp [2012, Theorem 5.1.1] to these two operators
using || 7, oy < T[> < tr(axT)? < |24 < R Then:

—(1=0) 1 nuy /(2R*d?)
]P)<>\min(§ Txk> Snéul) Sd[e = ] 1 S(16_(1—5)%,“/(41:54512)7
k=1
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< de— (=0 nuz/ (ARG

e—(1-9) ] nuz/(2R*d?)

P(Amm(;nﬁ;) < néuz) < d[“

For m =1 and d > 3 we have iy = u_ > % > min{%—?,%} > min{1/3,%

}.

L]

5.D.5 Noise Robustness for the 1-Dimensional Balanced Prob-
lem

We want a condition on € such that the solution of the relaxation recovers the
right y. We recall the dual problem of the relaxation Eq. (5.8)

min p' 1, s.t. Diag(p) = X(XTX)7'X .

The KKT conditions are:
— Dual feasibility: Diag(y) = X(XTX)71XT.
— Primal feasibility: Diag(Y) =1, and Y = 0.
— Complimentary slackness : Y[Diag(u) — X(XTX)71XT] =0
For Y = yy' a rank one matrix, the last condition implies Diag(u)y = Hy and

(XXTX) ' XTy),
Yi .

i =

T

and X (X TX) "X Ty =

<

For X = y+¢, we denote by § = y+¢, then X (X TX)™1XT = ﬁ/

<

‘a‘% y. Thus

_ 9y

19117 v
Assume that all g;1; have the same sign, without loss of generality we assume g;y; > 0.
By definition of y, p > 0. To show the dual feasibility we have to show that Diag(u) =

H which is equivalent to Diag(%) = %, to I,, — Diag(\/%)% Diag(\/%) »= 0 and
to S_y5; < ¢y which is obviously true. Reciprocally if u is dual feasible then
Diag(u) »= 0 and all the 7;3; have the same sign.

Therefore we have shown that y is solution of the relaxation Eq. (5.8) if and only
if all the 7;y; have the same sign. If € and y are independent this is equivalent to

lelloo < 1 aus.

)

5.D.6 The Rank-One Candidates Are Not Solutions of the Re-
laxation

We assume now that 1.y # 0 thus y # I1,5, which means we do not have the same
proportion in the two clusters. Let us assume that II,y takes two values {my_, my,}

that is by definition of II,, 7y, =1 — IITy and my_ = —1 — IITy . For V, defined as
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before, we get z] Vi.x; = (my;)? and with I the set of indices such that IT,y; = Ty,
the KKT conditions for V =V, can be written as

1 1
U (et S
We check that with ny = #{I, }:

widw =0 = 3 (L - 1) (ry:)*+ > <—7iy

)xlxﬂ = A, <0and A4,V, = 0.

= nymyy —nomy — (ny(ry)* +n_(ry-)?)
= y'ILy— (Hny)THny =y Iy —y I,y = 0.

And A, = n[zi€I+ ayrir] + >, ooz ] with oy = (% —1) and a_ =
(_ny, — 1). Unfortunately a,a_ <0, and A, is not necessary negative. Even worse
we will show that EA is not semi-definite negative which will conclude the proof since
by the law of large number lim 1A = EA. Assume that the proportions of the two

TL—)OO
clusters stay constant with n. = pin, then

EA=p,a. ((W%”Q 9) +pa ((”%—)2 ?) |

And pyay(ryy)? + p_a_(ry_)? = 0 since w' A,w = 0. Then

P+TY— — P-TYy — TYLTY—

p+ay t+p_a_ =
TYLTY—
.
_ lpe ) = o —po) + (1 - (1y)%)
(1= (512)
T T T
S —p) ey atp
- T - T —
(1—(*24)2) (1—(*21)2)
Thus A = (CCEGamD) < ?.) is not semi-definite negative and V, is not solution of

the relaxatlon Eq 5.12).

5.E  Auxiliary Results for Sparse Extension

5.E.1 There Is a Rank-One Solution of the Relaxation Eq. (5.18)

Lemma 39. The rank-one solution V, = v*v*" is solution of the relaxation Eq. (5.18)
iof the design matriz X is such that }LXTX has all its diagonal entries less than one.
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Proof. The KKT conditions are
1
Z — AN —=X"X=A<0and AW =0,
v, Wa; n
with U such that U;; = sign(W;;) if W;; # 0 and U;; € [—1,1] otherwise. For
V, = v*v*" this gives
XTX
n

(I+A)

n

A=CTVXTY - —XTX )\[ _ U],

with Uy = 1, and U, ; € [—11] otherwise. We check that AV, = 0. If the design
matrix X satsifies assumption (A1), we can choose a sub-gradient U such that the
dual variable A = 0 and thus V, is solution. Otherwise by property of semi-definite

matrices, there is a diagonal entry of 1X T X which is bigger than 1 which prevents A

to be semi-definite negative since the corresponding diagonal entry of 2% — U will
be positive. This shows that V, does not solve the problem. O]

5.E.2 Proof of Proposition 20

Lemma 40. For § € [0,1), with probability 1 — 5d* exp ( — %), for any
direction A such that V, + A = 0, we have:

g(Vi) —g(Vu + A) > (1 —6)|\|A — Diag(A)]; + B—1  (1+N)?

| Diag(4) 3]

B+d+1/m?
+o([|A[*)
> 0.
Moreover we also have with probability at least 1 — 5d? exp ( — %}(éfl)), for any

symmetric matriz A such that V, + A = 0 and Diag(A) € (emin)*:

(1+>\)

9(Va)—g(Vit+A) > (1-0) |\ A—Diag(A)||;+m*(8—1) | Diag(A )\|§]+0(IIAH2)ZO-

where eyin = [1, cminla—1] s defined in the proof and satisfies

m

ol < T B gy = 1]

Proof Outline
We will investigate under which conditions on X the solution is unique, first for

a deterministic design matrix. We make the following deterministic assumptions on

X for §,¢( > 0 and S C R%
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(A1) [X X<l (A3) |52 — Diag(diag(3 27 2))|w < 6

n

(A2) [|ZY] <0 (Ad) XS, (EEE ) > ¢ > 0.

min

Where we denoted by ® the Hadamard (i.e., pointwise) product between matrices
and \S.  the minimum eigenvalue of a linear operator restricted to a subspace S.

Then with (V) = 23" | /& Va; = A|V]i — £ tr X "XV, we can certify that g will

decrease around the solution V.

Lemma 41. Let us assume that the noise matriz verifies assumption (A1,A2,A3,A4),
then for all direction A such that Vi, + A = 0 and diag(A) € S we have:

(1+A)3

g(Vi)—g(Vi+A) > A(1—0)||A—Diag(diag(A))[[1+¢ 1

I Diag(A)[[5+o([IA]*) > 0.

Let us assume now that (2"),=;, 4 are i.i.d of law 2z symmetric with Ez = Ez3 = 0,
Ez? = m = 1, E2*/(E2?)? = § and such that ||z« is a.s. bounded by 0 < R <
1. Then the matrix X satisfies a.s. assumption (Al). Using multiple Hoeffding’s
inequalities we have

Lemma 42. If z does not follow a Rademacher law, the design matrix X satsifies

assumptions (A1,A2,A3,A4) with probability greater than 1 — 8d*exp ( — %—%%)

for S = RY, and with probability greater than 1 — 8d?exp ( — 52"“23#) for § =
(1, Cminla_1]* where cpip is defined in the proof and satisfies

1
|emin| S 5 o
d+ -3

This lemma concludes the proof of proposition 20. We will now prove these two
lemmas.

Proof of Lemma 41

Proof. Since the dual variable A for the PSD constraint is 0 (see the proof of lemma
39), this constraint W 3= 0 is not active and we will show that the function decreases
in a set of directions A which include the one for which V, + A = 0.

a b' . Dy
b ) with C' = 0, which is slightly

more general than V,+A 3= 0. We denote by f(W) = 23" \/xiTWxi—%tr XTXw

T n

the smooth part of ¢g. By Taylor-Young, we have for all WW:

Therefore we consider a direction A = (

fW) = f(W +A) = —(f'(W),A) - %(A, f"W)A) +o([|A]%).
Thus:
gW)—g(W+A) = —(f'(W),A) —%(A, F VYA AW + Al = W) +o([|A]P).
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.
MW:VJMQWMMhWX:(n yZ)

72Ty 7277

o) =g +8) = A N L

A0+ 2[bll + [Cll) + o1 A])
1 1
= ARl = —b"ZTy) + [l - = (27 ZC)]

1
2

(A, f"(V)A) +o([A).

And with Holder’s inequality and assumption (A2)
Lt r L T
Iolls = ~0"Z 7y 2 [[b1(1 = 122 ylloc) 2 (1 = )]l

Nevertheless we will show in lemma 43 that ||C||; — 2tr(Z7ZC) > (1 — 0)||C —
diag(C)||1, thus

g(W) = g(W + A) > A(1 = 0)(2[[b]ls + [|C — diag(C)[lx) + o(|A]]*). (5.36)

However in Eq. (5.36), g(W) — g(W + A) = 0 for b = 0 and C' diagonal, therefore we
have to investigate second order conditions, i.e. to show for A = diag(e) with e € R?

that —(A, f"(V.)A) > 0.

And with assumption (A4)

(1+/\)3<diag(e),f”(V>,<) diag(e)) = 1 < (z; diag(e)x;)?

Y

>

£

=}
—~

Thus we can conclude:

CR) W WEINGY

gW) —g(W + A) = A1 = 8)2[jb[l + [|C = diag(C)[l1) + ¢

O
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Auxiliary Lemma

Lemma 43. For all matrix C' symmetric semi-definite positive we have under as-

sumptions (A1) and (A3):

.
o (s _ an)c > (1 - 6)||C — diag(C)[s > 0.

Proof. We denote by " = % We always have ||C]|; — tr(¥"C) = tr(S — ¥")C
where S; ; = sign(C; ;), thus if diag(C') > 0 then diag(S) = 1 and diag(S — X") > 0
from assumption (Al). Moreover since ¥"; ; € [—1, 1] then sign(S — ¥") = sign(S).
Thus tr(S —X")C = 37, Cia(S = X")i; + 32, Cig(S = XM)iy = 320 Cii(S —
¥");; > 0. Furthermore from assumption (A3) |(X"); ;] < d for i # j. Therefore

tr(S = S"C > Cij(S ="y = Y |Cijl(1—6) > (1—0)[|C — diag(C)|, > 0.
i#£j i#£]

If there is a diagonal element of C' which is 0, then all the corresponding line and
column in C' will also be 0 and we can look at the same problem as before by erasing
of C' and X" the corresponding column and line. n

Proof of Lemma 42

Proof. We will first show that the noise matrix Z satisfies assumptions (A2,A3). By
Hoeffding’s inequality we have with probability 1 — 2 exp(—d%n/(2R?))

J R
m Zzﬂ <90
=1
Then, since the law of z is symmetric y;z; will have the same law as z; and with

probability 1 — 2exp(—d*n/(2R?)), the design matrix Z satisfies assumption (A2):

ZT
||_||oo <.

Likewise we have with probability 1 — 2 exp(—d2n/(2R?)) that for j # 5’

\—Zz <o

Thus we also have with probability 1 —2d? exp(—d°n/(2R")) that Z satisfies assump-
tion (A3):
||lzTZ - diag(lzTZ)Hoo <.
n n
Thus with probability 1 — 4d? exp(—d?n/(2R")), the noise matrix Z satisfies assump-
tions (A1, A2, A3).
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We proceed as in the proof of proposition 19 to show that X satisfies assumption
(A4). We first derive a condition to have the result in expectation, then we use an
inequality concentration on matrix to bound the empirical expectation. This will be
very similar, but we will get a better scaling since A is diagonal.

Using the same arguments as in the proof of proposition 19 we have for the diagonal
matrix A = diag(e) with e = (a,c) € R%:

e'E(z?(x?)Ne =E(z"Az)* = (a + mc' 1,1)* + m?*(B — 1|3 > 0 if 8> 1.

We can show that m?(3—1) is an eigenvalue of multiplicity d—2 and p. are eigenvalues
of multiplicity one of the operator A + E(x " Ax)? with eigenvectors ey . Thus we
have

1+ (d+B-2)m*>— /(1 + (d+ B —2)m?)2 —4m2(3 — 1)

/\min(ExGQ(mGZ)T) = 5
m*(B —1)
= 1+ (d+B—2m2 (5.37)
and N
Ain Bz (29%)T) = m? (B — 2).
Moreover

A (;U@?(x@?)T) = (2% 0% = i(@-)‘* < dR*.

J=1

Thus we can apply the Matrix Chernoff inequality from [Tropp, 2012| for us =
2. (Ex®?(2@%)T):

2 2\ T
P()\iin (M) <(1-4) m) < Jo—0Pnns/(2dRY)
" < <

Thus with probability 1 — 5d? exp(—d?nu_/(2dR*)) the design matrix X satisfies
assumption (A1,A2,A3,A4) with ( = (1 —§)u_ and S = R?. And with probability
1 — 5d* exp(—d0°nmin{B — 1,2}/(2dR*)) the design matrix X satisfies assumption
(A1,A2,A3,A4) with ¢ = (1 — §) min{B8 — 1,2} and S = e*. O

5.F Proof of Multi-Label Results

We first prove the lemma 31:

Proof. Let A € R** symmetric semi-definite positive such that diag(gAg") = 1,

then
k

k
diag(§A7") = Z Qiln +2 Z ao,iYi + 2 Z Ui jYi © Yj
i=1

i=0 1<i<j<k
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thus i
2Za01y1+2 Z al]leyj_ 1_26%',1')1
1<i<j<k 1=0

And this system admits as unique solution 0,, if and only if the family
{10, (Yi)1<i<ks (ViY;)1<icj<i } 1S linearly independent. O

Then we prove the lemma 32:

. k
Proof. Since ag + Y., a?c; > amin ZZ 07 = Qpmin we should have o > apin. We

have already seen that such Y satisfies the constraint. The KKT conditions are:
T
B = diag(p) — H —v11" 3= 0 and BY = 0. Since y; = [I,,y; + %ln

1Tyz
1)
=1n)

= Iy = (yz -

Thus

HY = ) a;Hyyl

17:,%
= Y al(yi— L)yl
n

i=1

= Za viy, ”y’l ny;)

and tr(HY) = Y% a2(n —na;) =n(l —ad +aj—a) =n(l —a).

i=1"

Furthermore since 1, diag(Y') = n and 1] M1,, = n’«a, for p = 1, and v = 1/n,
BY =n—-n(l—a)—no=0. And since B=1,,— 11,11 —H, B> = B and B = B,
thus B is a symmetric projection and consequently symmetric semi-definit positive.

Hence the primal variable Y and the dual variables p = 1,, and v = 1/n satisfy
the KKT conditions, thus Y is solution of this problem. O

5.G Efficient Optimization Problem

5.G.1 Dual Computation

We consider the following strongly convex approximation of Eq. (5.24), augmented
with the von-Neumann entropy:

V=0

1< o -
max > V(XVXT); — || Diag(c)V Diag(c)|l; — e tr[(AzV A2) log(AzV A?))]
=1
st tr(A2VAz) =
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Introducing dual variables, we have

1 < 1
min max = — (ui((XVXT)ii) + —) —trCV
u€R? ,C:|Cyjl<cic; V0 2n — U;
—etr[(A2V A2)log(A2V A2)]
st tr(AZVA?) = 1.
By fixing v and C', and letting () = A%VA%, we can write the max problem as

max u«A—%(zixT Diag(u)X — C)A3Q — = tr[Qlog(Q))
= n

s.t. tr@ = 1.

This problem is of the form

max tr D@ — 6271:01»(62) logo;(Q) st. tr@Q =1
i=1

Q=0

where D = A_%(%XT Diag(u)X — C)A™2 and 0;(Q) denotes the i-th largest eigen
value of the matrix Q. If we consider the matrix D to be of the form D = U Diag(0)U "
with 6 denoting the vector of ordered eigen values of D, then it turns out that at
optimality @ has the form Q = U Diag(o)U ", with o denoting the ordered vector of

eigen values of Q).
Therefore the above optimization problem can be cast in terms of o as:

n n
maxf'o —¢e E o;logo; s.t. E o; = 1.
oeR™ i=1 =1

1= 1=

0;/ .
%, which leads to
e

The solution of this problem is o; = %
j=1

&1]% ¢°(0) = elogi (ee?>
i=1

In terms of the original matrix variables, we have min ¢°(D) = e log tr e*. Using the

appropriate expansion of D, we have the overall optimization problem as

n

1 1 1,1 1
min — + ¢ (A2 (—X " Diag(u)X — C)A™2).

ueRﬁr,C:\Cinc,-cj- 2n i—1 U; 2n

At optimality, we have

(A*% (xT Diag(mec)A*%) > (A*% (L xT Diag(u)xfcmf%)
tr (e )

ATV A3 = <e : :
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The error of approximation is at most €logd and the Lipschitz constant associated
with the function ¢() is 1.

5.G.2 Algorithm Details

We write the optimization problem Eq. (5.38) as:

min F(u,C) + H(u,C)

uGRQL_
where

H(u,C) = ¢6(A‘5(%XT Diag(u)X — C)A™2)

is the smooth part and

n

1 1
Fu,0) =Toie coe +— 3 —
(u7 ) C.|C”|< i Cj + 2n ; U,

is the non-smooth part.
The gradient V,, of H(u,C') with respect to u is

V., = diag(B"U Diag(c)U" B).
where B = \/%TLA*%XT and the gradient of H(u,C) with respect to C' is
Ve = (A72U Diag(o)UTA™2).

The Lipschitz constant L associated with the gradient VH (u, C') is

L= gmax (Amm(BTB ® B'B), AEW(A—l)), (5.39)
where A (M) denotes the maximum eigen value of matrix M. Computing L takes
O(max(n,d)?) time and L needs to be computed once at the beginning of the algo-
rithm.

The resultant FISTA procedure is described in Algorithm 1. Note that the FISTA
procedure first computes intermediate iterates (@2, C*2) (Step 7, Algorithm 1)
by taking descent steps along the respective gradient directions. Then two distinct
problems in u and C' (respectively Steps 8 and 9 in Algorithm 1) are solved. The
sub-problem in u (Step 8) can be efficiently solved using a Newton procedure followed
by a thresholding step, as illustrated in Algorithm 2. The sub-problem in C' (Step 9)
can also be solved using a simple thresholding step.
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Algorithm 1 FISTA Algorithm to solve Eq. (5.38)

1: Input X.

2: Compute Lipschitz constant L.

3: Let (u®, C) be an arbitrary starting point.

4: Let (a°,C%) = (u°,C), to = 1.

5: Set the maximum iterations to be K.

6: for k=1,2,..., K do > The loop can also be terminated based on duality gap.
T (ﬂk_%, C_'k_%) = (ﬂk - %Vﬂk, Ck — %Vék)

8 Obtain u* = argmin,cgn {%Hu — @ =} by Algorithm 2.

9: Obtain C* = arg min,, {]IC;\cincicj +LjC - Ck—2 ||%} by thresholding.

144 /1+482
10: t, = —4——=L,

2

(@ CF) = (e, %)+ D (b, OF) — (b, ok ),
12: end for

13: Output (u”, CK).

Algorithm 2 Newton method to solve u sub-problem

Input uk_%, n, L.
1
2

u? = max(u; 2, (2n1L)% ), i=1,2,... n.
Set M to be the max number of Newton steps.
fort=1,2,..., M do
for:=1,2,...,ndo
1
t 2nL(uffl)3ufij+3uf
¢ 2(nL(ulTh)341)
end for
end for

Output max(u™, 0).
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Chapter 6

Application to Isotonic Regression
and Seriation Problems

Abstract

Given a matrix, the seriation problem consists in permuting its rows in such way
that all its columns have the same shape, for example, they are monotone increasing.
We propose a statistical approach to this problem where the matrix of interest is
observed with noise and study the corresponding minimax rate of estimation of the
matrices. Specifically, when the columns are either unimodal or monotone, we show
that the least-squares estimator is optimal up to logarithmic factors and adapts to
matrices with a certain natural structure. Finally, we propose a computationally
efficient estimator in the monotonic case and study its performance both theoretically
and experimentally. Our work is at the intersection of shape constrained estimation
and recent work that involves permutation learning, such as graph denoising and
ranking.

This chapter is extracted from the paper: Optimal rates of Statistical Seriation,
in collaboration with C. Mao and P. Rigollet, submitted to Bernoulli.

6.1 Introduction

The consecutive 1’s problem (C1P) |Fulkerson and Gross, 1964] is defined as fol-
lows. Given a binary matrix A the goal is to permute its rows in such a way that the
resulting matrix enjoys the consecutive 1’s property: each of its columns is a vector
v=(vi,...,v,)" where v; = 1 if and only if a < j < b for two integers a,b between
1 and n.

This problem has its roots in archeology and especially sequence dating where the
goal is to recover the chronological order of sepultures based on artifacts found in
these sepultures where the entry A;; of matrix A indicates the presence of artifact
Jj in sepulture 7. In his seminal work, egyptologist Flinders Petrie [1899] formulated
the hypothesis that two sepultures should be close in the time domain if they present
similar sets of artifacts. Already in the noiseless case, this problem presents an in-
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teresting algorithmic challenge and is reducible to the famous Travelling Salesman
Problem [Gertzen and Grotschel, 2012] as observed by statistician David Kendall
[1963, 1969, 1970, 1971| who employed early tools from multidimensional scaling as a
heuristic to solve it. C1P belongs to a more general class of so-called seriation prob-
lems that consist in optimizing various criteria over the discrete set of permutations.
While such problems are hard in general, it can be shown that a subset of the these
problems; including C1P, can be solved efficiently using spectral method [Atkins et al.,
1998| or convex optimization |[Fogel et al., 2013, Lim and Wright, 2014|. However,
little is known about the robustness to noise of such methods.

In order to set the benchmark for the noisy case, we propose a statistical seriation
model and study optimal rates of estimation in this model. Assume that we observe
an n X m matrix Y = [IA + Z, where II is an unknown n x n permutation matrix, Z
is an n X m noise matrix and A e R™™ is assumed to belong to a class of matrices
that satisfy a certain shape constraint. Our goal is to give estimators IT and A so
that IIA is close to IIA. The shape constraint can be the consecutive 1’s property,
but more generally, we consider the class of matrices that have unimodal columns,
which also include monotonic columns as a special case. These terms will be formally
defined at the end of this section.

The rest of the chapter is organized as follows. In Section 6.2 we formulate the
model and discuss related work. Section 6.3 collects our main results, including uni-
form and adaptive upper bounds for the least-squares estimator together with corre-
sponding minimax lower bounds in the general unimodal case. In Section 6.4, for the
special case of monotone columns, we propose a computationally efficient alternative
to the least-squares estimator and study its rates of convergence both theoretically
and numerically. Appendix 6.A is devoted to the proofs of the upper bounds, which
use the metric entropy bounds proved in Appendix 6.B. The proofs of the information-
theoretic lower bounds are presented in Appendix 6.C. In Appendix 6.D, we study
the rate of estimation of the efficient estimator for the monotonic case. Appendix 6.E
contains a delayed proof of a trivial upper bound. Appendix 6.F presents new bounds
for unimodal regression implied by our analysis, which are minimax optimal up to
logarithmic factors.

NOTATION. For a positive integer n, define [n] = {1,...,n}. For a matrix A €
IR™™  let ||Al|r denote its Frobenius norm, and let A;. be its i-th row and A.; be
its j-th column. Let B"(a,t) denote the Euclidean ball of radius ¢ centered at a in
IR". We use C' and ¢ to denote positive constants that may change from line to line.
For any two sequences (u,), and (v,),, we write u,, < v, if there exists an absolute
constant C' > 0 such that u,, < Cv, for all n. We define u,, 2 v,, analogously. Given
two real numbers a, b, define a A b = min(a, b) and a V b = max(a,b).

Denote the closed convex cone of increasing ! sequences in R” by S, = {a € R" :
a; < -+ <a,}. We define S™ to be the Cartesian product of m copies of S,, and we
identify 8™ to the set of n X m matrices with increasing columns.

For any [ € [n], define the closed convex cone C; = {a € R" : a1 < --- < aq;}N{a €

1. Throughout the chapter, we loosely use the terms “increasing” and “decreasing” to mean “mono-
tonically non-decreasing” and “monotonically non-increasing” respectively.
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R":a; > -+ > a,}, which consists of vectors in IR" that increase up to the [-th entry
and then decrease. Define the set U of unimodal sequences in R"” by U = |J;—, C;. We
define U™ to be the Cartesian product of m copies of U and we identify U™ to the set
of n x m matrices with unimodal columns. It is also convenient to write U™ as a union
of closed convex cones as follows. For 1 = (I1,...,l,) € [n|™, let C]* = C), x -+ x Cy,,.
Then U™ is the union of the n™ closed convex cones C{",1 € [n]™.
Finally, let &,, be the set of n xn permutation matrices and define M = Unesn ™

where TI/™ = {IIA : A € U™}, so that M is the union of the n!n™ closed convex
cones IIC[", Il € &,,,1 € [n]™.

6.2 Problem Setup and Related Work

In this section, we formally state the problem of interest and discuss several lines
of related work.

6.2.1 The Seriation Model

Suppose that we observe a matrix Y € R™™, n > 2 such that
Y =II"A"+ 7, (6.1)

where A* e U™, Il € G,, and Z is a centered sub-Gaussian noise matrix with variance

proxy o2 > 0. More specifically, Z is a matrix such that E[Z] = 0 and, for any

M e R™™,

) < ()

where Tr(+) is the trace operator. We write Z ~ subG,, ,,(c?) or simply Z ~ subG(o?)
when dimensions are clear from the context.

Given the observation Y, our goal is to estimate the unknown pair (IT*, A*). The
performance of an estimator (f[, A) € 6, x U™, is measured by the quadratic loss:

1~ .
—||TIA — TT*A*||%.
—| I3

In particular, its expectation is the mean squared error. Since we are interested in
estimating [I*A* € M, we can also view M as the parameter space.

In the general unimodal case, upper bounds on the above quadratic loss do not
imply individual upper bounds on estimation of the matrix IT* or the matrix A* due
to lack of identifiability. Nevertheless, if we further assume that the columns of A*
are monotone increasing, that is A* € 8™, then the following lemma holds.

Lemma 44. If A*, A € 8™, then for any II*,1l € &,,, we have that
1A = A*||% < [ITTA — T A*|7.,
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and that ) o
[FLA" — T A° |3 < LA — T A° 3.

Proof. Let a,b € S, and by = (brq1), ..., brmn)) Where 7 : [n] — [n] is a permutation.
It is easy to check that Y7 | ab; > Y 1| aibe@, so |Ja — b||3 < |la — b,||3. Applying
this inequality to columns of matrices, we see that

IA = A"} < A = I A"|7 = |[ITA — I A" 7,
since A*, A € 8™. Moreover, ||[TA* — TIA||p = ||A* — A||r, so
ITIA" — I A% p < [|A* — Al p + [[IIA — I A" < 2||TTA — I A%,
by the triangle inequality and the previous display. O]

Lemma 44 guarantees that |[IIA* — II*A*|| is a pertinent measure of the perfor-
mance of II. Note further that ||[[IA* —II*A*|| is large if IT misplaces rows of A* that
have large differences, and is small if IT only misplaces rows of A* that are close to
each other. We argue that, in the seriation context, this measure of distance between
permutations is more natural than ad hoc choices such as the trivial 0/1 distance or
popular choices such as Kendall’s 7 or Spearman’s p.

Apart from Section 6.4 (and Appendix 6.D), the rest of this chapter focuses on
the least-squares (LS) estimator defined by

(II,A) € argmin ||Y — IIA||%. (6.2)
(I,A)e&, xU™

Taking M = ITA, we sce that it is equivalent to define the LS estimator by

M € argmin ||Y — M||%. (6.3)
MeM

Note that in our case, the set of parameters M is not convex, but is a union of n!n™
closed convex cones and it is not clear how to compute the LS estimator efficiently. We
discuss this aspect in further details in the context of monotone columns in Section 6.4.
Nevertheless, the main focus of this chapter is the least-squares estimator which, as
we shall see, is near-optimal in a minimax sense and therefore serves as a benchmark
for the statistical seriation model.

6.2.2 Related Work

Our work falls broadly in the scope of statistical inference under shape constraints
but presents a major twist: the unknown latent permutation IT*.

Shape Constrained Regression

To set our goals, we first consider the case where the permutation is known and
assume without loss of generality that II* = I,,. In this case, we can estimate individ-
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ually each column A”; by an estimator AJ and then get an estimator A for the whole

matrix by concatenating the columns A] Thus the task is reduced to estimation of
a vector #* which satisfies a certain shape constraint from an observation y = 0* + z
where z ~ subG,,1(0?).

When 6* is assumed to be increasing we speak of isotonic regression [Barlow et al.,
1972]. The LS estimator defined by § = argmin,, s, [10—yl|3 can be computed in closed
form in O(n) using the Pool-Adjacent-Violators algorithm (PAVA) [Ayer et al., 1955,
Barlow et al., 1972, Robertson et al., 1988| and its statistical performance has been
studied by Zhang [2002] (see also works by Nemirovski et al. [1985], Donoho [1990],
van de Geer [1990], Mammen [1991], van de Geer [1993] for similar bounds using
empirical process theory) who showed in the Gaussian case z ~ N(0,02%I,) that the
mean squared error behaves like

Ls o (0°V(07)\2/3
“E|6 -0 =< (T——) (6.4)

where V(0) = max;cp,) 0; — min;epy) 6; is the variation of §# € IR". Note that 2/3 =
28/(268 + 1) for B = 1 so that this is the minimax rate of estimation of Lipschitz
functions [see, e.g., Tsybakov, 2009].

The rate in Eq. (6.4) is said to be global since it holds uniformly over the set
of monotone vectors with variation V(6*). Recently, Chatterjee et al. [2015] have
initiated the study of adaptive bounds that may be better if 8* has a simpler structure
in some sense. To define this structure, let k(0) = Card({fy,--- ,6,}) denote the
cardinality of entries of § € IR". In this context, Chatterjee et al. [2015] showed that
the LS estimator satisfies the adaptive bound

(6.5)

J IS , 160 — 6*||>  o2k(0) en

“E0— 0] < C jnt ( 1 ).

n | Il =< Calensn n * n e k(0)
This result was extended by Bellec [2015] to a sharp oracle inequality where C' = 1.
This bound was also shown to be optimal in a minimax sense by Chatterjee et al.
[2015], Bellec and Tsybakov [2015].

Unlike its monotone counterpart, unimodal regression where 8* € U has received
sporadic attention [Shoung and Zhang, 2001, Kollmann et al., 2014, Chatterjee and
Lafferty, 2015]. This state of affairs is all the more surprising given that unimodal
density estimation has been the subject of much more research |Bickel and Fan, 1996,
Birge, 1997, Eggermont and LaRiccia, 2000, Daskalakis et al., 2012, 2013, Turnbull
and Ghosh, 2014|. It was recently shown by Chatterjee and Lafferty [2015] that the
LS estimator also adapts to V(6*) and k(6*) for unimodal regression:

V(e*) + 0')2/3’ 0—2k<9*)3/2<10g n)S/Z) (6.6)

1 A
=10~ 0*)3 < min (*2(
n n

n

with probability at least 1 — n~* for some o > 0. The exponent 3/2 in the second
term was improved to 1 in the new version by Chatterjee and Lafferty [2015] after the
first version of our current paper was posted. Note that the exponents in Eq. (6.6)
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are different from the isotonic case. Our results will imply that they are not optimal
and in fact the LS estimator achieves the same rate as in isotonic regression. See
Corollary 10 for more details. The algorithmic aspect of unimodal regression has
received more attention [Frisen, 1986, Geng and Shi, 1990, Bro and Sidiropoulos,
1998, Boyarshinov and Magdon-Ismail, 2006] and Stout [2008] showed that the LS
estimator can be computed with time complexity O(n) using a modified version of
PAVA. Hence there is little difference between isotonic and unimodal regressions from
both computational and statistical points of views.

Latent Permutation Learning

When the permutation IT* is unknown the estimation problem is more involved.
Noisy permutation learning was explicitly addressed by Collier and Dalalyan [2016]
where the problem of matching two sets of noisy vectors was studied from a statistical
point of view. Given n X m matrices Y = A* + Z and Y = II*A* + Z, where
A* € IR™™ is an unknown matrix and IT* € IR™ " is an unknown permutation
matrix, the goal is to recover II*. It was shown by |[Collier and Dalalyan, 2016| that
if min;z; [|A;. — Aj. |2 > co((logn)'/? v (mlogn)'/*), then the LS estimator defined
by I = argmingeg |11V — 17||% recovers the true permutation with high probability.
However they did not directly study the behavior of ||TLA* — IT* A*||2.

In his celebrated paper on matrix estimation, Sourav Chatterjee [2015] describes
several noisy matrix models involving unknown latent permutations. One is the
nonparametric Bradley-Terry-Luce (NP-BTL) model where we observe a matrix Y €
IR™ "™ with independent entries Y;; ~ Ber(P, ;) for some unknown parameters P =
{P;;jhi<ij<n where P,; € [0,1] is equal to the probability that item ¢ is preferred
over item j and P;; = 1 — F;;. Crucially, the NP-BTL model assumes the so-
called strong stochastic transitivity (SST) |[Davidson and Marschak, 1959, Fishburn,
1973| assumption: there exists an unknown permutation matrix II € IR™*" such
that the ordered matrix A = II'T PII satisfies A < -0 < A,y for all k € [n].
Note that the NP-BTL model is a special case of our model in Eq. (6.1) where
m = n and Z ~ subG(1/4) is taken to be Bernoulli. Chatterjee [2015] proposed an
estimator P that leverages the fact that any matrix P in the NP-BTL model can
be approximated by a low rank matrix and proved [Chatterjee, 2015, Theorem 2.11]
that n=2||P — P||% < n~/4, which was improved to n~'/2 by Shah et al. [2017] for a
variation of the estimator. This method does not yield individual estimators of II or
A, and Chatterjee and Mukherjee [2016] proposed estimators IT and A so that ITAIT"
estimates P with the same rate n~'/2 up to a logarithmic factor. The non-optimality
of this rate has been observed by Shah et al. [2017] who showed that the correct rate
should be of order n=! up to a possible logn factor. However, it is not known whether
a computationally efficient estimator could achieve the fast rate. A recent work by
Shah et al. [2016] explored a new notion of adaptivity for which the authors proved
a computational lower bound, and also proposed an efficient estimator whose rate of
estimation matches that lower bound.

Also mentioned by Chatterjee [2015] is the so-called stochastic block model that
has since received such extensive attention in various communities that it is futile to
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attempt to establish a comprehensive list of references. Instead, we refer the reader
to the article by Gao et al. [2015] and references therein. This paper establishes
the minimax rates for this problem and its continuous limit, the graphon estimation
problem and, as such, constitutes the state-of-the-art in the statistical literature. In
the stochastic block model with k& > 2 blocks, we assume that we observe a matrix
Y = P+ Z where P = IIAII",II € IR*" is an unknown permutation matrix and A
has a block structure, namely, there exist positive integers ny < ... < ng < ngyq = n,
and k? real numbers a4, (s,t) € [k]? such that A has entries

A= Y auM{n, <i<ngu,n <j<m}, ij€n.
(s.0)€[k)?

While traditionally, the stochastic block model is a network model and therefore per-
tains only to Bernoulli observations, the more general case of sub-Gaussian additive
error is also explicitly handled by Gao et al. [2015]. For this problem, Gao, Liu and
Zhou have established that the least-squares estimator P satisfies n=2||P — P||%
k%/n? + (log k)/n together with a matching lower bound. Using piecewise constant
approximation to bivariate Holder functions, they also establish that this estimator
with a correct choice of k leads to minimax optimal estimation of smooth graphons.
Both results exploit extensively the fact that the matrix P is equal to or can be well
approximated by a piecewise constant matrix and our results below take a similar
route by observing that monotone and unimodal vectors are also well approximated
by piecewise constant ones. Moreover, we allow for rectangular matrices.

In fact, our result can be also formulated as a network estimation problem but on
a bipartite graph, thus falling at the intersection of the above two examples. Assume
that n left nodes represent items and that m right nodes represent users. Assume
further that we observe the n x m adjacency matrix Y of a random graph where
the presence of edge (i, 7) indicates that user j has purchased or liked item i. Define
P = E[Y] and assume SST across items in the sense that there exists an unknown nxn
permutation matrix II* such that P = II"A* and A* is such that A7 ; <--- < A7
for all users j € [m]. This model falls into the scope of the statistical seriation model
in Eq. (6.1).

6.3 Main Results

6.3.1 Adaptive Oracle Inequalities

For a matrix A € U™, let k(A.;) = Card({A:,,...,4,,}) be the number of
values taken by the j-th column of A and define K(A) = > 7" k(A ;). Observe
that K(A) > m. The first theorem shows that the LS estimator adapts to the
complexity K.

Theorem 10. For A* € R™™ and Y = II*A* + Z, let (I, A) be the LS estimator
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defined in Eq. (6.2). Then the following oracle inequality holds

1 K(A) enm logn
* Ak < - * 12 2 ) 2 )
—HHA A3 S min (—anA Al 0?2 P o s ) + P (67)
with probability at least 1 — e=¢™+™) ¢ > 0. Moreover,
1 A , 1 K(A) enm logn
—EIA-TA"|3 S min (= A- A"} 402200 )+ 2R (6.
—E I S min (—| I +0"—=log K(A) +ot——. (6.8)

Note that while we assume that A* € Y™ in Eq. (6.1), the above oracle inequalities
hold in fact for any A* € R™™ even if its columns are not assumed to be unimodal.

The above oracle inequalities indicate that the LS estimator automatically trades
off the approximation error ||A—A*||% for the stochastic error 02 K (A) log(enm/K (A)).

If A* is assumed to have unimodal columns, then we can take A = A* in Eq. (6.7)
and Eq. (6.8) to get the following corollary.

Corollary 8. For A* € U™ and Y = II*A* + Z, the LS estimator (I, A) satisfies

K(A¥) Lo M 1og n

1 N
|4 - A3 S 0
nm nm

—c(n+m)

with probability at least 1 — e ,c > 0. Moreover, the corresponding bound with

the same rate holds in expectation.

The two terms in the adaptive bound can be understood as follows. The first
term corresponds to the estimation of the matrix A* with unimodal columuns if the
permutation IT* is known. It can be viewed as a matrix version of the adaptive bound
in Eq. (6.5) in the vector case. The LS estimator adapts to the cardinality of entries
of A* as it achieves a provably better rate if K(A*) is smaller while not requiring
knowledge of K(A*). The second term corresponds to the error due to the unknown
permutation IT*. As m grows to infinity this second term vanishes, because we have
more samples to estimate II* better. If m > n, it is easy to check that the permutation
term is dominated by the first term, so the rate of estimation is the same as if the
permutation is known.

6.3.2 Global Oracle Inequalities

The bounds in Theorem 10 adapt to the cardinality of the oracle. In this subsec-
tion, we state another type of upper bounds for the LS estimator (ﬂ, A) They are
called global bounds because they hold uniformly over the class of matrices whose
columns are unimodal and that have bounded variation. Recall that we call variation
of a vector a € R" the scalar V(a) > 0 defined by

V(a) = max a; — min a; .
1<i<n 1<i<n
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We extend this notion to a matrix A € IR™*"™ by defining
1 23 32
V(A) = <E ; V(A7)

While this 2/3-norm may seem odd at first sight, it turns out to be the correct
extrapolation from vectors to matrices, at least in the context under consideration
here. Indeed, the following upper bound, in which this quantity naturally appears, is
matched by the lower bound of Theorem 13 up to logarithmic terms.

Theorem 11. For A* € R™™ and Y = [I*A* + Z, let (I, A) be the LS estimator
defined in Eq. (6.2). Then it holds that

1

2V (A) 10gn>2/3} g logn
nm n

1 .
—[AA - A} S min [—|lA - 4% + (

Aeum nAm’

(6.9)

with probability at least 1 — e <"*t™) ¢ > 0. Moreover, the corresponding bound with
the same rate holds in expectation.

If A* € U™, then taking A = A* in Theorem 11 leads to the following corollary
that indicates that the LS estimator is adaptive to the quantity V(A*).

Corollary 9. For A* € U™ and Y = II*A* + Z, the LS estimator (I, A) satisfies

1 - 2V (A% 1 2/3 1
_HHA o H*A*H%? S (0 V( ) Ogn) +0_2 ogmn
nm

n nAm

c¢(n+m)

with probability at least 1 — e~ ,c > 0. Moreover, the corresponding bound with

the same rate holds in expectation.

Akin to the adaptive bound, the above inequality can be viewed as a sum of a
matrix version of Eq. (6.4) and an error due to estimation of the unknown permuta-
tion.

Having stated the main upper bounds, we digress a little to remark that the proofs
of Theorem 10 and Theorem 11 also yield a minimax optimal rate of estimation (up to
logarithmic factors) for unimodal regression, which improves the bound in Eq. (6.6).
We discuss the details in Appendix 6.F.

6.3.3 Minimax Lower Bounds

Given the model Y = II*A* + Z where entries of Z are i.i.d. N(0,0?) random
variables, let (ﬂ, A) denote any estimator of (IT*, A*), i.e., any pair in &,, x IR"*™ that
is measurable with respect to the observation Y. We will prove lower bounds that
match the rates of estimation in Corollary 8 and Corollary 9 up to logarithmic factors.
The combination of upper and lower bounds, implies simultaneous near optimality of
the least-squares estimator over a large scale of matrix classes.

223



For m < Ky < nm and Vy > 0, define U2, = {A € U™ : K(A) < Ky} and
U™(Vo) = {AeU™: V(A) < Vy}. We present below two lower bounds, one for the
adaptive rate uniformly over U3 and one for the global rate uniformly over U™ (V;).
This splitting into two cases is solely justified by better readability but it is worth
noting that a stronger lower bound that holds on the intersection U, NU™(Vp) can
also be proved and is presented as Proposition 21.

Theorem 12. There exists a constant ¢ € (0,1) such that for any Koy > m, and any
estimator (11, A), it holds that

1 . K log 1
sup  Pra [—HHA C AR > 02(—0 v ﬁ)] > ¢,
(ILA)e&n XU nm nm m

where | = min(Ko—m, m)+1 and P4 is the probability distribution of Y = IIA+Z.
It follows that the lower bound with the same rate holds in expectation.

In fact, the lower bound holds for any estimator of the matrix II*A*, not only
those of the form ITA with A € «™. The above lower bound matches the upper
bound in Corollary 8 up to logarithmic factors.

Note the presence of a logl factor in the second term. If [ = 1 then Ky = m
which means that each column of A is simply a constant block, so I[IA = A for any
IT € &,. In this case, the second term vanishes because the permutation does not
play a role. More generally, the number [ — 1 can be understood as the maximal
number of columns of A on which the permutation does have an effect. The larger
[, the harder the estimation. It is easy to check that if [ > n the second term in the
lower bound will be dominated by the first term in the upper bound.

A lower bound corresponding to Corollary 9 also holds:

Theorem 13. There exists a constant ¢ € (0,1) such that for any Vo > 0, and any
estimator (11, A), it holds that
2

2V 2
o 0)2/3+U—+0—/\m2V02] > ¢,
n m

1 ~ A
sup Pra| —|TIA — TIA||7 2 (
(II,A) €&, xU™ (V) nm

where P4 is the probability distribution of Y =11A+ Z. The lower bound with the
same rate also holds in expectation.

There is a slight mismatch between the upper bound of Corollary 9 and the lower
bound of Theorem 13 above. Indeed the lower bound features a term %2 A m2Vg§
instead of just % In the regime m?Vy@ < %, where A has very small variation,
the LS estimator may not be optimal. Proposition 22 indicates that a matrix with

constant columns obtained by averaging achieves optimality in this extreme regime.

6.4 Further Results in the Monotone Case

A particularly interesting subset of unimodal matrices is 8™, the set of n x m
matrices with monotonically increasing columns. While it does not amount to the
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seriation problem in its full generality, this special case is of prime importance in the
context of shape constrained estimation as illustrated by the discussion and references
in Section 6.2.2. In fact, it covers the example of bipartite ranking discussed at the
end of Section 6.2.2. In the rest of this section, we devote further investigation to
this important case. To that end, consider the model in Eq. (6.1) where we further
assume that A* € §™. We refer to this model as the monotone seriation model. In
this context, define the LS estimator by

(II,A) € argmin ||Y —IIA|%.
(ILA)EG, xS™

Since 8™ is a convex subset of U™, it is easily seen that the upper bounds in Theo-
rem 10 and 11 remain valid in this case. The lower bounds of Theorem 12 (with log{
replaced by 1) and Theorem 13 also extend to this case; see Appendix 6.C.

Although for unimodal matrices the established error bounds do not imply any
bounds on estimation of A* or II* in general, for the monotonic case, however,
Lemma 44 yields that

A * 1 A * * T A * f*
[A—A H%Vﬂ(n—ﬂ A% < [ITIA — T A% .

so that the LS estimator (f[, /1) also leads to good individual estimators of IT* and
A* respectively.

Because it requires optimizing over a union of n! cones IIS™, no efficient way of
computing the LS estimator is known since. As an alternative, we describe a simple
and efficient algorithm to estimate (IT*; A*) and study its rate of estimation.

Let K(A) and V(A) be defined as before. Moreover, for a matrix A € 8™, let J
denote the set of pairs of indices (¢, 7) € [n]? such that A;. and A;. are not identical.
Define the quantity R(A) by

B A — A2 ml Ay — A2
RUA) =L max 30 (Rt AT ) (610

|Z|=n (4,9)EINT

It can be shown (see Appendix 6.D) that 1 < R(A) < /m. Intuitively, the quantity
R(A) is small if the difference u of any two rows of A is either very sparse (||u]2/|u||oo
is small) or very dense (m||ul|a/||u||1 is small). Indeed, for any nonzero vector u € R™,
|w|l2/]|ul|?2, > 1 with equality achieved when ||ullo = 1, and m/||u|/3/||u]|? > 1 with
equality achieved when all entries of u are the same.

For matrices with small R(-) values, it is possible to aggregate the information
across each row to learn the unknown permutation II* in a simple fashion. Recovering
the permutation IT*, is equivalent to ordering (or ranking reversely) the rows of IT* A*
from their noisy version Y.

One simple method to achieve this goal, which we call RankSum, is to permute
the rows of Y so that they have increasing row sums. However, it is easy to observe
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that this method fails if
vm 0 ... 0
2/m 0 ... 0
g [P0 (6.11)
nym 0 ... 0
where Af, = iy/m and entries of Z are i.i.d. standard Gaussian variables, because
the sum of noise in a row has order y/m which is no less than the gaps between row
sums of A*. In fact, R(A*) = 1 and it should be easy to distinguish the two types of
rows of A*, for example, by looking at the first entry of a row. This motivates us to
consider the following method called RankScore.
For ¢,i" € [n], define

Ap-(i,i") = max(Aj \/_ Z — A7)

JE€m|

and define Ay (7,7') analogously. The RankScore procedure is defined as follows:
1. For each i € [n], define the score s; of the i-th row of Y by

S = i T(Ay(l,i) > 27)

=1

where 7 := Co+/log(nm) for some tuning constant C' (see Appendix 6.D for
more details).

2. Then order the rows of Y so that their scores are increasing, with ties broken

arbitrarily.

The RankScore procedure recovers an order of the rows of Y, which leads to an
estimator II of the permutation. Then we define A € 8™ so that 14 is the projection
of Y onto the convex cone IIS™. The estimator (ﬁ, fl) enjoys the following rate of
estimation.

Theorem 14. For A* € 8™ and Y = II*A* + Z, let (I1, A) be the estimator defined
above using the RankScore procedure with threshold T = 30+/(C + 1) log(nm), C > 0.
Then it holds that

—HHA A% S min (—HA A2+ 0

5 K (A) enm >

m 8 KA
L+ 1)U2R(A*)log(nm) |

m

with probability at least 1 — e=¢"*™) — (nm)~C for some constant ¢ > 0.

The quantity R(A*) only depends on the matrix A*. If R(A*) is bounded loga-
rithmically, the estimator (ﬁ, /Nl) achieves the minimax rate up to logarithmic factors.
In any case, R(A*) < \/m, so the estimator is still consistent with the permutation
error (the last term) decaying at a rate no slower than O(\/LE) Furthermore, it is
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Figure 6-1 — Estimation errors of three estimators for two deterministic A* of size
n X n. Left: rows of A* are 1-sparse; Right: columns of A* are identical.

worth noting that R(A*) is not needed to construct (II, A), so the estimator adapts
to R(A*) automatically.

Remark 4. In the same way that Theorem 11 follows from Theorem 10, we can
deduce from Theorem 14 a global bound for the estimator (I, A) which has rate

(O’QV(A*) log n>2/3 N 02<10ﬂ N R<A*)1og(nm)> |

n n m

We conclude this section with a numerical comparison between the RankSum and
RankScore procedures.

Consider the model in Eq. (6.1) with A* € 8™ and assume without loss of general-
ity that IT* = I,,. For various n x m matrices A*, we generate observations Y = A*+ 7
where entries of Z are i.i.d. standard Gaussian variables. The performance of the
estimators given by RankScore and RankSum defined above is compared to the per-
formance of the oracle A defined by the projection of Y onto the cone &™. For
the RankScore estimator we take 7 = 6. The curves are generated based on 30 equally
spaced points on the base-10 logarithmic scale, and all results are averaged over 10
replications. The vertical axis represents the estimation error of an estimator f[/l,
measured by the sample mean of log, (%Hﬂfl — A*||3) unless otherwise specified.

We begin with two simple examples for which we set n = m. In the left plot of
Figure 6-1, A* is defined as in Eq. (6.11). As expected, RankSum fails to estimate the
true permutation and performs very poorly. On the other hand, RankScore succeeds
in recovering the correct permutation and has roughly the same performance as the
oracle. Because the difference of any two rows of A* is 1-sparse, R(A*) = 1 according
to Eq. (6.10) and the discussion thereafter. Hence, Theorem 14 predicts the fast rate,
which is verified by the experiment. The right plot illustrates another extreme case;
more precisely, we set A* to be the matrix with all m columns equal to %(1, cem) T
The difference of any two rows of A* is constant across all entries, so again we have
R(A*) = 1 by Eq. (6.10). Thus RankScore achieves the fast rate as expected. Note
that RankSum also performs well in this case.
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Figure 6-2 — Estimation errors of the oracle (dashed lines) and RankScore (solid lines)

for different regimes of (n, m) and randomly generated A* of size nxm. Left: K(A*) =
5m; Right: V(A*) < 1.

In Figure 6-2, we compare the performance of RankScore to that of the oracle
in three regimes of (n,m). The matrices A* are randomly generated for different
values of n and m as follows. For the right plot, A* is generated so that V(A*) < 1,
by sorting the columns of a matrix with i.i.d. U(0,1) entries. For the left plot, we
further require that K(A*) = 5m by uniformly partitioning each column of A* into
five blocks and assigning each block the corresponding value from a sorted sample of
five i.i.d. U(0, 1) variables.

Since the oracle knows the true permutation, its behavior is independent of m,
and its rates of estimation are bounded by k’% for K(A*) = 5m and (lo%)% for
V(A*) = 1 respectively by Theorem 10 and 11. (The difference is minor in the
plots as n is not sufficiently large). For RankScore, the permutation term dominates
the estimation term when m = n'/? by Theorem 14. From the plots, the rates of
estimation are better than O(n~'/*) predicted by the worst-case analysis in both
examples. For m = n, we also observe rates of estimation faster than the worst-case
rate O(n’l/ 2) and close to the oracle rates. We could explain this phenomenon by
R(A*) < y/m, but such an interpretation may not be optimal since our analysis is
based on worst-case deterministic A*. Potential study of random designs of A* is left
open. Finally, for m = n®?2, the permutation term is of order O(n=3/*) theoretically,
in between of the oracle rates for the two cases. Indeed RankScore has almost the
same performance as the oracle experimentally. Overall Figure 6-2 illustrates the
good behavior of RankScore in this random scenario.

To conclude our numerical experiments, we consider the n x n lower triangular
matrix A* defined by A7, = M(i > j). For this matrix, it is easy to check that
K(A*) = 2n — 1 and R(A*) = /n. We plot in Figure 6-3 the estimation errors of
[IA, TIA* and A given by RankScore, in addition to the oracle. By Theorem 14, the
rate of estimation achieved by IIA is of order O(n~'/?), while that achieved by the
oracle is of order O(n™') since there is no permutation term. The plot confirms this

discrepancy. Moreover, n—12 [TTA* — A*||% is an appropriate measure of the performance
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Figure 6-3 — Various estimation errors of the oracle and RankScore for the triangular
matrix.

of IT by Lemma 61 and 44, and the plot suggests that the rates of estimation achieved
by IIA* and IIA are about the same order. Finally A seems to have a slightly faster
rate of estimation than ITA, so in practice A could be used to estimate A. However
we refrain from making an explicit conjecture about the rate.

6.5 Discussion

While computational aspects of the seriation problem have received significant
attention, the robustness of this problem to noise was still unknown to date. To
overcome this limitation, we have introduced in this chapter the statistical seriation
model and studied optimal rates of estimation by showing, in particular, that the
least-squares estimator enjoys several desirable statistical properties such as adaptiv-
ity and minimax optimality (up to logarithmic terms).

While this work paints a fairly complete statistical picture of the statistical seri-
ation model, it also leaves many unanswered questions. There are several logarithmic
gaps in the bounds. In the case of adaptive bounds, some logarithmic terms are
unavoidable as illustrated by Theorem 12 (for the permutation term) and also by sta-
tistical dimension consideration explained by Bellec [2015] (for the estimation term).
However, a more refined argument for the uniform bound, namely one that uses cov-
ering in fo-norm rather than ¢,.-norm, would allow us to remove the log n factor from
the estimation term in the upper bound of Corollary 9. Such an argument is provided
by Birman and Solomjak [1967|, Anuchina et al. [1979], van de Geer [1991] for the
larger class of vectors with bounded total variation [see, e.g., Mammen and van de
Geer, 1997] but we do not pursue sharp logarithmic terms in this work. For the per-
mutation term, logn in the upper bound of Corollary 8 and log! in the lower bound
of Theorem 12 do not match if [ < n. We do not seek answers to these questions in
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this chapter but note that their answers may be different for the unimodal and the
monotone case.

Perhaps the most pressing question is that of computationally efficient estima-
tors. Indeed, while statistically optimal, the least-squares estimator requires search-
ing through n! permutations, which is not realistic even for problems of moderate
size, let alone genomics applications. We gave a partial answer to this question in the
specific context of monotone columns by proposing and studying the performance of
a simple and efficient estimator called RankScore. This study reveals the existence of
a potentially intrinsic gap between the statistical performance achievable by efficient
estimators and that achievable by estimators with access to unbounded computation.
A similar gap is also observed in the SST model for pairwise comparisons by Shah
et al. [2017]. We conjecture that achieving optimal rates of estimation in the seriation
model is computationally hard in general but argue that the planted clique assump-
tion that has been successfully used to establish statistical vs. computational gaps
by Berthet and Rigollet [2013], Ma and Wu [2015], Shah et al. [2016] for example,
is not the correct primitive. Instead, one has to seek for a primitive where hardness
comes from searching through permutations rather than subsets.
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Appendix

6.A Proof of the Upper Bounds

Before proving the main theorems, we discuss two methods adopted in recent
works to bound the error of the LS estimator in shape constrained regression, in a
general setting. Consider the least-squares estimator 6 of the model y = 0"+ 2z, where
0* lies in a parameter space © and z is Gaussian noise. One way to study E||§ — 6%||2
is to use the statistical dimension |[Amelunxen et al., 2014] of a convex cone O defined

by )
B[(, s (0:2))].

This has been successfully applied to isotonic and more general shape constrained
regression by Chatterjee et al. [2015], Bellec [2015].

Another prominent approach is to express the error of the LS estimator via what
is known as Chatterjee’s variational formula, proved by Chatterjee [2014] and given
by

2
16— 67l = argmax ( sup  (9-67,2) - i) . (6.12)
>0 \9eo,|§—0*|<t 2
Note that the first term is related to the Gaussian width [see, e.g., Chandrasekaran
et al., 2012] of © defined by E[supyeg(d, 2)], whose connection to the statistical di-
mension was studied by Amelunxen et al. [2014]. The variational formula was first
proposed for convex regression by Chatterjee [2014], and later exploited in several
different settings, including matrix estimation with shape constraints by Chatterjee
et al. [2017] and unimodal regression by Chatterjee and Lafferty [2015]. Similar ideas
have appeared in other works, for example, analysis of empirical risk minimization
[Mendelson, 2015], ranking from pairwise comparison [Shah et al., 2017] and isotonic
regression [Bellec, 2015]. Bellec [2015] has used the statistical dimension approach to
prove spectacularly sharp oracle inequalities that seem to be currently out of reach for
methods based on Chatterjee’s variational formula in Eq. (6.12). On the other hand,
Chatterjee’s variational formula seems more flexible as computations of the statistical
dimension based on tools developed by Amelunxen et al. [2014] are currently limited
to convex sets © with a polyhedral structure. In this chapter, we use exclusively
Chatterjee’s variational formula.
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6.A.1 A Variational Formula for the Error of the LS Estimator

We begin the proof by stating an extension of Chatterjee’s variational formula.
While we only need this lemma to hold for a union of closed convex sets we present
a version that holds for all closed sets. The latter extension was suggested to us by
Pierre C. Bellec [2016] in a private communication.

Lemma 45. Let C be a closed subset of RY. Suppose that y = a* + z where a* € C
and z € RY. Let a € argmin,c ||y — all3 be a projection of y onto C. Define the
function f,« : Ry — R by

t2
fao-(t) = sup (a—a",2z)— —.
a€CNBi(a* t) 2
Then we have
|a — a*||a € argmax f,«(t). (6.13)
>0

Moreover, if there exists t* > 0 such that f,-(t) < 0 for allt > t*, then ||a—a*||y < t*.
Proof. By definition,

a € argmin (Ha —a*||5 —2{a—a* z) + HzHg)
acC
1
= argmax ((a —a*z)— =|la— a*H%) )
aeC 2

Together with the definition of f,«, this implies that

* 1 *
> s (fa-a'2) = Slla—a'l)
a*7t)

aeCNBY(
t2
> sup  (a—a", z) — = = fo(t).
aeCNB(a*,t) 2

Therefore Eq. (6.13) follows.
Furthermore, suppose that there is ¢* > 0 such that f,«(t) < 0 for all ¢ > ¢*. Since
for(||@ — a*||2) > fax(0) = 0, we have ||a — a*|]2 < t*. O

Note that this structural result holds for any error vector z € IR? and any closed
set C which is not necessarily convex. In particular, this extends the results by
Chatterjee [2014] and Chatterjee and Lafferty [2015] which hold for convex sets and
finite unions of convex sets respectively.

6.A.2 Proof of Theorem 10

For our purpose, we need a standard chaining bound on the supremum of a sub-
Gaussian process that holds in high probability. The interested readers can see the
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proof, for example, by van Handel [2014, Theorem 5.29], and refer to the monograph
of Ledoux and Talagrand [1991] for a more detailed account of the technique.

Lemma 46 (Chaining tail inequality). Let © C R? and z ~ subG(c?) in R®. For
any By € O, it holds that

diam(©)
sup(f — 6y, z) < CU/ V1og N(O, | - ||2, ) de + s
0cO 0

CS2

with probability at least 1 — C’exp(—m

) where C" and ¢ are positive constants.

Let A € U™. To ligthen the notation, we define two rates of estimation:

Ry = Ri(A,n) = 0<\/K(fl) log ;{TZ{L) nlog n) (6.14)
and
Ry = Ry(A,n) = o? <K(f1) log ;{TEZ) + nlog n> (6.15)

Note that Ry < R? < 2R,.

Lemma 47. Suppose Y = A*+Z where A* € R™™ and Z ~ subG(c?). For A € U™
and all t > 0, define

falt) = sup <A—/~1,Y—fl>—%.

AeMNBP™(At)

Then for any s > 0, it holds simultaneously for all t > 0 that

2

~ t
falt) < CRit +t|A" = Allp — 5 + st (6.16)

_cs?
0-2

Proof. Define © = O,(A,1) = UssolB — A B e Mn B\, 1)} (see also
Definition in Eq. (6.22)). In particular, ® C B"(0,1) and 0 € O. Since M is a finite
union of convex cones and thus is star-shaped, by scaling invariance,

with probability at least 1 — C exp( ), where C' and ¢ are positive constants.

sup (A—A Z)=t sup (B—t"YA,Z) <tsup(M,Z).
AeMNBr™(At) BeMnBrm(t=1 A1) Me®©

By Lemma 46, with probability at least 1 — C exp(—f—;),

2
sup (M, Z) < C’a/ Vieg N(O, || - ||lr,€) de + 5.
Mee 0

Moreover, it follows from Lemma 54 that

log N(©, || - ||p,e) < Ce 'K (A)log ooy nlogn.

K(A)
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Combining the previous three displays, we see that

2
sup (A—A,7Z) < C’at/ \/C’g—lK(fl) log }e{n

m
— +nlogn de + st
AeMNBrm(At) A)

+ Coty/nlogn + st

< Cat\/K 1og

= Cth + st

with probability at least 1 — C exp(—=< ) Therefore

- - 2
fa(t) = sup (A—AY —A) — —
AEMNBP™(AL) 2
. . ot
< sup (A—AZ)+ sup (A—A A" — A) — —
AeMNB™ (A t) AeMNB™ (A t) 2
t2
SCth—i‘St—'—tHA* AHF—E
with probability at least 1 — C'exp(—=< ) simultaneously for all ¢ > 0. O

We are now in a position to prove the adaptive oracle inequalities in Theorem 10.
Recall that (II, A) denotes the LS estimator defined in Eq. (6.2). Without loss of
generality, assume that I[I* = [, and Y = A* + Z.

Fix A € U™ and define f i as in Lemma 47. We can apply Lemma 45 with
a*=A z=Y —A, y=Y and a = IIA to achieve an error bound on ||[ITA — A||p,
since ITA € argminy v [|Y — M||%. To be more precise, for any s > 0 we define
t* = 3C1 Ry +2||A* — Al|p + 2s where C} is the constant in Eq (6.16). Then it follows
from Lemma 47 that with probability at least 1 — Cexp(—=< ) it holds for all ¢ > t*
that

- 2
fA(t) < ChRit + tHA* — AHF — 5 +st<0.
Therefore by Lemma 45,
ITTA — A||p < t* = 3C1Ry + 2||A* — A||p + 2s,

and thus o .
|ITTA — A*||p < C(Ry + ||A" — A||lp) + 25 (6.17)
with probability at least 1 — C exp(—f—;).
In particular, if s = Ry, then s > oyn+m as K(A) > m. We see that with
probability at least 1 — C exp(—¢ ) > ] — e—clntm)
A = A%||p S Ry + [ A" = Al
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and thus

ITIA — A*|12 < ||A* — A2 + 02K (A) log ;’EZ) +onlogn.

Finally, Eq. (6.7) follows by taking the infimum over A € 4™ on the right-hand side
and dividing both sides by nm.
Next, to prove the bound in expectation, observe that Eq. (6.17) yields

T A * . 7 cs
P[HHA — A" — C(Ry + |A* = A7) = s] < Cexp(~ ).

where R is defined in Eq. (6.15). Integrating the tail probability, we get that

o N > cs o?
BIMLA - '~ O(Re+ 14" = AR S [ expl(-55)ds = &
0

o2 c

and therefore o 3
E[IIA — A*||% S Ro + ||A* = All7.

Dividing both sides by nm and minimizing over A € U™ yields Eq. (6.8).

6.A.3 Proof of Theorem 11

In the setting of isotonic regression, Bellec and Tsybakov [2015]| derived global
bounds from adaptive bounds by a block approximation method, which also applies
to our setting. For k € [n], let

U, ={a el :Card({as,...,a,}) < k}.

Define k* = ’V(o';/lg)ag);e?z))l/ 3}. The lemma below is very similar to Lemma 2 of Bellec

and Tsybakov [2015] and their proof also extends to the unimodal case with minor
modifications. We present the result with proof for completeness.

Lemma 48. For a € U and k € [n], there exists a € Uy, such that

Vi(a)
2k

(6.18)

1 1 —afl, <
—|la — a
NG 2=

In particular, there exists a € Uy~ such that

2 2/3 52
lH& a2 < lmax ((0 V(a) log(en)) | o log(en)>.
n 4 n n
Moreover,

o2 k*

2V (a)log(en) ) 2/3 g%log(en) ) |

)
n n

log(en) < 2max ((J
Proof. Let a = min(ay,a,), @ = max;e, a; and ig € argmax;e, a;. For j € [k —1],
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consider the intervals

q :
L= o+ 2 V@ v,
k k

and I, = |a+ %V(a),a]. Also for j € [k], let J; = {i € [n] : a; € I;}. We define the
vector a € R" by a; = a+ j_Tl/QV(a) for ¢ € [n], where j is uniquely determined by
i € I;. Since a is increasing on {1,...,4} and decreasing {ip,...,n}, so is @. Thus
a € Uy. Moreover, |a; — a;| < % for i € [n], which implies Eq. (6.18).

Next we prove the latter two assertions. Since k* = ((Gé/lgag);;))l/fih if a € Uy~ and
k* =1 then

V(a)Q 2

o
<7
5 = gy loslen)

L 2
Zlla — <
~lla—al; <

and )
* 0.2

k
7 log(en) = - log(en).

On the other hand, if £* > 1, then

V(a) < 1(02‘/(@) log(en))g/g
— 4 n

and
2V (alog(en) s

log(en) < 2((7
n

]

It is straightforward to generalize the lemma to matrices. For k € [n]™, we write
k = (ki,..., k) and let

Z/lf{n = {A € um: C&I‘d({AL]‘, .. 7An,j}> = k’j for 1 S] S m}

Then K(A) =", k; for A € U*. Define k* by

b= ()"

Lemma 49. For A € U™, there exists A € U such that

1 - o _ 170*V(A)log(en)\2/3 o2
A - <= -
anA Allr = 4( n ) * 4dn log(en)
and - ) )
K(A A)l 2/3 2
o K(4) log(en) < 2(0 Vid) 0g(en)> + 27 log(en) .
nm n n

Proof. Applying Lemma 48 to columns of A, we see that there exists A€ Uy: such
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that

1 - , 1 o2V (A. ;) log(en) 21 o?
il A2 < 2 )
nHA‘J Al < j max (( o ) - 10g(en)>
and 2y ) )
i A )l
) log(en) < 2max ((U Vid.,) og(en))g/g i log(en))
n n

Summing over 1 < 7 < m, we get that

I 1 /o log en)\ 2/3 e o2 log(en)
A= Al < g () 2 VA =

4dn
1 O'QV(A) log(en) 2/3 o?
=i ) e,
and similarly
2K (A 2V (A)1 2/3 2
o K(4) log(en) < 2(0 Vi4) 0g(en)> + ilog(en)
nm n n

For A € U™, choose A € U according to Lemma 49. Then

N 2 2 .
—|A = A2 < —||A — A*||Z + —||A — A|?
— | A- A} < A- AT+ A - Al

5/0%V(A)] 2/3 5o
(0 ()ogn) 4 5o

2
< = _A*)12 e - )
< anA A%+ 1 - logn (6.19)

by noting that log(en) < 2.5logn for n > 2, and similarly

02K (A)
nm

Plugging Eq. (6.19) and Eq. (6.20) into the right-hand side of Eq. (6.7) and Eq. (6.8),
and then minimizing over A € U™, we complete the proof.

2V (A)1 2/3
log(en) < 5(%) + 5% logn . (6.20)

6.B Metric Entropy

In this section, we study various covering numbers or metric entropy related to
the parameter space of the model in Eq. (6.1). First recall some standard definitions
that date back at least to Kolmogorov and Tihomirov [1961|. An e-net of a subset

G C R" with respect to a norm || - || is a set {wy,--+ ,wy} C G such that for any
w € G, there exists ¢ € [N] for which ||w—w;|| < e. The covering number N (G, ||-||,¢)
is the cardinality of the smallest e-net with respect to the norm || - ||. Metric entropy

is defined as the logarithm of a covering number. In the following, we will consider
the Euclidean norm unless otherwise specified.
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6.B.1 Cartesian Product of Cones

Lemma 51 below bounds covering numbers of product spaces and is useful in later
proofs. We start with a well-known result on the covering number of a Euclidean ball
with respect to the {,,-norm [see, e.g., Massart, 2007, Lemma 7.14, for an analogous
result].

Lemma 50. For any ¢ € (0, 1],

€

N (B0, e =) < (€/2)"
for some constant C' > 0.

Proof. We aim at bounding the covering number of a Euclidean ball by cubes. Let
{x',..., 2™} be a maximal ﬁ—packing of B™(0,1) with respect to the {,-norm,
where a d-packing of a set G’ with respect to a norm || - || is a set {wy, -+ ,wny} C G
such that ||w; — w;|| > ¢ for all distinct 4, j € [N]. Then this set is necessarily an
—m-net of B™(0,1) by maximality, so N(B™(0,1), || - |lcc, \/Lﬁ) < M. Consider the
cubes with side length \/Lm centered at z' for 1 < ¢ < M. These cubes are disjoint
and contained in the set B™(0,1) + Q™ (), where Q™ () is the cube with side
length —= centered at the origin in R™. Since @™ (=) € B™(0,¢),

M Vol (QW%)) < Vol (B"(0,1) + Qf“(%))
< Vol(B™(0,1+¢))
< Vol(B™(0,2)).

This proves the following bound on the covering number in terms of a volume ratio:

2) _ Crmm

5 > < Vol(B™(0 (/e

V(E O I ) < Figrn))

gmm—m/Q
O

Now we study the metric entropy of a Cartesian product of convex cones. Let
{I;}1*, be a partition of [n] with |I;| = n; and ) ", n; = n. For a € IR", the
restriction of a to the coordinates in I; is denoted by a;, € R™. Let C; be a convex

cone in IR™ and C =Cy x --- X C,,.

Lemma 51. With the notation above, suppose that a;, € C; N (—=C;). Then for any
t>0 ande € (0,¢],

Ct |«
log N (C N B"(a,), || - [12:) < mlog =+ > log N (C: N B (a2). |- | 5 )
=1

for some constant C' > 0.
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Proof. Since a product of balls B (0, \/Lm) X - x B (0, \/LH) is contained in B"(0, ¢),
one could try to cover C N B"(a,t) by such products of balls. It turns out that this
yields an upper bound of order m??, which is too loose for our purpose. Fortunately,
the following argument corrects this dependency.

Without loss of generality, we assume that ¢ = 1. We construct a 3e-net of
C N B"(a,1) as follows. First, let Nz be an sum-net of B™(0,1) with respect to the
lo-norm. Define

1
No = {n e Ns min i 2 5
Note that ,uz-—f—ﬁ > 0 for u € Np, and let N,,, be a (gi+L)g_net of C;NB™ (ay,, i+

T
\/LE) Define NV, = N,,, x --- x N, i.e,

‘/\/’N = {w E IRn W = (w117'.' ’wl'm)7 wIi GN.U%}

We claim that | J . N, is an 3e-net of C N B"(a, 1).
Fix v € CNB"(a, f) Let v;, € R™ be the restriction of v to the component space

IR™. Then vy, € C;. Let A € IR™ be defined by A\; = ||u;, —ay,||2, so [|[A||2 = [[v—all2 <
1. Hence we can find p € N such that ||u— | < 7um- In particular, for all i € [m],

s =N\ < uﬁ—# and vy, € C;,
so by definition of NV,,, there exists wy, € N, such that |Jwy, — vp|ls < (1 + \/Lm)e

£

i = Ai_m > _#Fn’ so u € Np. Moreover, ||v;, —ay,

Let w = (wy,, ..., wy,,) € N,. Since

DOIED DORRICED o R
=1 =1 =1

we conclude that

DO | Ot

)

o —olf <3 (Mi + —) 2 <762,
= vm

Therefore (J,c ;) NV, is a 3e-net of C N B"(a, 1).

It remains to bound the cardinality of this net. By Lemma 50, |Np| < [Np| <
(C/e)™. Moreover, recall that NV, is a (u; + \/%)8—116'6 of C; N B (ay,, i + \/%) Since
ar, € C;N (—C;), for any t > 0, C; N B (ay,,t) = {z+ay, : x € C;NB"(0,t)}. Hence
we can choose the net so that

1 1
1= N(CnB (0,4 —=). 1 Il (1 + —=)e )
|Nuz| ( H +\/m) H ||2 (M +\/m)5
= N(Cl N Bnl(()? 1)7 ” ) H?v 5)
= N(C:nB"(ar;, 1), [ - ll2,€) -

As |N#| < Hyil |N2

U

HEND

, therefore

oy
S <g> EN(CZ mBni(aIw 1)7 || : ||275)'

Taking the logarithm completes the proof. O
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6.B.2 Unimodal Vectors and Matrices

Recall that S, denotes the closed convex cone of increasing vectors in IR". First,
we prove a result on the metric entropy of S,, intersecting with a ball using Lemma 51.

Lemma 52. Let b € R" be such that by = --- =b,. Then for anyt >0 and € > 0,
log N (S, N B (b ), | - l2,€) < C=~tlog(en).

Proof. The majority of the proof is due to Lemma 5.1 in an old version of the article
of Chatterjee and Lafferty [2015], but we improve their result by a factor \/logn and
provide the whole proof for completeness.

The bound holds trivially if € > ¢, since the left-hand side is zero. It also clearly
holds when n = 1. Hence we can assume without loss of generality that ¢ < ¢t and
n = 2n’ > 2. Moreover, assume that ¢ = 1 for simplicity and the proof will work for
any t > 0. Let [ = {1,...,n'} and observe that

log N(8, N B"(b,1), [| - [l2,€) < 2log N(Su N B (b, 1), || - ]2,/ v2) -

Let k be the smallest integer for which 2¥ > n/. We partition I into k blocks A; =
I'N[27,27%Y for j € [k] and let m; = |A;]. Since S,y C Sy, X -+ X Sy, Lemma 51
yields that

IOgN(Sn' N Bn/(bb 1)7 H : ”275/\/5)

€
3v2

We know from Chatterjee [2014, Lemma 4.20] that for any ¢ < d and n > 1,

Cvn(d—c)

€

k
c
< klog =+ Y Log N (S, N B (ba,, 1), |- |

J=1

) . (6.21)

logN<Sn A e, d]* N B (b, 1), || - ||2,g) <

For each a € §,NB"(0, 1), it holds that |a;| < % for i € I (since either |a;| > |a;| for all
I <iorla| > |a] forall i <1< n;seee.g. Daiet al [2014]), so maxeq, [a;] < 279/
Also mj < 27, so we get that

5
lo N(Smﬂij ba 1), |- —) <
S CESOR N
for all j € [k]. Substituting this bound into Eq. (6.21) and noting that & < log, n, we
reach the conclusion

¢
£

log N(Sw N B™ (by, 1), ]| - ||2,6/v2) < Ce™ log(en).
O

Next, we study the metric entropy of the set of matrices with unimodal columns.
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Recall that C; ={a € R":a1 <--- <a}N{a€R":aq, > - >a,} for | € [n]. For
1= (l1,...,ln) € [n]™, define C[* = C;, X -+ x (. Moreover, for A € R™™, t >0
and C C R™™™, define

Oc(A,t) = | J{B—AA: BeCNB"™(\A,1)} (6.22)
- L_J (c N B™(\A, t) — )\A).
A>0

Note that in particular ©¢(A,t) C B"™(0,t).
Lemma 53. Given A € R"™ andl = (ly,...,l,) € [n]™, define K(A)=>_7", k(A ;)
and k(A. ;) = Card({A1,...,An;}). Then for anyt >0 and e > 0,

K(A)

log N (©cm (A, 1), || - lr.e) < Ce 't K(A)log

Proof. Assume that ¢ < t since otherwise the left-hand side is zero and the bound
holds trivially. For j € [m], define I’'! = [I;] and [?* = [n]\[l;]. Define k;1 = k(Ap1 ;)
and kjo = k(Ap.z ;). Let sc =3 """ (kj1+kj2) and observe that K (A) < sc < 2K(A).
Moreover, let {I7', ... ,I,Z;,ll} be the partition of I/! such that Ay is a constant
vector for i € [k;,]. Note that elements of I" need not to be consecutive. Define the
partition for 172 analogously.

For j € [m]| and i € [k;1] (vesp. [kj2]), let Slzj,l’j (resp. Slg’Q,j) denote the set of

. ',2
increasing (resp. decreasing) vectors in the component space R'? ' (resp. RN,
Lemma 52 implies that

log N(SIZ?"T,j N Buim‘(AIg’r,jat)a I 1lpe) < Ce™lt log(ellf”y).

As a matrix in IR™*™ can be viewed as a concatenation of s = > 7" (k1 + kj2)
vectors of length |[I77|,7 € [2],7 € [m], we define the cone S* in R™™ by S* =
[T, | Hf;{ Slij,w-’j, which is clearly a superset of C/”. It also follows that A €
S* N (=8*), and thus by Lemma 51 and the previous display,

m 2 kj,r

Ct ;
“ABY(A ), | - < slog — “tlog(el )"
log N(S" N B (A1), || |lr,e) < selog —+ 3 > > Cetlog(el1}"])

=1 =1 i=1

e o ].j’T

< Ce s+ Ce 't sxlog M
P

enm

S CE_lt K(A) lOg m,

where we used the concavity of the logarithm and Jensen’s inequality in the second
step, and that K(A) < s <2K(A) in the last step.
Since A € §*N(—S8") (the cone §* is pointed at A) we have that S*NB"™(A\A, t) —
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AA =8N B"(0,t) for any A > 0. In view of Definition in Eq. (6.22), it holds

Os:(A, 1) = | S NB™AA L) — AA = S* NB™(AA 1) = AA, YA>0.

A>0

In particular, taking A\ = 1, we get Og-(A,t) = S* N B"(A,t) — A. Moreover,
Cl" C 8%, so that O¢m(A,t) C Os:(A,t) = §* N B"(A,t) — A. Thus the metric
entropy of O¢m (A, t) is subject to the above bound as well. O

Finally, we consider the metric entropy of ©p(A,t) for A € R™™ t > 0 and
M = e, IIU™. The above analysis culminates in the following lemma which we
use to prove the main upper bounds.

Lemma 54. Let A € R™™ and K(A) be defined as in the previous lemma. Then
foranye >0 andt > 0,

enm

log N(Om(A, 1), || - ||r,e) < Ce't K(A)log K(A)

+ nlogn.

Proof. Assume that ¢ < t since otherwise the left-hand side is zero and the bound
holds trivially. Note that U™ = Ule[n]m Cl", and that M = (Jyg, HU™. Thus M
is the union of n™n! cones of the form IIC]". By Definition in Eq. (6.22), O (A, 1)
is also the union of n™n! sets @Hclm(A, t), each having metric entropy subject to the
bound in Lemma 53. Therefore, a union bound implies that

log N (O14(A, 1), ]| - 1<) < log N (6 (A, 1), | I, ) + log(n™n)
< 1 enm
< Ce tK(A)log K(A)
enm

K(A)

+ mlogn + nlogn

< Ce 't K(A)log

+ nlogn,

where the last step follows from that K log(enm/K) > mlogn for m < K < nm and
that ¢ <. N

6.C Proof of the Lower Bounds

For minimax lower bounds, we consider the model Y = II*A* + Z where entries
of Z are i.i.d. N(0,0%). The Varshamov-Gilbert lemma [Massart, 2007, Lemma 4.7]
is a standard tool for proving lower bounds.

Lemma 55 (Varshamov-Gilbert). Let § denote the Hamming distance on {0, 1}¢
where d > 2. Then there exists a subset @ C {0,1}? such that log|Q| > d/8 and
d(w,w") > d/4 for distinct w,w" € Q.

We also need the following useful lemma.
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Lemma 56. Consider the model y = 0 + z where § € © C R* and z ~ N(0,0%1,).
Suppose that |©| > 3 and for distinct 0,6 € ©, 4¢ < || — ¢'||3 < %Qlog|@| where
¢ > 0. Then there exists ¢ > 0 such that

ir}fsupIPg[Hé — 0z > 9] >c
0 6€o

Proof. Let IPy denote the probability with respect to #+z. Then the Kullback-Leibler
divergence between Py and Py satisfies that

10 —6"ll% _ log|©] _ log(|©] — 1)

KL(Po. Po) = o <7 g == 10

since |©| > 3. Applying [Tsybakov, 2009, Theorem 2.5 with a@ = 1= gives the
conclusion. O

6.C.1 Proof of Theorem 12

We define U2 (Vo) = Uze, NU™ (Vo) and Mk, (Vo) = Upes, TUR, (Vo). Define the
subset of M, (Vp) containing permutations of monotonic matrices by M% (Vo) =
{lTA € Mg, (Vo) : IT € &,,A € S™}. Since each estimator pair (H A) gives an
estimator M = ITA of M = IIA, it suffices to prove a lower bound on ||M — M|%. In
fact, we prove a stronger lower bound than the one in Theorem 12.

Proposition 21. Suppose that Ky < 7”rL(16’"b)1/3V2/3 m. Then

1~ K,
inf  sup Py [—HM — M| > co®—2
M MeMg, (Vo) nm
2

+c max min (U— log 1, m21_3V02>] > (6.23)
1<I<min(Ko—m,m)+1 m

for some ¢,c > 0, where Py is the probability with respect to Y = M + Z. This

bound remains valid for the parameter subset M%, (Vo) if L =1 or 2.

Note that the bound clearly holds for the larger parameter space M g, =|Jpce HUR, -
By taking [ = min(Ky — m, m) + 1 and Vj large enough, we see that the assumption
in Proposition 21 is satisfied and the second term becomes simply %2 logl, so The-
orem 12 follows. In the monotonic case, by the last statement of the proposition,
if Ko > m + 1 then taking [ = 2 and V{ large enough yields a lower bound of rate
o?(£e 4 L) for the set of matrices A with increasing columns and K (A) < K.

The proof of Proposition 21 has two parts which correspond to the two terms
respectively. First, the term 025—% is derived from the proof of lower bounds for
isotonic regression by Bellec and Tsybakov [2015]. Then we derive the other term

"—nj log! for any 1 <[ < min(Ky—m,m)+1, which is due to the unknown permutation.
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Lemma 57. Suppose that K, < m(lG”)1/3V2/3 m. For some c¢,c >0,

inf  sup ]PM[HM - M|% > 00'2K0] >c,
M MGM}S{O(VU)

where Py is the probability with respect to Y = M + Z.

Proof. We adapt the proof of Bellec and Tsybakov [2015, Theorem 4] to the case of
matrices. Let V; =V} for all j € [m]. Since

Ko< m(S) PV —m =3[y

o

we can choose k; € [n] so that k; < ({f—;l)lﬁvf/?’ and Ko = 37", kj. According to
Lemma 55, there exists Q C {0, 1} such that log || > K;/8 and §(w,w’) > K,/4
for distinct w,w’ € Q. Consider the partition [Ky] = U/, _,I; with |I;| = k;. For
each w € Q, let w/ € {0,1}% be the restriction of w to coordinates in I;. Define
M¥ € R™™ by
i —1)k;/n|V;
gy = 1 Z)kj/ T

where v; = ¢+/k;j/2n. It is straightforward to check that k(M. ;) < k;, V(M. ;) <'V;
and M. ; is increasing, so M is in the parameter space. Moreover, for distinct w, w’ €

Q

M — M |2 > CZ% 25(u, (W)7) = 0?3 8(u, (W)) = co®Ko.
j=1 ‘

On the other hand,

' 2 2f o2
MY — M <2§ 25 i (W) < = 70
I I (@, (@Y) = &

Applying Lemma 56 completes the proof. n

For the second term in Eq. (6.23), we first note that the bound is trivial for [ =1
since log! = 0. The next lemma deals with the case [ = 2.

Lemma 58. There exist constants ¢, > 0 such that for any Ko > m+1 and Vi > 0,
inf  sup Py |||M — M||% > enmin (02,m3V02)] >,
M MEM}S(O(V())

where Py is the probability with respect to Y = M + Z.

Proof. By Lemma 55, there exists  C {0, 1}" such that log |Q2] > n/8 and é(w,w’) >
n/4 for distinct w,w’ € Q. For each w € Q, define M* € R™™™ by setting the first

column of M“ to be aw and all other entries to be zero, where v = min ( m?/ 2VO)
Then
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1. M e M3, (Vo) since K(M) =m+1 < Ko, V(M) < V; and we can permutate
the rows of M* so that its first column is increasing;

2. |M* = M*||% > min(Z, m3V2) 6(w,w’) > min(2Z, 2m3V2) for distinct w, W’ €

64 2567 4
Q;
3. ||M¥ — M¥||2 < g—i5(w,w’) < ‘g—zn < %log|Q| for w,w" € Q.
Applying Lemma 56 completes the proof. n

For the previous two lemmas, we have only used matrices with increasing columns.
However, to achieve the second term in Eq. (6.23) for [ > 3, we need matrices with
unimodal columns. The following packing lemma is the key.

Lemma 59. Forl € [m], consider the set M of n X m matrices of the form

)1 for exactly one j; € [l] for each i € [n],
|0 otherwise.

For e > 0, define k = LgT”J Then there exists an ev/n-packing P of MM such that
|P| > 1" F (LY if k> 1 and |P| = 1" if k = 0.

en

Proof. There are [ choices of entries to put the one in each row of M, so || = ™.
Fix My € M. If |M — Mo||r < ey/n where M € O, then M differs from M, in at
most k rows. If k£ = 0, taking P = 91 gives the result. If £ > 1 then

9N B (M, ev/m)| < (Z)zk < (%)’“zk.

Moreover, let P be a maximal ey/n-packing of 9. Then P is also an ey/n-net, so
M C Upgyep B (Mo, ey/n). 1t follows that

en
=) < ST [0 BT (Mg, ev/n)| < [P (?)’“zk.
Moy€eP
We conclude that [P| > (" F(L)k, O

For notational simplicity, we now consider 2 < [ < min(Ky — m,m) instead of
3 <1 <min(Ky—m,m)+ 1.

Lemma 60. There exist constants ¢,¢ > 0 such that for any Ky > m, Vo > 0 and
2 <! < min(Ky—m,m),

inf sup Py [||M — M| > cnmin (0®log(l + 1), m*(1 + 1)_3‘/02)] >,
M MeMp, (Vo)

where Py is the probability with respect to Y = M + Z.

Proof. Set € = 1/2 and let P be the \/n/2-packing given by Lemma 59. If k = [¢]
1

0, then log |P| = nlogl. Now assume that k > 1. Since (Z-)* is decreasing on [1,n],
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we have that |P| > {™/8(L)"/8. Hence for | > 2,

log|P| > logl — “log(se) >

3 3 1 log!. (6.24)

Moreover, for each My € P, consider the rescaled matrix

log /
M= min <8 2’<z)32V°>M°

1. We can permute the rows of Mj so that each column has consecutive ones (or
all zeros), so M € M. Moreover,

K(M)=2l+m—1<min(m, Ko —m)+m < K
and
1
m
so M € My, (Vp) for My € P.
2. For My, M}, € P, || My — M}||% > n/4, so
o%logl

128
2

o 3
> min (Enlogl 4( ] ) V02> :

1M = a3 = min (T2, (m/0VE) 1M — M

3. For My, M} € P, || My — Mj||% < 2||My||% + 2||M{||% < 4n, so by Eq. (6.24),

2

D nlogl < §10g|73|

o%logl
128

1M = M5 < 1Mo — Mgl <

Since logl > %log(l + 1) for [ > 2, applying Lemma 56 completes the proof. O

Combining Lemma 57, 58 and 60, and dividing the bound by nm, we get Eq. (6.23)
because the max of two terms is lower bounded by a half of their sum. The last
statement in Proposition 21 holds since Lemma 57 and 58 are proved for matrices
with increasing columns.

6.C.2 Proof of Theorem 13

The proof will only use Lemma 57 and 58, so the lower bound of rate (%)2/ 3+
%2 +min(”—nj, m2V$) holds even if the matrices are required to have increasing columns.
The last term min(%, m?Vg) is achieved by Lemma 58, so we focus on the trade-
off between the first two terms. Suppose that (15—2”)1/ 3V02/ ® > 3, in which case the first
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term (2Y2)2/3 dominates the second term. Then m(lG")1/3V2/3 m > 2m. Setting
].671 1/3 2/3
Ko = [m(—3) "V = m],

o

we see that Ko > |2 (16”)1/3V2/3J Lemma 57 can be applied with this choice of K.
Then the term co®%2 is lower bounded by ¢(ZX0)2/3,

On the other hand7 if (L)Y 3V2/% < 3, then the second term < dominates the
first up to a constant. To deduce a lower bound of this rate, we apply Lemma 55 to
get 2 C {0,1}™ such that log|Q] > m/8 and §(w,w’) > m/4 for distinct w,w’ € Q.
For each w € Q, define M¥ € IR™™ by setting every row of M“ equal to <Z-w'

8v/n
Then
1. MY eU™(Vy) since V(M)

2. | M2 = M¥|[} = Fo(w,w) > co®
3. M2 — MY} = Fo(w,w) < ”—i = 10g|Q|
Hence Lemma 56 implies a lower bound on —- —L||M — M]||% of rate % = ‘;—2

6.D Matrices with Increasing Columns

For the model Y = IT*A* + Z where A* € 8™ and Z ~ subG(0?), a computation-
ally efficient estimator (1:[, fl) has been constructed in Section 6.4 using the RankScore
procedure. We will bound its rate of estimation in this section. Recall that the defi-
nition of (II, A) consists of two steps. First, we recover an order (or a ranking) of the
rows of Y, which leads to an estimator II of the permutation. Then define A € 8™
so that ITA is the projection of Y onto the convex cone IIS™. For the analysis of
the algorithm, we deal with the projection step first, and then turn to learning the
permutation.

6.D.1 Projection

In fact, for any estimator II, if A is defined as above by the projection correspond-
ing to II, then the error ||TTA — I1*A*||% can be split into two parts: the permutation
error ||(IT — IT*) A*||% and the estimation error of order O(c?K (A*)).

The proof of the following oracle inequality is very similar to that of Theorem 10,
so we will sketch the proof without providing all the details.

Lemma 61. Consider the model Y = II*A* + Z where A* € 8™ and Z ~ subG(c?).
For any Il € G,,, define A € 8™ so that 1A is the projection of Y onto IIS™. Then
with probability at least 1 — e~ c(+m)

enm

K(A)

I0A - A3 < min (114 = A*JfF + 02K (A)log == ) + (T — 1) A"
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Proof. Assume without loss of generality that IT* = [,,. Let A € 8™ and define

- - +2
fiaa(t) = sup (M —TIA)Y —TTA) — —.
MeTlSmNBr™ (T1A,t) 2
Since 8™ = (" with 1= (n,...,n), by Lemma 53,
_ enm
log N (O5m (A, ), || - ||r.e) < Ce™'t K(A)log K(A)

Using the proof of Lemma 47, we see that

2

enm ~ t
+t||TTA — A*||p — 7t st

K(A)

Fra(t) < Oat\/K(A) log

with probability at least 1 —C exp(—%z). Then the proof of Theorem 10 implies that

with probability at least 1 — e=¢(*+™)
T A * enm ~ .
ITIA — A*||% S 0*K(A)log ooy A-A 1%
enm i - )
< 0%K(A)log RO |A — A%||2 + ||TTA* — A% .
Minimizing over A € 8™ yields the desired result. =

The idea of splitting the error into two terms as in Lemma 61 has appeared in
previous works by Shah et al. [2017], Chatterjee and Mukherjee [2016].

6.D.2 Permutation

By virtue of Lemma 61, it remains to control the permutation error | TTA* —T1* A*||%
where IT is given by the RankScore procedure defined in Section 6.4. Recall that for
i,i" € [n],

. 1
_ Ai,j) \V —

Vin &

and Ay (i,i") is defined analogously. Since columns o

NE

A (i,1") = max(A}

.
jem]> "

(Aiy = Aiy)

<
Il

—

A* are increasing,

[An- (i )| = 147, — A7 lloo V — Al (6.25)

1
— || A%
=4,
Recall that the RankScore procedure is defined as follows. First, for i € [n], we
associate with the ¢-th row of Y a score s; defined by

n

si=» WAy (i) > 2r) (6.26)

=1
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for the threshold 7 := 30+/log(nmd—1) where 0 is the probability of failure. Then we
order the rows of Y so that the scores are increasing with ties broken arbitrarily.

This is equivalent to requiring that the corresponding permutation 7 : [n] — [n]
satisfies that if s; < sy then (i) < #~'('). Define II to be the n x n permutation
matrix corresponding to 7 so that ﬁ,}(i),i = 1 for i € [n] and all other entries of II are
zero. Moreover, let 7* : [n] — [n] be the permutation corresponding to IT*.

To control the permutation error, we first state a lemma which asserts that if the
gap between two rows of A* is sufficiently large, then the permutation defined above
will recover their relative order with high probability.

Lemma 62. There is an event £ of probability at least 1 — 0 on which the following
holds. For any i,i' € [n], if Aa<(i,7') > 47, then 7 om* (i) < 71 o w*(i').

Proof. Since Z ~ subG(c?), Z; ; and \/L% >_jo1 Zij are sub-Gaussian random variables
with variance proxy 2. A standard union bound yields that

max 7 ‘ ) 7 = 30+/log(nmd—1
(,max 12l m \Fz g(nms )

on an event £ of probability at least 1 — 2(nm + n) exp(— 202) >1-9.
In the sequel, we make statements that are valid on the event £. Since Y«); =
A} + Zij, by the triangle inequality,

Ay (7 (1), 7 (")) — A (i, 4] < 2. (6.27)

Suppose that A 4« (4,7) >47. We claim that sy < sz« If Ay (7*(1), 7*(2)) > 27, for
[ € [n], then Au+(l,7) > 0 by Eq. (6.27). Since A* has increasing columns, A 4«(1,3") >
47. Again by Eq. (6.27), Ay (7*(1),7*(i")) > 27. By definition in Eq. (6.26), we see
that s« < Spe@r). Moreover, Ay«(i,4') > 47 so Ay (7*(i),7*(i")) > 27. Therefore
Sa+(i) < Sq+(r). According to the construction of @, 7~ o 7*(i) < 71 o w* (7). O

Next, recall that for a matrix A € 8™, J denotes the set of pairs of indices
(4,7) € [n]* such that A;. and A;. are not identical. The quantity R(A) is defined by

L 14, — A |2 m|lA. — A2
R(A) = — max Z < ; J, 22 A 7 J 22> ‘
" I|ZC|[£1L2 (4,5)€EINT [Ai — Aj. 5% |Ai. — A; ||

For any nonzero vector u € R"™, ||ul|3/||u|?, > 1 with equality achieved when ||ullo =
1, and |lul|3/[|u||? > m~! with equality achieved when all entries of u are the same.

[lul3

Hence R(A) > 1. Moreover, |jul|3 < |Jull1]ju/l« by Holder’s inequality, so e A

mul3
[[ull?

is achieved by v = (1,...,1,0,...,0) where the first \/m entries are equal to one.
Therefore,
R(A) € [1,v/m].
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Intuitively, the quantity R(A) is small if the difference of any two rows of A is either
very sparse or very dense.

Lemma 63. There is an event £ of probability at least 1 — 0 on which
ITA* — IT* A*||% < 02R(A*) nlog(nmd™?).

Proof. Throughout the proof, we restrict ourselves to the event £ defined in Lemma, 62.
To simplify the notation, we define «o; = A;_loﬁ*(i) .— A} . Then

A" — AR = ) A%, — Al =D ail3, (6.28)
i=1 i€l

where [ is the set of indices ¢ for which «; is nonzero. For each ¢ € I,

15 = i (Ll ey e ey
o3 = min (4 5, ) - mass (el

lewill5 ~ mlv]l3

— : . (i ~—1 £/ )2
_mm(Hango, A ) Ay (i, 7 om(i)) (6.29)

by Eq. (6.25).

Next, we proceed to showing that |Au«(i,v(i))] < 47 for any ¢ € [n], where
v =7 lor*. To that end, note that if A «(i,v(i)) > 47, in which case A «(i,4") > 471
forall i/ € I' := {¢' € [n] : ¢ > v(i)}, then it follows from Lemma 62 that on &,
v(i) <wv(i'), Yie I'. Note that |[v(I")| = |I'| = n—v(i)+1. Hence v(i) < v(i’), Vi€
I’ implies that v(i) < n—|v(I')| = v(i) — 1, which is a contradiction. Therefore, there
does not exist such i € [n] on €. The case where Ay-(i,v(i)) < —47 is treated in a
symmetric manner.

Combining this bound with Eq. (6.28) and Eq. (6.29), we conclude that

112 12
||HA* o H*A*H%‘ SJ Zmln( ||al||22 7m||a1!2> . ,7-2
20 g2, Tal?

< o*R(A*)nlog(nmd ).

by the definitions of R(A*) and 7. O

6.D.3 Proof of Theorem 14

The bound is an immediate consequence of Lemma 61 and Lemma 63 with § =
(nm)~¢ for C' > 0.

6.E  Upper bounds in a Trivial Case

In Theorem 13, we have observed the term "—nj/\m2V(A)2, whereas the LS estimator
only has %2 logn in the upper bounds. The next proposition shows that in the case
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m?V(A)? < %, we can simply use an averaging estimator that achieves the term

m2V (A)2.

Proposition 22. For Y = [I*A* + Z where Z ~ subG(o?), let Il =1, and A be
defined by A;; = L5370 Yy for all (i, ) € [n] x [m]. Then,

1 A 2
—|TA =T A% S T + m?V(A)?
nm n
with probability at least 1 — exp(—m) and
1 T A x Ak (|2 02 2 2
—E|TTA - IT"A* |7 S — + m*V(A)~.
nm n

Proof. Recall that V(A) = (L > i V;(A)%3)3/2. Since the fy-norm of a vector is no
larger than the E%—norm,

On the other hand,

so we have that
ITTA — 11 A%| 3,

I, | 1o L \2
= 30 (Gt i~ )

i€[n],j€[m]
Lo e 4 )2, 2 - 2
<2 >, (ﬁZAk,j_Ai,j> T ) <ZZ’W'>
iclnljelm] = k=1 ieln].jelm] k=1
2 . 2
cu Y vl Y ()
j€[m] j€lm] k=1
< 2nm*V(A)? + 2 95,
j€[m]
where g; = \/Lﬁzzzl Zy; for j € [m] so that g1,..., g, are centered sub-Gaussian

variables with variance proxy o2. It is well-known that Eg?- < 02, s0

E|IIA — IT*A*||2 < nm?V (A)? 4+ mo?.

Moreover, since (g1, . . . , gm) is a sub-Gaussian vector with variance proxy o2, it follows
from Hsu et al. [2012, Theorem 2.1| that Z;nzl g]2~ < o?m with probability at least
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1 —exp(—m). On this event,
|TA — IT* A*||2 < nm?V(A)? 4+ mo?.

Dividing the previous two displays by nm completes the proof. O

6.F Unimodal Regression

If the permutation in the main model in Eq. (6.1) is known, then the estimation
problem simply becomes a concatenation of m unimodal regressions. In fact, our
proofs imply new oracle inequalities for unimodal regression. Recall that ¢/ denotes
the cone of unimodal vectors in IR". Suppose that we observe

y=0"+z,

where 0" € R" and 2 is a sub-Gaussian vector with variance proxy o%. Define the LS
estimator 6 by )
0 € argmin ||6 — y||3.
=

Moreover let k() = Card({61,...,0,}) and V(0) = max;c[n) §; — min,cp, 0;.

(e}

Corollary 10. There exists a constant ¢ > 0 such that with probability at least 1—n~%,
a>1,

1,4 5 A k(0) en logn
214 _ g2 < Log  pep2 2 RV) _) 2
—6 — ") Nglegl<n\|9 I +o*= log ) + oot (6.30)
md 1 2V/(6) log -\ 2/3 1
~ 16— 67113 < min [ 16 — 6713 + (M) | + 00222
n ocU Ln n n

The corresponding bounds in expectation also hold.

Proof. The proof closely follows that of Theorem 10 and Theorem 11.

First note that the term nlogn in the bound of Lemma 54 comes from a union
bound applied to the set of permutations, so it is not present if we consider only the
set of unimodal matrices U™ instead of M. Hence taking m = 1 in the lemma yields
that en

log N (6y(0,1), || - [|l2,€) < Ce 't k(D) log Pk

For 0 € U, define

fit)= sup (0—-0,y—0)— .

feUnB”(,t)

Following the proof of Lemma 47 and using the above metric entropy bound, we see
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that

£(t) < Cot. [5(0)log 2 + 1| — [l — & + st
n 0— - - -
g > gk(ﬁ) 2 5

with probability at least 1 — C' exp(—i;). Then the proof of Theorem 10 gives that

C
o

¥

with probability at least 1 — Cexp(—%%),

~ ~ en ~
- * < e - * .
16 — 6% < c(g [k(8) log ik 16— 6 HQ) +2s

Taking s = C'ov/alogn for a« > 1 and C sufficiently large, we get that with probability

at least 1 — n™¢,

16— 6712 < o2k (8) log% 116 — 0|2 + ao?logn.

Minimizing over 6 € U yields Eq. (6.30). The corresponding bound in expectation
follows from integrating the tail probability as in the proof of Theorem 10.

Finally, we can apply the proof of Theorem 11 with m = 1 to achieve the global
bound. O

Note that the bounds in Corollary 10 match the minimax lower bounds for iso-
tonic regression of Bellec and Tsybakov [2015] up to logarithmic factors. Since every
monotonic vector is unimodal, lower bounds for isotonic regression automatically hold
for unimodal regression. Therefore, we have proved that the LS estimator is minimax
optimal up to logarithmic factors for unimodal regression.

A result similar to Eq. (6.30) was obtained by Bellec [2015] in its revision that
was prepared independently and contemporaneously to this chapter. Chatterjee and
Lafferty [2015] also improved their bounds to having optimal exponents after the first
version of our current paper was posted. Interestingly Bellec [2015] employs bounds
on the statistical dimension by leveraging results from Amelunxen et al. [2014], and
Chatterjee and Lafferty [2015] use both the variational formula and the statistical
dimension. Moreover, their results are presented in the well-specified case where
0" €U and 6 = 6*.
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Chapter 7

Conclusion and Future Work

7.1 Summary of the Thesis

In this thesis, we focused on some problems specific to optimization of quadratic
functions and their applications to machine learning.

In our first contribution we provided a unified framework for minimizing non-
strongly convex quadratic functions, both with noiseless and noisy gradients. It en-
compassed averaged gradient descent, accelerated gradient descent and the heavy ball
method. They were jointly analyzed as constant parameter second-order difference
equation algorithms, where stability of the system was equivalent to convergence at
rate O(1/n?). This suggested a new class of algorithms that could profit at the same
time from the known enhancements of averaging and acceleration: faster forgetting
the initial conditions (for acceleration), and improved robustness to noise when the
noise covariance was proportional to the Hessian (for averaging).

In our second main contribution, we continued this pursuit and showed that
stochastic averaged accelerated gradient descent was robust to structured noise in
the gradients present in least-squares regression. Consequently we proposed the first
algorithm that achieved simultaneously 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(c%d/n).
Furthermore we also provided an analysis adapted to finer assumptions such as fast
decays of the covariance matrices or optimal predictors with large norms leading to
dimension-free quantities that may still be small in some distances while the “optimal”
terms above were large.

In our third main contribution we extended the problem studied beforehand to
composite settings where the objective function is composed of the expectation of
quadratic functions and an arbitrary convex function. We showed that stochastic
dual averaging algorithm with a constant step-size achieved a convergence rate of
O(1/n) for stochastic composite objectives, without strong convexity assumptions.
Accordingly we widened the previous results on least-squares regression of Bach and
Moulines [2013] to all convex regularizers and all geometries which may be represented
by a Bregman divergence.
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In our fourth main contribution we considered the problem of clustering high-
dimensional data by finding a low-dimensional projection of the data which was well-
clustered. We related this formulation to the discriminative clustering framework
with the square loss for which we proposed a novel sparse extension and provided
the first theoretical analysis. We also proposed a new efficient algorithm with an
improved linear complexity in the number of observations and a natural extension to
the multi-label scenario.

In our final contribution we considered the seriation problem which consists in
permuting the rows of an observed matrix in such way that all its columns have
the same shape. When the matrix was observed with additional random noise, we
analyzed the minimax rates of estimation and we also designed a computationally
efficient estimator in case the columns of the initial matrix were monotone increasing.
A theoretical and experimental studies of this estimator were also provided.

7.2 Perspectives

Our work has triggered a few questions, which are still open.

1. Our current analysis of algorithms presented in Chapter 2 and Chapter 3 is only
provided for additive noise, e.g., for least-squares regression, with knowledge of
the population covariance matrix. This drawback raises two different issues: (a)
common applications use the stochastic oracle with a multiplicative noise, (b)
the stochastic oracle with additive noise has a computational complexity O(d?)
(for multiplying the Hessian and the iterate). Thus the total running-time com-
plexity is O(c2d®/n) which is comparable to the one obtained by minimizing the
empirical risk with the conjugate gradient. Nevertheless Jain et al. [2017] have
recently provided a lower-bound which prevents from directly extending our
results to least-squares regression with multiplicative noise without assuming
extra assumptions. This will lead to future work.

2. Algorithms studied in Chapter 2, Chapter 3 and Chapter 4 only work with
quadratic functions. In fact, these constant step-size stochastic algorithms are
not converging for general smooth objectives. However each of these methods
may be extended to non-quadratic functions through online Newton algorithm
[Bach and Moulines, 2013] which iteratively solves quadratic approximations of
the smooth problems with the algorithm to achieve the same rate O(1/n).

3. Research on connections between discrete and continuous dynamics has recently
gained interest in the optimization community. For the moment it enables to
have a deeper intuition on accelerated gradient descent by drawing links be-
tween the proofs of convergence of the discrete and continuous dynamics. One
of the strength of continuous dynamics is that their corresponding Lyapunov
functions are significantly easier to design. This advantage can be leveraged
to provide Lyapunov functions for discrete dynamics by discretizing the one
corresponding to the continuous dynamic. Therefore further investigating these
connections may yield to systematic proofs of convergence of optimization algo-
rithms. This may be used to prove the convergence of online Newton algorithm
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[Bach and Moulines, 2013| by considering its connection with continuous dy-
namics studied by Alvarez et al. [2002], Attouch et al. [2016b]. On the other
hand an extension to stochastic approximation and corresponding stochastic
differential equations would provide great insights by studying and discretizing
the resulting diffusions.

. While stochastic gradient descent is broadly used by practitioners and inten-
sively studied by theoreticians, the choice of its step-size remains heuristic.
Yet its performance depends highly on how the step-size is tuned and decreased
over time. For quadratic functions, we studied the behavior of constant step-size
which is easy to calibrate. However for general convex functions the stochastic
gradient descent with constant step-size is not converging and the choice of its
decrease remains challenging. Thus parameter-free methods are very popular
[see, e.g., Kingma and Ba, 2015| and deserve further investigations.

. Designing better stochastic algorithms for non-convex optimization is also very
challenging. It could take several forms to avoid saddle-points and insure con-
vergence to local minima: (a) by exploiting second order information (b) by
adding Gaussian noise to the gradient estimate in stochastic gradient descent
as in Langevin algorithms [Dalalyan, 2014, Durmus and Moulines, 2017, Durmus
et al., 2016].

. We have only provided a computationally efficient estimator for statistical se-
riation in the simple case of matrix with monotonic columns. We conjectured
that achieving optimal rates of estimation in the seriation model is computation-
ally hard in general. However we could also investigate approximate message
passing [Donoho et al., 2009, Mézard and Montanari, 2009|, and auto-encoder
[Hazan and Ma, 2016| techniques which might efficiently solved this problem.
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Résumé

De multiples problemes en apprentissage automatique
consistent a minimiser une fonction lisse sur un espace
euclidien. Pour I'apprentissage supervisé, cela inclut les
régressions par moindres carrés et logistique. Si les pro-
blemes de petite taille sont résolus efficacement avec de
nombreux algorithmes d’optimisation, les problemes de
grande échelle nécessitent en revanche des méthodes
du premier ordre issues de la descente de gradient.

Dans ce manuscrit, nous considérons le cas particulier
de la perte quadratique. Dans une premiére partie, nous
nous proposons de la minimiser grace a un oracle sto-
chastique. Dans une seconde partie, nous considérons
deux de ses applications a I'apprentissage automatique :
au partitionnement de données et a I'estimation sous
contrainte de forme.

La premiére contribution est un cadre unifié pour
I'optimisation de fonctions quadratiques non-fortement
convexes. Celui-ci comprend la descente de gradient ac-
célérée et la descente de gradient moyennée. Ce nou-
veau cadre suggére un algorithme alternatif qui combine
les aspects positifs du moyennage et de I'accélération.

La deuxiéme contribution est d’obtenir le taux optimal
d’erreur de prédiction pour la régression par moindres
carrés en fonction de la dépendance au bruit du pro-
bléme et a I'oubli des conditions initiales. Notre nouvel
algorithme est issu de la descente de gradient accélérée
et moyennée.

La troisiéme contribution traite de la minimisation de
fonctions composites, somme de I'espérance de fonc-
tions quadratiques et d’'une régularisation convexe. Nous
étendons les résultats existants pour les moindres car-
rés a toute régularisation et aux différentes géométries
induites par une divergence de Bregman.

Dans une quatrieme contribution, nous considérons le
probléme du partitionnement discriminatif. Nous propo-
sons sa premiere analyse théorique, une extension par-
cimonieuse, son extension au cas multi-labels et un nou-
vel algorithme ayant une meilleure complexité que les
méthodes existantes.

La derniere contribution de cette thése considere le pro-
bléme de la sériation. Nous adoptons une approche sta-
tistique ou la matrice est observée avec du bruit et nous
étudions les taux d’estimation minimax. Nous proposons
aussi un estimateur computationellement efficace.

Mots Clés

Optimisation convexe, accélération, moyennage, gra-
dient stochastique, régression par moindres carrés,
approximation stochastique, algorithme dual moyenné,
descente miroire, partitionnement discriminatif, relaxa-
tion convexe, parcimonie, sériation statistique, appren-
tissage de permutation, estimation minimax, contraintes
de forme.

Abstract

Many problems in machine learning are naturally cast
as the minimization of a smooth function defined on a
Euclidean space. For supervised learning, this includes
least-squares regression and logistic regression. While
small problems are efficiently solved by classical opti-
mization algorithms, large-scale problems are typically
solved with first-order techniques based on gradient de-
scent.

In this manuscript, we consider the particular case of
the quadratic loss. In the first part, we are interested
in its minimization when its gradients are only accessi-
ble through a stochastic oracle. In the second part, we
consider two applications of the quadratic loss in ma-
chine learning: clustering and estimation with shape con-
straints.

In the first main contribution, we provided a unified frame-
work for optimizing non-strongly convex quadratic func-
tions, which encompasses accelerated gradient descent
and averaged gradient descent. This new framework
suggests an alternative algorithm that exhibits the pos-
itive behavior of both averaging and acceleration.

The second main contribution aims at obtaining the op-
timal prediction error rates for least-squares regression,
both in terms of dependence on the noise of the problem
and of forgetting the initial conditions. Our new algorithm
rests upon averaged accelerated gradient descent.

The third main contribution deals with minimization of
composite objective functions composed of the expec-
tation of quadratic functions and a convex function. We
extend earlier results on least-squares regression to any
regularizer and any geometry represented by a Bregman
divergence.

As a fourth contribution, we consider the the discrimina-
tive clustering framework. We propose its first theoretical
analysis, a novel sparse extension, a natural extension
for the multi-label scenario and an efficient iterative al-
gorithm with better running-time complexity than existing
methods.

The fifth main contribution deals with the seriation prob-
lem. We propose a statistical approach to this problem
where the matrix is observed with noise and study the
corresponding minimax rate of estimation. We also sug-
gest a computationally efficient estimator whose perfor-
mance is studied both theoretically and experimentally.

Keywords

Convex optimization, acceleration, averaging, stochas-
tic gradient, least-squares regression, stochastic approx-
imation, dual averaging, mirror descent, discriminative
clustering, convex relaxation, sparsity, statistical seri-
ation, permutation learning, minimax estimation, shape
constraints.




