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Preface, second edition

It has now been five years since the publication of the first edition of Introduction to
High-Dimensional Statistics. High-dimensional statistics is a fast-evolving field and
much progress has been made on a large variety of topics, providing new insights and
methods. I felt it was time to share a selection of them, and also to add or complement
some important topics that were either absent from, or insufficiently covered in the
first edition.

This second edition of Introduction to High-Dimensional Statistics preserves the phi-
losophy of the first edition: to be a concise guide for students and researchers discov-
ering the area, and interested in the mathematics involved. The main concepts and
ideas are presented in simple settings, avoiding thereby unessential technicalities. As
I am convinced of the effectiveness of learning by doing, for each chapter, extensions
and more advanced results are exposed via (fully) detailed exercises. The interested
reader can then discover these topics by proving the results by himself. As in the
first edition, everyone is welcome to share his own solutions to the exercises on the
wiki-site

http://high-dimensional-statistics.wikidot.com

which has been updated.

Convex relaxation methods have been ubiquitous in the last twenty years. In the re-
cent years, there has been also a renewed interest in iterative algorithms, which are
computationally efficient competitors for solving large-scale problems. The theory
developed for analyzing iterative algorithms is now quite robust, and the mathemat-
ical statistics community has been able to handle a large variety of problems. It was
time to include a new Chapter 6 on this topic, in the simple setting of sparse lin-
ear regression. A distinctive feature of this theory, compared to classical statistical
theory, is that the analysis must handle together the statistical and the optimization
aspects, which is a recent trend in statistics and machine-learning theory. Iterative
methods also show up in several other chapters, in particular a theoretical analysis of
the Lloyd algorithm can be found in the last new chapter on clustering.

Unsupervised classification is an important topic in the area of big data gathering
data from inhomogeneous subpopulations. I could not spare writing a chapter on this
essential topic. So, I have added a new Chapter 12 on clustering, building on the
impressive recent progress on the theory of clustering (point clustering, or clustering
in graphs) both for convex and iterative algorithms. The theory for this last chapter
is somewhat more involved than for the other chapters of the book, so it is a good
transition towards some more advanced books.

Xiii



Xiv PREFACE, SECOND EDITION

Years after years, I felt that a simple exposition of minimax lower bounds was miss-
ing in the first version of the book. Minimax lower bounds can be found in a large
fraction of PhD theses, so I believe that it was useful to add a simple and transpar-
ent introduction to this topic in a new Chapter 3. The presentation is made as little
“magical” as possible, following a pedestrian and simple proof of the main results
issued from information theory. Some more principled extensions are then given as
(detailed) exercises.

The chapters from the first edition have also been revised, with the inclusion of many
additional materials on some important topics, including estimation with convex con-
straints, aggregation of a continuous set of estimators, simultaneously low-rank and
row sparse linear regression, the slope estimator or compress sensing. The Appen-
dices have also been enriched, mainly with the addition of the Davis-Kahan perturba-
tion bound and of two simple versions of the Hanson-Wright concentration inequal-

ity.

Despite my sustained efforts to remove typos, I am sure that some of them have es-
caped my vigilance. Samy Clementz and Etienne Peyrot have already spotted several
of them, I warmly thank them for their feedback. The reader is welcome to point out
any remaining typos to

high.dimensional.statistics@gmail.com

for errata that will be published on the book’s website,
http://sites.google.com/site/highdimensionalstatistics.

Enjoy your reading!

Christophe Giraud
Orsay, France



Preface

Over the last twenty years (or so), the dramatic development of data acquisition tech-
nologies has enabled devices able to take thousands (up to millions) of measurements
simultaneously. The data produced by such wide-scale devices are said to be high-
dimensional. They can be met in almost any branch of human activities, including
medicine (biotech data, medical imaging, etc.), basic sciences (astrophysics, envi-
ronmental sciences, etc.), e-commerce (tracking, loyalty programs, etc.), finance, co-
operative activities (crowdsourcing data), etc. Having access to such massive data
sounds like a blessing. Unfortunately, the analysis of high-dimensional data is ex-
tremely challenging. Indeed, separating the useful information from the noise is gen-
erally almost impossible in high-dimensional settings. This issue is often referred to
as the curse of dimensionality.

Most of the classical statistics developed during the twentieth century focused on
data where the number n of experimental units (number of individuals in a medical
cohort, number of experiments in biology or physics, etc.) was large compared to the
number p of unknown features. Accordingly, most of the classical statistical theory
provides results for the asymptotic setting where p is fixed and n goes to infinity. This
theory is very insightful for analyzing data where “n is large” and “p is small,” but
it can be seriously misleading for modern high-dimensional data. Analyzing “large
p” data then requires some new statistics. It has given rise to a huge effort from the
statistical and data analyst community for developing new tools able to circumvent
the curse of dimensionality. In particular, building on the concept of sparsity has
shown to be successful in this setting.

This book is an introduction to the mathematical foundations of high-dimensional
statistics. It is intended to be a concise guide for students and researchers unfamiliar
with the area, and interested in the mathematics involved. In particular, this book is
not conceived as a comprehensive catalog of statistical methods for high-dimensional
data. It is based on lectures given in the Master programs ‘“Mathematics for Life Sci-
ences” and “Data Sciences,” from Paris Sud University (Orsay), Ecole Polytechnique
(Palaiseau), Ecole Normale Supérieure de Cachan (Cachan), and Telecom ParisTech
(Paris). The primary goal is to explain, as simply as possible, the main concepts and
ideas on some selected topics of high-dimensional statistics. The focus is mainly on
some simple settings, avoiding, thereby, unessential technicalities that could blur the
main arguments. To achieve this goal, the book includes significantly streamlined
proofs issued from the recent research literature.

XV



Xvi PREFACE

Each chapter of the book ends with some exercises, and the reader is invited to share
his solutions on the wiki-site
http://high-dimensional-statistics.wikidot.com.

Finally, I apologize for any remaining typos and errors (despite my efforts to remove
them). The reader is invited to point them out to
high.dimensional.statistics@gmail.com

for errata that will be published on the book’s website,
http://sites.google.com/site/highdimensionalstatistics.

Enjoy your reading!

Christophe Giraud
Orsay, France
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Chapter 1

Introduction

1.1 High-Dimensional Data

The sustained development of technologies, data storage resources, and computing
resources give rise to the production, storage, and processing of an exponentially
growing volume of data. Data are ubiquitous and have a dramatic impact on almost
every branch of human activities, including science, medicine, business, finance and
administration. For example, wide-scale data enable to better understand the regula-
tion mechanisms of living organisms, to create new therapies, to monitor climate and
biodiversity changes, to optimize the resources in the industry and in administrations,
to personalize the marketing for each individual consumer, etc.

A major characteristic of modern data is that they often record simultaneously thou-
sands up to millions of features on each object or individual. Such data are said to
be high-dimensional. Let us illustrate this characteristic with a few examples. These
examples are relevant at the time of writing and may become outdated in a few years,
yet we emphasize that the mathematical ideas conveyed in this book are independent
of these examples and will remain relevant.

e Biotech data: Recent biotechnologies enable to acquire high-dimensional data
on single individuals. For example, DNA microarrays measure the transcription
level! of tens of thousands of genes simultaneously; see Figure 1.1. Next gener-
ation sequencing (NGS) devices improve on these microarrays by allowing to
sense the “transcription level” of virtually any part of the genome. Similarly,
in proteomics some technologies can gauge the abundance of thousands of pro-
teins simultaneously. These data are crucial for investigating biological regulation
mechanisms and creating new drugs. In such biotech data, the number p of “vari-
ables” that are sensed scales in thousands and is most of the time much larger than
the number 7 of “individuals” involved in the experiment (number of repetitions,
rarely exceeding a few hundreds).

o Images (and videos): Large databases of images are continuously collected all
around the world. They include medical images, massive astrophysic images,
video surveillance images, etc. Each image is made of thousands to millions of

IThe transcription level of a gene in a cell at a given time corresponds to the quantity of ARNm
associated to this gene present at this time in the cell.



2 INTRODUCTION

Figure 1.1 Whole human genome microarray covering more than 41,000 human genes and
transcripts on a standard 1" x 3" glass slide format. (C) Agilent Technologies, Inc. 2004. Re-
produced with permission, courtesy of Agilent Technologies, Inc.

pixels or voxels. For medical images, as for biotech data, the number p of pixels
can be much larger than the number n of patients in the cohort under study.

e Consumers preferences data: Websites and loyalty programs collect huge
amounts of information on the preferences and the behaviors of customers. These
data are processed for marketing purposes, for recommendations, and for fixing
personalized prizes. For example, recommendation systems (for movies, books,
music, etc.) gather the customers’ ratings on various products, together with some
personal data (age, sex, location), and guess from them which products could be
of interest for a given consumer.

e Business data: Every major company has its own chief data officer who super-
vises the optimal exploitation of internal and external data. For example, logistic
and transportation companies intensively process internal and geo-economic data
in order to optimize the allocation of their resources and to try to forecast precisely
the future demand. Insurance companies widely rely on various sources of data
in order to control their risk and allocate at best their financial resources. Many
profitable activities of the financial industry are based on the intensive processing
of transaction data from all over the world. Again, the dimensionality of the data
processed in these examples can scale in thousands.

e Crowdsourcing data: The launch of websites dedicated to participative data
recording together with the spreading of smartphones enable volunteers to record
online massive data sets. For example, the Cornell Lab of Ornithology and the Na-
tional Audubon Society have jointly launched a crowdsourcing program, “eBird”
http://ebird.org, inviting all bird-watchers from North America to record via
an online checklist all the birds they have seen and heard during their last bird-
ing session. The purpose of this program is to monitor birds abundances and their
evolutions across North America. In 2014, eBird involved tens of thousands of
participants, which had already recorded millions of observations.



CURSE OF DIMENSIONALITY 3
Blessing?

Being able to sense simultaneously thousands of variables on each “individual”
sounds like good news: Potentially we will be able to scan every variable that may
influence the phenomenon under study. The statistical reality unfortunately clashes
with this optimistic statement: Separating the signal from the noise is in general al-
most impossible in high-dimensional data. This phenomenon described in the next
section is often called the “curse of dimensionality.”

1.2 Curse of Dimensionality

The impact of high dimensionality on statistics is multiple. First, high-dimensional
spaces are vast and data points are isolated in their immensity. Second, the accumu-
lation of small fluctuations in many different directions can produce a large global
fluctuation. Third, an event that is an accumulation of rare events may not be rare.
Finally, numerical computations and optimizations in high-dimensional spaces can
be overly intensive.

1.2.1 Lost in the Immensity of High-Dimensional Spaces

Let us illustrate this issue with an example. We consider a situation where we want
to explain a response variable Y € R by p variables Xi,...,X, € [0,1]. Assume, for
example, that each variable X; follows a uniform distribution on [0, 1]. If these vari-
ables are independent, then the variable X = (Xi,...,X,) € [0, 1]” follows a uniform
distribution on the hypercube [0, 1]”. Our data consist of n independent and iden-

model them with the classical regression equation

Yi=f(XD)+&, i=1,..n,
with f:[0,1)” - R and g,...,&, independent and centered.

Assuming that the function f is smooth, it is natural to estimate f(x) by some aver-
age of the ¥; associated to the X in the vicinity of x. The most simple version of
this idea is the k-Nearest Neighbors estimator, where f(x) is estimated by the mean
of the Y; associated to the k points X (i>, which are the nearest from x. Some more
sophisticated versions of this idea use a weighted average of the ¥; with weights that
are a decreasing function of the distance || X" — x|| (like kernel smoothing). The ba-
sic idea being in all cases to use a local average of the data. This idea makes perfect
sense in low-dimensional settings, as illustrated in Figure 1.2.

Unfortunately, when the dimension p increases, the notion of “nearest points” van-
ishes. This phenomenon is illustrated in Figure 1.3, where we have plotted the his-
tograms of the distribution of the pairwise-distances { ||X O _xU:1<i<j< n}
for n = 100 and dimensions p = 2,10,100, and 1000. When the dimension p in-
creases, we observe in Figure 1.3 that

o the minimal distance between two points increases,
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e 2all the points are at a similar distance from the others, so the notion of “nearest
points” vanishes.

In particular, any estimator based on a local averaging will fail with such data.

Let us quantify roughly the above observations. Writing U and U’ for two indepen-
dent random variables with uniform distribution on [0,1], the mean square distance
between X)) and X () is

E [Ix? - x| = ké]E [(lea _ka)z} — PE[(U—U"Y] = p/6,

and the standard deviation of this square distance is

. . P . N 2
sdev [HX(’) —X(J)||2} = \/Z var [(X,fl) —Xk(])) ] =/pvar[(U' —U)? = 0.2\/p.
k=1

In particular, we observe that the typical square distance between two points
sampled uniformly in [0,1]” grows linearly with p, while the scaled deviation

sdev | ||IX® — xU x0 _xU shrinks like p~'/~.
(@) D)12] /E U] )2 1/2

How Many Observations Do We Need?

Figure 1.3 shows that if the number n of observations remains fixed while the di-
mension p of the observations increases, the observations X M, ..., xw get rapidly
very isolated and local methods cannot work. If for any x € [0, 1] we want to have at
least one observation X V) at distance less than one from x, then we must increase the
number n of observations. How should this number n increase with the dimension
p? We investigate below this issue by computing a lower bound on the number n of
points needed in order to fill the hypercube [0, 1}” in such a way that at any x € [0, 1]”
there exists at least one point at distance less than 1 from x.

The volume V,(r) of a p-dimensional ball of radius r > 0 is equal to (see Exer-
cise 1.6.2)
nP/? p—seo (27rer2>p/2
Vp(r) = 1P 7S pm) =2, (1.1)

where I represents the Gamma function I'(x) = [;°t*" e~ dt for x > 0.

If x(V),... . x" are such that for any x € [0,1]” there exists a point x(!} fulfilling
[+ — x|| < 1, then the hypercube is covered by the family of unit balls centered
n)

inx(D, . x),
n

0,17 c | JB,(x",1).
i=1
As a consequence, the volume of the union of the n unit balls is larger than the volume
of the hypercube, so 1 < nV,(1). According to Equation (1.1), we then need at least

nZF(p/Z—I—l) P (L)Pﬂ o

1.2
r/2 2Te (1.2)
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The Strange Geometry of High-Dimensional Spaces (I)

volume Vp(1)

High-dimensional balls have a vanishing vol- ©
ume!

From Formula (1.1), we observe that for any
r > 0, the volume V),(r) of a ball of radius r goes
to zero more than exponentially fast with the
dimension p. We illustrate this phenomenon by
plotting p — V,,(1). We observe that for p = 20 T T T

the volume of the unit ball is already almost 0. 0 20 40 60 80 100

volume

p

Figure 1.4

points in order to fill the hypercube [0, 1]”. This number of points then grows more
than exponentially fast with p. If we come back to our above example in the regres-
sion setting, it means that if we want a local average estimator to work with obser-
vations uniformly distributed in [0, 1]? with p larger than a few tens, then we would
need a number n of observations, which is completely unrealistic (see Table 1.1).

p |20 30 50 100 150 200

larger than the estimated
n |39 | 45630 | 5.710'> | 4210%° | 1.28107? number of particles

in the observable universe

Table 1.1 Lower Bound (1.2) on the required number of points for filling the hypercube [0,1]7.

The moral of this example is that we have to be very careful with our geometric
intuitions in high-dimensional spaces. These spaces have some counterintuitive geo-
metric properties, as illustrated in Figures 1.4 and 1.5.

1.2.2 Fluctuations Cumulate

Assume that you want to evaluate some function F(6;) of some scalar value 0; € R.
Assume that you have only access to a noisy observation of 0, denoted by X; =
0; + &1, with E[g;] = 0 and var(g;) = o2. If the function F is 1-Lipschitz, then the
mean square error is

E[|F(X)—F(61)*] <E[l&:*] = 0.
In particular, if the variance o2 of the noise is small, then this error is small.

Assume now that you need to evaluate a function F(6,...,6,) from noisy observa-
tions X; = 0+ ¢; of the 8;. Assume that the noise variables €1,..., €, are all centered
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The Strange Geometry of High-Dimensional Spaces (II)

The volume of a high-dimensional ball is con-

centrated in its crust!

. . . fraction in the crust
Let us write B,(0,r) for the p-dimensional ball

centered at 0 with radius r > 0, and C,(r) for the
“crust” obtained by removing from B, (0,r) the
sub-ball B,,(0,0.99r). In other words, the “crust”
gathers the points in B, (0,r), which are at a dis-
tance less than 0.01r from its surface.

fraction

We plot as a function of p the ratio of the volume
of C,(r) to the volume of B,(0,r)

0.0 0.2 04 0.6 08 1.0

0 200 600 1000
volume(C,(r))

(
— B = 1-0.99” P
volume (B, (0,r)) ’

Figure 1.5
which goes exponentially fast to 1.

with variance o2. If as before F is 1-Lipschitz, we have
2 2 S 2 2
E[HF(Xl,...,XI,)—F(Gl,...,e,,)H } gE[H(sl,...,sp)H ] = Z]E[ej] = po-.

Furthermore, if F fulfills ||F(x+ k) — F(x)|| > c||k|| for some ¢ > 0, then the mean
square error E [||F (Xy,...,X,) —F(6),...,6,)||*] scales like po?. This error can be
very large in high-dimensional settings, even if 62 is small. A central example where
such a situation arises is in the linear regression model with high-dimensional co-
variates.

High-Dimensional Linear Regression

Assume that we have n observations ¥; = (x{0, B*) 4+ & for i = 1,...,n, with the
response Y; in R and the covariates x(¥) in R”. We want to estimate B* € R”, and we
assume that €1, ..., &, are i.i.d. centered, with variance ¢>. Writing
Y (x(l))T &
Y={(:1, X= : and e=] .|,
YVL (_x(n) )T gn

we have Y = Xf3* + €. A classical estimator of 3* is the least-squares (LS) estimator

B € argmin||Y — XB|?,
BERP
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which is uniquely defined when the rank of X is p. Let us focus on this case. The
solution of this minimization problem is § = (X”X)~!'X”Y, which fulfills (see Ex-
ercise 1.6.5)

E[IB-B"2] =E[IX"X) "X €| = Tr (X"X) ") 0.

Assume for simplicity that the columns of X are orthonormal (i.e., orthogonal with
norm 1). Then, the mean square error is

E[IB-BIF] = po’

So the more high-dimensional is the covariate x\, the larger is this estimation error.

We cannot give a direct picture of a linear regression in dimension p, with p larger
than 2. Yet, we can illustrate the above phenomenon with the following example.
Assume that the covariates x!) are given by x() = ¢(i/n), where ¢ : [0,1] — R? is
defined by ¢(¢) = [cos(7jt)]j=1....p- Then we observe

)4
Y=Y Bjcos(mji/n)+& = fg:(i/n)+&, fori=1,....n, (1.3)
j=1

with f5(2) = Z?z , Bjcos(mjt). We can illustrate the increase of the error || B - B*I?
with p by plotting the function fg+ and fB for increasing values of p. In Figure 1.6,
the noise €i,...,&, is i.i.d., with .#7(0,1) distribution and the function fg- has been
generated by sampling the 3 * independently with .4” (0, ;%) distribution. We choose
n = 100 and the four figures correspond to p = 10, 20, 50 and 100, respectively. We
observe that when p increases, the estimated function fﬁ (t) becomes more and more
wavy. These increasing oscillations are the direct consequence of the increasing error

1B = B*|I* ~ po?.

Tails of High-Dimensional Gaussian Distributions Are Thin but Concentrate
the Mass

Gaussian distributions are known to have very thin tails. Actually, the density
gp(x) = (21)"P/2exp(—||x||?/2) of a standard Gaussian distribution .4 (0,1,) in R”
decreases exponentially fast with the square norm of x. Yet, when p is large, most of
the mass of the standard Gaussian distribution lies in its tails!

First, we observe that the maximal value of g,(x) is g,(0) = (27)~?/2, which de-
creases exponentially fast toward O when p increases, so the Gaussian distribution in
high dimensions is much more flat than in dimension one or two. Let us compute the
mass in its “bell” (central part of the distribution where the density is the largest). Let
0 > 0 be a small positive real number and write

B,s={xeRP:g,(x)>8g,(0)} = {xeR": [lx]|? < 2log(67 ")}

for the ball gathering all the points x € R”, such that the density g,(x) is larger or
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1.6 Least-squares (LS) estimator fﬁ in the setting (1.3), with n = 100 and for p =

10, 20, 50, and 100. Gray dots: observations. Dashed line: function fg«. Gray line: LS esti-
mator fE'

equal to & times the density at 0. Our intuition from the one-dimensional case is that
for & small, say 6 = 0.001, the probability for a .47(0,1,) Gaussian random variable
X to be in the “bell” Bp,g is close to one. Yet, as illustrated in Figure 1.7, it is the
opposite!

Actually, from the Markov inequality (Lemma B.1 in Appendix B), we have

P(X€B,5) =P (eT1X72 > 5)

E [e—uxnz/z} _1 dx !

< — Il — .
B 6 /xe]RP ¢ (2m)r/2 §2r/2

| —

So most of the mass of the standard Gaussian distribution is in the tail
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Mass in the bell

1.0

mass in the bell

0.0 02 04 06 08

I I I I I I
0 20 40 60 80 100

dimension p

Figure 1.7 Mass of the standard Gaussian distribution g,(x)dx in the “bell” B, 0001 =
{x €ERP 1 gp(x) > 0.00lg,,(O)}for increasing values of p.

{xeRP:g,(x) < 8g,(0)}. If we want to have P (X € B,, 5) > 1/2, we must choose
8 < 27P/%*1 which is exponentially small.

How can we explain this counterintuitive phenomenon? It is related to the geometric
properties of the high-dimensional spaces described above. We have seen that the
volume of a ball of radius r grows like r”. So when r increases, the density g,(x) on
the ring {x: r < ||x|| < r+dr} shrinks like ¢"/2, but at the same time the volume
V,,(r+dr) — V,(r) of the thin ring {x: r < ||x|| < r+dr} grows with r like "=, so
the probability for X to be in {x : r < ||x|| < r+dr} evolves as P=1e=/2 with > 0.
In particular, this probability is maximal for 72 = p — 1, and the Gaussian density at
a point x with norm [|x||? = p — 1 fulfills g, (x) = e_(p_l)z/zg,,(O) < gp(0): most of
the mass of a Gaussian distribution is located in areas where the density is extremely
small compared to its maximum value.

1.2.3 Accumulation of Rare Events May Not Be Rare

Assume that we have an observation Z; of a single quantity 6; blurred by some
A4(0,1) Gaussian noise €. From Lemma B.4 in Appendix B we have P(|g| > x) <

e /2 forx > 0, so with probability at least 1 — o, the noise €; has an absolute value
smaller than (2log(1/a)) 12,

Assume that we observe now p quantities 64,..., 0, blurred by €1,...,¢, i.i.d. with



CURSE OF DIMENSIONALITY 11
(0, 1) Gaussian distribution. We have

P('nllax |8/'2x) =1-(1-P(l&| >x))" X" pP(ler| > x).
J= 4

If we want to bound simultaneously the absolute values |g],...,|€,| with prob-
ability 1 — «, then we can only guarantee that max j:]7_,_7p|£j| is smaller than

(210g(p/0¢))1/2. This extra log(p) factor can be a serious issue in practice as il-
lustrated below.

False Discoveries

Assume that for a given individual i, we can measure for p genes simultaneously
the ratios between their expression levels in two different environments (e.g., with
microarrays). For the individual i, let us denote by Z;l) the log-ratio of the expres-
sion levels of the gene j between the two environments. Assume that (after some
normalization) these log-ratios can be modeled by

Z]('l):6j+£]<'l>7 J=1...,p, i=1,...n,

with the ej(i) i.i.d. with .#7(0,1) Gaussian distribution. Our goal is to detect the genes
J» such that 8; # 0, which means that they are involved in the response to the change
of environment (such a gene is said to be “positive”).

We write X; =n"! (Z;l) +... +Z§">) for the mean of the observed log-ratios for the

gene j. The random variables n'/2Xj, ...,n'/2X), are independent, and n'/2X; follows
a .4 (y/n6;,1) Gaussian distribution. For W with .4"(0, 1) Gaussian distribution, we
have P[|W| > 1.96] ~ 5%, so a natural idea is to declare “positive” all the genes
J» such that n'/ 21X ;| is larger than 1.96. Nevertheless, this procedure would produce
many false positives (genes declared “positive” while they are not) and thereby many
false discoveries of genes responding to the change of environment. Let us illustrate
this point. Assume that p = 5000, and among them 200 genes are positive. Then, the
average number of false positive genes is

card{j: 6; =0} x 0.05 = 4800 x 0.05 = 240 false positive genes,

which is larger than the number of positive genes (200). It means that, on average,
more than half of the discoveries will be false discoveries. If we want to avoid false
positives, we must choose a threshold larger than 1.96. From Exercise 1.6.3, for
Wi, ..., W, iid. with 47(0, 1) Gaussian distribution, we have

\/7 plfoc/2 plfoc/z
P 1> /al —1—exp| -4/ —
(s 1= Vartoa(n)) =1 -exp /o i +0 |

poe [0 ifa>2
1 ifa<2.
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Therefore, in order to avoid false positives, it seems sensible to declare positive the
genes j, such that nl/z\Xj| > /2log(p). With this choice, we will roughly be able
to detect the 6; whose absolute value is larger than /2log(p)/n. We then observe
that the larger p, the less we are able to detect the nonzero 6;. This can be a severe
issue when p scales in thousands and » is only a few units. We refer to Chapter 10
for techniques suited to this setting.

Empirical Covariance Is Not Reliable in High-Dimensional Settings

Another important issue with high-dimensional data is that the empirical covariance
matrix of a p-dimensional vector is not reliable when p scales like the sample size n.
Let us illustrate briefly this point. Assume that we observe some i.i.d. random vectors

XM ... X" in RP, which are centered with covariance matrix cov(X()) = I,. The
empirical covariance matrix X associated to the observations X M, x0 s given
by

=N 1 N
Sw=- Y XX forab=1,...,p

We have ]E[X,E’)X,E’) | = 1444} so by the strong law of large numbers, %, tends
to 1y, almost surely when n goes to infinity. Therefore, the empirical covariance
matrix £ converges almost surely to the identity matrix when n goes to infinity with
p fixed. In particular, the spectrum of ¥ is concentrated around 1 when n is large
and p small. This property is lost when p increases Broportlonally to n. Figure 1.8
displays three histograms of the spectral values of ¥ when X M., x" are iid.
with standard Gaussian .47(0,1,) distribution, with n = 1000 and p=n/2, p=n,
and p = 2n, respectively.

Histogram of the spectrum Histogram of the spectrum Histogram of the spectrum

80

60

Frequency
Frequency

40
200 400 600 800 1000
1
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20 40 60 80 100
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0
0

| E— | I R | I I N R R
0.5 1.0 15 0.0 0.5 1.0 1.5 2.0 00 05 10 15 20 25
spectral values spectral values spectral values

Figure 1.8 Histogram of the spectral values of the empirical covariance matrix Y, withn =
1000 and p = n/2 (left), p = n (center), p = 2n (right).

We observe in the three cases that the spectrum of the empirical covariance matrix
T is very different from the spectrum of the identity, so the empirical covariance )
is a very poor approximation of the covariance I, in this setting. From the theory of
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random matrices, we know the limit distribution of the spectral values of ¥ when n
goes to infinity and p ~ on with o¢ > 0 (see Section 1.5 for references). The support
of this limit distribution (known as the Marchenko—Pastur distribution) is actually
equal to [(1 —+/a)?, (14 v/@)?] up to a singleton at 0 when & > 1. This means that
we cannot trust the empirical covariance matrix % when n and p have a similar size.

1.2.4 Computational Complexity

Another burden arises in high-dimensional settings: numerical computations can be-
come very intensive and largely exceed the available computational (and memory)
resources. For example, basic operations with p x p matrices (like multiplication, in-
version, etc.) require at least p® operations with ¢ > 2. When p scales in thousands,
iterating such operations can become quite intensive.

The computational complexity appears to be really problematic in more involved

problems. For example, we have seen above that the mean square error || — 8*||? in
the linear regression model

p
y= Zﬁ;Xj+8
=1

typically scales linearly with p. Yet, it is unlikely that all the covariates x; are influ-
ential on the response y. So we may wish to compare the outcomes of the family of
regression problems

y:Zﬁj*xj—&—s foreachm C {1,...,p}. (1.4)

JjEmM
Unfortunately, the cardinality of {m:m C {1,...,p}} is 27, which grows exponen-
tially with p. So, when p is larger than a few tens, it is impossible to compute the

2P estimators f3,, associated to the model (1.4). This issue is detailed in Chapters 2
and 5.

1.3 High-Dimensional Statistics
1.3.1 Circumventing the Curse of Dimensionality

As explained in the previous section, the high dimensionality of the data, which
seems at first to be a blessing, is actually a major issue for statistical analyzes. In
light of the few examples described above, the situation may appear hopeless. Fortu-
nately, high-dimensional data are often much more low-dimensional than they seem
to be. Usually, they are not “uniformly” spread in R”, but rather concentrated around
some low-dimensional structures. These structures are due to the relatively small
complexity of the systems producing the data. For example,

e pixel intensities in an image are not purely random since there exist many geo-
metrical structures in an image;

e biological data are the outcome of a “biological system”, which is strongly regu-
lated and whose regulation network has a relatively small complexity;
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PCA in action
original image original image original image original image
ﬂ E
projected image projected image projected image projected image

Figure 1.9 The Modified National Institute of Standards and Technology (MNIST) data
set [104] gathers 1100 scans of each digit. Each scan is a 16 x 16 image that is encoded
by a vector in R¥®. The above pictures represent the projections of four images onto the
space Vyo, computed according to (1.5) from the 1100 scans of the digit 8 in the MNIST

database. The original images are displayed in the first row, with their projection onto Vo
in the second row.

e marketing data strongly reflects some social structures in a population, and these
structures are relatively simple; and

o technical data are the outcome of human technologies, whose complexity remains
limited.

So in many cases, the data have an intrinsic low complexity, and we can hope to
extract useful information from them. Actually, when the low-dimensional structures
are known, we are back to some more classical “low-dimensional statistics.” The
major issue with high-dimensional data is that these structures are usually unknown.
The main task will then be to identify at least approximately theses structures. This
issue can be seen as the central issue of high-dimensional statistics.

A first approach is to try to find directly the low-dimensional structures in the data.
The simplest and the most widely used technique for this purpose is the principal
component analysis (PCA). For any data points X!, ... X" ¢ R? and a given di-
mension d < p, the PCA computes the linear span V fulfilling

Vs € argmin Y X1 —Projy, (X )|, (1.5)
dim(V)<d i=1

where the minimum is taken over all the subspaces V of R”, with dimension not
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larger than d, and Proj, : R? — RP” is the orthogonal projector onto V. We refer
to Figure 1.9 for an illustration of the PCA in action and to Exercise 1.6.4 for the
mathematical details.

Another approach, developed throughout this book, is to perform an “estimation-
oriented” search of these low-dimensional structures. With this approach, we only
seek the low-dimensional structures that are useful for our estimation problem. In
principle, this approach allows for more precise results. We illustrate this feature
in Figure 1.10, which is based on a data set of Sabarly et al. [138] gathering the
measurement of 55 chemical compounds for 162 strains of the bacteria E. coli. Some
of these bacteria are pathogens for humans, others are commensal. Our goal is to
find a classification rule that enables us to separate from the chemical measurements
the strains that are pathogens from those that are commensal. In Figure 1.10, the
pathogen bacteria are denoted by “IPE” (internal pathogens) and “EPE” (external
pathogens) and the commensal bacteria are denoted by “Com.” The left-hand-side
figure displays the data projected on the two-dimensional space V5 given by a PCA.
The right-hand-side figure displays the data projected on a two-dimensional space
S», which aims to separate at best the different classes of bacteria (more precisely,
S, is spanned by the directions orthogonal to the separating hyperplanes of a linear
discriminant analysis (LDA) ; see Exercise 11.5.1 for details on the LDA). Clearly,
the plane S is more useful than V, for classifying strains of bacteria according to their
pathogenicity. This better result is simply due to the fact that V, has been computed

PCA LDA
0 ) ©
+
2 Q % A ] IPEIT:E
-}
o %eo a A
(<3 o
2 o |% 03’8’4& ° N :
x S 1 $° &4° o | @
© o *+A0 éeRQ-oA E
| % @O +
®© ocC
S) o At+'+ om
ZHo 047 A EPE
o+ + IPE
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-1 0 1 2 3 -4 -2 0 2 4
axis 1 LD1

Figure 1.10 Dimension reduction for a data set gathering 55 chemical measurements of 162
strains of E. coli. Commensal strains are labelled “Com,” pathogen strains are labelled
“EPE” (external pathogens) and “IPE” (internal pathogens). Left: The data is projected on
the plane given by a PCA. Right: The data is projected on the plane given by an LDA.
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independently of the classification purpose, whereas S, has been computed in order
to solve at best this classification problem.

1.3.2 A Paradigm Shift

Classical statistics provide a very rich theory for analyzing data with the following
characteristics:

e a small number p of parameters

e a large number n of observations

This setting is typically illustrated by the linear regression y = ax + b + € plotted
in Figure 1.11, where we have to estimate 2 parameters a and b, with n = 100 ob-
servations (X;,Y;)i=1,.. ». Classical results carefully describe the asymptotic behavior
of estimators when n goes to infinity (with p fixed), which makes sense in such a
setting.

As explained in Section 1.1, in many fields, current data have very different charac-
teristics:
e 2 huge number p of parameters

e a sample size n, which is either roughly of the same size as p, or sometimes much
smaller than p
The asymptotic analysis with p fixed and n goes to the infinity does not make sense

anymore. What is worse is that it can lead to very misleading conclusions. We must
change our point of view on statistics!

In order to provide a theory adapted to the 21st century data, two different points of
view can be adopted. A first point of view is to investigate the properties of estimators
in a setting where both n and p go to infinity, with p ~ f(n) for some function f;

2D linear regression

10

2 4
Il

0
|

-2
L

Figure 1.11 Iconic example of classical statistics: n = 100 observations (gray dots) for esti-
mating the p = 2 parameters of the regression line (in black).
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for example, f(n) = an, or f(n) = n?, or f(n) = e*", etc. Such a point of view
is definitely more suited to modern data than the classical point of view. Yet, it is
sensitive to the choice of the function f. For example, asymptotic results for f(n) =
n? and f(n) = e*" can be very different. If p = 1000 and n = 33, are you in the
setting f(n) = n? or f(n) = €"/>?

An alternative point of view is to treat n and p as they are and provide a non-
asymptotic analysis of the estimators, which is valid for any value of n and p. Such
an analysis avoids the above caveat of the asymptotic analysis. The main drawback
is that non-asymptotic analyzes are much more involved than asymptotic analyzes.
They usually require much more elaborate arguments in order to provide precise
enough results.

1.3.3 Mathematics of High-Dimensional Statistics

In order to quantify non-asymptotically the performances of an estimator, we need
some tools to replace the classical convergence theorems used in classical statistics.
A typical example of convergence theorem is the central limit theorem, which de-
scribes the asymptotic convergence of an empirical mean toward its expected value:
for f:R— Rand Xj,...,X, i.i.d. such that var(f(X;)) < 4o, we have when n — oo

var(f(X1))

Loosely speaking, the difference between the empirical mean and the statistical mean

E[f(X;)] behaves roughly as v/n~!var(f(X;)) Z when n is large. Let us assume that
f is L-Lipschitz, and let X7, X> be i.i.d. with finite variance 2. We have

var(F X <,11 if(Xi) E[f(Xl)]> L7, withZ~.#(0,1).
i=1

var(7(%0) = 2B [(£00)  £00)7] < B [0 —x)7] = 1262

so, the central limit theorem ensures that for X, ..., X, i.i.d. with finite variance ¢?
and a L-Lipschitz function f,

lim P (ii:ilf(xi)—E[f(Xl)]>f/;x> <PZ>x)<e ™2 forx>0 (1.6)

(the last inequality follows from Lemma B.4, page 298 in Appendix B).

Concentration inequalities provide some non-asymptotic versions of such results.
Assume, for example, that X, ..., X, are i.i.d., with .47(0, 02) Gaussian distribution.
The Gaussian concentration inequality (Theorem B.7, page 301 in Appendix B, see
also Exercise 1.6.7) claims that for any L-Lipschitz function F : R” — R we have

F(X1,....X) —E[F(X1,...,Xy)] <Lo+\/2E, where P(§ >1) <e ' forr > 0.

When f: R — R is L-Lipschitz, the Cauchy—Schwartz inequality gives

1 & 1 & L L “
- Xi) — - )<-) [ Xi—Yi|<— Xi—Y;)?,
n;f( ) n;f( ) n;| | \/ﬁ\/;( )
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so the function F(Xj,...,X,) =n 'Y, f(X;) is (n~'/2L)-Lipschitz. According to
the Gaussian concentration inequality, we then have for x >0 and n > 1

P (,lliif(x,-) —E[f(x)] = %x) < IP’<\/27§ZX) _ e

which can be viewed as a non-asymptotic version of (1.6). Concentration inequalities
are central tools for the non-asymptotic analysis of estimators, and we will meet them
in every major proof of this book. Appendix B gathers a few classical concentration
inequalities (with proofs); see also Exercises 1.6.6 and 1.6.7 at the end of this chapter.

1.4 About This Book
1.4.1 Statistics and Data Analysis

Data science is an ever-expanding field. The world is awash in data, and there is a
sustained effort by the data analyst community for developing statistical procedures
and algorithms able to process these data. Most of this effort is carried out according
to the following track:

1. identification of an issue (new or not) related to some kind of data;
2. proposition of a statistical procedure based on some heuristics; and

3. implementation of this procedure on a couple of data sets (real or simulated), with
comparison to some existing procedures, when available.

This line of research feeds hundreds of scientific conferences every year covering a
wide range of topics, ranging from biology to economy via humanities, communi-
cation systems and astrophysics. It has led to some dazzling success, at least in the
technological area.

In the above process, mathematical formalism is used all along the way, but there are
(almost) no mathematics there, in the sense that there is no mathematical analysis
of the implemented procedures. In particular, even if we restrict to the academic
community, the statistician community, as part of the mathematical community, is a
minority. Let us call “mathematical statistics” the field of research that

1. formalizes precisely a statistical issue (new or not),
2. formalizes precisely a statistical procedure for handling this issue (new or not),

3. provides a mathematical analysis (theorem) of the performance of this statistical
procedure, with a special attention to its optimality and its limitations.

Since the mathematical analysis is the limiting step (due to its difficulty), the models
and statistical procedures investigated in mathematical statistics are usually quite
simpler than those implemented by “mainstream” data analysts. Some may directly
conclude that mathematical statistics are useless and have no interest. We want to
argue that mathematical statistics are important and actually have their own interest:

o Mathematical statistics provide some strong guarantees on statistical procedures
and they identify to what extent we can trust these procedures.
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e Mathematical statistics enable us to identify precisely the frontier between the
problems where estimation is possible and those where it is hopeless.

e Mathematical statistics provide mathematical foundations to data analysis.

e Mathematical statistics can be one of the remedies against the lack of reproducibil-
ity observed in many data-based scientific fields.

Again, most of the works in mathematical statistics concern some simple models, but
they provide some useful intuitions for the more involved settings met in practice.

1.4.2 Purpose of This Book

This book focuses on the mathematical foundations of high-dimensional statistics,
which is clearly in the “mathematical statistics” stream. Its goal is to present the
main concepts of high-dimensional statistics and to delineate in some fundamental
cases the frontier between what is achievable and what is impossible.

The book concentrates on state-of-the-art techniques for handling high-dimensional
data. They do not strive for gathering a comprehensive catalog of statistical meth-
ods; they try instead to explain for some selected topics the key fundamental con-
cepts and ideas. These concepts and ideas are exposed in simple settings, which
allow concentration on the main arguments by avoiding unessential technicalities.
The proofs issued from the recent research literature have been intensively stream-
lined in order to enlighten the main arguments. The reader is invited to adapt these
ideas to more complex settings in the detailed exercises at the end of each chapter.
He is also welcome to share his solutions to the exercises on the dedicated wiki-site
http://high-dimensional-statistics.wikidot.com.

1.4.3 Overview

As explained in Section 1.3, for analyzing high-dimensional data, we must circum-
vent two major issues:

o the intrinsic statistical difficulty related to the curse of dimensionality, and

o the computational difficulty: procedures must have a low computational complex-
ity in order to fit the computational resources.

To bypass the statistical curse of dimensionality, the statistician must build on the
low-dimensional structures hidden in the data. Model selection, mainly developed in
the late -’90s, is a powerful theory for tackling this problem. It provides very clear
insights on the frontier between the problems where estimation is possible and those
where it is hopeless. A smooth version of this theory is presented in Chapter 2. An
alternative to model selection is model aggregation introduced in Chapter 4. While
the underlying principles of model selection and model aggregation are essentially
the same, they lead to different estimation schemes in practice. Model selection and
model aggregation provide powerful tools able to break the statistical curse of di-
mensionality, yet they both suffer from a very high computational complexity, which
is prohibitive in practice.
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A powerful strategy to bypass this second curse of dimensionality is to “convexify”
in some way the model selection schemes. This strategy has been intensively de-
veloped in the last decade with bright success. Chapter 5 is a concise introduction
to this topic. It is mainly illustrated with the celebrated Lasso estimator, for which
a thorough mathematical analysis is provided. The statistical procedures presented
in Chapter 5 succeed to circumvent both the statistical and computational curses of
high dimensionality. Yet, they suffer from two caveats. First, for each specific class
of low-dimensional structures (which is often unknown) corresponds a specific es-
timator. Second, all these estimators depend on a “tuning parameter” that needs to
be chosen according to the variance of the noise, usually unknown. Some estimator
selection is then required in order to handle these two issues. A selection of such
procedures are sketched in Chapter 7.

Chapters 8 and 9 go one step beyond in the statistical complexity. They present re-
cent theories that have been developed in order to take advantage of handling simul-
taneously several statistical problems. Chapter 8 explores how we can exploit via
some rank constraints the correlations between these statistical problems, and im-
prove thereby the accuracy of the statistical procedures. Chapter 9 focuses on the
simultaneous estimation of the conditional dependencies among a large set of vari-
ables via the theory of graphical models.

The last two chapters deal with issues arising in high-dimensional data classification.
Chapter 10 details the mathematical foundations of multiple testing, with a special
focus on False Discovering Rate (FDR) control. Chapter 11 gives a concise presen-
tation of Vapnik’s theory for supervised classification.

The theories presented in this book heavily rely on some more or less classical math-
ematical tools, including some probabilistic inequalities (concentration inequalities,
contraction principle, Birgé’s Lemma, etc.), some matrix analysis (singular value
decomposition, Ky—Fan norms, etc.), and some classical analysis (subdifferential of
convex functions, reproducing Hilbert spaces, etc.). The five appendices provide self-
contained and compact introductions to these mathematical tools. The notations used
throughout the book are gathered at the end of the volume.

1.5 Discussion and References
1.5.1 Take-Home Message

Being able to sense simultaneously thousands of parameters sounds like a blessing,
since we collect huge amounts of data. Yet, the information is awash in the noise in
high-dimensional settings. Fortunately, the useful information usually concentrates
around low-dimensional structures, and building on this feature allows us to circum-
vent this curse of the dimensionality.

This book is an introduction to the main concepts and ideas involved in the analysis
of the high-dimensional data. Its focus is on the mathematical side, with the choice
to concentrate on simple settings in order to avoid unessential technical details that
could blur the main arguments.
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1.5.2 References

The book by Hastie, Tibshirani, and Friedman [91] is an authoritative reference for
the data scientist looking for a pedagogical and (almost) comprehensive catalog of
statistical procedures. The associated website
http://statweb.stanford.edu/~tibs/ElemStatLearn/

provides many interesting materials both for learners and academics.

We refer to the books by Ledoux [105] and by Boucheron, Lugosi, and Massart [38]
for thorough developments on concentration inequalities. The asymptotic distribu-
tion of the spectral values of a random matrix has been described first by Marchenko
and Pastur [117]. We refer to Vershynin [158] for a non-asymptotic analysis. We also
recommend the books by Vershynin [159] and Wainwright [163] for learning further
on the topic of high-dimensional probability and high-dimensional statistics.

The lecture notes [65] by Donoho give an interesting point of view on high-
dimensional statistics and their mathematical challenges. Finally, the papers by
Jin [96], Verzelen [160], Donoho, Johnstone, and Montanari [66] or Berthet and
Rigollet [28] are examples of papers providing insightful information on the fron-
tier of successful estimation in high-dimensional settings.

1.6 Exercises

1.6.1 Strange Geometry of High-Dimensional Spaces

Figures 1.4 and 1.5 give examples of counter-

intuitive results in high-dimensional spaces. Let us 0
give another one. Let ey,...,e, be the canonical ba-
sis in R”, and let us denote by v the diagonal of the e v
hypercube [0,1]7. Check that the angle 6; between 2
the vector ¢; and v fulfills
o
. 1 o >
cos(6;) = {eirv) - "=, ) >
lelvll /P

So the diagonal of a hypercube tends to be orthogonal to all the edges of the hyper-
cube in high-dimensional spaces!

1.6.2 Volume of a p-Dimensional Ball

We will prove the Formula (1.1) for the volume V,,(r) of a p-dimensional ball of
radius r > 0.

1. Prove that the gamma function I'(a) = [;°x* e~ dx, o > 0 fulfills the equalities
[(1)=1,T(1/2) =z, and I'(@ + 1) = ol (@) for any o > 0. Deduce the two
formulas

2p+1)(2p—1)

|
T Vr forpeN.

I'(p+1)=p! and T(p+3/2)=
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2. Prove that V,,(r) = r”V,(1) forany p > 1 and check that Vi (1) =2 and V»(1) ==
3. For p > 3, prove that

V(1) = /2 , Vp—2 (\/ 1 —x —xz) dxi1dx,
.x1+x2§1

1 2 2
= p,2(1)/r /6_ (1= rdrdg = ; b2 (1).

=0
4. Conclude that

P o0+l 4p

T
)=""" and 1) = .
Vop() = =7 and Vopui () = 53 =1y 3

5. With the Stirling expansion I'(ct) = a*~1/2e=%\/27 (14 O(a™ ")) for ot — oo,
prove (1.1).

1.6.3 Tails of a Standard Gaussian Distribution

Let Z be a .#'(0, 1) standard Gaussian random variable.
1. For z > 0, prove (with an integration by parts) that

P(|Z| > z) = \/2871/2 \/ = / “20=°/2 gy
—2/2
()
T z Z

2. ForZy,...,Zyi.id. with 4#7(0,1) standard Gaussian distribution and & > 0, prove
that when p — o

P(jn}g_{c,pzjl 2%@)
—1-(1-2 (121 > Vaiog(n)) )’

2 pl—a/z pl—tx/Z
=1- = —— — .
exP( ax (logp) 7 \ llogp)”

1.6.4 Principal Component Analysis

The Principal Component Analysis (PCA) is tightly linked to the Singular Value
Decomposition (SVD). We refer to Appendix C for a reminder on the SVD.
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For any data points X", ..., X" € R? and any di-
mension d < p, the PCA computes the linear span in
RP

n
Vi € argmin Z X @ — Proj, x V|2,
dim(V)<d i=1

where Projy, is the orthogonal projection matrix onto
V. Let us denote by X = Y;_, opuxv! a SVD of the
n X p matrix

(3]

X.2)

(x ()7

X1

X =
(X(n))T V, in dimension p = 3.

witho; >0, > ... >0, > 0.
1. With the Theorem C.5 in Appendix C, page 315, prove that for any d < r

n r

Y X% —Proj, xV|> = | X —XProjy [ > Y of,

i=1 k=d+1
where || - || denotes the Frobenius norm [[A[|7 = ¥; ;A7;.

2. Write V; for the linear space spanned by {v,...,vs}. Prove that for any d < r we
have ,
|X—XProjy, [P = ¥ of.
k=d+1
3. Conclude that V; minimizes (1.5).
4. Prove that the coordinates of Projy, X () in the orthonormal basis (Vi,...,vq) of Vy
are given by (o1 {e;,u1),...,04{ei,uq)).

Terminology: The right-singular vectors vy, ..., v, are called the principal axes. The
vectors ¢, = Xv, = ojuy for k = 1,...,r are called the principal components. The
principal component c; gathers the coordinates of X M,...,x" on .

Remark: Since V; is a linear span and not an affine span, it is highly recommended
to first center the data points

g0 _x_1 Z %
iz
and then proceed with a PCA on the XV(I), . ,Xv<">.

1.6.5 Basics of Linear Regression

We consider the linear regression model ¥ = Xf* + €, with Y, & € R”, B* € R” and
X an n X p-matrix with rank p. We assume that the components €i,...,¢, of € are
i.i.d. centered, with variance 62. We set F(B) = ||Y — Xp||>.
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1. Prove that F is convex and has a gradient VF (B) = 2X7 (X —Y).

2. Prove that the least-squares estimator 8 € argmingg, F(B) solves X'XB =X'y,
so B = (X"X)~!XTY when the rank of X is p.

3. Let A be a p x n matrix. Prove that E [||A¢|?] = 0°Tr(ATA).

4. Conclude that mean square error of the least-squares estimator f3 is

E[IB B =Tr (X"X)™") o2

1.6.6 Concentration of Square Norm of Gaussian Random Variable

In the regression setting, we often need a bound on the square norm of a .4#°(0,1;,)
Gaussian random variable €; see, for example, the proof of Theorem 2.2 in Chap-
ter 2. The expectation of ||€]|* is E [||€]|*] = n, so all we need is to get a probabilistic
bound on the deviations of ||&||?> above its expectation. Since the map &€ — ||| is
1-Lipschitz, the Gaussian concentration inequality (Theorem B.7, page 301, in Ap-
pendix B) ensures that

IP(HSH SE[HSH]—!—@) >1—e*, foranyx>0.

From Jensen inequality, we have E[||e]]]* <E [||€]]?] = n. so we have the concentra-
tion inequality

]P’(||8H2 < n—|—2\/2nx—|—2x) >1—e*, foranyx>D0. (1.7

A) Concentration from Above

In the following, we give a direct proof of (1.7) based on the simple Markov inequal-

ity (Lemma B.1, page 297, in Appendix B).

1. Check that for 0 < s < 1/2, we have E [exp (s||e]|?)] = (1 —2s)~"/2.

2. With the Markov inequality, prove that P (||&||* > n+1)) < e (1 — 25)71/2
foranyr>0and 0 <s < 1/2.

3. Check that the above bound is minimal for s =¢/(2(n+1)), and hence

P(lle]* >n+1)) <e'2(1+1/n)"?, foranyt > 0.

4. Check that log(1+u) <u— uz/(Z +2u) for any u > 0, and hence

2

IF’(||3H2 > n+t)) <exp (4(11t+t)> , foranyr>0.

5. Prove Bound (1.7) for 0 < x < n.
6. From the bound log(1+ u) < /u for u > 0, check that

22 2
" og <1+W+x> < VI, forx>n
n

7. Prove (1.7) for x > n.
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B) Concentration from Below

1. Prove that for0 <fr<nands>0
es(nft)
Pla—|e|? > € ————-
[l’l H || = ] — (1+2S)"/2
2. Check that the above bound is minimal for s =7/(2(n —1t)).

3. With the upper bound log(1 —u) < —u-+ u2/2 for 0 < u < 1, prove that for 0 <
t<n 5
P[lle|? <n—1] <e /G0,

4. Conclude that for any x > 0
Plllel* >n—2vnx] > 1—e ™ (1.8)

1.6.7 A Simple Proof of Gaussian Concentration

This exercise provides a simple proof of a weak version of the Gaussian concentra-
tion inequality (Theorem B.7, page 301 in Appendix B). The price to pay for the
simplicity of the proof is a non-tight constant and a differentiability assumption (that
can be dropped however). The main argument of this proof is due to Pisier [129] and
Maurey.

We will prove here that, for any F : R¢ — R which is differentiable with | VF (x)|| < L
for all x € R4, and for Z with Gaussian .4 (0,1;) distribution, we have

P(F(Z)-E[F(Z)] > Lot) <exp (—2t*/7?%). (1.9)

We observe that F(Z) = LoF(Z/o) with Z/o following a Gaussian .4 (0,1;) dis-
tribution and F (x) = F(ox)/(Lo) fulfilling || VF (x)|| < 1 for all x € R?. So, with no
loss of generality, we assume henceforth that L=1and o = 1.

The core of the Pisier-Maurey argument is the following inequality proved in part
(B) of the exercise. For any convex function ¢ : R — R, we have

4
E[(F(Z)-E[F(2)])] <E {q; (EWF(ZI),Zz))} : (1.10)
where Z,,Z, are two independent Gaussian .4 (0,1;) random variables.

A) Deriving the Concentration Bound (1.9) from Pisier-Maurey inequality
(1.10)

Before proving Pisier-Maurey inequality (1.10), we explain how the concentration
bound (1.9) follows from it.

1. Check that the distribution of the random variable (VF(Z;),Z,) conditionally on
Z; is the Gaussian .4/ (0, ||VF(Z;)||?) distribution.

2. For s > 0, prove with (1.10) that
s 2
E [exp (s(F(2) = E[F(2)))] < E[exp ((s7] VF(21)])?/8)] < e
3. Conclude the proof of (1.9) by applying Chernoff lemma B.2, on page 297.
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B) Proof of Pisier-Maurey Inequality (1.10)

Let Z1,Z, be two independent Gaussian .4 (0,1;) random variables. Let us define
the random function W : [0, /2] — R, by W(0) = Z; sin(6) + Z, cos(0).
1. Check that "
/s
F(2)~F(@2)= | (VF(W(6)),W'(6)de.

2. Applying twice Jensen inequality, prove that
Bz, (¢ (F(Z1) —Ez, [F(Z2))] <Ez, 2, (@ (F(Z1) = F(Z))]

<2 [ Bnn o (Zvrwien.wien)]de

3. Check that (W(8),W’(0)) has the same distribution as (Z;,Z;) and conclude the
proof of (1.10).



Chapter 2

Model Selection

Model selection is a key conceptual tool for performing dimension reduction and
exploiting hidden structures in the data. The general idea is to compare different sta-
tistical models corresponding to different possible hidden structures and then select
among them the one that is more suited for estimation. Model selection is a very
powerful theory, but it suffers in many cases from a very high computational com-
plexity that can be prohibitive. When model selection cannot be implemented due to
its computational cost, it remains a good guideline for developing computationally
tractable procedures, as we will see in Chapters 5 and 6.

In this chapter, we present the theory of model selection in a simple — yet useful —
setting: the Gaussian regression model. References for a broader theory are given in
Section 2.7.

2.1 Statistical Setting

We consider in this chapter the regression model
yi:f(x(i>)+£i7 l.:1,...7l’l,

which links a quantity of interest y € R to p variables whose values are stored in a
p-dimensional vector x € R”. We give several examples below corresponding to the
regression model.

Example 1: Sparse piecewise constant regression (variation sparsity)

It corresponds to the case where x € R and f is piecewise constant with a small
number of jumps. This situation appears, for example, in biology in the analysis of
the copy number variations along a DNA chain.

Assume that the jumps of f are located in the set {z ije g } Then a right-
continuous piecewise constant function f can be written as

f(x) = Z CjIXZZj'
€S

When the function f only has a few jumps, then only a small fraction of the
{cj 1jE /} are nonzero.

27
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Example 2: Sparse basis/frame expansion

It corresponds to the case where f: R — R, and we estimate f by expanding it on
a basis or frame {(Pj}je/

fx) =Y cjoi),
i€t

with a small number of nonzero c;. This situation arises, for example, for denois-
ing, for representing cortex signals, etc. Typical examples of basis are Fourier basis,
splines, wavelets, etc. The most simple example is the piecewise linear decompo-
sition
f@) =Y ¢jlx—zj), @.1)
i€t

where z; < zp < ... and (x); = max(x,0).

In these first two examples, x is low dimensional, but the function to be estimated can
be complex and requires to estimate a large number of coefficients. At the opposite,
we can have x in a high-dimensional space R? and f very simple. The most popular
case is the linear regression.

Example 3: Sparse linear regression

It corresponds to the case where f is linear: f(x) = (8,x) with § € RP. We say that
the linear regression is sparse when only a few coordinates of § are nonzero.

This model can be too rough to model the data. Assume, for example, that we want to
model the relationship between some phenotypes and some gene expression levels.
We expect from biology that only a small number of genes influence a given phe-
notype, but the relationship between these genes and the phenotype is unlikely to be
linear. We may consider in this case a slightly more complex model.

Example 4: Sparse additive model and group-sparse regression

In the sparse additive model, we expect that f(x) = Y fx(xx) with most of the f;
equal to 0.

If we expand each function f; on a frame or basis {q) /}j AL obtain the decom-
position

=Y Y cixoix),

k=1 je _#

where most of the vectors {c;} ., are zero.

Such a model can be hard to fit from a small sample, since it requires to estimate a
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relatively large number of nonzero c; ;. Nevertheless, in some cases, the basis expan-
sion of fj can be sparse itself, as in Example 2, producing a more complex pattern of
sparsity. An interesting example is the following model.

Example 5: Sparse additive piecewise linear regression
The sparse additive piecewise linear model is a sparse additive model f(x) =
Y« fi(xx), with sparse piecewise linear functions f;. We then have two levels of
sparsity:
1. Most of the fj are equal to 0;

2. The nonzero f; have a sparse expansion in the following representation

fea) =Y, cin(e—zju)+
JE€ Sk

In other words, the matrix ¢ = [cj] of the sparse additive model has only a few
nonzero columns, and these nonzero columns are sparse.

It turns out that all the above models correspond to a sparse linear model, in the sense
of the form f; = (a, ;) for
n

that we have a representation of f* = { f (x("))} 4

i=1,...,n, with o sparse in some sense. Let us identify this representation in the
five above examples.

Examples 1, 2, 3, 4, 5 (continued): Representation f; = (¢, y;)

e Sparse piecewise constant regression: W; = ¢; with {ej,...,e,} the canonical
basis of R"” and v = f* is piecewise constant.

e Sparse basis expansion: y; = [(pj(x(i))]jef and a =c.

e Sparse linear regression: Y; = x¥ and o = B.

e Sparse additive models: y; = [(pj([x,({i)])]k'zl pand o = [cjklicr,..p -

Since the five above examples can be recast in a linear regression framework, we will
consider the linear regression model as the canonical example and use the following
notations.

Linear model

We have f = (ﬁ*,x(i>>. We define the n x p matrix X = [xy)]i=l.,.mn, j=1,..,p and
the n-dimensional vector € = [g;];=1 ... With these notations, we have the synthetic
formula

Y=f"+e=XfB"+e. (2.2)
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The above examples correspond to different sparsity patterns for 3*. We use through-
out the book the following terminology.

Sparsity patterns

e Coordinate sparsity: Only a few coordinates of B* are nonzero. This situation
arises in Examples 2 and 3.

e Group sparsity: The coordinates of B* are clustered into groups, and only a few
groups are nonzero. More precisely, we have a partition {1,...,p} = Uﬁ”zl Gy, and
only a few vectors B, = (B}) jec, are nonzero. This situation arises in Example 4.

e Sparse-group sparsity: In the same notation as the group-sparse setting, only a
few vectors ﬁ(*;k are nonzero, and in addition they are sparse. This situation arises
in Example 5.

e Variation sparsity (or fused sparsity): The vector AB* = [B7 — 7 ],

coordinate-sparse. This situation arises in Example 1.

=2,...,p is

In the remainder of this chapter, we will focus on the Gaussian regression setting

Yi=f'+eg,i=1,...,n, withthe g iid. with 4 (0,6?) distribution. ~ (2.3)

2.2 Selecting among a Collection of Models
2.2.1 Models and Oracle

Let us consider the problem of linear regression in the coordinate-sparse setting. If
we knew that only the coordinates [3 * with j € m* are nonzero, then we would remove

all the other variables {x it jgm } and consider the simpler linear regression model

yi = (B, +el—ZB s

jem*

In the other sparse settings described above, we would work similarly if we knew
exactly the sparsity pattern (which groups are nonzero for group sparsity, where the
jumps are located for variation sparsity, etc.).

More generally, if we knew that f* belongs to some linear subspace S of R”, instead
of estimating f* by simply maximizing the likelihood, we would rather estimate
f* by maximizing the likelihood under the constraint that the estimator belongs to
S. For example, in the coordinate-sparse setting where we know that the nonzero
coordinates are the {B]* 1 j € m*} we would take S = span {xj, JE€ m*} In our
Gaussian setting (2.3), the log-likelihood is given by

n 1
——log(2mo?) — — ||y — £
og(2n0%) — 5 1Y ~ £,

so the estimator maximizing the likelihood under the constraint that it belongs to S
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is simply f: ProjsY, where Projg : R” — R” is the orthogonal projection operator
onto S.

If we do not know a priori that f* belongs to a known linear subspace S of R”, then
we may wish to

1. consider a collection {S,,, m € .#} of linear subspaces of R", called models;

2. associate to each subspace S, the constrained maximum likelihood estimators
Jm = Proj SmY ;and

3. finally estimate f by the best estimator among the collection {fm, me . H }

To give a meaning to best, we need a criterion to quantify the quality of an estimator.
In the following, we will measure the quality of an estimator f of f* by its £2-risk

~

RO =E[IF- 117 (24)

Each estimator fm has a (?-risk r,, = R(fm), and the best estimator in terms of the
(2-risk is the so-called oracle estimator

f:,,g with  m, € argmin{r,,}. (2.5)
meA

We emphasize that the signal f* may not belong to the oracle model S,,,, . It may even
not belong to any of the models {S,,, m € #}.

The oracle estimator is the best estimator in terms of the £2-risk, so we would like to
use this estimator to estimate f*. Unfortunately, we cannot use it in practice, since it
cannot be computed from the data only. Actually, the index m, depends on the col-
lection of risks {r,,, m € .4}, which is unknown to the statisticians since it depends
on the unknown signal f*.

A natural idea to circumvent this issue is to replace the risks r,, in (2.5) by some
estimators 7, of the risk and therefore estimate f* by

fa with 7€ argmin{7,}. (2.6)
me.M

The estimator ‘]/C;’ﬁ can be computed from the data only, but we have no guarantee that
it performs well. The main object of this chapter is to provide some suitable 7, for
which we can guarantee that the selected estimator fz performs almost as well as the
oracle f,,, .

Examples of collections of models

Let us describe the collections of models suited to the different sparsity patterns
described in Section 2.1. In the following, we write X; for the j-th column of X.
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Coordinate sparsity

Let us define # = Z({1,...,p}), where Z({1,...,p}) denotes the set of all the
subsets of {1,...,p}. In this setting, we will consider the collection of models
{Si, m € .}, with the models S,, defined by S,, = span{X;, j€m} forme 4.
The model S,, then gathers all the vectors X, with 8 fulfilling B; = 0 if j ¢ m.

Group sparsity

In this setting, we will consider a collection of models {S,,, m € .#} indexed by
the set 4 = 2 ({1,...,M}) of all the subsets of {1,...,M}. For m € ./, the model
Sy is defined by S, = span {X it J€ Ukem Gk}. The model S, then gathers all the
vectors X3, with f fulfilling B, = 0 for k & m.

Sparse-group sparsity
The description of the collection of models {S,,, m € .#} in this setting is slightly
more involved. To a subset g C {1,...,M}), we associate the set of indices

My = {{‘]k}keg : where J; C Gy for all k € g}.

We defined the set of indices by

= U U {eWh}

gc{1,...M} {Jk}kege///g

and to an index m = (g,{Jil4e,) in #, we associate the model S, =
span{Xj 1 je Ukngk}~ The model S<gA{Jk}k€g> then gathers all the vectors X3,
with 8 fulfilling B; = 0 if j & Ureg Ji-

Variation sparsity
Writing AB = [Bc — Br—1]k=1,...,, (With the convention By = 0), we have f; =
Yi<j[AB]x and

Xp=Y mm&ﬁwmzx-

J=1k<] ik

In view of this formula, we will consider for the variation sparse setting the col-
lection of models {S,,, m € .#} indexed by the set .# = P ({1,...,p}) of all the
subsets of {1,..., p}, with models S,, defined by S, =span{¥ ;-; X;, k € m}. The
model S, then gathers all the vectors X3, with 8 fulfilling 8; = B, if j ¢ m.

Models are (usually) wrong

We emphasize that it is unlikely that our data exactly corresponds to one of the set-
tings described in the five examples of Section 2.1. For example, it is unlikely that a
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signal f(x) is exactly sparse linear, yet a good sparse linear approximation of it may
exist. In particular, we do not have in mind that one of the models is exact and we
seek it. We rather try to select the best model in the collection in order to estimate f™*,
keeping in mind that all these models can be wrong. The best model for estimation
corresponds to the oracle model S,,,, which is our benchmark for comparison.

2.2.2 Model Selection Procedures
Risk 7., of £,

Let us compute the risk r,, = R(fm) of the estimator fm Starting from Y = f*+¢€, we

obtain the decomposition f* — f,, = (I —Projg, ) f* —Projg €. Then, the Pythagorean
formula and Lemma A.3, page 294 in Appendix A, give

i =E[Ilf* = Tull2] =E [I1( — Projs, )£ +||Projs, &
= (1 = Projs, )| + duo?,

where d,, = dim(S,,). The risk r, involves two terms. The first term ||(/ —
Projg )f *||2 is a bias term that reflects the quality of S, for approximating f*. The
second term d,,67 is a variance term that increases linearly with the dimension of
Sm. In particular, we notice that enlarging S, reduces the first term but increases the
second term. The oracle model S,,, is then the model in the collection {S,,, m € .#},
which achieves the best trade-off between the bias and the variance.

Unbiased estimator of the risk

A natural idea is to use an unbiased eAstimator 7m of the risk r,, in Criterion (2.6). It
follows from the decomposition ¥ — f,, = (I —Projg )(f* + €) that

E IV = 7ull2] = E [I[( ~ Projs, ) £*|I? +2((1 — Projs, ) £*, ) +I|(1 — Pros, )¢l ]
= (1= Proj, ) f*|*+ (n— d) >
=+ (n—2d,)0°.

As a consequence, R
?m: Hy_meZ_'_(de_n)GZ (27)

is an unbiased estimator of the risk. Note that dropping the —nc? term in 7, does not
change the choice of 71 in (2.6). This choice gives the Akaike Information Criterion
(AIC)

marC € argmin{HY—ﬁnHz—i—deoz}. (2.8)
meM

This criterion is very natural and popular. Nevertheless, it can produce very poor
results in some cases because it does not take into account the variability of the esti-
mated risks 7, around their mean r,,. This is, for example, the case when the number
of models S, with dimension d grows exponentially with d; see Exercise 2.8.1. It is
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Figure 2.1 We consider the pure noise case (f* = 0) in the coordinate-sparse setting with
orthogonal design, as in Exercise 2.8.1, with p = 40. For each dimension d = 1,...,7, the
boxplot of {Ty : dy = d} is represented, with 7, defined by (2.7). The true risks 1y, = dyy 6>
are represented by gray diamonds. We observe that when dimension d grows, there are more
and more outliers, and min {7, : d, = d} tends to decrease with d. The AIC model Sg, .. then
has a large dimension.

due to the fact that in this setting, for large dimensions d, we have a huge number
of models S,, with dimension d. Therefore, we have a huge number of estimators
7m» and, due to the randomness, some of them deviate seriously from their expected
value r,,,. In particular, some 7, are very small, much smaller than 7,,, associated to
the oracle m,. This leads the AIC criterion to select a model S; much bigger than
Sm, with very high probability. We illustrate this issue in Figure 2.1.

Penalized estimator of the risk

How can we avoid the undesirable phenomenon described above? The AIC crite-
rion (2.8) involves two terms. The first term ||[Y — fu[|* = ||Y — Projg Y| is de-
creasing with the size of S,,, whereas the second term 2dmc52 is increasing with the
dimension of S,. In order to avoid the selection of a model Sj; with an overly large
dimension dj (as in Exercise 2.8.1), we shall replace the second term 2d,,6> by a
term taking into account the number of models per dimension.
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Following this idea, we focus henceforth on a selection criterion of the form

m € argmin { 1Y — full® + Gzpen(m)} ,
meM

where the function pen : .# — R is called the penalty function. A proper strategy
to build a good penalty function is to perform a non-asymptotic analysis of the risk
R(f7) and then choose the penalty pen(m) in order to have a risk R(f;) as close
as possible to the oracle risk R(ﬁng). Such an analysis, leading to the choice of the
selection criterion presented below, is detailed in the proof of the forthcoming Theo-
rem 2.2.

To start with, we associate to the collection of models {S,,, m € .#} a probability
distribution 7w = {m,,, m € .4} on .# . For a given probability 7 and a given K > 1,
we select m according to the criterion

me argmin{HY — full?+ G2pen(m)} ,
meM
with pen(m) = K(\/dm—i— \/210g(1/7rm))2. 2.9)

The resulting estimator is f: f,@

At first sight, it is not obvious why we should use a penalty pen(m) with such a shape.
We refer to Remark 2, page 40, for explanations on the shape of Criterion (2.9) in
the light of the proof of Theorem 2.2.

Criterion (2.9) depends heavily on the probability 7. It is then crucial to choose this
probability 7 properly. This probability distribution can reflect our knowledge on the
likelihood of being in one model rather than in another one, but most of the time it
is chosen in a completely ad-hoc way. Actually, as we will see in Theorem 2.2, the
?-risk of the estimator f = f;, with 7 selected by (2.9), roughly behaves like

1
min (rm +02log ) . (2.10)

me.A Tn

Therefore, the choice of ,, will be driven by an attempt to make this term as close as
possible to the oracle risk 7,,, . It will be the case, for example, if log(,, ') 62 behaves
like the variance d,, 02 of fm: since rp, > d,, 62, the minimum (2.10) is upper-bounded
by 2r,,, when log(7,,!) < d,,. Unfortunately, we cannot choose log(7;,') < ad,, with
« a numerical constant for any collection of models. Actually, increasing the size of
A requires to decrease the size of T, (since 7 is a probability distribution on .#),
and when ./ is very large, as in the coordinate-sparse setting, the sum Y, , e~ %
cannot be bounded independently of p for a fixed & > 0.

Below, we give examples of probabilities 7 that produce good results. They are built
by slicing the collection of models {S,,, m € .#} according to some notion of com-
plexity, most of the time connected to the variance d,, 67 of f,.
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Examples of probability 7,

The risk r,, equals ||(1 — Projg, ) f*||* + dno?, where d,, = dim(S,,). Since we want
the bound min,,c_y {rm +02log(1/ 7rm)} to be as close as possible to r,,,, we build
below probabilities 7, such that log (1/7,,) remains of a size comparable to d,,,. We
refer to Section 2.2.1 for the definition of the collections of models {S,,,m € .#} in
the different sparsity settings.

We will write henceforth Cg for p!/(d!(p—d)!). It fulfills the following upper bound.

Lemma 2.1
For 0 < d < p, we have the upper bound log (Cg) < d(1+1log(p/d)), with the
convention 0log0 = 0.

Proof. The result is obvious for d = 0 and d = 1. Assume that the bound holds true
for C4~". Since (14 1/k)* < e for any integer k, we have

L p—d ep \7'p ep\d-1 1 \""p ep\4
cd—cd-1P—d _ 7<<7) e ,<(7> .
PP d —\d-1 d—\d taio d—\d

We conclude by induction on d. O

Coordinate sparsity

In this setting, we slice the collection of models according to the cardinality of m,
and we give the same probability to the C¢ models with m of cardinality d. We
consider two choices of probability 7 on .# = Z({1,...,p}).

1. A simple choice is m,, = (14 1/p)~?p~I"|, for which we have the upper bound
log(1/my) < 14 |m|log(p) since (1+1/p)? <e.
-1
2. Another choice is m, = (Cg"‘) e "(e —1)/(e — eP). According to
Lemma 2.1, we have

g - ) < 1owle/ (e~ 1)+ Inl2-+Tog(p/ ).

m

We notice that for the two above choices, log(7,,!) roughly behaves like 2|m|log(p)
for |m| small compared to p. There is then an additional log(p) factor compared
to the AIC penalty pen,c(m) = 2|m|o?. This log(p) factor is due to the fact that
the number of models with dimension d roughly grows with d, like dlog(p) in the
logarithmic scale, so this term shall appear in the definition of 7,,. Exercise 2.8.1 and
Section 3.4.1 show that this log(p) factor is actually unavoidable. Since the upper
Bound (2.10) involves log(,,'), we then lose a log(p) factor between the upper
Bound (2.10) and the oracle risk .
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Group sparsity
Here, we slice again the collection of models according to the cardinality of m,

which corresponds to the number of groups Gy for which g, # 0. As before, we
consider two choices.

1. A simple choice m,, = (14 1/M)~MM ="l for which we have the upper bound
log(1/7) < 1+ m|log(M).
-1
2. Another choice is 7, = (CI‘&"‘ e I"l(e—1)/(e—e M), for which we have
the upper bound log (1/m,,) <log(e/(e — 1))+ |m|(2+log(M/|m|)).

Sparse-group sparsity
In this case, we slice .# according to both the number of groups and the cardinality
of the nonzero elements in each groups. More precisely, for m = (g, {Jk };c,), We
set

e A
i = = X eﬁ eT‘ @.11)
CM keg C|ék|

with Z such that ¥, 7,, = 1. In the case where all the G; have the same size p/M,

we have et .
o — oMt 1—e?

z=2"%  Gherea=-— .

-« e(e—1)

We have the upper bound

log(1/m) < |g|(2+1og(M/|g]) + Y [l (2 +log(|Gkl /|Ji]))-
keg

Variation sparsity
‘ We can choose the same 7, as in the coordinate-sparse setting.

2.3 Risk Bound for Model Selection
2.3.1 Oracle Risk Bound

We consider a collection of models {S,,, me .#}, a probablhty distribution 7 =
{7, m€ A} on A, aconstant K > 1, and the estimator f fm given by (2.9). We
have the following risk bound on R(f).

Theorem 2.2 Oracle risk bound for model selection

For the above choice of f, there exists a constant Cx > 1 depending only on K > 1,
such that

(177 IF] < G uin {217~ 1] + 2108 (- ) +0* | @12
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Proof. The analysis of the risk of f relies strongly on the Gaussian concentration
Inequality (B.2) (see Appendix B, page 301). The strategy for deriving the risk
Bound (2.12) is to start from Definition (2.9) of 7, which ensures that

1Y = fal|? + o%pen(i) < ||Y — ful|> + 0%pen(m), forallme .#,  (2.13)

and then to control the fluctuations of these quantities around their mean with the

Gaussian concentration Inequality (B.2). The first step is to bound Hf— £*||? in terms

of Hfm — f*||* up to an additional random term. The second step is to upper bound
the expectation of this additional random term.

Basic inequalities

Let us fix some m € .. Since Y = f* + ¢, expanding the square ||€ + (f* —]?)||2 in
the Inequality (2.13) gives

"= FIP < 1™ = full® + 208, f* = fu) + pen(m)a® +2(e. f — f*) — pen(im) o™,
(2.14)
From Lemma A.3 in Appendix A, page 294, the random variable |[Projg ¢/ follows
a chi-square distribution of d,, degrees of freedom, so

E(e.f = fu)| =E[(e.f" ~ Projs, /)] ~ E[[Projs, el ] =0—dyo?, (.15)

m

which is non-positive. Since

pen(m)o? = K( dm + \/21og(l/7tm))262 < 2K (dy +2log(1/my)) 0°
< 2KE ||| fu— fIP*] +4K10g(1/m,) 02, 2.16)

in order to prove Bound (2.12), we only need to prove that for some constants a > 1
and ¢ > 0 there exists a random variable Z, such that

2(e,f = f*)—pen(i) <a '[|f - f|*+2 @.17)
and E[Z] < co?. Actually, combining (2.14), (2.15), (2.16), and (2.17) we have

a—1

B[l = AIF] < +2K)E[lf* = FulP] +4Klog(1/7) 6% + co?,

a
for any m € ., and Bound (2.12) follows.

Let us prove (2.17). We denote by < f* > the line spanned by f*, by Son the space
Sm = Su+ < f* >, and by §,, the orthogonal of < f* > in §,. In particular, S, is the
orthogonal sum of < f* > and S,,, which is denoted by S, = < f* > @ S,,.. Applying
the inequality 2(x,y) < a||x||*> +||y||*/a for a > 1, we obtain

2<87f7f*> = 2<Pr0j§ﬁ87f7f*>
al|Projs_g|* +a”"||f = |
aN*6? +aUs 6> +a || f - f*|%,

IN

IN
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where N? = ||Proj<f*>£||2/62 and Uy, = HPI‘OjngHZ/GZ. According to Lemma A.3,
N? follows a x? distribution of dimension 1, and U, follows a x? distribution of
dimension d,, if f* ¢ S,, and d,, — 1 if f* € S,,. We then have (2.17), with Z =
aN*6? + aUy; 62 — pen(ii)o2. All we need is to prove that there exists a constant
¢ > 0, such that

E[Z] = a6? + 6*E [aUy; — pen(i)] < co>. (2.18)

We emphasize that the index /m depends on &, so it is not independent of the sequence
{Un, m € A}. As a consequence, even if each U, follows a )(2 distribution, the
variable Uy does not follow a x? distribution.

Stochastic control of E [aU; — pen(in)]

2
We remind the reader that pen(m) = K (x/dm ++/2log(1/ 77:,,,)) . In the following,
we choose a = (K+1)/2 > 1, and we start from the basic inequality

E [MUA _ pen(i )}

2
max [ U, 2 en(m)
X _
mew \" T K1 P

K+1 {
K—H y EK ; M(er\/m)) ] (2.19)

<—FK
2
meH

The map & — [|Projg ]| is 1-Lipschitz, so the Gaussian concentration Inequal-
ity (B.2), page 301, ensures that for each m there exists &, with exponential dis-
tribution, such that

[Projs, &[] < E [|[Projg, &l]] +0/28u

Since Uy, = ||Proj S~m.€||2 /o2 follows a x? distribution with d,, or d,, — 1 degrees of

freedom, we have E [||Projg el|] < E [||Projg £]|*] 2 < 6\/dy. As a consequence,

we have the upper bound

Un < (Vnt V)
< (\/djﬁ— \/210g l/nm +\/2 ém_IOg ]/nm))+)2
< K+1 (f+ m) En—log(1/Tn))+,

where we used for the last line the inequality (x +y)? < (1+a)x* + (1 +a 1)y?,

witl;loc =(K—1)/(K+1). Since E[(§, —log(1/my))+] = exp(—log(1/my)) = o,

T -

| (Un - oy (Van+ v21og(1/7,))’)

} 4K
<
oK1
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Combining this bound with (2.19), we finally end with

K+1 . 2K(K 1
£ Ky peni)| < KE Vo2 3 g,
2 K— meH

2K(K+1
= 7+1) cZ, (220
since Y ,,c.z Tm = 1. This proves (2.18) and thus (2.17). The proof of (2.16) is com-
plete. O

Remark 1. We observe from the last inequality in the above proof that Theo-
rem 2.2 remains valid when {m,, : m € .} do not sum to one, as long as the sum
Y ne.n Tom remains small (since the constant Ck is proportional to Y,z ). Asking
for {m,, : m € .4} to sum to one is therefore not mandatory, it is simply a convenient
convention.

Remark 2. Let us explain the shape of Penalty (2.9) in light of the above proof. From
Inequality (2.17) we observe that we need a penalty, such that there exist some a > 1,
¢ > 0, and some random variables Z,, fulfilling

20, fu— f*) —pen(m) < a” || fu— f*I +Zn, forallme .,

and E [sup,,c_, Zn] < co?. Since

n * fm f* I 5112
2(e, fm—f7) <a(e, Sm—f
< > < o f*||> @ =1l

<asup <e,f>2+a'|fm—f*2
< A

fESm
< a||Projg €|*+a” | fu — £*II,

we need a penalty fulfilling E [sup,,c_, (a||Pr0j5m£||2 —pen(m)c?)] < co?. As ex-
plained in the second part of the proof of Theorem 2.2, Penalty (2.9) fulfills such a
bound; see Bound (2.20).

Remark 3. We mention that there are some alternatives to Criterion (2.9) for se-
lecting a model, for example the Goldenshluger-Lepski method. We refer to Exer-
cise 2.8.5 for a simple version of this method and to Section 2.7 for references.

Discussion of Theorem 2.2

The risk Bound (2.12) shows that the estimator (2.9) almost performs the best trade-
off between the risk r,, and the complexity term log(7;,')o?. For collections of suf-
ficiently small complexity, we can choose a probab111ty 7, such that log(m,, 1) is of
the same order as dy,. In this case, r, is larger (up to a constant) than the complex-
ity term log(7,,' )02, and the risk of the estimator f is bounded by a constant times
the risk of the oracle f;n,,» see Exercise 2.8.3 for an example. In particular, the AIC
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can produce some good results in this case. For some very large collections, such as
the one for coordinate sparsity, we cannot choose log(7,, 1) of the same order as d,,,
and Exercise 2.8.1 shows that the AIC fails. In Athis case, the Bound (2.12) cannot be
directly compared to the oracle risk r,,, = R(fn, ). We refer to Exercise 2.8.2 for a
discussion of Bound (2.12) in the coordinate-sparse, the group-sparse, and the sparse
group-sparse settings. In these cases, where (2.12) cannot be directly compared to
the oracle risk r,,,, two natural questions arise:

1. Can an estimator perform significantly better than the estimator (2.9)?
2. Can we choose a smaller penalty in (2.9)?

Addressing these two questions in full generality is beyond the scope of this book.
Rather, we will focus on the classical coordinate-sparse setting.

To answer the first question on the optimality of the estimator (2.9), we need to
introduce a suitable notion of optimality and to develop a theory to assess the best
performance that an estimator can achieve. This is the topic of the next chapter. We
will see there, that the estimator (2.9) is optimal in some sense, made precise in
Chapter 3.

Let us now consider the second question. Does it make sense to choose a penalty

2
smaller than pen(m) = K (x/dm + \/210g(1/7rm)> , with K > 1 and m,, described in

Section 2.2.2 ? In the coordinate-sparse and group-sparse settings the answer is no,
in the sense that we can prove that when f* = 0, the selected 7 can have a very large
size when K < 1; see Exercise 2.8.1, parts B and C. In particular, the AIC criterion
can lead to a strong overfitting in these cases.

2.4 Computational Issues

We have seen in the previous section that the estimator (2.9) has some very nice sta-
tistical properties. Unfortunately, in many cases, it cannot be implemented in practice
due to its prohibitive computational complexity.

Actually, computing (2.9) requires to screen the whole family .# except in a few
cases listed below. The size of the families .# introduced in Section 2.2.1 becomes
huge for moderate or large p. For example, the cardinality of the family .# cor-
responding to the coordinate-sparse setting is 27, for the group-sparse setting it is
2M etc. As a consequence, the complexity of the selection procedure (2.9) becomes
prohibitive for p or M larger than a few tens; see the table below.

number of variables
(or groups)

p| 10 | 20 | 40 | 80 270

number of
cardinality of ./ 27 | 1024 | 1.110° | 1.110' | 1.210** | particles in
the universe
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Model selection is therefore a very powerful conceptual tool for understanding the
nature of high-dimensional statistical problems, but it cannot be directly imple-
mented except in the few cases listed below or when the signal is very sparse [92].
Yet, it is a useful baseline for deriving computationally feasible procedures, as we
will see in Chapters 5, 6 and 7.

Cases where model selection can be implemented

There are two cases where we can avoid to screen the whole family .# for minimiz-

ing (2.9).

1. The first case is when the columns of X are orthogonal. Minimizing (2.9) then
essentially amounts to threshold the values of XJTY ,for j=1,..., p, which has a
very low complexity; see Exercise 2.8.1, part A, for details.

2. The second case is for the variation sparse setting, where minimizing (2.9) can be
performed via dynamic programming with an overall complexity of the order of
n’. We refer to Exercise 2.8.4 for the details.

Finally, we emphasize that for small families {S,,, m € .#} of models (for example,
given by a PCA of X), the algorithmic complexity remains small and the estima-
tor (2.9) can be implemented; see Exercise 2.8.3 for examples.

Approximate computation

As mentioned above, some computationally efficient procedures can be derived from
the model selection Criterion (2.9). We refer to Chapters 5, 6 and 7 for details. An al-
ternative point of view is to perform an approximate minimization of Criterion (2.9).
Many algorithms, of a deterministic or stochastic nature, have been proposed. We
briefly described one of the most popular ones: the forward—backward minimization.

For simplicity, we restrict to the coordinate-sparse setting and only describe one of
the multiple versions of the forward—backward algorithm. The principle of forward—
backward minimization is to approximately minimize Criterion (2.9) by alternatively
trying to add and remove variables from the model. More precisely, it starts from the
null model and then builds a sequence of models (m;);cn, Where two consecutive
models differ by only one variable. At each step ¢, the algorithm alternatively tries to
add or remove a variable to m;, in order to decrease Criterion (2.9). When the criterion
cannot be improved by the addition or deletion of one variable, the algorithm stops
and returns the current value. Below crit(m) refers to Criterion (2.9).
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Forward-backward algorithm

Initialization: start from my = 0 and r = 0.

Iterate: until convergence

o forward step:
— search ji1 € argmin g, crit(m; U{;})
— if crit(my U {ji41}) < crit(my), then my 1 = m; U {jry1} else mpyy = my
— increase ¢ of one unit

e backward step:
— search ji11 € argmin g, crit(m, \ {j})
— if crit(my \ {jr41}) < crit(my), then my 1 = m; \ {jr11} else my) = my
— increase t of one unit

Output: fm,

In practice, the forward-backward algorithm usually converges quickly. So the final
estimator f,,, can be computed efficiently. Yet, we emphasize that there is no guar-
antee at all, that the final estimator fm, corresponds to the estimator f‘,\’ﬁ minimizing
the Criterion (2.9). Yet, some strong results are given by Zhang [169] for a variant of
this algorithm.

2.5 Illustration

We briefly illustrate the theory of model selection on a simulated example. The
graphics are reported in Figure 2.2. We have n = 60 noisy observation Y; = f(i/n) +&;
(gray dots in Figure 2.2) of an unknown undulatory signal f : [0,1] — R (dotted
curve) at times i/60 for i = 1,...,60, with &,..., & i.i.d. with .4#7(0,1) Gaussian
distribution. We want to estimate this signal by expanding the observations on the
Fourier basis. More precisely, we consider the setting of Example 2, page 28, with
the ¢@; given by

¢i1(x) =1
Qo (x) =cos(2mkx)  fork=1,...,25
Oor1(x) =sin(2mwkx) fork=1,...,25.

The top-right plot in Figure 2.2 represents the classical estimator ]?OLS (in gray)
obtained by simple likelihood maximization

P ~ n P 2

O (x) = Y [BJ(.)LS(pj(x) with BOYS e argmin ) (Yi -Yy ﬁj(pj(i/n)) )
j=1 BeRP =1 j=1

We observe that the estimator fOLS is overly wavy and provides a poor estimation

of f. If we knew the oracle model m,, then we could estimate f with f, . This
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Figure 2.2 Top-left: The observed data (gray points) and the unknown signal f (dotted line)
that we want to estimate. Top-right: OLS estimator (in gray). Bottom-left: Oracle pseudo-
estimator (gray). Bottom-right: The Estimator (2.9) in gray.

pseudo-estimator is plotted in gray at the bottom-left of Figure 2.2. We observe that
it is very close to f. In practice, we do not know the oracle model m,, but we can
select a model m according to the model selection procedure (2.9), with a collection
of models and a probability distribution 7 corresponding to the coordinate-sparse
setting. The constant K in the penalty term is chosen to be equal to 1.1. The resulting
estimator f is plotted in gray at the bottom-right of Figure 2.2. We observe that this
estimator is much better than fOLS, and it is almost as good as f,, .

2.6 Alternative Point of View on Model Selection

Before concluding this chapter, we point out an alternative strategy for deriving a
selection criterion based on the Bayesian paradigm. In this perspective, the mean f*
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of Y is assumed to be the outcome of the following sampling scheme: A model S,
is sampled according to a distribution (7,).c.z, and then f* is sampled according
to a distribution dII(f|m*) on S,+. The mean f* of ¥ is then sampled according to
the distribution
dri(f) = Y. ZudI(f]m),
meMN

with (7,,)me. @ distribution on .# and dII(f|m) a distribution on S,,. In such a
probabilistic setting, where m*, f*, and Y are random variables, it makes sense to
consider the probability I1(m|Y) of a model S, given the observations Y. Computing
this conditional probability, we obtain

Tudn(Y[m) T fyes, e V17 C) aTI( flm)
dﬂ:(Y) B Zm/ T ffGS ’ ef||Y7fH2/(20'2) dn(f|m,) .

(m|Y) =

Under some technical conditions on the distribution dT1(f|m), an asymptotic expan-
sion when n — oo gives for m,m’ € .4

II(m|Y) \ noe
log| =—/——=~ | =
(')
1Y = Fos > = 1Y = fonll® iy — T ,
762 t— log(n) +1log - +0(1); (2.21)

m/

see [152]. This asymptotic expansion suggests to choose m by minimizing the crite-
rion N

crit(m) = ||Y — fu* + 6%dlog(n) + 267 log (m,,") . (2.22)
Assuming a uniform distribution 7,, on .#, we obtain the popular Bayesian Infor-
mation Criterion (BIC)

ifigic € argmin { 1Y = Ful? + 6%d, log(n)} . (2.23)
me M

The term o2d,,log(n) appearing in the BIC increases more rapidly than the term
2d,,62 appearing in the AIC. Yet, the model 77igjc can still be overly large when there
is an exponential number of models per dimension; see Exercise 2.8.1, part B. This
failure has two origins. First, the asymptotic expansion (2.21) fails to be valid in a
high-dimensional setting. Second, the choice of a uniform distribution 7 on .# does
not enable the BIC estimator fz, . to adapt to the complexity of .# by taking into
account the stochastic variability in (2.21). Actually, Criterion (2.22) is quite similar
to Criterion (2.9), and choosing 7, as in Section 2.2.2 would avoid the overfitting
described in Exercise 2.8.1.

2.7 Discussion and References
2.7.1 Take-Home Message

Model selection is a powerful theory for conceptualizing estimation in high-
dimensional settings. Except in the orthogonal setting of Exercise 2.8.1, the variation
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sparse setting of Exercise 2.8.4 and the nested setting of Exercise 2.8.3, its compu-
tational complexity is prohibitive for implementation in high-dimensional settings.
Yet, it remains a good baseline for designing computationally efficient procedures
and for building criteria for selecting among different estimators. These two issues
are developed in Chapters 5, 6 and 7.

2.7.2 References

Model selection ideas based on penalized criteria date back to Mallows [116] and
Akaike [2] who have introduced the AIC. The BIC has been later derived by
Schwarz [141]. The non-asymptotic analysis of model selection can be found in Bar-
ron, Birgé, and Massart [22] and Birgé and Massart [32]. In particular, Theorem 2.2
is adapted from Birgé and Massart [32].

The concept of model selection can be applied in many different settings, including
density estimation, classification, non-parametric regression, etc. In particular, model
selection can handle models more general than linear spans. We refer to Massart’s
Saint-Flour lecture notes [118] for a comprehensive overview on model selection
based on penalized empirical risk criteria. An alternative to these penalized empiri-
cal risk criteria is the Goldenshluger—-Lepski method; see Goldenschluger and Lep-
ski [85], Chagny [53], and the references therein. A simplified version of this method
is presented in Exercise 2.8.5.

The results presented above can be extended to the setting where the variance ¢
of the noise is unknown; see Baraud et al. [19]. The rough idea is to plug for each
m an estimator 6 of ¢ in Criterion (2.9) and to adapt the shape of the penalty
pen(m) accordingly. Another strategy is the slope heuristic developed by Birgé and
Massart [33] (see also Arlot and Massart [9] and Baudry et al. [23] for a review). The
slope heuristic is based on the observation that the dimension dj; is small for K > 1
and large for K < 1. The rough idea is then to replace Ko by a constant k > 0
in (2.9) and search for a constant k., such that dj; is large for ¥ < K. and small for
Kk > K. The Criterion (2.9) is finally applied with Ko replaced by 2%..

2.8 Exercises
2.8.1 Orthogonal Design

We consider the linear model (2.2) in the coordinate-sparse setting. We assume in
this exercise that the columns of X are orthogonal. We consider the family .# and
the models S, of the coordinate-sparse setting and take in Criterion (2.9) the penalty

pen(m) = A|m| for some A > 0. Note that with A = K (1+ /2]0g(p)>2, this penalty
is almost equal to the penalty pen(m) = K (/dy, + 210g(1/7tm))2, with the proba-
bility 7, = (1+1/p)Pp~ Il

For A > 0, we define m, as a minimizer of (2.9) with pen(m) = A|m|.
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A) Hard thresholding

1. Check that, in this setting, Criterion (2.9) is equal to

2
XTy
I — Projs, Y|P + pen(m)o? = Y[+ ¥, [ 2o <||>2 ||> |
jEm J

where X is the j-th column of X.
2. Prove that a minimizer 1, of (2.9) is given by /), = {j : (XJT,Y)2 > l||Xj||2G2}.

3. What is the consequence in terms of computational complexity?

B) Minimal penalties

We next check that the penalty pen(m) = 2|m|log(p) is minimal in some sense. We
assume in this part that /* = 0 so that the oracle model m, is the void set. An accurate
value of A must then be such that E [|m, |] is small.

1. For j=1,...,p, we set Z; = XjTe/(||X]||G) Prove that the Z; are i.i.d. with
A7(0,1) distribution.

2. Prove that |m, | follows a binomial distribution with parameters p and 1) =
P (Z2 > l) , with Z a standard Gaussian random variable.

3. We recall that the AIC is defined by (2.8). Check that E[|inarc|] = 0.16 p. In
particular, the AIC is not suited for this context.

4. We recall that for a standard Gaussian random variable Z, we have

P (22 > x) *2e % e /2,

Check that for K > 0 we have

1-K
pee p

E [k 109(p)|] "~ /aKlog(p)

Conclude that for K < 1 the mean size of the selected model ﬁzmog( p) grows like
a fractional power of p. Choosing pen(m) = 2K|m|log(p) with K < 1 can then
produce poor results in the coordinate-sparse setting. In this sense the penalty
pen(m) = 2|m|log(p) is minimal in this setting.

5. We recall that the BIC is defined by (2.23). Check that for p ~ n we have

172
wlog(p)

E [|mpic

In particular, the BIC is not suited for this context.
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C) Overfitting with K < 1

We do not assume anymore that f* = 0. We consider again the penalty pen(m) =
A|m|. We prove here that the choice A = 2K log(p) with K < 1 produces an estimator
with a risk much larger than the minimax risk.

1. As before, we set Z; = XJTS/(HXJHG) We assume henceforth that f* € S,,» with
|m*| = D*. Writing P; for the projection on the line spanned by X, prove that

1fa, —FIP=1lF = ¥ PP+ Y 2202
jemy jemy
2 2 ~ 2
> Y Zio® > (lm|-D")Ac’.

jErﬁl\m*
2. Prove that for a,x € R™, we have
X 2 X+a 5
/ et /deZ/ e 24z,
X—a X

As a consequence, for a standard Gaussian random variable Z and for any a,x € R,
prove that P ((Z+a)* > x*) > P (Z*> > x?).

3. Check that E[|iy ] > pPP(Z* > 1), with Z a standard Gaussian random variable.
4. For K < 1 and D* < p'~X(log(p))~'/2, prove that

E {Hfrﬁzm(m *f*”z} > (E [l 10(p)|] — D) 2K log(p)o?

- 4K1
> (pP (2* > 2K log(p)) — D*) 2K log(p)c* "~ pl—Kaz\/@‘

5. We use the notations Vp(X) and R[X, D] defined in Section 3.4.1. Conclude that
for K < 1 and D* < p'~K(log(p))~'/2, we have for any f* € Vp+(X)

E [Hf,;mg(m —f*||2] S RIX,D], as p— +oo.

In particular, the choice A = 2K log(p) with K < 1 produces an estimator with a
risk overly large on Vp+ (X) for D* < p'~X(log(p))~'/2.

This last part emphasizes that the AIC estimator overfits in this setting, as well as the
BIC estimator when p ~ n® with @ > 1/2. They should then be avoided.

2.8.2 Risk Bounds for the Different Sparsity Settings

We consider the linear regression model (2.2).

A) Coordinate-sparse setting

We focus here on the coordinate-sparse setting. We use the models defined in Sec-

-1
tion 2.2.1 for this setting and the weights 7, = (Cl‘,m‘) e Me—1)/(e—eP).
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1. We define supp (B) = {,j: B; # 0} and |Bo = card (supp (B)). Prove that for any
m € ./ we have

n *12 | . %112 2
B[l fIP)=, inf - {IXB~XB"|+[Bloo?}

2. With Theorem 2.2, prove that there exists a constant Cx > 1 depending only on
K > 1, such that the estimator f = Xf3 defined by (2.9) fulfills

E[I1XB - XB°|?]
<Cx min inf)m{||Xﬁ—Xﬁ*||2+|B|o [1+1og (m’]o)] 62}

me.#\0 B:supp(B)=

<CKﬁ1nf{||XB XB* 1>+ 1Blo {l—klog('m )}0'2} (2.24)

B) Group-sparse setting

We focus here on the group-sparse setting, and we assume that the M groups have
the same cardinality p/M. We use the models defined in Section 2.2.1 for this setting

1
and the weights 7, = (CJS") e IMe—1)/(e—e ™).
1. We write £ (B) = {k : B, # 0}. Prove that
E||fu—f*|= inf {X —XB*|*+
= £ 1) = it IXB ~XB°)

2. With Theorem 2.2, prove that there exists a constant Cx > 1 depending only on
K > 1, such that the estimator f = Xf3 defined by (2.9) fulfills

E[IXB—XB"]
< min {B[[1fn—fI] +lml (1 +log(M/Im)) o |

me

M
< Ck inf { || XB — XB*|2 +|# (B [l—f—p—i—lo ()}02}
o {ﬁ BIF+ A B 1+ 4 ioe (s
3. Observe that for some 8 we have |2 ()| = |B|oM/p and

% (B))| [1+A’;+log (Wﬂ(lﬁ)lﬂ =Blo+— Iﬁ\o {Hlog (ﬁl )}

This inequality enlightens the gain of using the group-sparse models instead of
the coordinate-sparse model when §* is group-sparse and M < p.

2l )
U |

C) Sparse group-sparse setting

We focus here on the sparse group-sparse setting, and we assume again that the M
groups have the same cardinality p/M. We use the models and the probability 7
defined in Sections 2.2.1 and 2.2.2 for this setting.
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1. We write _7(B) = {j € Gy : B; #0}. Prove that

E I ~ IR = inf { XB—XB* |2+ ¥ | % 02}.

et = £ ] = . gy 000 5, {IXB =58P+ AP

2. With Theorem 2.2, prove that there exists a constant Cx > 1 depending only on
K > 1, such that the estimator f = Xf3 defined by (2.9) fulfills

(1B - xB°17] < i ot {15 - XB°12-+ 17 (8 [1-+108 (1) |

X LA 1108 (52 )] o7

keg

Compared with the group-sparse setting, we observe that the term |.# (8)|p/M is

replaced by
¥ A 1108 (32 ) |

keg
which can be much smaller when |B|o < |2 (B)|p/M.

2.8.3 Collections of Nested Models

We consider a collection of models {S,,, m € .#} indexed by .# = {1,...,M} and
fulfilling dim(S;,,) = m. Such a collection of models arises naturally, when expanding
a signal (as in Example 2) on the m first coefficients of the Fourier basis {(p ;i jeEN }
In this case we have S,, = span{¢;: j=1,...,m}. Another example is when S,, is
spanned by the m first principal axes given by a Principal Component Analysis of X.

For any a > 0, we choose the probability distribution on .# defined by =, =
e (¥ —1)/(1 —e ®M) for m € .. In this case, we can compare directly the
risk of the estimator (2.9) to the risk of the oracle f,,,, .

1. Check that the estimator defined by (2.9) fulfills the oracle inequality
E[Ifa—fIP| <Cra inf E[Ifu—rI?],
m=1,....M

for some constant Ck o > 1 depending only on K and ¢. In particular, the perfor-
mance of the estimator (2.9) is almost as good as the performance of the oracle
Jfm, up to a universal (multiplicative) constant Cy q.

2. For K €]1,2[, we set & = (1/2/K —1)? and 7, = exp(—am).
2
(a) Compute the penalty pen(m) = K (\/rﬁ—&- \/log(1/ nm)) for this choice of

7. What do you recognize?

(b) Compute the sum Y, » T, This sum is not equal to one, but we know from
the remark below the proof of Theorem 2.2 that the risk Bound (2.12) remains
valid when the sum Y ,,c » 7, is not equal to one, as long as the sum remains
of a moderate size. What it the size of this sum for K = 1.1?
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The conclusion is that the AIC fulfills an oracle inequality like (2.12) when the col-
lection of models is nested. Using the AIC in this setting thus perfectly makes sense.

2.8.4 Segmentation with Dynamic Programming

We consider here the setting where the coordinates f;* are piecewise constant as
described in Example 1, page 27. It corresponds to the variation sparse setting with
p = n and with X1, ..., X, the canonical basis of R".

We want to estimate f* by model selection. We then consider the family of models
introduced in Section 2.2.2 for the variation sparse setting. This family is indexed
by the 2" subsets of {1,...,n}. A naive minimization of Criterion (2.9) would then
require 2" evaluations of the criterion, which is prohibitive in practice. Yet, in this
setting, Criterion (2.9) can be minimized much more efficiently by dynamic pro-
graming. This exercise is adapted from Lebarbier [102].

We write N2(k) = Y7 +...+ Y2  for2<k<nand N>(1)=0.For 1 <k < j<n+]1,

we set
TR, 5 . j—1 5
Sep =g LY and R(kj)=Y (Yi—Fup)
J— k i=k

i=

1. Form = {iy,...,ip} C{1,...,n}, check thatfm is given by
N D ‘
— lg+1
Sm= Zyiq,iqﬂlij'— ,
g=1

where ip;1 = n+ 1 and where 1/ = X +...+X;_y is the vector with it coordi-
nate equal to 1 if k <i < j and equal to 0 else.

2. We assume in the following that the probability 7, depends on m only through its
cardinality |m|, as in the examples given in Section 2.2.2 for the variation sparse
setting. We will write pen(|m|) instead of pen(m) in order to emphasize this de-
pendence. We also define for 0 < D <n

ifip = argmin ||Y — f,,||> and  C,(D) = ||Y — fz,|1*-

m:|m|=D

Prove that the minimizer i of (2.9) is given by i = i, where

3. For 1 < D < n, prove that C,(D) and mp are solutions of

D
C.(D)=  min {N2(i1)+ZR2(iq,iq+1)}

1<i1<..<ip<n g=1

D
and mp= argmin {Nz(i|)+ZR2(iq,iq+])},

1<ii<..<ip<n g=1

with the convention ip.; =n+1.
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4. Check that for 2 < D < n, we have the recursive formula

Cu(D) = rlr)l’ln’n{C —1)+R*i,n+1)}. (2.25)

5. Check that computing all the N?(k) and R?(k, j) for 1 <k < j < n+ 1 requires
O(n?) operations. Building on the recursive Formula (2.25), propose an algorithm
that computes C, (D) and iip for D = 1,...,n with O(n*) operations. Conclude
that 77 can be computed with only O(n?) operations.

2.8.5 Goldenshluger-Lepski Method

The Goldenshluger—Lepski method [107, 85] is an alternative to the penalized em-
pirical risk Criterion (2.9). It is initially designed for selecting the bandwidth of ker-
nel estimators, but the method has been recently extended to model selection by
Chagny [53]. The following exercise is an adaptation of this work.

We consider a set .# = {1,...,M} and a collection of models {S,,, m € .4}, such
that S,, C S,y for m <m'. The main idea underlying Goldenshluger—Lepski method is
to estimate directly the bias term || f* — Projg f* |? by a term B(m) involving || f,»

ﬁn am||? With m’ # m. More precisely, let us consider a probability distribution 7 =
{fty, m € A} on A and define pen(m) as in (2.9). In the following, we consider
the model selection procedure

m € argmin { B(m) + pen(m)c?},
meM

where B(m) = max [||fmr — Forrmll? —pen(m’)cz] . (2.26)
m'e M +
1. Considering apart the cases m < m and m > m, prove that

1= < 2max (1= Fanm % 150 = Fanml®) + 20— £1
2(B(i#) + pen(m) 6> + B(m) + pen(ii) 62) + 2| fu — £*|?
4(B(m) + pen(m)o?) +2| fu — f*]|*.

2. Prove that for any m € .# and n > 0 we have

<
<

B(m) <= — max [[Projg, f* — Projs, f I”?

+ ¥ |14 mlIProjg & — Projg, el — pen(m)o?|

m'>m
DL e —prof, 7P+ ¥ [(1+m)[Prois el ~pen(n)o?]
m'eH

We set in the following 11 = (K — 1) /2, where K > 1 is the constant involved in the
definition of pen(m). We extract from the proof of Theorem 2.2 that the expectation
of the above sum is upper-bounded by 2K (K +1)c? /(K — 1).
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3. Prove the following risk bound for the estimator f,,q with m selected according
to (2.26)

8K(K+1)
—F0".
+ K—1

- L (6K42 s
(1 1] < ot { ST - £12] 4 4pentn)o?

Compare this bound with the bound in Theorem 2.2.

4. Let us assume that d,, = m, for m = 1,...,M. Check that with the choice 7,, =
e (e—1)/(1—e M), we have

for some constant Cx depending only on K.

Remark: Note that the positive part in the definition of B(m) did not play a role in
the above analysis. Yet, this positive part is natural, since B(m) is an estimator of the
bias term [| f* —Projg f™ 2, which is always non-negative. Similarly, we can consider
maximizing only over the m’ > m in the definition of B(m). As an exercise, you can
check that if we remove the positive part in the definition of B(m) and maximize only
on m’ > m, then the selection criteria (2.9) and (2.26) are completely equivalent.

2.8.6 Estimation under Convex Constraints

Let us consider the estimation problem Y = f 4+ o6& € R" with 6 > 0 and € ~
A(0,1,). Throughout this chapter, for simplicity, we have only considered linear
models S, for estimating f. In the analysis, we have heavily used that the orthogo-
nal projection onto a linear space is a linear operator. When moving to more general
models, this feature is lost and the analysis is more involved. In this exercise, we
investigate the theoretical properties of the estimators constrained to be in a closed
convex model. We focus in particular on their deviations, which are the key to design
sensible model selection criterions. The exercise is mainly adapted from [55].

Let % be a closed convex set of R” and let us define the projection

Mgy = argmin ||y — u||*
ues

where ||.|| represents the usual Euclidean norm in R”. Our goal is to investigate the
properties of the estimator fyy = Y.
A) Basic facts

1. Let us fix u € € and 0 < ¢ < 1. Why do we have ||y — (tu+ (1 —t)mgy)||> >
Iy — 7eyl*?
2. Investigating this inequality for ¢ small, prove that

%

(U= Ty, y—Tey) <0 and  ||mey —y|* < lu—y|)* = |lu— mey
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3. Let K be a closed convex set (if u € K, then tu € K for all t > 0). Prove that

2
<HKy,y>—|IHKy||2—< sup <u,y>> :

uek, ||ul|=1

B) Global width

Let u € R". We define K, « as the closure of the cone {t(c—u):7 >0, c€ €} and
we set

8(%,u) =E [k, ]

1. Compute 6(%,u) when % is a linear span of dimension d and u € %

2. Prove that for all u € € we have

fee = fI < llu— fI? +20 (e, fir —u) = llu— fi
< Ju—fI* +o?|| Mk, , €|

2

3. Prove that with probability at least 1 —e~%, we have
~ 2
IFe 1< ot { = siP+ 0> (V@ +vaL) | e
uco

C) Local width
Lett > 0 and u € R". We define

Fu,‘é)(t) =E

sup (8,cu>] .

cEE, |lu—cl||<t
1. Prove that when || fir — u|> <1, then

fr — FIP < llu—f|*+262Z, where Z = sup (g,c—u).
e, |lu—cl||<t

2. Prove that when || fy — u|| > ¢, then

2
U%—f2§|u—f2+<cz>.

t

3. Let t(u) > 0 be such that F, & (#(u)) < (t(u))?/(20). Prove that with probability
at least 1 — e~ we have

I fe = £I* < inf){|u—f2+ (r(u)+m/i)2}. (2.28)
ucs

Comparing (2.28) with (2.27), we observe that 61/0(%,u) has been replaced by
t(u). The main difference between these two measures of complexity is that 6(%€, u)
measures the complexity of the whole set ¢, while #(«) measures the local complex-
ity of ¢ around u, which can be much smaller at some points u € %



Chapter 3

Minimax Lower Bounds

The goal of the statistician is to infer information as accurately as possible from
data. From a theoretical perspective, when investigating a given statistical model, her
goal is to propose an estimator with the smallest possible risk, ideally with a low
computational complexity. In particular, when analyzing a given estimator, not only
we must derive an upper bound on the risk as in the previous chapter, but also, we
must derive a lower bound on the risk achievable by the best possible estimator. Then,
we can compare if the upper and lower bounds match. If so, we have the guarantee
that the proposed estimator is optimal (in terms of the chosen risk).

Deriving lower bounds is then a common task in mathematical statistics. We present
in this chapter the most common technique for deriving lower bounds, based on
some inequality taken from information theory. This technique is then applied to
show some optimality results on the model selection estimator (2.9) of Chapter 2, in
the coordinate-sparse setting.

3.1 Minimax Risk

Let us consider a set (Ps) sc.# of distributions on a measurable space (%,.%7). Let d
be a distance on .%. We assume that we only have access to an observation Y € %
distributed as Py and our goal is to recover f from Y. Hence, we want to design an
estimator f : % — % such that d(f(Y), f) is as small as possible. For example, we
seek for f such that, for some ¢ > 0 the expected error! E; [d( fr),f )4] is as small
as possible.

It turns out that seeking for £ such that E; [d(f(Y), f)?] is as small as possible is a
degenerate problem. Indeed, we have for f € .F

min _ E; [d(f(¥),)7] =0,

fﬁ @measurablej X

(the minimum is taken over all the measurable applications f : % — .%), with the
minimum reached for the constant application f(y) = f. Hence, we will not consider
pointwise optimality (i.e., for a single f) but optimality on the class .%. A popular

"Throughout this chapter, we use the notation E/[¢(Y)] = [, ¢(v)dP/(y) and Eg[¢(Y)] =
Jo 9(y) Q).

55
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notion of risk is the minimax risk which corresponds to best possible error uniformly
over the class .

X (F) = min max E [d(f(Y),f)q] , (3.1)

f_@mezﬂ;)ble 7 feF

where, again, the minimum is taken over all the measurable applications f : % — .%.

Our goal in this chapter is to derive a lower bound on %*(.%#). Such a lower bound
is useful in statistics, as, if we find an estimator f with a max-risk over .% similar to
the lower bound

maxE [d(f(Y),f)?] ~lower bound, where lower bound < %Z*(.%),

fez

then it means that the estimator f performs almost as well as the best possible esti-
mator in terms on the max-risk over ..

3.2 Recipe for Proving Lower Bounds

In probability theory, it is often delicate to handle suprema over an infinite, possibly
uncountable, space .#. When the objective function, here f — E [d (f(V),f )‘1], is
smooth, a standard recipe is to replace the maximum over .# by a maximum over
a finite set {fi,..., fy}. Indeed, if any point f € % can be well approximated (in
terms of the distance d) by one of the f,..., fy, then the maximum over .% and the
maximum over {f,..., fy} will be close.

Once we have discretized the problem, then it is possible to use lower bounds lifted
from information theory, in order to get a lower bound on the minimax risk Z*(.%).

Kullback-Leibler Divergence

A useful “metric” for deriving lower-bounds is the Kullback-Leibler (KL) diver-
gence between [P and Q, defined by

Jlog (%) dP whenP < Q

o0 else.

aro-{

Important properties:

1. Non-negativity. For P < QQ, we have the alternative formula for the Kullback—
Leibler divergence

KL(P,Q) = Eg [¢ (jg):, with ¢(x) = xlog(x).

Since ¢ is convex on R*, Jensen inequality ensures that

KL(P,Q) > ¢ (E@ ZgD —4(1)=o0.
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2. Tensorisation. For P; < Q; and P, <« Q,, we have

KL(P; ®P2,Q1 ® Q2)
- );1 - (l"g (j&(n)) +log <;l£22(x2)>> dPy (x1)dPy(xz)
= KL(P1,Q1) +KL(P2,Q2).

This property is very handy in order to compute the KL divergence between dis-
tributions of data, when the observations are independent.

3.2.1 Fano’s Lemma

The next result is a central tool in deriving lower bounds in statistics.

Theorem 3.1 Fano’s lemma.
Let (P})j=1,..N be a set of probability distributions on % . For any probability
distribution Q such that P; < Q, for j=1,...,N, we have

14+ % XV KL(P;,Q)
log(N) ’

min 1 Y P [J(y)#j] >1- (3.2)

Fw =1, .N} N

where KL(P,Q) is the Kullback-Leibler divergence between P and Q.

A classical choice for Q is
1 N
N =
but some other choices are sometimes more handy, depending on the problem.

Proof of Fano’s lemma.
First, we observe that

1Y s P&
i — ) P |J(Y il =1— — P;|J(Y)=]j]|.
f:@g‘l{lf,l..,,zv}Nj:Zl i) # 4] f:ﬂ/in{a}f..,N}Nj; i [J) =]

Next lemma provides an explicit formula for the best average error.

Lemma 3.2 Best average risk.
We have

1
max  —

N . 1 dP;
P |J(Y)=j| = =E max’Y}
oM L0 =)= o max, G0
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Proof of Lemma 3.2. We have

N A
j;ﬂ”j[f( =] /Zl Jd@ (y) dQ(y)

dPy
<[ Y, Jmax () dQp)

The proof of Lemma 3.2 is complete. (]

In the proof above, it is worth noticing that the best J corresponds to the maximum
likelihood estimator for j.

So far, we have obtained that

L 1 dP;
Mgﬁn N}N IP [J(¥) #j] —I—NE@{ max (Y)] (3.3)

It remains to bound Eg {max J=1,.N %( )] from above in terms of the KL(P;,Q).

(Too) naive bound. When we have positive random variables Z;,...,Zy, a simple
way to bound the deviations or the expectation of max;—;,. nyZ; is to use a union
bound, which amounts to replace the maximum max; by the sum ); in the expecta-

tion
E [maxZ]} < ZE[Z]]
J .
j

If we apply this simple bound in our case, we obtain

1 dP; 1 dP;

—E | <= Eo | —ZL(Y)|=1.

e | max, ) SN.L, o| o)
=Jz dP;(y)=1

So, at the end, we have upper-bounded %ZI}LI P; [J(Y) = j] by one, which could
have been done more directly!
Hence, we need to bound more carefully the expectation of the maximum.

Powerful variant. A simple but powerful variant of the max/sum bound is to com-
bine it with Jensen inequality. We state the result as a lemma in order to highlight the
generality of the bound.
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Lemma 3.3 Bounding a maximum.
LetZy,...,Zy be N random variables with values in an interval I C R.
Then, for any convex function @ : I — R™ we have

[0) (]E {r?ngZj]> < i]E[(p(Zj)]. 3.4)

(0} <]E [ max ZJ) <E {(p max Z j)] (Jensen inequality)
j=l,N j=1N
< .
<E Lgﬁfﬂ(%)]
< Z Elo(Z))] (¢ non-negative),
j=lN
which gives (3.4). U

In order to bound Eg {max J=1,..N %(Y )} from above with Lemma 3.3, it remains

to choose the function @. Setting (1) = ulog(u) —u+ 1, we observe that

o [0 (G2)| = [ oe (T 0) FL0rda0)- [ G0 ae0) +1

dQ dQ*’) dQ Jo dQ
dP;
— [ e (5200) aps0)- [ apsco)+1
=1
~ KL(E,Q).

The function ¢ is non-negative and convex, as can been visualized in Figure 3.1.

Applying Lemma 3.3, we get
dP: N dP; N
¢ (]E@ ['mngde(Y)D <Y Eq [q) (L@(Y)ﬂ =Y KL(P;,Q).
Let us set | P
u=—Eg [_rrllax f(Y)] . (3.5)
j=1,
We have

O(Nu) = Nu(log(N) +1log(u)) — Nu+1
= Nulog(N)+N(ulog(u) —u+1)—(N—1)
S —
=N¢(u)=0
> Nulog(N)—N,
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Figure 3.1 Plot of the function ¢(u) = ulog(u) —u+ 1.

so replacing u by its value (3.5), we get

E@{m?%Ndm( )} x log(N )<N+<p<E@[_rn3§N%( )D

<N+ ZKL(IP’/-,Q). (3.6)
j=1

Combining (3.3) and (3.6), we get Fano’s inequality (3.2). U

3.2.2 From Fano’s Lemma to a Lower Bound over a Finite Set

Let {f1,...,fnv} C F be any discretization of .%. Let us now explain how we can
get a lower bound on

R(F f1,- o fn) = min —ZEf, i)Y

f- Jmeasurable

from Fano’s inequality (3.2).
Fano’s inequality provides a lower bound on

min — ZPf, [ ;éfj}

f”!/medsurdble{fly ny}

So, to get a lower bound on Z(.Z, f,...,fy) from Fano’s inequality, we must re-

. .. A measurable
duce two problems. First, we must reduce the minimum over f : % — % to
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.. = measurable
the minimum over f: % — " {fi,...,fy}, and second we must lower bound

Ef, [d(f(Y),f;)4] in terms of Py, [f(Y) # f;]. As explained in the next paragraph,
these two reductions can be easily obtained by “projecting” f (y) over the finite set
{fl (y)7 - ,fN(y)} for all yeE 78

For any measurable f : % — .7, let us define

J(y) € argmind (£ (), f))-
j=1,...,N

By triangular inequality and the definition of J(y), we have forany j=1,...,N
rlgéi]?d(ﬁ)fk)lf(y)¢j <d(fj, fiy)

<2d(f;,(v))-

So, for any measurable f : % — .7 we have
24 N R ) 1 N 5 )
;V;EﬂﬂﬂnmmpqgﬂﬁﬂVxNEPMHH#A
Jj= Jj=

1
> mind(f;, fr)? X min = —
= itk (fis fe) P, Ny N

;Pf_,- [(Y) # ]

Combining this last bound with Fano’s inequality (3.2), we have proved the following
result.

Corollary 3.4 Lower bound for discrete problem.
Forany {f1,..., fv} C F and for any probability distribution Q such that P, <
Q, for j=1,...,N, we have

1 Y A
min — Y Eq [d(f(Y),f)?
f@ﬁyN;«M(ﬂ)ﬂH

.- ( 1+ KL, Q)
- log(N)

where KL(P,Q) denotes the Kullback—Leibler divergence between P and Q.
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3.2.3 Back to the Original Problem: Finding a Good Discretization
Since for any {f,...,fv} C &, we have

RN(F) = min  max Ef [d(f(Y),f)q]

Fy" 7 feF

> min  max Ep [d(f(Y),fj)q]
Fos g j=1N

1y ;
> mmyﬁj;Eﬁ [d(F (V). £)],

fy™
the lower bound (3.7) provides a lower bound on Z*(.%). As we have lower bounded
a maximum by an average in the last step, this inequality is tight only when all the
expectations Ey, [d(f(Y), f;)4] are of similar size.

Corollary 3.4 is general, and in practice all the art is to find a good discretization of
Z so that the lower bound (3.7) is as large as possible. We observe that we must find
a discrete set {f1,..., fy} C F with

1. min; d(f;, fi) as large as possible
2. and log(N) ™! (1 +5 X0 KL(IP’fj,Q)) bounded away from above from 1.

Both conditions are antagonistic, as the first condition requires the f; to be as spread
as possible, while the second condition asks for the f; to be close enough to each
other (with respect to the KL divergence). Hence, the size of the minimax risk
X*(F), depends on how much we can separate points in .% (with respect to d),
within a region of fixed diameter (with respect to the KL divergence).

It is best to illustrate the choice of a good discretization on a (simple) example.

3.3 Illustration

As an illustration, let us consider the simple case where % = RY and P 1 is the Gaus-
sian .4 (f,621;) distribution on R?. In the Gaussian case, the KL divergence has the
simple expression

If —sl?
KL(vaPg) = 52

see Exercise 3.6.1. Below, we consider the distance d(f,g) = || f —g||-

For €,R > 0, a set N is called an e-packing of B(0,R) if Ne C B(0,R) and if ||f —
f'||? > & for any f, f’ € Ne.
Let us consider a maximal e-packing N; of B(0,R). We observe that

B(O,R) C |J B(f.e), (3.8)

SfENe

as otherwise
e there would exist f’ € B(0,R) fulfilling || — f’|| > € for all f € Ng,
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e N, =N, U{f’} would be an e-packing of B(0,R), which contradicts the fact that
Ng is a maximal e-packing of B(0,R).
Comparing the volume on both sides of (3.8), we get
R < |Ngle?. (3.9)
Let us set R?> = do? and € = e 3R. We have

R® 3d d 1
1+ﬁ < 5= EIOg(R/E) < EIOg(|N8D-
Hence, Corollary 3.4 with Q = Py gives
Z(ZF)>  min_ max E/[Ilf(¥) - fIP]

f:?]meeﬂ;ibley fENe

> minbl V| Z Ef [IF(Y) = 1%
[y MeRIe gz Vel feN,
1 |LF=o]?
S 1 _ 1+WZIENS 262 min Hf_f/Hz
4 log(|Nel) F#ENe
RZ
S e )
4 log(|Nel)
1L, 1 5
> — g =—do”.
— 8 8ed

Hence, we have proved that the minimax risk for estimating the mean of a Gaussian
distribution can be lower-bounded by a constant times do2. As the risk of the esti-
mator f(y) =y is equal to do? (check it!), we obtain that the minimax risk %*(.%)
is proportional to do?.

3.4 Minimax Risk for Coordinate-Sparse Regression

We investigate in this section the optimality of the model selection estimator (2.9),
defined on page 35. For simplicity, we focus on the example of coordinate sparsity.
Similar results can be proved in the other sparse settings. For D € {1,...,p}, we
define

Vp(X)={XB:B €R”|Blo=D} where |B\0:Card{j: Bj#O}.

We address in this section the two following issues:
1. What is the best risk that an estimator fAcan achieve uniformly on f* € Vp(X)?

2. Is the risk of f: f/;ﬁ given by (2.9) of the same size as this optimal risk?
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3.4.1 Lower Bound on the Minimax Risk

As in the previous illustration, we write Py for the Gaussian distribution .4"(f, o’l,)
and [E for the expectation when the vector of observations Y is distributed according
to Py. We consider the minimax risk on Vp(X)

RYX,D]=inf sup By [IIFf = £,
I frevp(X)
where the infimum is taken over all the estimators. It corresponds to the best risk
that an estimator f can achieve uniformly on f* € Vp(X). In the theorem below, we

implement the analysis presented in Section 3.2 in order to derive a lower bound on
R*[X,D].

For any integer D« not larger than p/2, we introduce the restricted isometry con-

stants X X
IXBL o IXBI

Cx = =:0X. (3.10)
X 1B S2Dm 1B B:Blo<2Dmax || Bl

Theorem 3.5 Minimax risk for coordinate-sparse regression

Let us fix some Dyax < p/5. For any D < Dyax, we have the lower bound

€ Qx P 2

with cx and ¢x defined by (3.10).

Proof of Theorem 3.5.
To prove Theorem 3.5, we rely on a slight variant of Corollary 3.4.

Corollary 3.6 (variant of Corollary 3.4)
For any finite set V' C R", when

max_||f /" 1> <

— _log(|V 3.12
max <o log(| ). (3.12)

we have the lower bound

inf max B (17— £1P] = nIf-fIR 63

T a4Qer ) " ey

We use Corollary 3.6 instead of Corollary 3.4 in order to have cleaner constants, but
there is no substantial differences between the two corollaries.
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Proof of Corollary 3.6.

The proof of Corollary 3.6 is the same as the proof of Corollary 3.4, except that
Fano’s lemma is replaced by Birgé’s lemma (Theorem B.13, Appendix B, page 309),
which is a variant of Fano’s lemma.

With the notation of Fano’s lemma on page 57, for any measurable J : % —
{1,...,N}, the events A; = {f(Y) = j}, for j=1,...,N are disjoint. So, Birgé’s
lemma (Theorem B.13, Appendix B, page 309) ensures that

, . 2e KL(P;,Py)
P JY)=j|l < — —
min By ) =] < 5 2 Vimas =0 s
Hence, if 5
e
P < 2 .
KL(}P’],IE”] ) < et log(N), (3.14)
we have 1

min max P;[f(Y il > .
FU {1, N} J=1N ) #7]2 2e+1

(3.15)

This variant of Fano’s lemma being established, the proof of Corollary 3.6 follows
the same lines as the proof of Corollary 3.4, with (3.2) replaced by (3.15).

To conclude, since KL(P;,P,) = || f — g||*/(206?) (see Exercise 3.6.1), Condition
(3.14) is equivalent to (3.12). O

Let us now prove Theorem 3.5 from Corollary 3.6. In light of Corollary 3.6, we will
build a subset ¥ C Vp(X) of well-separated points fulfilling (3.12). We rely on the
following combinatorial lemma.

Lemma 3.7 Spreading points in a sparse hypercube

For any positive integer D less than p/5, there exists a set € in {0,1}7 :=
{x€{0,1}" : |x|o = D}, fulfilling

|B—B'lo>D, forallB+#pB €%

D p
d €l > = =)
an log|%| > > 10g<5D>

We refer to Exercise 3.6.2, page 69, for a proof of this lemma.

The set € of Lemma 3.7 gathers coordinate-sparse vectors, which are well separated.
The set ¥ = X% is included in Vj(X), yet it may not fulfill (3.12). In order to fulfill
this condition, we rescale this set by an appropriate factor r > 0.

We set
2

c
P = ¢ x;xlog(i),
x

2e+1 5D
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with ¢x defined by (3.10) and ¥ = {rXpB: B € ¢}. For any B,’ € €, we have
IB—B'lI> = 1B —B'lo and |B — B0 < 2D, s0

S A P b <7 I 51

ffev 202 B#B'c 202
< &% max 16— B’
= X prper 202

2D 2e D p 2e
<@2Rrt <= 2y (7)< log(|%)).
S35 S .01 <5 08l5p) = gy el

Hence, ¥ = {rXp : f € €} fulfills (3.12).

When cx =0, Theorem 3.5 is obvious, so we focus in the following on the case where
¢x > 0. Then |¥'| = |¢’| and combining Corollary 3.6 with the above inequality gives

~ 1
'nfmaE[ — 2]>7 min — 112
nt s 1~ 1] > g min U=
2.2
> X min BB

T 4(2e+1) p£pes
Since ¢ € {0,1}” and |8 — B’|o > D for all B # B’ € €, we have || — B/||> > D for
all B # B’ € €, and then

2.2 2
, ~ exr’D ¢ & b
Pmaxisy |IIf /1] 2 55 2 o) Pre(35)
T V=] 2 300y 2 der 2\ ) P'8\sp) @

The proof of Theorem 3.5 is complete. a

3.4.2 Minimax Optimality of the Model Selection Estimator

So far, we have derived a lower bound (3.11) on the minimax risk R*[X, D] over
Vp(X), but we have not answered our initial question “does the model selection
estimator (2.9) from Chapter 2, page 35, fulfill some optimality properties?”. As
we have not exhibited an estimator f whose risk is upper-bounded on Vp(X) by
CDlog(p/D)c? for some constant C > 0, we have even not proved that the minimax
risk R*[X, D] is of the order of the lower bound (3.11).

Below, we show that for some suitable choices of the models S,,,, and with probability
T, the model selection estimator (2.9) has a risk upper-bounded by CDlog(p/D)c?
for some constant C > 0. As a consequence, the minimax risk R*[X, D] is of the order
of Dlog(p/D)o? up to a multiplicative constant, possibly depending on the design
X. In addition, the maximum risk of the estimator (2.9) matches the minimax risk
R*[X, D], up to a multiplicative constant, possibly depending on the design X.

Let us upper-bound the risk of the estimator (2.9) when f* € Vp(X). We choose
the collection of models as in Section 2.2.1 for the coordinate-sparse setting and the

probability
_(cm 7 m €1
i = (Cpm) e jm| PR .
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Then, the risk Bound (2.12), page 37, ensures that there exists a constant C}( > 1, such
that /- {||f— r* ||2} < Cl.Dlog (p/D) 6? uniformly on all f* € Vp(X), all matrices
X, alln,p € N, and all D < p/2. In particular, for all n,p € N and D < p/2, we have

sup sup Ep {||f—f*||2} < CxDlog (%) o> (3.16)
X f*eVp(X)

Let us compare (3.16) and (3.11). We observe that the lower bound (3.11) and the up-
per bound (3.16) are similar, except that the lower bound involves the ratio (cy /ex)>.
We emphasize that this ratio can be equal to 0 for Dy, large, for example, when
2Dmax > 1 +rank(X). Yet, there exists some designs X for which this ratio is non-
vanishing for D,y of the order of n/log(p). For example, if the matrix X = [X; ;]; ;
is obtained by sampling each entry X; ; independently according to a standard Gaus-
sian distribution, then Lemma 9.4, page 191, ensures that with large probability, for
Dmax < n/(32log(p)), we have cx/cx > 1/4. As a consequence, there exists a nu-
merical constant C > 0, such that for all 6% > 0, for all n,p € N, and for all D smaller

than p/5 and n/(321og(p)), we have
% p 2
supR*|X,D| > CDlog | — ) o~. 3.17)
upR'[X, D] (51))

Combining (3.17) with (3.16), we obtain for any D smaller than p/5 and
n/(32log(p))

CDlog <L> o< supR*[X,D] <sup sup E [||f—f*||2} <CgDlog (E) o’
5D X X frevp(X) D

Up to the size of the constants C and C},, the lower and upper bounds have the same
form. In this sense, the estimation procedure (2.9) is optimal.

3.4.3 Frontier of Estimation in High Dimensions

The minimax lower Bound (3.11) provides insightful information on the frontier
between the statistical problems that can be successfully solved and those that are
hopeless. Again, we only discuss the sparse coordinate case.

The prediction risk E [Hf— fr Hz} considered in this chapter involves the expectation
of the square of the Euclidean norm of an n-dimensional vector. Since the square of
the Euclidean norm of an n-dimensional vector with entries of order € > 0 grows like

ne? with n, it is meaningful to discuss the accuracy of an estimator in terms of the
size of the scaled risk E [n || f — f*||%].

From Bounds (3.16) and (3.11), we know that the minimax scaled-risk

=N D
inf sup Ep [nil ||f—f*||2} is of order — log (E) o,
I frevp(X) " P
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as long as cx/cx &~ 1 and D < p/5. In practice, it means that when f* € Vp(X) with
Do log(p/D) small compared to 7, a procedure like (2.9) will produce an accurate
estimation of f*. On the contrary, when Do log(p/D) is large compared to n, no
estimator can provide a reliable estimation uniformly on f* € Vj(X). In particular,
if the dimension p is larger than e”, accurate estimation over all Vp(X) is hopeless.

3.5 Discussion and References
3.5.1 Take-Home Message

Minimax risk is a popular notion in mathematical statistics in order to assess the
optimality of an estimator. The typical objective of a theoretical statistician is to
design an estimation procedure with a small computational complexity and which is
minimax optimal (up to constants). Hence, for any new statistical problem, deriving
a (sharp) lower bound on the minimax risk is an important part of the analysis of the
problem. The path for deriving the lower bound in Section 3.4.1 or Exercise 3.6.2 is
the most standard one.

3.5.2 References

The main principle for deriving lower bounds dates back to Le Cam [103]. Fano’s
inequality was introduced in [71], and the proof presented in this chapter is taken
from Baraud [17], see also Guntuboyina [87]. The proof of the generalized Fano in-
equality presented in Exercise 3.6.5 is adapted from Gerchinovitz et al. [77]. Birgé’s
inequality (Theorem B.13, Appendix B, page 309) was introduced in [30].
Has’minskii [90] proposed to use Fano’s inequality for deriving lower bounds in non-
parametric estimation problems and the analysis of Exercise 3.6.4 is due to Yang and
Barron [168]. We refer the reader to the last chapter of Wainwright’s book [163] and
to the second chapter of Tsybakov’s book [153] for a more comprehensive treatment
of the topic.

Finally, we refer to Verzelen [160] and Jin [96] for some discussion on the frontier
of successful estimation in high-dimensional settings.

3.6 Exercises
3.6.1 Kullback-Leibler Divergence between Gaussian Distribution

In this exercise, we write Py 5 for the Gaussian distribution .4#"( f,X) and we compute
the Kullback-Leibler divergence KL(IPy, v, Py, x,) for fo,fi € R" and Xo,X; two
n X n symmetric positive definite matrices.

1. As a warm-up, let us start with the spherical case where £y =X = 621,. Prove
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the sequence of equalities below

exp (—[|Y — fol?/(262)) )]

KL (B0 P, ) =B, llog <exp (=¥ = 7lP/(20)

1 fO f1
L T (g R S

202

2. Following the same lines, prove for any fp, fi € R"” and X£o,X; symmetric positive
definite matrices

1

KL (Pfolo’lpfhzl) = E DOg |>31261 | + (f() —f1>TZfl (fO —fl) +Tr(2f120 _Inﬂ .

3.6.2 Spreading Points in a Sparse Hypercube

We prove in this part Lemma 3.7, page 65. Let D be any positive integer less than
p/5 and consider a maximal set ¢ in {0,1}7 := {x € {0,1}” : |x|o = D}, fulfilling

IB—B'lo>D, forallf+#pB €%.

In the next questions, we will prove that

log|¢ > —1 ( ) 3.18
og|?| o¢(zp (3.18)
1. Check that
{0,130 = |J {xe{0,1}5: |x—Blo<D}.
Bev
Deduce from this covering the upper bound C[L,) <|€| maxgey |B(B,D)|, where

B(B.D) ={x€{0,1}}: |x—Blo < D}.
2. Writing d for the integer part of D/2, check the sequence of inequalities

k ~k —d 2
BED| - DGp G (=2 )” < (SD)”/ |

cp = P - p—D+1 p

3. Conclude the proof of (3.18).

3.6.3 Some Other Minimax Lower Bounds

Let d be a distance on R” and fix ¢ > 1. As in Section 3.4.1, we write Py for the

Gaussian distribution .4 (f, 6%1,) and the expectation E ; will refer to the expectation

when the vector of observations Y is distributed according to Py.

1. Let ¥ be any finite subset of R”. Replacing Fano’s lemma by Birgé’s lemma
(stated and proved in Theorem B.13, Appendix B, page 309) in the proof of Corol-
lary 3.4, prove that when

2
pmax, X(B-BN" < 1

S0 log(|%]),
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we have

~ 1
inf maxE al >
1%1 max Exp [d(ﬁ,ﬁ) } 2 5

We fix Dimax < p/5. For D < Dpyx, we set

»_ e o (2)
=" x—_xlog(X
" T 2er1 @ % \5p)

with ¢x defined by (3.10). We consider below the set 6, = {rff : B € €}, with
¢ from the previous exercise and the distance d induced by the norm |x|, =

(X bsle) 2.

2. Prove that D
~ 7

inf max £ [ — ‘1} >

IE ﬁe%}’i X3 ‘ﬁ B‘q = 24(Ze+1)

3. Conclude that for any g > 1, we have the lower bound

inf sup E —BlE| > —————+(— ) Dl(log|=— .
B ﬁ:\ﬁ|0p:D X {lﬁ ﬁ|q:| ~ 24(2e+1)1+4/2 (cx) ( g(SD)>

3.6.4 Non-Parametric Lower Bounds

Let (S,d) be a metric space and (P) res be a collection of distributions on a measur-
able space (#,.<7). We assume in the following that for any f, g € S the Kullback—
Leibler divergence between Py and IP, fulfills

KL(P;,P,) < nd(f,g)?,

with n an integer larger than 2. A set {fi,..., fy} C S is said to be J-separated with
respect to d, if d(f;, fj) > 0 for any i # j. We denote by Ny () the maximal number of
O-separated points in (S,d). We also assume that there exist ¢ > 0and 0 < C_ < Cy
such that, for any 6 > 0,

C_ 5% < log(Ny(8)) < C,. 8.

1. The covering number N, (8) of S corresponds to the minimal number of balls
centered in S and with radius & (relative to the distance d) needed to cover S.
Check that N,,,(8) is smaller than Ny (8).

2. Let r > 0 and {g1,...,8n,,(r)} C S be such that the union of the balls (with
respect to the distance d) {Bd(g ) ij=1,... ,va(r)} centered in g; and with
radius » covers S. Let us define

1

ov (1)
P, ..
Ncov(r) j; &

Q=

Prove that for any f € §
KL(Pf,Q) < nr* +1ogNy(r).
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3. Prove that there exists a distribution Q on (%, <) such that for any N > 1 and
any f1,...,fNn €S

N
Y KL(P;,,Q) < inf {nr* +1ogNy(r)} . (3.19)
Jj=1 "

1
N

4. Prove that there exists a constant p(a,C_,Cy) > 0 depending only on a,C_,Cy
such that s
inf maxEy [d(f,f)*] = p(a,C-,Cs)n" *a,
f o —s fe€S

where the infimum is over all measurable maps from % to S.

3.6.5 Data Processing Inequality and Generalized Fano Inequality

Our goal in this problem is to show that Fano inequality can be derived from the sim-
ple data processing inequality. The latter inequality gives a meaning to the intuitive
statement “for any random variable X, the image measures PX and QX are closer to
each other than P and Q”. We start by proving the data processing inequality in a
general form, before specializing it to the Kullback-Leibler divergence and deriving
a generalized version of Fano inequality (3.2), page 57.

A) Data Processing Inequality

Let f : [0,+) — R be any convex function fulfilling f(1) = 0. For two probability
distributions I’ and Q on a common measurable space (Q,.% ), with P < Q, we define
the f-divergence

D/(P,Q) = Eq {f (fgﬂ = [ (flg) aQ, (3.20)

where Eg denotes the expectation with respect to Q.

1. As a warm-up, prove with Jensen inequality that, for any P,P;,P < Q and A €
[0,1], we have

Df(P,Q) >0, and Df()LP] + (1 *A)Pz,(@) < lDf(]P’],Q) + (1 *l)Df(]P’z,Q).

The data processing inequality states that, for any probability distributions P < QQ on
a common measurable space (,.% ), and any random variable X : (Q,.%) — (E, &),
we have

Dy (P*,Q%) < Ds(P,Q), (3.21)

where PX (respectively Q) is the distribution of X under P (resp. Q) defined by
PX(A) =P(X €A) for any A € 7. The distribution PX is also called the push-forward
of P (resp. Q) by X. The intuition behind (3.21), is that the distributions P and Q can
only become closer after being processed by X.

A first step in order to prove (3.21) is to relate the Radon—-Nikodym derivative %

to the conditional expectation Eg [% |X } .
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2. Let g be any measurable function such that Q-almost surely g(X) = Eq [%|X ]
Prove that for any A € o7

P¥(A) = Eq [1A(x>] = B [1(X)g00)] = [ 14

3. Conclude that PX < Q¥ and that QX -almost surely % =g
4. Conclude the proof of (3.21) by proving the sequence of inequalities

D%, Q") = | 1 (E@ %’XD “

g/QE@ {f(j(g) |X} dQ = D4(P,Q).

B) Two Corollaries of the Data Processing Inequality

i) Joint Convexity
We have seen in the warm-up that the divergence Dy is convex in the first variable.
We will now prove that it is jointly convex in the two variables. More precisely, we
will prove that for any distributions P; < Q; and P, < Q; on (Q,.%), and any
A €10,1] we have

Df()v[?ﬁ + (1 — l)PszQl + (1 — A)Qz) < }LDf(IP)l,Ql) + (1 — A)Df(Pz,Qz).
(3.22)
We will derive this inequality directly from the data processing inequality. Define the
probabilities P and Q on {1,2} x Q by

. AP((B)  ifj=1,
P({J}XB):{ (1_11)192(3) if§=2,

and the same for Q with IP;(B) replaced by Q;(B). Let us define the random variable
X:{1,2lxQ— Q by X(j,0) = 0.

1. Check that PX = AP; + (1 —A)P; and Q¥ = AQ; + (1 —1)Q;.

2. Notice that

dP . dP dP
@(Lw) =1 dell(w)Jrlj:z dTsz((o),

and prove (3.22) with the sequence of inequalities

Dy(AP;+(1—A)P2,AQ; + (1 - 1)Q2) = Ds(P¥,Q%)

ii) Variant of the Data Processing Inequality

We next explain how the data processing inequality (3.21) can be used to upper bound
the difference between two expectations Ep[Z] and Eg[Z] in terms of D(IP,Q).
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More precisely, we will prove the following corollary of the data processing inequal-
ity (3.21). Let #(q) denote the Bernoulli distribution with parameter ¢. For any
random variable Z : Q — [0, 1] and any probability distributions P < Q on Q, we
have

Df(%(]E]p[Z]),%(EQ[Z])) SDf(P,Q). (3.23)

1. Let ¢ be the Lebesgue measure on [0,1] and let A be any event on Q x [0, 1].
Applying the data processing inequality (3.21) with X = 14 prove that

D (P.Q) = Dy(P&L,Q®Y)
> Dy(BP@LA)), BQ&LA))).
2. Notice that for the event A = {(®w,x) € Q x [0,1] : x < Z(®)}, we have PR L(A) =
Ep[Z], and conclude the proof of (3.23).
C) Generalized Fano Inequalities

We specialize the above results for f(x) = xlog(x). For this choice of f, we have
D¢(P,Q) = KL(P,Q). For p,q € [0,1], we define

ki(p,q) := KL(#(p),#(q)) = plog (5) +(1-p)log (i:g) .

1. Prove that plog(p) + (1 — p)log(1 — p) > —log(2) and ki(p,q) > plog (é) -
log(2).

2. LetZy,...,Zy be N random variables taking values in [0, 1] and let P; <« Q;, for
j=1,...,N be distributions on Q. By combining the joint convexity (3.22) of k!
and the variant (3.23) of the data processing inequality, prove that

LY Bzt Y Eel2]) < 1 Y kL)
kl'| =) Ep,|Z],— ) Eq,Z| | < =) KL(P;,Q).
NS NS NS
3. Combining the two previous questions, prove the generalized Fano inequality

l i]EP [Z} < %Z?LIKL(]R'»Q;') +1log(2)
NETTT ST Jlog (LY By, (2))

4. In the special case where Q; =Qfori=1,....Nand Z; +... 4+ Zy < 1, Q almost-
surely, prove that

1Y LYV KL(P;,Q) +log(2
v LER[Z] <& ! iog N) @ (3.24)
i=1

The Fano inequality can be recovered from (3.24) as follows. Let Aj,..., Ay be N
disjoint events in Q and let Py,...,Py < Q be N + 1 probability distribution on Q.
Then, taking Z; = 14, the Inequality (3.24) gives

v Livi KL(P;, Q) +log(2)
logN '

Ly
— ) Pi(A) <
N =
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You may notice that compared to (3.2), page 57, the constant 1 has been improved
into log(2).



Chapter 4

Aggregation of Estimators

Estimator aggregation is an alternative to model selection for exploiting possible un-
known structures in the data. The main idea is to use a convex combination of a
collection of estimators instead of selecting one among them. Estimator aggrega-
tion shares all the good properties of model selection. Unfortunately, it suffers from
the same high-computational cost. Some approximate computations can be imple-
mented; some of them are described at the end of the chapter.

In the following, we present the aggregation of estimators in the same statistical
setting as in Chapter 2.

4.1 Introduction

The model m selected in the model selection procedure (2.9) can provide some inter-
esting information on the data. Yet, when the objective is only to predict at best f*
(as in Examples 2, 4, and 5 in Section 2.1), we only want to have a />-risk (2.4) as
small as possible, and we cio not care to select (or not) a model. In this case, instead
of selecting an estimator f3; in { S, me M }, we may prefer to estimate f* by a

convex (or linear) combination fof the {fm, me M }

f=Y wufu, with w,>0 and Y w,=1. .1
meH meM

Of course, selecting a model is a special case of convex combination of the {fm, me
M }, with the weights w; = 1 and wy,, = 0 for m # m. Removing the requirement that
all the weights w,, are equal to 0 except one of them allows for more flexibility and
can possibly provide more stable estimators (in the sense that a small perturbation of
the data Y only induces a small change in the estimator f).

4.2 Gibbs Mixing of Estimators

As in Chapter 2, page 31, we consider a collection of models {S,,, m € .Z}. We
remind the reader that an unbiased estimator of the risk r,, = E [|| - meZ} of the

estimator fm = Projg Y is
P = IY = ful? +2d,,0> —nc?,  with d,, = dim(S,,);

75
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see (2.7) in Chapter 2, page 33. We associate to B >0anda probability distribution
7 on . the Gibbs mixing f of the collection of estimators { fm, me M }

-~ -~ nmefﬁ?’”/ o? =~ 52
f= Z Wifm, Withw,="-——— where & = Z Tue Pm/o" (4.2)
Z
meM me.H
The Gibbs distribution w corresponds to the distribution minimizing over the set of
probability g on .# the functional

2

. O

G(q) =Y dwin+ 7 KL(g. ), 43)
m B

where KL(q, %) =Y e 4n102(qm/Tm) > 0 is the Kullback—Leibler divergence be-

tween the probabilities g and 7; see Exercise 4.7.1. We will use this property in the

next section for analyzing the risk of f.

Remark. The estimator f,z with the largest weight wy; corresponds to the model m
minimizing the criterion

c? 1 ~ c? 1
P+ —- log () = ||Y = fu|* +2d,,0% + = log () —no?, (4.4)
B TE,” B m
which is quite similar to the model selection Criterion (2.9), since no? plays no role
in the minimization. Since the weights w,, are inversely proportional to the expo-
nential of (4.4), when one of the models has a Criteriorl (4.4) much smaller than the
others, the estimator f is very close to the estimator f;, with m minimizing (4.4).
Estimator aggregation then significantly differs from estimator selection only when
there are several models approximately minimizing Criterion (4.4). We refer to Ex-
ercise 4.7.4 for a brief analysis of the virtues of estimator aggregation in this context.

4.3 Oracle Risk Bound

The analysis of the risk of the estimator frelies on the famous Stein’s formula.

Proposition 4.1 Stein’s formula

Let Y be an n-dimensional Gaussian vector with mean [L and covariance matrix
621,. For any function F : R" — R", F(x) = (F|(x),...,F,(x)) continuous, with
piecewise continuous partial derivatives, fulfilling for all i € {1,...,n}

. (ve—11:)2 2
(Cl) hml)’il—?ooF%(ylw"’yn)e Oimi)*/20 =0 for all ()’Ia---7)’i71,)’i+17---7)’n) €
Rnfl

(b) E[|OiFi(Y)]] <o,

we have

E[||[F(Y)—u|*] =E[|F(Y) —Y|]* —no*+206%div(F)(Y)], (4.5

where div(F) = Y; 0;F;.
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Proof.
An integration by parts gives

—(yi—u:)? 2
o’ diFi(y1,...,yn)e (vi—ui)*/20 dy;
YiER

" (v )2 /252
- ER()’i—Hi)E()’lw--a)’n)e (}l 'ul) /20- th
Yi

for all (y1,...,¥i—1,Yit1,---,¥n) € R""1. Taking the expectation with respect to
Y1,..., Y 1,Y1,..., Yy, it follows that E[(Y; — ;) F;(Y)] = 6>E [9;F;(Y)], and finally
E[(Y — . F(Y))] = oE div(F) ()]

We conclude by expanding

E[|F(Y)—pulP] =E[IF©) =Y [P]+E[|Y —p|*] +2E[F(Y) =Y,Y — )]
=E[|F(Y)~Y|?] +no®+20°E[div(F)(Y)] - 2nc?,

where the last equality comes from E[(Y,Y —u)] = E[||Y — u[|*] = no?, since ¥
is a Gaussian vector with mean y and covariance matrix 6I,. The proof of Stein’s

formula is complete. a

We consider a collection of models {S,, m € .#}, a probability distribution
{f, m€ M} on A, a constant § > 0, and the estimator f given by (4.2). We
have the following risk bound on R(f).

Theorem 4.2 Oracle risk bound

For B <1/4 we have

E[IF-£1?] < nggi/n//{E (1= £12] + (l’;log (%) } SN

Before proving this result, let us comment on it. The risk Bound (4.6) is very similar
to the risk Bound (2.12), page 37, for model selection. The main difference lies in
the constant in front of E[|| f;, — f||*]. which is exactly one in (4.6). For this reason,

Bound (4.6) is better than Bound (2.12). In particular, the aggregated estimator f
given by (4.2) fulfills all the good properties of the estimator (2.9) obtained by model
selection.

Proof.
The Stein formula applied to F(Y) = fand the linearity of the divergence operator
ensure that

F=|F=Y|?—no’+26> ¥ div(wnf,) fulfills E[F :E[Hf—f*\ﬂ.
meM
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After a simplification of the expression of 7, the result will follow from the fact that
w minimizes (4.3).

Upper bound on 7. We first expand

7= X v =) 7 F)

meMN
= Z Wm<Y_ﬁn7Y_ﬁn>+ Z Wm<Y_ﬁn7ﬁn_f>
meMN meMN
= Z Wm||Y_]/C;n||2+ Z Wm<Y_]/p\aﬁn_]?>_ Z Wm||f—J?m||2,
meM meMN meN

=0
and notice that the divergence of wmfm is given by
div(Wpnfm) = Windiv(fon) + (o, Vi)

Plugging these two formulas in the definition of 7, we obtain
F= X wn (1Y = FalP = no? +26%div (1))

me.H
~ Vw, PO
% (20 (7 S 1T Ral?).

meM W

For a linear function G(Y) = AY, we have 9;G;(Y) = Ay;, so div(G)(Y) = Tr(A).
Since f,, = Projg, (Y), the divergence of f,, is the trace of Projg, , which equals the
dimension d,, of the space S,,. Then, we have

¥ = ull* = n0® + 262V (f) = ¥ = ull* + (2 = m)6* = T
In addition, we have

VW, B ~ vz B
o e T = 2

22 (7-7).

(=G = ¥ ww =)

meHM

SO

F= Y wirn—4B Y walfu S~ Fr) = Y warll £ — ful ™

meMN meM meM

We notice that ¥,,c 4 Wi <J?, J? - J?m> =0so

F= Y watmt+@B—1) Y wullf— ful?
me.HN meM
<Y walu, 4.7

meMN
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where we used for the last line the condition ff < 1/4.

Optimality condition. Since KL(w, ) > 0 and w minimizes ¢ over the set of prob-
ability on . (see Exercise 4.7.1, page 83), we have

2
r<¥9%w) <¥9%(q) = Z GmTm + G—KL(q, m), for any probability g on .Z .
meM ﬁ
Taking the expectation, we obtain for any probability g on .#

~ 2
E[If -/ P] =EF < EF(@)]= ¥ qurn+ GKLgT),  @8)
meN ﬁ

withr,, =E[r,] =E [||fm —f* ||2} . The right-hand side of the above bound is mini-

mum for g, = ﬂ,ne_ﬁ”"/cz/g@p’, with Z' =Y, nme_ﬁ""/"z. Since &' > nme_ﬁ""/"z
for all m € .# , we observe that

Z + cy2KL( ) o’ log(Z") < min { o’ log(m, )} (4.9
qmTm T —7 q, = T > 'm— 4 m . .
meH ﬁ ﬁ meA ﬁ

Combining (4.8) and (4.9), we obtain (4.6). O

4.4 Numerical Approximation by Metropolis—Hastings

Similarly to model selection, when the cardinality of .# is large, the Gibbs mixing
of estimators (4.2) is computationally intractable, since it requires at least card(.#)
computations. To overcome this issue, one possibility is to compute an approximation
of (4.2) by using Markov Chain Monte Carlo (MCMC) techniques.

Let F : .# — R be areal function on .# and w be an arbitrary probability distribution
on ./ fulfilling w,, > 0 for all m € .#. The Metropolis—Hastings algorithm is a
classical MCMC technique to approximate

Eu[F]:=) wnF(m). (4.10)
meMN

The underlying idea of the Metropolis—Hastings algorithm is to generate an ergodic'
Markov chain (M; ;e in .# with stationary distribution w and to approximate E,,[F]
by the average 7! ):thl F(M,), with T large. This approximation relies on the fact
that for any ergodic Markov chain (M );cy in .# with stationary distribution w, we
have almost surely the convergence

F(M,) "=" E,[F]. .11

el
01~

t=1

I'We refer to Norris book [127] for lecture notes on Markov chains.
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We remind the reader that a Markov chain on .# with transition probability Q(m,m’)
is said to be reversible according to the probability distribution w if

wnQ(m,m') = w,yQ(m',m) forall m,m’ € A . (4.12)

An aperiodic and irreducible Markov chain that is reversible according to the proba-
bility w automatically fulfills (4.11). The Metropolis—Hastings algorithm proposes a
way to build a Markov chain (M, ),cn fulfilling the requirements that

o (M;);cn is aperiodic, irreducible, and reversible according to the probability w,
e the numerical generation of the chain (M;),—; . r is computationally efficient.

To generate such a Markov chain, the principle of the Metropolis—Hastings algorithm
is the following. Let I'(m,m’) be the transition probability of an aperiodic irreducible
random walk on .# and define

wuL(m',m)

Q(m,m') = T(mm)A for all m # m’ (4.13)
and Q(m,m) = 1-— Z Q(m,m') forallme ..
m': m'#£m

With such a definition, w and Q obviously fulfill (4.12). Therefore, the Markov chain
(My);en with transition Q fulfills for any initial condition

F(M) 3" Y wuF(m) as.
1 meN

N =
1~

t

From a practical point of view, the Markov chain (M; ), can be generated as follows.
We start from the transition I'(m,m’), which is the transition probability of an aperi-
odic irreductible random walk on .#, and then implement the following algorithm.

Metropolis—Hastings algorithm
Initialization: Pick an arbitrary M| € .# and choose a burn-in time 7j.

Iterate: Forr=1,...,T

1. From the current state M;, generate M, | according to the distribution I'(A;, .)

2. Set
WM;Jrl F(Mt/+1 7Mt)

wa, T(My, My ;)

Pr+1 = 1A

t+1°

3 With probability p,+1 : setM, | =M,
’ otherwise :osetMy g =M.

Output: 1 T

F(M;)

T— TO t=Tp+1
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Let us come back to the problem of approximating the Gibbs aggregation (4.2) of
estimators. In this case, the function F is F (m) = f,,, and the probability distribution
is

—BFn/0?
T -
L7 where 2= )" e Bin/o?
z meN

Wiy =

Computing a single wy, is very time consuming when ./ is very large, since com-
puting Z requires to sum card(.# ) terms. Fortunately, the Metropolis—Hastings al-
gorithm does not require computing the weights w,, but only some ratios,

=~ 2
Wm' n-m,efﬁrm/ /(7

W Mo Bn/o”

that can be easily evaluated, since the term 2 cancels.

To implement the Metropolis—Hastings algorithm for evaluating (4.2), we must
choose a transition probability I". The choice of this transition probability I is del-
icate in practice, since it can dramatically change the speed of the convergence
in (4.11). Ideally, the transition I" must be simple enough so that we can effi-
ciently generate M, 41 from M;, and it must lead to a “good” exploration of .#
in order to avoid getting trapped in a small neighborhood. We refer to Robert
and Casella [134, 135] for discussions on the choice of I' and much more on the
Metropolis—Hastings algorithm. Below, we give an example of implementation of
the Metropolis—Hastings algorithm for evaluating (4.2) in the coordinate-sparse set-
ting.

Example: Approximating (4.2) in the sparse regression setting

We consider the collection of estimators {ﬁn me .M } and the probability 7 in-
troduced in Sections 2.2.1 and 2.2.2 for the coordinate-sparse setting. We write
¥ (m) for the set of all the subsets m’ that can be obtained from m by adding or
removing one integer j € {1,...,p} to m. If we take the uniform distribution on
¥ (m) as proposal distribution I'(m, .), then I'(m,m’) =T'(m’,m) for any m’ € ¥ (m).
As a consequence, we only need to compute W, / wyy at the second step of the
Metropolis—Hastings algorithm. It is crucial to compute this ratio efficiently, since
it will be iterated many times. We have seen that

=~ 2
Wyt ﬂm/efﬂrm//(f

Wi Toe Brn/o

so we need to compute T, /T, efficiently when m’ € ¥'(m). Let us consider the
choice ,, o< e"’”'/ Cl‘,m‘ proposed for the coordinate-sparse setting. We have the
simple formulas
T \m| +1

T, — 1
=———— form' =mU{j} and “*= elp—|m+1)
T e(p—|ml) Ton ]

form' =m\ {j}.
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Convergence rate of the approximation

The main weakness of this Metropolis—Hastings approximation of fis that we do
not know the convergence rate in (4.11). In particular, we have no guarantee that we
can achieve a reasonably good approximation of (4.2) by the Metropolis—Hastings
algorithm in a reasonable time. We emphasize that there is no hope to evaluate
precisely all the weights {w,, : m € .#} in less than card(.#) iterations since the
Markov chain (M;),cn needs to visit each m € .# many times in order to evaluate
precisely each wy,. Yet, if only a few weights w,, are significantly positive, we only
need to evaluate properly these few ones, which may happen in a short amount of
time. However, we emphasize that no result guarantees that these few larger weights
wp, are estimated accurately after a reasonable amount of time.

To sum up, the Metropolis—Hastings algorithm presented above can be viewed as
a stochastic version of the forward—backward algorithm presented in Section 2.4,

where we average the estimators (]/C\M, )i=1,....r instead of selecting the one with small-
est Criterion (2.9).

4.5 Numerical Illustration

Let us illustrate the estimator aggregation on the simulated example of Section 2.5.
We use again the models and probability distribution suited for the coordinate-sparse
setting. The Gibbs mixing f defined by (4.2) with § = 1/4 is plotted in Figure 4.1.
Comparing Figure 4.1 with Figure 2.2, we observe that the estimators (4.2) and (2.9)
are very similar in this example. We refer to Exercise 4.7.2 for a comparison of the
Gibbs mixing and model selection in the orthonormal setting.
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Figure 4.1 Dotted line: Unknown signal. Gray dots: Noisy observations. Gray line: Estima-
tor (4.2).
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4.6 Discussion and References
4.6.1 Take-Home Message

The Gibbs aggregation of estimators shares all the nice statistical properties of model
selection estimators, with a slightly better risk Bound (4.6). Unfortunately, it suf-
fers from the same computational complexity, and in many cases it is not possible
to directly implement it in practice. A possible direction to overcome this issue is
to approximate (4.2) by a Metropolis—Hastings algorithm, which is some kind of
stochastic version of the forward—backward algorithm of Section 2.4 with averaging.
No precise convergence rate is known for this algorithm, so we have no guarantee on
the quality of the finite-time approximation.

4.6.2 References

Ideas on aggregation of estimators in statistics date back at least to Barron [21] and
Catoni [50, 51]. Most of the material presented here comes from the seminal pa-
per of Leung and Barron [109]. The computational aspects presented in Section 4.4
have been proposed by Rigollet and Tsybakov [132]. We refer to Rigollet and Tsy-
bakov [133] for a recent review on the topic and more examples of the use of the
Metropolis—Hastings algorithm. We also point out the paper by Sanchez-Perez [139],
which provides a convergence bound on the Metropolis—Hastings approximation in
a slightly different setting.

The case of unknown variance is more tricky and has attracted less attention. We
refer to Giraud [79] and Gerchinovitz [76] for two points of view on this case. Fi-
nally, the Stein formula for non-Gaussian noise has been investigated in Dalalyan
and Tsybakov [59].

4.7 Exercises
4.7.1 Gibbs Distribution

In this exercise, we first check that the Kullback—Leibler divergence KL(g, 7r) is non-
negative on the set P(.#') of probability distributions on .#. Then, we prove that
the Gibbs distribution w defined by (4.2), page 76, minimizes the function ¢ defined
by (4.3).

For A € Rand g € (R*)” we set,
LM G =G (@) +A Y, gm.
me.H

1. From the convexity of x — —log(x) on RT, prove that the Kullback-Leibler di-
vergence KL(q, ) =Y, gm10g(qm/7y) is non-negative for g, w € P(.4).

2. Prove that x — xlog(x) is convex on R* and ¢ — .2*)(g) is convex on (R*)“ .

3. Prove that the minimum of .#(*) on (R*)# is achieved for

gV = mpexp(—Bin/o%) exp(—1 — BA/G2).
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4. Conclude that

7,0 Bn/o
5707 M€ M| € argmin¥(q).
Yowen Towe Pl qEP( M)

4.7.2 Orthonormal Setting with Power Law Prior

We consider the linear regression setting (2.2), in the case where the columns of X
are orthonormal. We choose the collection of models described in Section 2.2.1 for
the sparse-coordinate setting and take the distribution 7 on .Z given by

1 —-P
T = <1+> p_‘m‘.
p

1. Letus write Z; = (Y, X;), for j=1,..., p. Prove that

P exp (BZ%/0?
f=x ( : ) Zj Xj.
=

1 exp (2B +log(p)) +exp ([32]2/62)

2. What is the consequence in terms of computational complexity?

3. Compare qualitatively this mixing procedure to the model selection procedure in
this setting.

4.7.3 Group-Sparse Setting

In the spirit of the algorithm for the coordinate-sparse setting, propose a Metropolis—
Hastings algorithm for computing f in the group-sparse setting (with the collection
of models and the probability & given in Chapter 2).

4.7.4 Gain of Combining
For B < 1/4 and § > 0, we set

o’ c?
= rm— —& m S i m- "5 m .
M {me/// r B log(7m) mlg%{r B log(m, )}+5}

By adapting the end the proof of Theorem 4.2, prove that
E[IF-r1?] <
2 2
—~ o 1 o
in S E [~ 1 IF] + S tog ( — ) b+ inf {6 — - log|. 45 .
i {8 (1o 1] + ioe () |+ ne {5 G o}

In particular, when M estimators are similarly good, the risk bound is reduced by a
term of order 62 log(M).
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4.7.5 Online Aggregation

We consider here a slightly different statistical setting. We assume that we observe
some temporal data (X;,Y;),—1, 7, with ¥; € R and X; € R”. For example, ¥; can be
an air pollution indicator (as the concentration of ozone), and X, can gather some
atmospheric measures, as well as some past values of Y. Our goal is to predict at
each time 7 the value ¥; based on the observations X; and (X;,Y;)i—1. ;—1.

me . # } of estimators

by
T

~ 2
(™) =Y (Y= 7))
=1
the cumulated prediction risk of the estimator fm We want to combine the estimators
{fim, m € A} in order to have a cumulated prediction risk r(7) almost as good as
the best r,,,(T). We consider a probability distribution 7 on .#, and we denote by

t—1 N 2
Fnlt) = ¥ (%= 7))

i=1
the estimated prediction risk at time ¢, with 7,,,(1) = 0. At each time #, we build the
Gibbs mixture as in (4.2)

B (1) .
~ ~ T
F6) =Y wn()fult),  with wy (1) = ’”“"? and %= Y mue Pinl0),
meN t meN

We emphasize that the weights wy,(¢) only depend on the observations available at
time ¢.
We assume in the following that the observations ¥; belong to a bounded interval
[—B, B], which is known. We also assume that the predictors f, () belong to this
interval. We will prove that in this setting, for a suitable choice of §, we have an
oracle inequality similar (4.6).
1. Prove that

leog( Y w(t)exp (—B(Yz—fm(t))z)>

meN
T ~
= log ( Z Tt €Xp <_ﬁ Z (Yl _fm(t))2>>
meHN =1

> max {log(m) — Brn(T)}

2. Check that x — exp(—x?) is concave on the interval [—2~1/2,271/2]. Prove that
for § < 1/(8B%) we have

Y walexp (=B (%~ 1u(0))’) < exp (B (%~ (1))

meMN
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3. Combining the above results, conclude that for 8 < 1/(8B2)

~ T R
i =J0)’ < ,.5‘5//{2 (= o)+ 102 (5 } .

t=1

I

We emphasize that up to this point, the only assumption on the distribution of the
data is that the variables Y; are bounded. In order to state a result similar to (4.6), we
consider in the following the setting

Y(:f(X[)+8h t:1,...7T,
where €& has mean zero, finite variance 0',2
(Xi,Yi)i=1,...+—1. We still assume that |¥;| < B.

4. Prove that for B = 1/(8B?)

and is independent of X; and

1 T

LY (o)’

t=1

E

T

2 ¥ (Bt —rx)’

t=1

+878210 s
T % T, '

This exercise is adapted from Dalalyan et al. [60]. We recommend to have a look at
Chapter 5, Section 5.2 before starting this exercise.

We observe Y € R"” and X € R"*P. We assume that ¥ = X3* + €, with € a random
variable following a subgaussian(o>I) distribution, which means that for any u € R”
we have P[|(u, )| > ot|jul|] < ¢~*/2. We assume that the p columns X, ... X, of X
have unit norm.

< min { E
meHN

4.7.6 Aggregation with Laplace Prior

In this chapter, we have considered the aggregation of a finite number of estimators.
Here, we will aggregate a continuous set of estimators. We consider all vectors u €
R” as an estimator of §*, and we will aggregate them with a weight decreasing
exponentially with

V(u) = ||Y —Xul|> +Alul;.

More precisely, for & > 0, we define the probability distribution on R? by
efaV(u)

dn(u)=rn(u)du and 7(u)= e @00 dyy
JRP

)

||? of the estimator

and our goal is to investigate the risk HX(E - B*)

~

B :/Rpudﬂ:(u)

of B*. We observe that when a — oo, the probability distribution d7 is concentrated
on argmin,, V() and we recover the Lasso estimator (5.4), page 91.
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Let & € (0,1). In this exercise, you will prove that, for A = 31/202log(p/8), with
probability at least 1 — §, we have

A%1Blo
k(B)?

where k(f3) is the compatibility constant defined by (5.8), page 95.

X B0 < jnt {IN(B O+ prp/e, s

Again, we notice that when a goes to infinity, we recover the result of Theorem 5.1,
page 95. We also observe that to get the last term p/a small enough, we need to take
o>p/ o2

The key of the proof of (4.14) is the following lemma, proved in the parts (B) and
(C) of the exercise.

Lemma 4.3
For all B € R? we have

V(B)—V(B) < p/a—|XB—XB|>. (4.15)

A) Conclusion Based on Lemma 4.3

1. Assume that A = 3/2062log(p/8). Prove that

2. Admitting Lemma 4.3, check that

IX(B—B")IP ~ IX(B—B)IP <
p/a—|X(B—B)I>+2(e.X(B—B))+2 1Bl — 1Bl .

3. Following the same arguments as in the proof of Theorem 5.1 (page 95), conclude
that (4.14) holds with probability at least 1 — &.

The two next sections are dedicated to the proof of Lemma 4.3. A first step is to
prove the intermediate result

VB~ [ Vdn)— [ [X(u—B)Pdn(w < ~|XB-XBI%.  (@.16)

RP
B) Proof of the Intermediate Inequality (4.16)
1. Check that

/Rp (IX(B* = w) |2+ X (B — w)[|*) d(u)
= X(B* = B)I> +IX(B-B)I*+2 /R X (B —w)lPdm(u).
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2. Prove that

VB~ [ viwdn~ [ [X—p)|Pdn(w)
= 2XBIP+2IBl — [ (2Xul>+2Jul) dm(w) ~ XB— X,
3. Conclude the proof of (4.16).

C) Proof of Lemma 4.3

1. Prove that for all B € R? and all u such that V is differentiable in u, we have
V(B) ~IX(u~B) > > V() +(VV(u), B —u).

2. With (4.16) and the above inequality, prove the inequality (4.15).



Chapter 5

Convex Criteria

We have seen in Chapter 2 that the model selection procedure (2.9), page 35, has
some nice statistical properties but suffers from a prohibitive computational cost in
many cases. For example, in the coordinate-sparse setting, the algorithmic complex-
ity for computing (2.9) is exponential in p, so it cannot be implemented in moderate
or high-dimensional settings. To circumvent this issue, a standard trick is to derive
from the NP-hard problem (2.9) a convex criterion that can be minimized efficiently.
The main point is then to check that the estimator derived from this convex criterion
is almost as good as the estimator (2.9), at least for some classes of matrix X. This
chapter is devoted to this issue and to some related computational aspects.

5.1 Reminder on Convex Multivariate Functions

In this chapter, we will investigate some estimators that are obtained by minimizing
some convex criteria. In order to analyze these estimators, we will need some basic
results from convex analysis. This section is a brief reminder on the subdifferentials
of convex functions. We refer to Appendix D for the details.

5.1.1 Subdifferentials

A function F : R" — R is convex if F(Ax+ (1 —A)y) <AF(x)+ (1 —A)F(y) for all
x,y € R" and A € [0,1]. When a function F is convex and differentiable, we have

F(y) > F(x)+(VF(x),y—x), forallx,yeR"

see Lemma D.1 in Appendix D, page 321. For any convex function F (possibly non-
differentiable), we introduce the subdifferential dF of F, defined by

IF(x)={weR": F(y) > F(x)+ (w,y—x) forally e R"}. (5.1

A vector w € dF (x) is called a subgradient of F in x. It is straightforward to check
(see Lemma D.2 in Appendix D, page 321) that F is convex if and only if the set
dF (x) is non-empty for all x € R”. Furthermore, when F is convex and differentiable,
dF (x) = {VF(x)}; see again Lemma D.2 in Appendix D.

89
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Examples of subdifferentials

We refer to Lemma D.5, page 323, for the derivation of the following subdifferen-
tials.

1. The subdifferential of the ¢! norm |x|; = ¥; |x;] is given by

dlx|i = {weR": w; =sign(x;) forx; #0, w; € [-1,1] forx; =0},
where sign(x) = 1,50 — 1y<0.
Equivalently, d|x|; = {¢ : (¢,x) = |x|; and || < 1}.

2. The subdifferential of the /**-norm |x|., = max;|x;| is given by
dx|e = {WweR": |w|; <land (w,x)=|x|w}. For x # 0, writing J. =
{Jj: |xj| = [x|}, a vector w is a subgradient of |x| if and only if it fulfills

wj=0for j ¢ J, and w; = Ajsign(x;) for j € J, where A; >0 and Z Ai=1.
JEJ«

5.1.2 Two Useful Properties

We recall two useful properties of convex functions.

1. The subdifferential of a convex function F : R” — R is monotone:
(wy—wy,x—y) >0, forall w, € dF(x)and wy, € dF(y).

Actually, by definition we have F(y) > F(x) + (wy,y —x) and F(x) > F(y) +
(wy,x —y). Summing these two inequalities gives (wy —wy,x—y) > 0.

2. The minimizers of a convex function F : R” — R are characterized by

Xe €argminF(x) <= 0€dF(x.). (5.2)
xeR”"

This immediately follows from the fact that F(y) > F(x.) + (0,y — x,) for all
y € R" in both cases.

5.2 Lasso Estimator

In this section, we explain the main ideas of the chapter in the coordinate-sparse
setting described in Chapter 2, Section 2.1. The other settings are investigated in
Section 5.3. In particular, we focus on the linear model Y = Xf3* + €, and we will
assume for simplicity that the columns of X have #>-norm 1.

Let us consider the family of estimators {fm cme M } introduced in Chapter 2,
Section 2.2, page 31, for the coordinate-sparse setting. We remind the reader that
the model selection estimator obtained by minimizing (2.9) in the coordinate-sparse
setting has some very good statistical properties, but the minimization of (2.9) has a
prohibitive computational cost for moderate to large p. Our goal below is to derive
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from (2.9) a convex criterion that can be minimized efficiently even for large p. For
deriving this convex criterion, we will start from a slight variation of the selection
Criterion (2.9) in the coordinate-sparse setting with 7, = (14 1/p)~?p~"l, namely

~ 2
meargmin{||y_Xﬁm||2+/um|}, withlz(l—i— zlog(p)) o2,
meM

where ﬁm is defined by f,, = Xﬁm. We write supp(f) = {j: Bj #0} for the sup-
port of B € R?, and we observe that for all m C {1,...,p}, the models S,, for
the coordinate-sparse setting (defined in Section 2.2.1, page 32) can be written as
Sm = {XB : supp(B) = m}. The estimator f,, = Projg Y is then equal to Xf,,, with
B € argming. g0 gy—m [|¥ —XB |2, so we have

m € argmin  min  {|Y =XB|*+1|Bo},
me.at B: supp(B)=m

with |B|o = card(supp(fB)). Slicing the minimization of B — ||¥ — XB||*> + A|B]o
according to the § with supportinm C {1,..., p}, we obtain the identity

By € argmin {||[Y —XB|>+ 1|80} - (5.3)
BeRP

The function 8 — ||Y — X3||? is smooth and convex, so it can be handled easily in
the minimization of (5.3). The troubles come from |8, which is non-smooth and
non-convex. The main idea for deriving from (5.3) a criterion easily amenable to
minimization is

P

p
to replace |Blo = Z 1g,20 by |Bli = Z |B;|, which is convex.
=1 =1

For A > 0, we can then relax the minimization problem (5.3) by considering the
convex surrogate

~

By € argmin Z(B), where Z(B) = ||Y —XB|>+A|B]:. (5.4)
BeRP

The estimator B/l is called the Lasso estimator. The solution to the rEinimization
problem (5.4) may not be unique, but the resulting estimator fAA = X3, is always
unique. We refer to Exercise 5.5.1 for a proof of this result and for a criterion ensuring
the uniqueness of the solution to (5.4). Criterion (5.4) is convex, and we will describe
in Section 5.2.4 some efficient procedures for minimizing it. So the Lasso estimator
has the nice feature that it can be computed even for large p. Yet, does the Lasso
estimator have some good statistical properties? We will see below that the support
of this estimator is a subset of {1,...,p} for A large enough, and Theorem 5.1 will

provide a risk bound for the resulting estimator f; = Xf3;.
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5.2.1 Geometric Insights

Let us denote by B, (R) the ¢'-ball of radius R defined by B,(R) =
{BeRP: |B]; <R}. Weset R), = \[31 |1, and we notice that R, decreases when A
increases. By Lagrangian duality, the Lasso estimator ﬁx is solution of

By € argmin ||Y —XB|. (5.5)
BeB, (Ry)

In Figure 5.1, the level sets of the function  — ||Y — X3|| are plotted (dashed lines),
together with the constraint |3]; < R for decreasing values of R in an example with
p=2. We remark that for R small enough (which corresponds to A large enough),
some coordinate [BA] are set to 0. This illustrates the fact that the Lasso estimator
selects variables for A large enough.

Remark. We point out that the selection of variables for R small enough comes
from the non-smoothness of the £'-ball B, (R). Actually, replacing the ¢!-ball by a
¢P-ball By (R) with 1 < p < 40 would not lead to variable selection. We refer to
Exercise 5.5.7 for the analysis of the estimator (5.4) when |B]; is replaced by ||8]>.

5.2.2 Analytic Insights
Let us better understand the variable selection observed above by analyzing the shape

of the solution of (5.4). The subdifferential of the function .Z is

0L (B) = {—ZXT(Y—Xﬂ)—FAZ :z€d|Bh},

so the first-order optimality condition (5.2) ensures the existence of 7 € 8|B\,1 |1 ful-
filling —2X” (Y — X, ) + A2 = 0. According to the description of the subdifferential
of the ¢'-norm given in Section 5.1, we obtain

~ A
X'XB;, =XTy — 5% (5.6)
for some z € R?, fulfilling Z; = sign([ﬁ;dj) when [Bl]j #0and Z; € [-1,1] when
[Ba]; = 0. Let us investigate the selection of variables induced by this formula.

Orthonormal setting

We first consider the simple case where the columns of X are orthonormal! and thus
X'X = I,. In this case, Equation (5.6) gives

~

Bals+ Ssien(Bal) = XTYfor [By]; 0,

1t means that the columns of X are orthogonal with norm 1. Notice that this enforces p < n.
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AN

Figure 5.1 Dashed gray lines represent the level sets of the function B — ||Y — XB|. Black
plain lines represent the 0'-balls By (R) for R=2, R=1.4, R=1.2 and R = 0.82. The dark

stars represent BR = argminig|, <z [|Y — Xp |? for the current value of R. When R = 2, the
0 -norm of ﬁR is smaller than R, so ﬁR coincides with ﬁ”ls = argming [|Y — X |%. When R is

smaller than 1.2, the second coordinate of BR is equal to 0.

which enforces both sign([B;];) = sign(X7Y) and Bylj = X7y — lsign(XTY)/Z
when [ﬁl] # 0. In particular, we notice that we cannot have [ﬁ;d # 0 when
XTY| < A /2. Therefore, we have [B1]; = 0 when XTY| < A/2 and B, = X7y —
A sign(XJT-Y) /2 otherwise. To sum up the above analysis, in the orthonormal setting,
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the Lasso estimator (5.4) is given by

A

[El]j:XjT.Y<1—T> , j=1,...,p, with (x); =max(x,0). (5.7)
2[XTY| .

It then selects the coordinates j such that [(X;,Y)| > A /2.

It is interesting to compare the variables selected by the Lasso estimator to those
selected by the initial model-selection estimator (5.3). According to Exercise 2.8.1,
Question A.2, the estimator (5.3) selects in the orthonormal setting the coordinates
j such that [(X;,Y)| > v/A. Therefore, replacing A in (5.4) by 2v/A both estima-
tors (5.3) and (5.4) select the same variables in the orthonormal setting.

Non-orthogonal setting
When the columns of X are not orthogonal, there is no analytic formula for [/3\,1,

and the Lasso estimator will not select the same variables as (5.3) in general. Write
my, = {j:[Balj # 0} for the support of B; . Equation (5.6) gives

0 < BIX"XP; = (B, XTY —1%/2)

~ A~

= ¥ Bl (X5 - 5 sient(Bul)).
Jj€iy,

from which we deduce that ; = 0 for & > 2|X7¥ ... When A < 2|X”Y|.., the Lasso

estimator f3; is nonzero, but there is no simple formula describing its support.

Finally, we can compare the estimator f;L = Xp, to the estimator f’?w where

ﬁn = Projg, Y with S,,, as in the beginning of Section 5.2. We denote by AT the
Moore—Penrose pseudo-inverse of a matrix A (see Appendix C.2 for a reminder on
this pseudo-inverse). The matrix (A”)*A” equals the projection on the range of A,
so A = (AT)TATA. Accordingly, for A < 2|X”Y|.., we derive from (5.6)

Fu =X, Buls, = (%5,) " (XE,¥ - Soien(Bils,) )

. A« T + . o
= PrO_]g)LY - 5 (X}’?Ll> SIgn([ﬁl]fﬁlL
where S, = range(Xz, ) = span {Xj:jemy} and where sign(v) represents the
vector with coordinates sign(v;). We observe in particular that ﬁ differs from
Jay, = Proj§lY by an additional term proportional to A. As we will discuss in Sec-

tion 5.2.5, this additional term induces a shrinkage of the estimator fﬁl toward 0.
The intensity of this shrinkage is proportional to A.

In the next two sections, we state a risk bound for the Lasso estimator, and we de-
scribe two numerical schemes for computing it.
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5.2.3 Oracle Risk Bound

We have proved in Chapter 2 that the risk of the model selection estimator (2.9) can
be nicely bounded; see Theorem 2.2 and Exercise 2 8.2, part A. We derive in this

section a risk bound for the Lasso estimator f;L = Xﬁ;t, which is similar, at least for
some classes of design matrix X.

The best risk bounds available in the literature involve the so-called compatibility
constant

VIml[Xv]
KB = ve%‘(ﬁ){ [Vinl1 }

where m = supp(f) and €(B) = {v € R” : 5lv|1 > |[vme|1}. (5.8)

This compatibility constant is a measure of the lack of orthogonality of the columns
of X,,,; see Exercise 5.5.3. We emphasize that it can be very small for some matrices
X. We refer again to Exercise 5.5.3 for a simple lower bound on x(f3).

A deterministic bound

We first state a deterministic bound and then derive a risk bound from it.

Theorem 5.1 A deterministic bound

For & > 3|X" ¢|.. we have

2 2 2
IX (B2~ )l Mg,;{{o}{ X(B— B+ ()2|ﬁo} (5.9)

with k() defined by (5.8).

Proof. The proof mainly relies on the optimality condition (5.2) for (5.4) and some
simple (but clever) algebra.

Optimality condition: We have 0 € d.Z( //3\,1) Since any w € d.Z( //3\,1) can be written
asw=—2X7 (Y —XB;)
exists Z € 9B, |1 such that 2X7 (XB; —XB*) —2XT e + A7 = 0. In particular, for all
B eR?

2X(By—B*),X(B —B)) —2(XTe, B —B) +A (5B —B)=0.  (5.10)

Convexity: Since |.|; is convex, the subgradient monotonicity ensures that (Z, Ek —
B) > (z,B) — B) for all z € d|B];. Therefore, Equation (5.10) gives

for all B € R” and for all z € d|B|; we have,
2(X(B —B).X(B — B)) < 2(X"e.Bp—B)—A{z.Bp—B). (.11

The next lemma provides an upper bound on the right-hand side of (5.11).
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Lemma 5.2
We set m =supp(). There exists z € d|B|1, such that for A > 3|X” €|.. we have

1. the ineqziality 2<XT8,[/3\£—L3> —l(z,B\x -B) AS 27L|(E,1 _li)mh ;
2. and S|(Bp — B)ml1 > |(Br — B)me |1 when (X(Br — B*),X(Br —B)) >0

Proof of the lemma
. Since d|z|; = {z € R”: z; =ssign(B;) for j€mandz; € [~1,1] for j me}, we

can choose z € 9|1, such that z; = mgn([[)’;t Blj) = mgn([ﬁ,l] ) for all j € m°.
Using the duality bound (x,y) < |x|«|y|1, we have for this choice of z

2X"e.Br—B) ~Alzfr—B) A
2(X" e, By~ B) ~ Aem: (Br — B)m) — A{ame, (B — B)e)

< 2[X"elw|Br — Bli +A1(Br — Bmlt — Al(Bi — Bl
< %'(B)L_ﬁ)mh—%KB}L—ﬁ)mch (5.12)
< 2A|(Br—B)uli

where we used 3|X” ¢l < A and |BA —Bh = |(B\,1 = Bmel1 + |(B\,1 — B)m|1 for
the Bound (5.12).
2. When <X(E/l - ﬁ*),X(B;L —B)) > 0, combining (5.11) with (5.12) gives the in-
equality 5|(By — B)ml1t > |(Br — B)me |- o
We now conclude the proof of Theorem 5.1. Al-Kashi formula gives

2(X (B~ B*).X(Bi — B)) = IX(Bi — B>+ X (Bx — B)II — IX(B — B*)|1>

When this quantity is non-positive, we have directly (5.9). When this quantity is
positive, we can combine it with (5.11) and apply successively the first part of the
above lemma, the second part of the lemma with (5.8), and finally 2ab < a® 4 b? to
get that for all B € R?

IX(By — B2+ IX(Br —B)I? < IIX(B—ﬁ*)H2+2/1|(5r Bl
< X6+ VUL‘; X — B
2, MIBlo a2
< IXB-BOIP+ gy +X(B — B)II*-
The proof of Theorem 5.1 is complete. o

If the tuning parameter A of the Lasso estimator is such that A > 3|X” €|.. with high
probability, then (5.9) holds true with high probability for this choice of A. We state
in the next corollary such a risk bound in the Gaussian setting (2.3).
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Corollary 5.3 Risk bound for the Lasso

Assume that all the columns of X have norm 1 and that the noise (&)= o 18
i.i.d. with A (0,02) distribution.

Then, for any L > 0, the Lasso estimator with tuning parameter

A =30+/2log(p)+2L

ulfills with probability at least 1 — e the risk bound
fi p 1y

186%(L+log(p))

2 _ R*\|[12 in _ R* 2
(B BOIP < o {3 - ) P+

Iﬁlo} (5.13)

with k() defined by (5.8).

Proof. All we need is to prove that | X7 €|.. = max 1 __, |XJTS\ is smaller than A /3 =
0+/2log(p) + 2L with probability at least 1 —e~~. Combining the union bound with
the fact that each XJT»S is distributed according to a .4 (0, 62) Gaussian distribution,
we obtain

(\XTe\w > 6+/2log(p) ) i (|xjfe| > 6+/2log(p) +2L)
< pP(0|Z| > o+/2log(p) +2L),

with Z distributed according to a .4#7(0, 1) Gaussian distribution. From Lemma B.4,
page 298, in Appendix B, we have P (|Z| > x) < e /2 for all x > 0, so the probabil-

ity P (\XTSL,O > 0+/2log(p) + 2L) is upper-bounded by e~%, which concludes the
proof of (5.13). O

Discussion of Corollary 5.3

We can compare directly the risk Bound (5.13) for the Lasso estimator to the risk
Bound (2.12), page 37, for model selection in the coordinate-sparse setting. Actually,
from Inequality (2.24) in Exercise 2.8.2, page 49, we know that there exists a constant
Ck > 1 depending only on K > 1, such that the model selection estimator 3 defined
by (2.9) fulfills the inequality

B [IX(5~8")17] < Cicjut {1X(8 — B +181o |1+ 108 (- o2}

Compared to this bound, the risk Bound (5.13) has the nice feature to have a constant
one in front of the term ||X(B — B*)||?, but the complexity term |B|olog(p)o? is
inflated by a factor ()2, which can be huge, even infinite, when the columns
of X are far from being orthogonal. The Lasso estimator can actually behave very
poorly when x(f*) is small; see, e.g., the second example described in Section 6.3
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of Baraud et al. [19]. Recent results by Zhang et al. [170] suggest that this constant
k(B*) is unavoidable in the sense that for some matrices X the constant K(B )2
necessarily appears in an upper bound of ||Xﬁ X*||? for any estimator [3 with
polynomial algorithmic complexity (see the original paper for a precise statement).

To sum up the above discussion, compared to the model selection estimator (2.9), the
Lasso estimator (5.4) is not universally optimal, but it is good in many cases, and,
crucially, it can be computed efficiently even for p large. Compared to the forward—
backward algorithm described in Section 2.4 and the Metropolis—Hastings algorithm
described in Section 4.4 (stopped after T iterations), we can provide a risk bound for
the Lasso estimator in a non-asymptotic setting for any design matrix X. Vze can also
give some conditions that ensure that the support of the Lasso estimator 3, is equal
to the support of f*; see Exercise 5.5.2.

5.2.4 Computing the Lasso Estimator

To compute the Lasso estimator (5.4), we need to minimize the function f — Z(f),
which is convex but non-differentiable. We briefly describe below three numerical

schemes for computing f3; .

Coordinate descent

Repeatedly minimizing Z(Bi, ..., B,) with respect to each coordinate f3; is a simple
and efficient scheme for minimizing (5.4). This algorithm converges to the Lasso
estimator thanks to the convexity of .Z.

We remind the reader that the columns X; of X are assumed to have norm 1. Setting
R; = XJT (Y — Vi) Bka), the partial derivative of the function .Z, with respect to
the variable B}, is

B =2B;—2R; Jrl for all B; # 0.
|Bjl |ﬁj|

Since £ is convex, the minimizer of B; — Z(Bi,....Bj—1,B;,Bj+1,---,Bp)
is the solution in B; of 0;Z(B1,...,B;-1,B,Bj+1,...,8y) = 0 when such a
solution exists, and it is ﬁj = 0 otherwise. Therefore, the function ﬁj —
ZL(Bi,-.-Bj-1,Bj:Bj+1,---,Bp) is minimum in

A .
Bi =R; (1—2|R|> with R; =X7 (Y—Zﬁkxk). (5.14)
i+ k#j

0,2 (B) =—2X; (Y —=XB)+ AL

Repeatedly computing f1,...,Bp,B1,- .., Bp, ... according to (5.14) gives the coordi-
nate descent algorithm summarized below.
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Coordinate descent algorithm
Initialization: B = iy with Binie € RP arbitrary.

Repeat, until convergence of 3, the loop:
forj=1,....,p

A .
ﬁj:Rj(l_w>+’ with Rj:X§<Y_ZBka)'

=y

Output:

When we want to compute { ﬁk A €A} fora gr1d A={A1,...,Ar} of values ranked
in decreasing order, it is advised to compute first ﬁll startlng from Binic = 0, then ﬁkz

starting from By = ﬁk. , then ﬁ;L3 starting from By = [312, etc.

The coordinate descent algorithm is implemented in the R package glmnet available
at http://cran.r-project.org/web/packages/glmnet/. For illustration, we
give below the R code for analyzing the data set diabetes, which records the age,
sex, body mass index, average blood pressure, some serum measurements, and a
quantitative measure of disease progression for n = 442 diabetes patients. The goal
is to predict from the other variables the measure of disease progression.

data(diabetes, package="lars")

library(glmnet)

attach(diabetes)

fit = glmnet(x,y)

plot(fit)

coef (fit,s=1) # extract coefficients at a single value of lambda
predict(fit,newx=x[1:10,],s=1) # make predictions

The instruction plot (fit) produces a plot of the values of the coordinates of the
Lasso estimator ﬁk when A decreases: The abscissa in the plot corresponds to \B;L\ 1
and the line number j corresponds to the set of points {(|ﬁ,1|1, [,B;L],) :A >0} Itis
displayed in Figure 5.2. The left-hand side corresponds to A = +oo, the right-hand
side corresponds to A = 0. We observe that only a few coefficients are nonzero for A
large (left-hand side), and that enlarging A tends to shrink all the coefficients toward
0. We refer to Chapter 7 for the issue of choosing at best A.

FISTA algorithm

For & € R”, we have noticed in Section 5.2.2, page 94, that the minimization problem

min {2116 — > + 2161}

BeRP



100 CONVEX CRITERIA

600
|

Coefficients
-200 0 200
| |

-600
|

I I I I I I I
0 500 1000 1500 2000 2500 3000

L1 Norm

Figure 5.2 The line j represents the value of the j" coordinate [3,1] j of the Lasso estimator

By, when A decreases from 4o to 0 on the diabetes data set.

has an explicit solution given by

o (1—=2/loul)+
S(a) = :
oy (1=2/[ap[)+

The Fast Iterative Shrinkage Thresholding Algorithm (FISTA) builds on this formula

for computing recursively an approximation of the solution to the minimization prob-
lem (5.4). Setting F(B) = ||Y — XB||?, we have for any b, § € R?

Z(b) = F(b)+Albl1 = F(B) +(b—B,VF(B)) +O(llb—B|*) +Albl1.

For a small n > 0, starting from f3; = 0, we can then iterate until convergence

, 1
Brii = aig;lgpm{F(ﬁt) +(b—B, VF(B)) + m ||b—l3z|2+l|b|1}

=S (ﬁt - TIVF(Br))-

When A = 0, since Sp(a) = ¢, the above algorithm simply amounts to a minimiza-
tion of F by gradient descent with step size 1. This algorithm can be accelerated
by using Nesterov’s acceleration trick [126] leading to FISTA algorithm described
below.
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FISTA algorithm

Initialization: B = oy =0 € R, iy = 1,1 = 1, and 0 = [2X"X] .

Iterate until convergence in R” of the sequence B, 2, ..

T 71 (1 + m) and & = (1 —M)N@H

Bre1 = Sun (I—2nX"X) oy +2nX"Y)
Ov1 = (1—=6)Bir1+ 6B

increase ¢ of one unit

Output:

FISTA algorithm has been proved to fulfill some very good convergence properties.
We refer to Bubeck [39] for a recent review on convex optimization for machine
learning, including an analysis of FISTA algorithm.

LARS algorithm

LARS algorithm is an alternative to coordinate descent and FISTA algorithms. We

observe in Figure 5.2 that the map A — BA is piecewise linear. This observation can
be easily explained from the first-order optimality condition (5.6), which gives

A ~ . =~
XL X, (Bl X,%Y—ESIgH([ﬁM@% where i =supp(By).  (5.15)

For the values of A where 7, remains constant, the above equation enforces that B;L
depends linearly on A. The LARS algorithm computes the sequence { ﬁkl , ﬁ/lz» -}
of Lasso estimators, with A; > A, > ... corresponding to the breakpoints of the path
A — B, . Ateach breakpoint A; two situations may occur. Either one of the coordinate
of [3,1 tends to 0 when A tends to ?Lk from above, in which case the support of ﬁkk

is obtained from the support of /3,1 with A > A; by removing this coordinate. Or
Equation (5.15) requires to add one coordinate in 1), when A becomes smaller than

A

The LARS algorithm is implemented in the R package lars available on the CRAN
http://cran.r-project.org/web/packages/lars/.

It has been reported to be computationally less efficient than the coordinate descent
and FISTA algorithms when p is very large. We give below the R code for analyzing
the diabetes data set with LARS.

library(lars)
data(diabetes)
attach(diabetes)
fit = lars(x,y)
plot(fit)
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5.2.5 Removing the Bias of the Lasso Estimator

Let us come back to our simulated example of Section 2.5, page 43. In Figure 5.3, we
plot the Lasso estimator f; = Xf;, with A = 30+/2log(p) as suggested by Corol-
lary 5.3.

Lasso
< .
. -=—- signal
U . ’l;‘ Lasso
H I“'\ ! !
N ,' VG vy e
' I\ 5oy
o [ | ’ s
- -, |
| [ 1Y) [ -
> J \ \ N 1N
o - \of ™~ wn0 L oN,
S \ \ . 1 : N/
- | LS I 5 el
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(VI') —
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0.0 0.2 0.4 0.6 0.8 1.0

Figure 5.3 Dotted line: Unknown signal. Gray dots: Noisy observations. Gray line: Lasso

estimator with A = 36/2log(p).

We observe that the Lasso estimator reproduces the oscillations of the signal f, but
these oscillations are shrunk toward zero. This shrinkage is easily understood when
considering the minimization problem (5.4). Actually, the ¢! penalty has the nice
feature to favor sparse solution, but it does also favor the S with small ¢! norm,
and thus it induces a shrinkage of the signal. This shrinkage can be seen explicitly
in the orthonormal setting described in Section 5.2.2: The ¢! penalty selects the j
such that |X]TY | > A/2, but it does also shrink the coordinates XJT~Y by a factor (1—

A/(2X%Y])). ; see Equation (5.7).

A common trick to remove this shrinkage is to use as final estimator the so-called
Gauss-Lasso estimator

2Gauss . = Lo ~
f/l"“u“:PrOJSA}LY7 where  S; =span{X;:j€imy}.
In other words, with the notations of Chapter 2, the Lasso estimator (5.4) is computed

in order to select the model 1, = supp(f3; ), and the signal is estimated by f7 =
Projg. Y. The result for our example is displayed in Figure 5.4. We notice that the
iy

shrinkage effect is completely removed.
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Figure 5.4 Dotted line: Unknown signal. Gray dots: Noisy observations. Left: Gauss-Lasso
estimator (gray line). Right: Adaptive-Lasso estimator (gray line).

Another trick for reducing the shrinkage is to compute first the Gauss-Lasso estima-

tor [ = ﬁGﬂ““ and then estimate B* with the so-called Adaptive-Lasso estima-
tor

P
ﬁadapt € argmm { Y — XﬁH2 +u Z Lﬁﬂ }
BeR =1 |(B7™)

The above minimization problem remains convex, and it can be solved easily by
a coordinate descent algorithm. Let us give a heuristic for considering this estima-
tor. When f3 ~ ﬁG““” we have ¥ |ﬁ]\/|([3Gdu55) | = |Bo, so the above minimiza-
tion problem can be viewed as an approximation of the initial minimization prob-
lem (5.3). This analogy suggests to choose 1 = (14 +/2log(p))?c? as in the initial
problem (5.3). The Adaptive-Lasso estimator for this value of u is displayed in Fig-
ure 5.4. In this example, the Gauss-Lasso and the Adaptive-Lasso are very similar. In
practice, the Adaptive-Lasso is very popular since it tends to select more accurately
the variables than the Gauss-Lasso estimator.

5.3 Convex Criteria for Various Sparsity Patterns

The Lasso estimator provides a computationally efficient estimator for the
coordinate-sparse setting. We describe below some variations on the Lasso estimator,
suited for the other sparsity patterns described in Section 2.1, Chapter 2.

5.3.1 Group-Lasso for Group Sparsity

We focus in this section on the group-sparse setting described in Section 2.1, Chap-
ter 2. We consider the collection of models described on page 32 for this setting,
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and we define g, = (B;) jec,. We start from a slight variation of the selection Crite-
rion (2.9) in the group-sparse setting with m,, = (1 +1/M)~M~1"l namely

N 2
me argmin{||Yffm||2+l|m|}, with A = (1 + \/210g(M)) c>.
m

We write % (B) = {k : B, # 0}, and as in Section 5.2, we observe that the estimator
Fn = Projg, Y is equal to Xy, with f3,, € argming. ,(g)—, [|¥ —XP |?. Therefore,

—

M € argmin  min Y —XB|>+A|# ,
gmin | min  {|¥ ~XB|*+ 41 (B)]}

and slicing the minimization of B — ||Y —Xf||> + 1|# (B)| according to the B with
A (B)=mC{l,...,M}, we obtain the identity

Bii € argmin { ¥ —XB |2+ A2 (B)[}. (5.16)
BeRP

As in Section 5.2, we want to replace the non-convex term |2 (f)| = Y lﬁck £0
by a convex surrogate. In the coordinate-sparse setting, we have replaced the indi-
cator function 1g, by |B)|. Following the same idea, we can replace lﬁcﬁéo by

|Bc, |I/+/|Gk|. We divide the norm || B, || by the square-root of the size of the group
in order to penalize similarly large and small groups.

For A = (A1,...,Ay) € (RT)M, the group-Lasso estimator 8, is defined as the mini-
mizer of the convex criterion

~ M
B cargmin Z(8).  where Z(8) = |V -XBI+ LAl |- 517
cRP k=1

Let us understand why Criterion (5.17) promotes solutions where some groups of
coordinates f3g, are zero, leading to group selection.

We first observe that the geometric picture is the same as in Figure 5.1 for the Lasso,
except that here the axes will represent the linear subspaces R®! and R®2. When the
minimum is achieved at one of the vertices, the group corresponding to the vertex is
selected. From an analytical point of view, the subdifferential of ¥'; Ax||Bg, | is given
by

Y MllBo |l = {z € R : z6, = Ao, /B Il if [|Ba, | > 0. llzg, || < A else}.
k

Similarly to the Lasso, the rigidity of the subdifferential d|| B¢, || for ||Bg, || > 0 will
enforce some [, ], to be zero for A large enough.
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Risk bound

We can state a risk bound for the group-Lasso estimator similar to Corollary 5.3
for the Lasso estimator. For simplicity, we assume that each group Gy has the same
cardinality T = p/M, and we focus on the case where A} = ... = Ay = 1.

Similarly to the coordinate-sparse case, we introduce the group-compatibility con-
stant

o (VB I e
KGm)VE%W)){ gL where o (B) = (K i, #0).

and 65(*) = {v Y vedl <5 Y Ivell } (5.18)
kexc ket
We have the following risk bound for the group-Lasso estimator, which is similar
to Corollary 5.3 for the Lasso estimator. We write henceforth X, for the submatrix
obtained by keeping only the columns of X with index in Gy.

Theorem 5.4 Risk bound for the group-Lasso

Assume that all the columns of X have norm 1 and that the noise (&)i=1,. n is
i.i.d. with A (0,06?) distribution. We set

max |XGk|0P
k=1,..M /|Gyl ’

and we assume that all groups have the same cardinality T = p/M.

b6 =

Then, for any L > 0 the group-Lasso estimator with tuning parameter

,1:3m/f(1+¢m/2L+2logM) (5.19)

fulfills with probability at least 1 — e~ the risk bound
IX(Br = BHI?
. w2, 180 2
< inf HIX(B B+ o Zseard(H ()T (14208 (L-+loght)) ;.
G
(5.20)

with kg(B) and # (B) defined in (5.18).

We refer to Exercise 5.5.4 for a proof of this result.

Let us compare this risk bound to the risk Bound (5.13) for the Lasso estimator. We
first observe that when 8 has a pure group-sparse structure, we have T'card(# (B)) =
|Blo- Hence the term |B|olog(p) has been replaced by |B|olog(M), which can be
much smaller if the number M of groups is much smaller than p. Inequality (5.20)
then gives a tighter bound than (5.13) when the vector § has a group-sparse structure.
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Computing the group-Lasso

Similarly to the Lasso, for computing the group-Lasso estimator, we can apply a
block coordinate descent algorithm. The principle is simply to alternate minimization
over each block of variables 3, . For B, # 0, the gradient with respect to the block
Gy, of the function .Z defined in (5.17) is

B .
Vo, 2 (B) = —2XG, R +2XG, X, Bo, + M, with Re=Y — Y B/X;.
HﬁGk ” j¢Gy
Since Bg, = -Z(Bs,,---:Bay) is convex and tends to 4o when || B¢, || tends to +eo,
the minimum of Bg, — 2 (B, - --,Bc,,) is either the solution of

L -
= (XL X +1) XL R
o ( T

if it exists or it is 0. For o > 0, let us define xo = (ngXGk + al)_lX(T;kRk. The
minimum of Bg, — Z(Bg,,-..,Bc,) is nonzero if and only if there exists o0 > 0,
such that o||x¢ || = A« /2, and then Bg, = x4. According to Exercise 5.5.4, there exists
o > 0 fulfilling ¢||x¢|| = Ax/2 if and only if ||ngRk|| > A /2. Let us summarize the
resulting minimization algorithm.

Block descent algorithm
Initialization: B = iy with Bin;e arbitrary.

Iterate until convergence

fork=1,....M
e R =Y-) BX;
J¢Gy

o if ||XG Ril| < Ac/2 then Bg, =0

: oo\
o if |XG Ril| > A/2, solve Bg, = (ngxck + 2”36”1) XG, Re
k

Output:

An implementation of the group-Lasso is available in the R package gglasso at
http://cran.r-project.org/web/packages/gglasso/.

5.3.2 Sparse-Group Lasso for Sparse-Group Sparsity

In the case of sparse-group sparsity, as described in Section 2.1 of Chapter 2, the
nonzero groups f3g, are coordinate sparse. To obtain such a sparsity pattern, we can
add a ¢! penalty to the group-Lasso criterion, leading to the Sparse—~Group Lasso

- M
Br € argmin 2 (B). - where Z(B) = ¥ ~XPIF+ Y. Al | +4lBlr- (521
ERr k=1
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A similar analysis as for the Lasso and group-Lasso shows that this estimator has a
sparse-group sparsity pattern. Risk bounds similar to (5.13) and (5.20) can be proved.
An implementation of the Sparse—Group Lasso is available in the R package SGL at
http://cran.r-project.org/web/packages/SGL/.

5.3.3 Fused-Lasso for Variation Sparsity

In the case of variation sparsity, only a few increments B]* 1 Bj* are nonzero. There-

fore, we can penalize the residual sum of squares by the ¢! norm of the increments
of B, leading to the so-called fused-Lasso estimator

~ p=l
By € argmin2(B), where Z(B) = [[Y —XBIP+A Y |Bj1 — Bl (522)
eRrr j=1

Setting Aj = B — Bjfor j=1,...,p—1and Ay = B, we observe that

g(ﬁ):”y—pf( f xk)A,- 2+,1Pi|Aj|.
J=0 “k=j+1 J=1

So computing the fused-Lasso estimator essentially amounts to solving a Lasso prob-
lem after a change of variables.

5.4 Discussion and References
5.4.1 Take-Home Message

A successful strategy to bypass the prohibitive computational complexity of model
selection is to convexify the model selection criteria. The resulting estimators (Lasso,
group-Lasso, fused-Lasso, etc.) are not universally optimal, but they are good in
many cases (both in theory and in practice). They can be computed in high-
dimensional settings, and they are widely used in science. Furthermore, some risk
bounds have been derived for these estimators, providing guarantees on their perfor-
mances.

5.4.2 References

The Lasso estimator has been introduced conjointly by Tibshirani [150] and Chen et
al. [56]. The variants presented above and in the next exercises have been proposed
by Zou and Hastie[171], Tibshirani et al. [151], Yuan and Lin [167], Friedman et
al. [74], Candes and Tao [47], and Zou et al. [172]. We refer to Bach et al. [14] for
more complex sparsity patterns.

The theoretical analysis of the performance of the Lasso estimator has given rise
to many papers, including Bickel e al. [29], Bunea et al. [45], Meinshausen and
Biihlmann [120], Van de Geer [154], and Wainwright [162]. The analysis presented
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in this chapter is an adaptation of the results of Koltchinskii, Lounici, and Tsy-
bakov [99] on trace regression. The analysis of the support recovery presented in
Exercise 5.5.2 is adapted from Wainwright [162].

We observe that a sensible choice of the tuning parameter A of the Lasso estimator
(or its variants) depends on the variance 62 of the noise, which is usually unknown.
We will describe in the next chapter some procedures for selecting among different
estimators. In particular, these procedures will allow to select (almost) optimally the
tuning parameter A. We also point out some variants of the Lasso estimator, which do
not require the knowledge of the variance for selecting their tuning parameter. The
most popular variant is probably the square-root/scaled Lasso estimator [4, 25, 149]
described in Section 7.4, Chapter 7; see Giraud et al. [82] for a review.

Finally, the numerical aspects presented in Section 5.2.4 are from Efron et al. [70],
Friedman et al. [72], and Beck and Teboulle [24]. We refer to Bubeck [39] for a
recent review on convex optimization.

5.5 Exercises
5.5.1 When Is the Lasso Solution Unique?

The solution E;L of the minimization problem (5.4) is not always unique. In this

exercise, we prove that the fitted value ]?,1 = X, is always unique, and we give a
criterion that enables us to check whether a solution is unique or not.

1. Let E}Sl) and B\}EZ) be two solutions of (5.4) and set E = (Zﬂ}l) —1—@2)) /2. From

the strong convexity of x — ||x||? prove that if Xﬁi” + Xﬁf), then we have

Y —XB|*+ 2B <

1 ~ ~ ~ ~
5 (1Y =XBU2+ 2B+ Iy —XB@|2+AIB@).

Conclude that XB}I) = XE)EZ), so the fitted value f,l is unique.
2. Let again B\;(Ll) and Bf) be two solutions of (5.4) with A > 0. From the optimality
Condition (5.2), there exists 21 and ’z\(z), such that

X"y -XBy") 1220 =0 and —2X'(v —XB;Y) + 45 =0,

Check that 2(1) =7(2). We write henceforth 7 for this common value.
3. SetJ = {j:[zj| = 1}. Prove that any solution f3; to (5.4) fulfills

~ ~ R
[Balre =0 and Xij[ﬁl],zxfy—zz,.

4. Conclude that

“when XJTX J is non-singular, the solution to (5.4) is unique.”
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In practice we can check the uniqueness of the Lasso solution by first computing a
solution f3;, then computing J = {j : |XJT(Y —XBy)| = A/Z}, and finally checking

that XJTX J is non-singular.

The uniqueness of the fitted value f;t = X, can be easily understood geometrically.
Let us consider the constrained version of the Lasso estimator

E(R) € argmin ||Y — XB|%,
IBl1<R

and let us denote by XB;i(R) = {XB: |B|i <R}, the image by X of the ¢'-ball

By1(R) of radius R in R”. The fitted value ]?(R) = Xﬁ (R) associated to E (R) is solution
to
F® e argmin ||Y — f|%.
fEXBgl (R)

Hence, the fitted value f(R> is simply the projection of ¥ onto the closed convex set
XB,1 (R). Since this projection is unique, the fitted value F® is unique.
This geometrical interpretation is illustrated in Figure 5.5. To understand the illustra-

tion of Figure 5.5, it is important to notice that XB1 (R) is equal to the convex hull of
the set {RX1,...,RX,, —RX,...,—RX, }, where Xi,..., X, are the columns of X. We

also emphasize that the plot in Figure 5.5 represents the fitted value ]/‘\(R) = XE ®)
in R, with n = 2, while Figure 5.1 represents the (constrained) Lasso solution ()

in R?, with p = 2. Hence, the two figures propose two different views of the Lasso
estimator in R"” and R”.

5.5.2 Support Recovery via the Witness Approach

The goal here is to givg some simple conditions for ensuring that the support 71,
of the Lasso estimator 3 coincides with the support m* of §*. It is adapted from
Wainwright [162]. The main idea is to compare the solution of Criterion (5.4) with
the solution 3 of the same minimization problem restricted to the € R”, with
support in m*

Bre argmin {[[Y —XB|*+A[B|1}. (5.23)

B :supp(B)Cm*

For the sake of simplicity, we assume henceforth that 2(B) = ||Y — Xp||? is strictly
convex (rank(X) = p), even if the weaker condition rank(X,,+) = |m*| is actually
sufficient.

ThE optimality Conditii)n (5.2) for Problem (5.23) ensures the existence of 7 €
d|Ba |1, fulfilling (V2(B;)) +Az); =0 for all j € m*. We define Z from 7 by

-~ R ~ 1 Py -
7j=2; for jem" and Zj:—x(vg(ﬁk))j for j ¢ m".
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Figure 5.5 Illustration of the fitted value of the constrained Lasso estimator, forn =2 and p =
4. The dashed gray lines represent the level sets of the function f — ||Y — f]|. The dark convex
polytope represents XBy (R) = convex hull{RX,...,RX4,—RX|,...,—RX4}. The black circle,
at the intersection of the polytope with the level sets, represents the fitted value ﬂR).

A) The witness approach

1. Check that V.2(B;) +AZ = 0.

2. Check that if [z;| <1 for all j ¢ m*, thenZ € 8|Ex|1 and E;L is solution of (5.4).
Prove that in this case the support /7, of B, is included in m*.

B) Checking the dual feasibility condition
We assume henceforth that X fulfills the incoherence condition

‘X{m*)cXm* (X X )~ <1-y, with0<y<l, (5.24)

{2 — 0

where [Ap=_= = sup|,__ |Ax|. is the operator norm of the matrix A with respect
to the £ norm. We also assume that the columns of X are normalized: ||X;|| = 1.

We set A =2y~ 'o+/2(1+A)log(p), with A > 0. We prove in this part that when the
incoherence condition (5.24) is met, [z;| < 1 for all j ¢ m* with large probability.
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For a subset m C {1,...,p}, we write P, for the orthogonal projection on the linear

span {Xp : B € R” and supp(f3) C m}, with respect to the canonical scalar product

in RP.

1. Check that (B3 )m = (XL X, ) "N (XL, Y — A2+ /2).

2. Check thatZ; = %XT(I— Py )€ +XTXn,* (XTI, X, )12 forall j & m*.

3. Prove that [ XX, (X} X )2t | <1 }/, for all j ¢ m*

4. Prove that with probability at least 1 — p™, we have max g, \X (I—Pw)e| <
Ay/2, and conclude that |z;| < 1 for all j §é m* with the same probablhty

C) Support recovery
1. Check that (B, — B*)mr = (XL X )" (XL £ — AZpe /2).

m*
—A

2. Prove that with probability at least 1 — p

x| — 5] < S KX ) e

3. Assume that min e+ |5} | p (XT X, )7 | 4= - Under the hypotheses of Part
B, prove by combining the above results that the support 72, of the Lasso estimator

By defined by (5.4) coincides with the support m* of §*, with probability at least
1—2p~4.

5.5.3 Lower Bound on the Compatibility Constant

We will give a simple lower bound on the compatibility constant x(f) defined
by (5.8). In the following, m refers to the support of 3, and X,, is the matrix ob-
tained by keeping only the column of X with index in m.

We assume that the norms of the columns X; are normalized to one, and we write

6 = max |(X;, X))

for the maximum correlation between the columns in X. We prove below that when
|m| fulfills |m| < (116)~', the compatibility constant k() is positive.

1. Considering apart the coordinates in m and the coordinates in m€, prove that for
any v € R” we have

X2 > (X > = 2| v XE X e vie -

2. Check that || X, > [[vinl|> — 0|vi|?.

3. Prove that forv e €(B), where €' (f) is defined in (5.8), we have ’vTX Xine Ve | <
50|v|?.

4. Prove that k()2 > 1 — 116|m| and conclude.
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5.5.4 On the Group-Lasso

In parts A and B, we prove Theorem 5.4, page 105. The proof follows the same
lines as the proof of Theorem 5.1 for the Lasso estimator. In part C, we check the
conditions for solving c||(ATA+al) 'ATY || = A /2 as needed for the block-gradient
algorithm described in Section 5.3.1.

A) Deterministic bound

We first prove that for A > 3maxg—; __ y ||ng8||, we have

= Alcard (#(B))
X(By - B> < inf {X -B* 2+}. 5.25
IX(B BT < int SIX(B )P+ (5.25)
Forany % C {1,...,M} and B € R”, we introduce the notation
1Bl =X lIBa.ll-
ket

1. Following the same lines as in the proof of Theorem 5.1, prove that

M
forall B € R” and forall z € d Z |Bc, ||, we have
k=1

2(X(B; —B).X(B — B)) < 2(X"e.Bp—B)— Az B —B).

2. Let us fix some B € R? and write .# = ¢ (B) = {k: Bg, # 0}. Prove that for a
clever choice of z € d Y || Bg, ||, we have

~A{z. By~ B) < 2B —Bllwr) —AlBr — Bl ro.
3. Prove that for A > 3maxg—; HX(T;ksH, we have
2AX(By—B)X(B~B) < 5 (1B~ Bl — 1B~ Bl
4. With Al-Kashi’s formula and Definition (5.18) of k5 (f3), prove that for § # 0

22 \/eard( ) [X(B—B)
k(B)

IX(Br = BIP +1X(Br — B)I> < IIX(B* — B)|I” +
and conclude the proof of (5.25).

B) Stochastic control

L

It remains to prove that with probability at least 1 —e ™", we have

ax |XE,ell < G\/T(l+¢(;\/2L+210gM>, (5.26)
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1. Prove that for each k = 1,..., M, there exists some exponential random variable
&, such that
I1XG,ll < 1Xa [l 6 + X opo v/ 28
2. Check that | Xg, ||# = T when the columns of X have norm 1, and check that we
have (5.26) with probability at least 1 —e L.
3. Conclude the proof of (5.20).

C) On the block descent algorithm

Let A be a positive real number. The block descent algorithm described in Sec-
tion 5.3.1, page 103, requires to solve in & > 0

allxql| =2A/2, where xq=(ATA+al)'ATY, (5.27)

when such a solution exists. In this subsection, we prove that there exists a solution
a > 0 to the problem (5.27) if and only if |ATY| > 1 /2.

l. Let A=Y, Gkukv,{ be a singular value decomposition of A (see Appendix C
for a reminder on the singular value decomposition). Prove that ATY €
span{vy,...,v }.

2. Check that

3. Check that the map

.
2 2 o T 2
o — o ||xgl|” = ————(A"Y,w)

Loz

is non-decreasing from 0 to ||[ATy[|> = ¥;_,(ATY,v)? when & goes from O to

oo,

4. Conclude that there exists a solution ¢« > 0 to the problem (5.27) if and only if
|ATY || > A /2.

5.5.5 Dantzig Selector

The Dantzig selector is a variant of the Lasso that has been proposed by Candes and
Tao [47]. It is obtained by solving the minimization problem

Bf € argmin 1Bl1- (5.28)
B:IXT (Y —XB)lew<A/2

The Dantzig selector is implemented in the R package flare available at
http://cran.r-project.org/web/packages/flare/.
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1. Check that the minimization Problem (5.28) is a convex problem that can be recast

in a linear program

Ef € argmin min 17u
B:—A1<2XT (Y —XB)<A1 u€RL: —u<B<u
where 1 is a p-dimensional vector with all components equal to 1.
In the following, we will prove that Bf coincides with the Lasso estimator BA defined
by (5.4) when the matrix (X X)~! is diagonal dominant
Y IX'X) | < (XTX)), forall j=1,...,p.
k:k#j

It is adapted from Meinshausen et al. [121].
2. Check that the estimator Ef is a solution of (5.4) if it fulfills

(@ 21X (¥ —XBP)|. < 4

(b) 2XJT(Y —XpB7P) = Asign([BP];) for all j € supp(BP).

3. Assume that the Condition (b) is not satisfied for some j € supp(ﬁf ). Write ¢;
for the jth vector of the canonical basis in R”. Prove that the vector f; = B/{) -
nsign([BP];)(X"X)'e; fulfills Condition (a) for ) > 0 small enough.

4. Prove the inequalities for 7 > 0 small enough

Bali = 1[Ba)-jli +11BPY —n(XTX);}
< BPLi+n Y IXTX) - n(xXTX);)
kik#j

5. Conclude that B2 must fulfill Condition (b) and finally that B2 = ;.

We emphasize that the Dantzig selector and the Lasso do not coincide in general.

5.5.6 Projection on the /'-Ball

We present in this exercise a simple algorithm for computing the projection of a vec-
tor B € R” on the ¢'-ball of radius R > 0. When |B|; < R, the projection is simply 3.
We assume in the following that |8]; > R. We write 3 ; for the j™-largest coordinate
of B in absolute value, and for A > 0 we set

5:1(8) = [ﬁj (1—3”

1. Check that Sy (B) € argming s { |8 — o] + 24|l }.
2. Prove that the projection of B on the ¢!-ball of radius R > 0 is given by S5 (B)s
where A > 0 is such that 1S5 (B)[1 =R.

J=l.p
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3. LetJ e {l,...,p} be such that |B( )| <A< |,B(f)
0. Check that

T , with the convention f3,, ) =

1S;(B)1 = X 1Byl — T A

i<J
4. Prove that J then fulfills the two conditions

Z|l3(j)|—f|ﬁ<f>|<R and Y |l3(j)|—(f+1)|l3(f+1)|2R-

j<J J<I+1

5. Conclude that the projection of 8 on the ¢!-ball of radius R > 0 is given by S5 (B)s

where A is given by

A=T"[ Y IBjl-R| with fzmax{]:Z|[3<j)|—JB(J)|<R}.
=T =

5.5.7 Ridge and Elastic-Net

We consider the linear model Y = X3 + €, with Y, & € R" et B € RP. We assume that
E[e] = 0 and Cov(¢) = 6°1,.

A) Ridge Regression
For A > 0, the Ridge estimator BA is defined by

Ezea;}ggginﬂ(ﬁ) with 2 (B) =Y —XB[*>+ || (5.29)
cRP

1. Check that . is strictly convex and has a unique minimum.
2. Prove that B;L =AY withA) = (XTX—i—A,Ip)—lXT_

3. Let Y, Gkukv,{ be a singular value decomposition of X (see Theorem (C.1),
page 311, in Appendix C). Prove that

r
O A—0

Al = Z PRy k vkul i)+ )(jL

=iopt+A

where A" is the Moore—Penrose pseudo-inverse of A (see Appendix C for a re-
minder on the Moore—Penrose pseudo-inverse).

4. Check that we have 5
-

~ c
XB =Y —5—(ug,Y) uy. 5.30
B k; o7+ A (e, Y') uy (5.30)
5. Let us denote by P = Z;»:l v jv]T- the projection on the range of X’ . Check that we

have
r (72

21B| = X oo v
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and

~ 12 r A 2
lo-E B =18 -rpi+ ¥ (55 )

6. Check that the variance of the Ridge estimator is given by
N N 2
E[IB.~E B ] I2] = 0*Tr(a]A;) = &2 .
1B Bl ll 1AL Z P + /l

7. How does the size of the bias and the variance of 8, vary when A increases?

Remark. We notice from (5.30) that the Ridge estimator shrinks Y in the directions
uy, where o, < A, whereas it leaves Y almost unchanged in the directions u; where
o> A.

B) Elastic-Net

From Question A.2 we observe that the Ridge regression does not select variables.
Actually, the difference between the Lasso estimator and the Ridge estimator is that
the ¢! penalty is replaced by a /> penalty. We have seen in Section 5.2.1 that the
selection property of the Lasso estimator is induced by the non-smoothness of the ¢!
ball. Since the ¢2 ball is smooth, it is not surprising that the Ridge estimator does not
select variables.

The Elastic-Net estimator involves both a ¢> and a ¢! penalty. It is meant to improve
the Lasso estimator when the columns of X are strongly correlated. It is defined for
A,u>0by

Bk,uea;gfﬂgnfz(ﬁ) with .2 (B) = Y —XB|*+A||B|*+ulBly.
c

In the following, we assume that the columns of X have norm 1.
1. Check that the partial derivative of %5 with respect to 8; # 0 is given by

aj.,%(/a):z((1+z)ﬁj—Rj+%sign(/3j)) with Rj:XJT<Y—§Bka>.
k#j

2. Prove that the minimum of 8; — % (B1,...,B;,...,Bp) is reached at

_ Ry _u
ﬁ’1+a<1 2|R,>+

3. What is the difference between the coordinate descent algorithm for the Elastic-
Net and the one for the Lasso estimator?

The Elastic-Net procedure is implemented in the R package glmnet available at
http://cran.r-project.org/web/packages/glmnet/.
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5.5.8 Approximately Sparse Linear Regression

This exercise is adapted from Cevid et al. [52]. We observe Y € R"” and X € R"*P,
We assume that
Y =X(B"+0b")+e¢, (5.31)

with 8* € R” coordinate sparse and b* € R” with small > norm. The noise term
¢ is a random variable following a subgaussian(c2I) distribution, which means that

2
for any u € R” we have P[(u,€) > ot||u||] < e~ /2. We assume that the p columns
Xi,...,X, of X are deterministic and have norm /n.

A) A Convex Estimator

For A1, > 0, we consider the estimator of (B*,b*)

o~

(B,b) € argm1n{|Y X(B+b)|*+|B1 +/12|b||2} (5.32)
B,beRP

We emphasize that this estimator does not correspond to the Elastic-Net, as the ¢!
penalization is on 8 and the ¢? penalization is on b.
1. Why does this estimator make sense in this context?

2. Prove that there exists a matrix G, to be made explicit, such that

ﬁeargmm{|(l XG)'2(y —XpB) 2+11|ﬁ1} and Z:G(Y—XE).
BeRP

3. Assume that n < p and rank(X) = n. Let X = Y}_, opugv] be a singular value
decomposition of X (Theorem C.1, page 311). Compute the eigenvalues of F :=
(I —XG)'/? in terms of the singular values of X.

B) Linearly Transformed Lasso

Let F € R" be any symmetric matrix and set X = FX, Y = FY and € = Fe. We
analyze the estimator

N (1~ o~
B e ramin {117 - B2+ 218) }.
S

in the model (5.31), for the choice A = Ao log ) Amax (F2), with A > /32 and
Amax (F?) the largest eigenvalue of F2. Our goal is to prove that we have

9/1\/3|0 %12 1-A2%/32
[m Bl oo IR0 2120 63
WhereS:{j:B}‘#O},
¢(X,S) = min \/Ff” with R(S) = {x e R? : |xsc|1 < 5lxs]1}-

XER(S) \[‘Xsh
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The proof technique is somewhat different from the one of Theorem 5.1 (page 95).
1. Prove that

VIR(B B )P+ AlBl < K622 (& X(B )+ AIB

2. In Questions 2 to 4, we assume that the event Q) = {%\)NKTELX) < 1/4} holds.
Prove that on Q)

VIR(B B )+ 1Bl < S\ B+ LIRb
3. In the case where ||Xb*||2 > nk|[§5 — B¢]1, prove that on Q
BBl < IR0 P
ni
4. In the case where ||Xb*||? < n/'L|BS — B¢ |1, prove that on Q;

2/IBloll X(B — B
Vig(X.s)

IR b 1B <3

5. Conclude the proof of (5.33).

In light of (5.33), we observe that a good transformation F is a transformation such
that X7 FT ¢|.. and || FXb||? are not too large and ¢ (FX, S) is not too small. Shrinking
the largest singular values of X can help for getting such results. For example, the
estimator (5.32) produces the following adjustment

n
X=FX= 5 OkUiVi ;

=1 niy + o;

"y ugu! . Another possible choice is to cap the largest singular

H — n
since F =Y, _, P

values of X at some level T > 0, with

so that FX =Y (o A ’c)ukv,{. We refer to [52] for a detailed discussion of the
choice of F.

5.5.9 Slope Estimator

We recommend reading Chapter 10 before starting this exercise.

We consider again the linear regression model Y = Xf3* 4 € where € has a Gaussian
N (0,1,6?) distribution and 8* € R? is coordinate-sparse. The Lasso estimator does
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not provide guarantees on the FDR of the selected variables. In order to get such a
control, Bogdan et al. [36] propose to replace the /' norm by a sorted ¢!-norm with
adaptive weights. In this exercise, we present some basic properties of the resulting
estimator.

For any 8 € R?, we write |ﬁ|[1]Z|B|[2]Z~~-Z|ﬁ| 0 for the values [B],...,|Bp|
ranked in non-increasing order. For A; > > A , the Slope estimator (intro-
duced by [36]) is defined by

~ ) 1 p

Be azgerginf(ﬁ) where Z/(B) = 2 [[Y — XB|* + Zl AjlBly- (5.34)
j=

A) Benjamini-Hochberg Procedure

We assume here that X”X =1, and 6% = 1. We set z = X”Y and 7(x) = P(|N| > x)
where N follows a Gaussian .#(0, 1) distribution.

1. What is the distribution of z?
2. We consider the family of hypotheses testmg I, Bj =0 against 7 ; : B; #0
and the associated tests 3 =15 with S = |zj| and where s; > 0 is a given
§;>s;

threshold. Compute in terms of z; the p-value p; associated to the test Z

3. Prove that the Benjamini-Hochberg procedure (Corollary 10.5, page 213) asso-
ciated to a level o > 0, amounts to reject . ; when |z;| > |Z‘[fy3} with jmp a

function of |z|(jy,.. ., |z[[,] which will be made explicit.

B) Link Between the two Procedures

We assume again that X7 X = I, and 62 = 1. In this part, we assume also that
Z] >...>Zp20.

In the following, we set A; = T~ !(oj/p) with 7 defined in part (A).

1. Check that Z(B) = 3||Y —Xz|* + 3[lz— B>+ X7, 4,18l

2. Let1 <i< j<pandf €RP be such that f3; <[3j.Wedeﬁne,[§ € R? by B = B
ifk#1,j, Bi = PB; and B; = B;. Prove that Z(B) < Z(B).

3. Prove that Bl >...> Bp > 0.

4. Define E’ by B/’ = Bj if j < jyp and B\j’ = 0 else. By comparing .Z(B\’) to .Z(B\)
prove that Ej =0 for j > fHB.

C) Subgradients
We set »
= {weR :|wly+...+wlj <A +...+4;}.
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1. Prove that for all a, 8 € R”, with oy > ... > a, > 0 we have

p
Z (Xjﬁj = (Xp(ﬁl +...+[3p)+(ap,1 —(Xp)(B1 +...—|—l3p,1)+...+(06] —(Xz)ﬁ1
=1

p
< ¥ %lBl-
=1
2. Forall w e C and 8 € R” check that
p p
w,B) < Y wlinlBly < Y AjlBliy-
j=1 j=1

3. Conclude that »
Y AIBlj; = sup(w,B).
j=1 weC

4. Prove that £ is convex and compute its subdifferential 0.2 (f3).

5.5.10 Compress Sensing

In this exercise, our goal is to compress efficiently sparse signals in R”. The strategy
proposed by Candes, Romberg and Tao [48] and Donoho [67] is to multiply the sig-
nal by a matrix A € R"*? with m smaller than p. We have in mind that the signals are
coordinate sparse, with at most k non-zero entries. We will answer the two questions:
- How can we decompress efficiently the signals?

- For which value of m are we able to compress / decompress any k-sparse signal
with no loss?

Let us formalize this problem. Let x* € R” be a vector with at most k nonzero entries.
Write supp(x*) = {j : xj # 0} for the (unknown) support of x*. Let y = Ax" be the
compressed signal and define the decompression algorithm

€ argmin |x|;, (5.35)
xeRP: Ax=y

with |x|; the £!-norm of x.

A) Null Space Property

In this problem, for any set S C {1,...,p} and any vector v € R?, we denote by vg
the vector in R? with entries

[VS]j:lejgs, fOI‘jzl,...,p.
The matrix A € R™*? is said to fulfill the null space property, NSP(k), if
for any v € ker(A4) \ {0} and any S C {1,...,p} with cardinality |S| =k,
we have |vs|; < |vse|1. (5.36)

1. Prove that if A fulfills the nullspace property, then there is a unique solution to
(5.35), which is £ = x*.
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B) Restricted Isometry Property Enforces Null Space Property

Let § € (0,1). The matrix A is said to fulfill the (d, §)-Restricted Isometry Property,
abbreviated (d, 8)-RIP, if

1-8 <||Au||* <148, forallucRP such that |ulo < d and ||ju| =1, (5.37)

where ||u| is the Euclidean norm of u and |u|o = |supp()|. In this part, we will prove
that the (2k, 0)-RIP property with 6 < 1/3 enforces the Null Space Property (5.36).

Let A be a matrix fulfilling the (2k, 8)-RIP property with 6 < 1/3. Let v € ker(A) \
{0} and let
|Vi1| 2 |Vi2| 2.2 ‘Vip‘7

be the absolute values of the entries of v ranked in decreasing order. Let J denote
the integer part of p/k and define S; = {ixji1,...,ixj+1)} for j=0,...,/ —1 and
Sy = fitsr1sesip}-

1. For j=0,...,J, set b5, = vs,/||vs; | and prove that for j=1,...,J

- 1 _ _ _ _
—(Avs, ATs;) = 7 (A (7, —7s5,) 1> = A (s, +7s,)[1?) < 8.

2. Prove that
J J

lAvsy|[* = = - (Avsy, Avs;) < 8 Y [[vs, [[[vs; -
j=1 j=1
3. Check that ||vs, || < k~/2Jvs, ||y for j=1,....J and |vs,|1 < Vv, |.
4. Putting pieces together, derive the bound

S J
soh < —= Y Ivs,_ |1-
=6 &7

5. Conclude that the null space property NSP(k) holds for any matrix A fulfilling the
(2k, 8)-RIP property with § < 1/3.

C) RIP by Random Sampling

It remains to build a matrix A fulfilling the (2k, §)-RIP property with 6 < 1/3. The
goal of this part is to show that such a matrix can be obtained by random sampling.
More precisely, let B € R™*? be a matrix with entries B;; i.i.d. with .47(0,1) Gaus-
sian distribution. We will prove in this part, that for any & € (0,1/3) and any
9 2 .

m= < (Vd+ 2L+ 2dloglep/d)) ", with L>0, (5.38)
the matrix A = m~'/2B fulfills the (d,8)-RIP property with probability at least 1 —
2¢7 L,

The first question below relies on the following bound (Lemma 8.3, page 163; see
also Exercise 12.9.6, page 288): for E € R%*% with i.i.d. entries with .4 (0, 1) Gaus-
sian distribution, we have E [|E|op| < V/di 4+ V/db.
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1. LetSC {1,..., p} with cardinality |S| = d. Prove that for any t > 0
P {max{HBuH 2 lull = 1, supp(u) € S} > /m+Vd+ \/27] <e ™.
2. Prove that for m fulfilling (5.38), we have
P [||Au|* < 148, forall u € R” such that [ulp < d and [[uf| = 1] > 1—e~.

The lower bound [JAu||?> > 1 — § can be proved in the same way.



Chapter 6

Iterative Algorithms

As discussed in Chapters 2 and 5, the model selection paradigm provides statistically
optimal estimators, but with a prohibitive computational cost. A classical recipe is
then to convexify the minimization problem issued from model selection, in order to
get estimators that can be easily computed with standard tools from convex optimiza-
tion. This approach has been successfully implemented in many settings, including
the coordinate-sparse setting (Lasso estimator) and the group-sparse setting (Group-
Lasso estimator). As illustrated on page 102, the bias introduced by the convexifica-
tion is a recurrent issue with this approach, and for some complex problems, even if
the minimization problem is convex, the minimization cost can be high, especially in
high dimension. In order to handle these two issues, there has been a renewed interest
in iterative methods in the recent years. In the coordinate-sparse setting, these meth-
ods include the Forward-Backward algorithm described on page 43, and the Iterative
Hard Thresholding algorithm analyzed in this chapter.

6.1 Iterative Hard Thresholding

Let us focus again on the coordinate-sparse linear regression setting
Y =XB"+e¢,

where |*|o is small. As in Chapter 5, we assume in this section that the columns of
X have a unit £2-norm.
The take home message of Chapter 2 is that the estimator solution to the optimization
problem
min ||Y —XB|*> 4+ A%(Bo, 6.1
min [V~ XBI* +2|Blg ©.1)

with 12 = co?log(p) is (almost) statistically optimal in this setting. As the opti-
mization problem (6.1) cannot be solved efficiently in general, the recipe described
in Chapter 5 is to replace |B|o by the £'-norm, leading to the Lasso algorithm solution
to
min ||Y — XBI*+A|B]1. (6.2)
BERP e —
=F(B)

This minimization problem being convex, it can be solved efficiently.

123
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6.1.1 Reminder on the Proximal Method

As reminded in the next paragraph, the minimization of (6.2) can be performed with
the proximal method, which amounts to iteratively

(i) apply a gradient step relative to the function F(B) = ||Y — X%, and

(ii) apply the soft-thresholding operator

ou(1—=24/|oul)+
Sy (0) = ; . (6.3)
ap(1=24/|apl)+

Indeed, if, in the minimization of the Lasso problem (6.2), we replace at each itera-
tion the function F(f3) by the quadratic approximation

1
F(ﬁ’)+<ﬁ—B’,VF(ﬁ’>>+%Hﬁ—ﬂ’||2 (6.4)
around the current estimate ', we obtain at the next estimate
. 1
B agmin { () + (8 BV (8) + 51 - P+ 218l .
BeRP n
The update at step ¢ 4 1 is then given by the soft-thresholding of a gradient step
B = Suq (B =nVF(B")), (6.5)

with VF(B!) = 2XT (XB' —Y) and S}, the soft-thresholding operator (6.3).
Since the Lasso problem (6.2) is convex, the proximal algorithm can be shown to
converge to the solution of (6.2), as long as the gradient step 1 is small enough.

6.1.2 Iterative Hard-Thresholding Algorithm

As proved in Section 5.2.2, page 92, the soft-thresholding operator is the solution to
the minimization problem

1
$u(e) € argmin {5 o B+ A1 |
BeRP

In order to avoid the bias of the Lasso (Section 5.2.5, page 102), we may consider to
replace in step (ii) the soft-thresholding operator by the hard-thresholding operator

o ljg >
H) (o) = : , (6.6)
apl\apbl
which is the solution to the minimization problem (see Exercise 2.8.1, page 46)

H) (o) € argmin{Ha —B|\2+12|ﬁ\0}.
BeRP
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Let us check that this amounts to consider the proximal algorithm for the initial
problem (6.1). Indeed, replacing again F(f3) by the quadratic approximation (6.4) in
(6.1), the proximal update is

pt =argmin{F(ﬁ’)+<B ~BVF(B) + 518 —B’IZHZIBIo}

BeRP
1
—agnin{ 511§~ §'+ nF(B) -+ 17[Bl
BeRp n
=H, (B —nVF(B")), (6.7)

with H) the hard-thresholding operator (6.6).

Does the algorithm (6.7) provide a good estimator for a sparse *? While the proxi-
mal algorithm (6.5) for the Lasso can be shown to converge to the minimizer of (6.2)
for n small enough, we do not have such a result for (6.7). The original criterion (6.1)
being highly non-convex, the iterates (6.7) may not converge, and, in particular, they
do not converge to the solution of problem (6.1) in general.

We can prove yet some strong results for a variant of (6.7), where Bo =0,n=1/2
and where the thresholding level A, is updated at each time step

Bl =y, (ﬁ’— ;VF(E’)) =y, ((-X"X)B'+XTY).  (68)

This algorithm is called the Iterative Hard Thresholding (IHT) algorithm. The recipe
is to choose a thresholding level A, decreasing from a high-value to the target value
A = co+/log(p) corresponding to the optimal level in (6.1). Similarly as for the
forward-backward algorithm, this recipe allows to keep under control the sparsity of

the iterates 3’ and hence the variance of the estimator.

In the following, we consider, for some A, B > 0 and a > 1, the sequence of threshold
levels

A =a'A+B. (6.9)
In particular, the sequence (6.9) is solution to the recurrence equation A, | = a A+
%B, with initialization A9 = A + B. As discussed after Theorem 6.1, this specific

form with well-chosen A and B, allows to keep under control the sparsity of 8’ at
each iterate, which is the key for controlling the reconstruction error.

6.1.3 Reconstruction Error

We provide in this section some theoretical results on the reconstruction error ||’ —
B*||. Before stating the results, let us discuss their nature.

The classical approach in statistics or machine learning is

(i) to define an estimator, very often as the solution of a minimization problem, and
(i1) to define an optimization algorithm, in order to approximate the solution of the
minimization problem.
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For example, the Lasso estimator B4y, is defined as the solution of the minimization
problem (6.2), and then proximal iterations (6.5) are used to numerically approximate

Brasso- The estimator actually used is then 3’ obtained after ¢ iterations of (6.5). The
reconstruction error of B’ can then be decomposed in terms of an optimization error

IB" — Brasso|| and a statistical error || Brasso — B |

18" = B*Il < |IB" = Brassol| + | BLasso — B" | -

optim. error stat.error

The two errors can be analyzed apart, using tools from convex optimization for the
optimization error and tools from statistics for the second term.

We emphasize that Athis classical approach does not make sense for theAanalysis of
the THT estimator 3’ obtained after ¢ iterations of (6.8). The estimator B’ is not the
numerical approximation of an “ideal” estimator, and it may even not converge when
t goes to infinity. So, we have to directly analyze the reconstruction error |3’ — B*||
without using an optimization / statistical error decomposition. Hence, the optimiza-
tion and statistics must be tackled altogether. This corresponds to a recent trend in
machine learning and this approach is recurrent in the analysis of iterative algorithms.
A second example can be found in this book, in Chapter 12, for the analysis of the
Lloyd algorithm.

Let us start with a deterministic bound on the reconstruction error || 3" — 8*||.

Theorem 6.1 Deterministic error bound for IHT.
We set A =1 — XX and m* = supp(B*). Assume that for some 0 < 8§ < 1 and
some ¢ > 1 such that ¢*|B*|p €N,

max  |Asslop <8, with k= (1+2c%)|B*|o. (6.10)
Sc{l,....p}: |S|<k

Assume also that,

¢ 1Bl a_ o7
l<a< . A> and B> ——|X"¢lo. (6.11)
8(1+2c) (14+2¢)v/1B*]o a1 X ¢

Then, for all t > 0, the estimator B‘ defined by (6.8) with threshold levels given by
(6.9) fulfills

|B,§-1*|0§c2\[3*|07 where m* ={1,...,p}\m", (6.12)

and

I1B" — B*|I < (1+2¢)A/1B*o- 6.13)

Before proving Theorem 6.1, let us explain informally how the IHT algorithm works.
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At step t + 1, the estimator B’ *+1 is given by a hard thresholding at level A, of the
gradient step

AB +XTY =B+ A(B' — B) +X"e.
We observe that the value after the gradient step is given by the target * perturbed
by two terms A(B! — B*) and X ¢.
The first term A(E’ — B*) reflects the propagation of the error E’ — B* in the itera-
tive scheme. We observe that it has the nice following contraction property. As long
as (6.12) holds, we have |B’ — B*|o < k and hence, according to (6.10), we have a
contraction of the error

IA(B" — B*)|| < 8|IB" — B*|- (6.14)

In addition to this iterative error, we have the noise term X &, which maintains some
noise in the iterations, at level |XT£|°°. This noise level, which is the same (up to
constant) as the one appearing in Theorem 5.1 (page 95) for the Lasso, corresponds,
up-to-constant, to the threshold level A, for 7 large.

It is worth emphasizing the important role of the hard thresholding at each step. The
choice (6.11) of the threshold level A; ensures that the property (6.12) holds at each
step, and hence, that we have the contraction (6.14) of the residual error at each step.
We refer to Exercise 6.4.1 for a comparison with the case where the hard thresholding
is not applied at each iteration, but only at the final stage.

Let us now formalize the arguments exposed above.

Proof of Theorem 6.1. R ~
We set |ﬁ*|0 — k*’ Z — XTS, and bl+l — B* +A(Bl _ﬁ*) +Z, S0 that ﬁl+l _
H), (b'*1). We prove Theorem 6.1 by induction. The properties (6.12) and (6.13)

hold at # = 0. Let us assume that they hold at step # and let us prove that, then, they
also hold at step t + 1.

Next lemma will be used repeatedly in the proof.

Lemma 6.2 Contraction property
If the property (6.12) holds at step t, then, we have

max (|6 =Bl - V/ISI[Z-) < SIBT B (6.15)

Sc{l,....p}: |S|<c2k*

~

Proof of Lemma 6.2. Let us set $' = m* Usupp(BL.), and §' = § US. We have
IS7] < (1+c?)k* by (6.12) at step ¢, and |S'| < (1 +2¢?)k* = k. Hence

1B+ = B*)s]l < 1A' — B*))s] + 1Zs|
< [AB" = B*)s |l + /1] 1Z]-
< |Ags (B = B*)s | + /15T |Z]

< 8|(B"— B )5 |l + /181 1Zle = 8)IB"— B*|| + /IS |Z]ee-
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The proof of Lemma 6.2 is complete. (]

We have R - ~
1B = Bl < NBLE" = B+ 1B - (©.16)

The first term in the hand-right side can be upper-bounded by Lemma 6.2, the Bound
(6.13) at step ¢ and (1+2¢)8 < ca™!,

1B = Bowe Il < 15" = Hay (BN 1635 = B |
<VE dsr + 8B = B+ VE" |Z]eo.
< VI (N1 +ea 4 +12Z)) -

The Condition (6.11) ensures that 4,41 > a~' A +|Z|.., and we then get
1B = Bl < (1 4+ ) VA Ay 6.17)

For the second term, we first prove that | 3.1 |o < c?k*. For any S C supp(BLt!), with
S| < c?k*, we have from Lemma 6.2

At V/ISI < 1B I = 115571 = 1165 = Bs 1l < V/IS11ZLw + 1B — BIl. (6.18)

Hence, since A1 > a~'A + |Z|,

SIB*— Bl _ a'evk A _a eV
S| < < < = k*.
e R W T W

It follows that |Er’hf1 lo < ¢*k*, 50 (6.12) is proved at step £ + 1.

Rr+1
m*

In addition, the Inequality (6.18) with S = supp( ) gives the upper bound

IBEEY < eV |Z]wo + 8|8 — B < VK |Z]wo+a A VK < eV,

where the last inequality again follows from A,y > a~'A; + |Z|.. Combining this
bound with the Bounds (6.16) and (6.17), we get

1B = B[l < (14 2¢) Ay VA

Hence, (6.13) holds at step 7 + 1 and the proof of Theorem 6.1 is complete. (]

Let us build on Theorem 6.1, in order to provide a risk bound in the case where the
noise & follows a .4 (0,521,) Gaussian distribution. In order to have A, B fulfilling
the condition (6.11) with large probability, we set for L > 0

XTy X|opV2(1+ VL
IXTY ]|+ oXlopv2(14 VD) B="% \/2log(p)+2L. (6.19)

A= 3(1-9) a—1

Then, we choose a number 7 of iterations such that the first term a~'A is smaller than
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the second term B in (6.9). Accordingly, we define 7 as the smallest integer larger
than! log,(A/B),
f:=min{keN:k>log,(A/B)}. (6.20)

Corollary 6.3 Error bound in the Gaussian setting for THT.

Assume that the columns of X have unit {>-norm, and that the noise € follows a
A(0, 621,,) Gaussian distribution. Assume also that Assumption (6.10) holds and
that 1 <a < m

Then, for any iteration t largAer than t defined by (6.20), with prq\bability larger
than 1 —2e™L, the estimator B, with A, B given by (6.19), fulfills |BL.|o < ¢*|B*|o
and

IB" = B*|I* < Cuc|B*loc>(log(p) + 1), 6.21)

with Cpo =2 (M)z

a—1

Before proceeding to the proof of this corollary, let us comment on the result. First,
we observe that the reconstruction error ||’ — B*||? is O(clog(p)), which is (al-
most) optimal according to Exercise 3.6.3, page 69. In addition, we observe that the
error bound holds for a number 7 of iterations that can be explicitly computed from
A and B.

The stronger assumption in Theorem 6.1 and Corollary 6.3 is Condition (6.10), which
ensures that any subset {X;: j € S} of k columns of X are close to be orthogonal.
This condition is somewhat strong, and it is seldom satisfied in practice. This is one
of the main weaknesses of this result.

As a side remark, we notice that under (6.10), we have for any u € R” with |uly <k
(1=8)Jull® < (X" Xu,u) = [ Xul|* < (14 8)]Jul*.

This property is usually called the Restricted Isometry Property. Hence, under the
conditions of Corollary 6.3, we also have with probability larger than 1 —2e~L,

IX(B" —B*)|1> < (1+8) B — B*|I* < (1+8)Cac |B*lo0>(log(p) +L).

This bound is comparable to the risk bound (5.13) obtained for the Lasso estimator,
on page 97.

Proof of Corollary 6.3.
Let Q; be the event

T *
0, - {ux Y||+<;|(>1<|jp5)ﬁ<1+m L hlog(wu}

"og, (x) = log(x)/log(a)
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Let us observe that ;; =a'A+B < 2B fort > 1. On the event Q;, Condition (6.11)
is fulfilled, so according to Theorem 6.1, we have |B..|o < 2k* and

1B~ B> < (142K (A + B’
< 4(1+2¢)*k*B?
< Cac k' 0*(log(p) +L).
So, to conclude the proof of Corollary 6.3, all we need is to prove that P[Q] >

1—2e7 L,
From the proof of Corollary 5.3, page 97, we already have that

P [|z|m > 6+/210g(p) —|—2L} <e L.

Let us now bound || X7 Y| from below. Since the application &€ — || X7 (XB* + €)|| is
|X|op-Lipschitz, Gaussian concentration inequality (Theorem B.7, page 301) ensures
that with probability at least 1 — e~ we have |X7Y|| > E [|X7Y|] — |X|opo V2L
While there is no simple formula for E [HXTY ] , we have the simple lower bound

E[IX"Y|?] = IX"XB*|* +E[IX"e|?] > |IX"XB"|*.

Using again the Gaussian concentration inequality, we can lower-bound E [||X7Y (]
in terms of E[|X7Y|*]. Indeed, there exists a standard exponential vari-
able &, such that [[XTY| < E[|IXTY|] + 0|X|op\/2&. Since the function & —

2
(IE Xy (] + G‘X|Op\/2<§) is concave, Jensen inequality gives

E[|XY|*] <E {(E [IX"y ]+ G|X°P\/E)2]
< (B [IXTY1] + 01Xlop/ZETE])

Since E [£] = 1, we get with probability at least 1 — e~

IXTY[| > E[X"Y|] - [X|opo V2L

> JEIXTY 2] = Xlopov/2 (14 VL)

> |XTXB" |~ [Xlopov2 (14 V).

Let us denote by m* the support of $*. To conclude, it remains to notice that, accord-
ing to (6.10), we have
IXTXB || = [1(X"XB* ) |
2 1By 1l = Nl A B ||
2 (1=8) Byl = (1= 8)[1B7I-
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So, with probability at least 1 — e L we have

1Bl IXTY |+ o [X|opv2(1+ VL)
1+2¢ = 3(1-9) '

The proof of Corollary 6.3 is complete. 0

6.2 TIterative Group Thresholding

In this section, we extend the methodology developed above to the group-sparse
setting described in Section 2.1, Chapter 2. In this setting, the indices {1,...,p} are
partitioned into M groups {1,...,p} = U’]”: G/, and our goal is to recover groups G;
of variables such that [3(*;], # 0. For this task, we can consider the generalization of
the minimization problem (5.16), on page 104,

{IIY XB|*+ Z N1, 7&0} (6.22)

Let us write a proximal algorithm related to this problem. Replacing again in (6.22)
the function F(B) = ||Y — Xp||? by the quadratic approximation

F(B")+(B—B',VF(B )>+*Hﬁ Bl

around the current estimate ', we get the update

ﬁIHEargmin{ (B")+(B—PB',VF(B ))+*Hﬁ ﬁ||2+Z 1,3(, #0}

BeRP

argmin{HBﬁtJrnVF( ||2+2nz lﬁG 750}

BeRP

This minimization problem can be solved explicitly, see Exercise 6.4.2, page 135.
The solution is given by B/*! = Hfm(ﬁt —nVF(B")), where the operator HY is
the group thresholding operator defined by

[Hf(a)]Gj = anlHanH>l(./)v for j=1,....M

So, we again have iterations involving a gradient step and a thresholding operator.

As before, the sequence (f8');=12,.. does not converge to the solution of (6.22) in
general. We consider instead a variant of the Iterative Hard Thresholding algorithm

(6.8) defined by B° = 0 and

B =HE (ﬁ'—VF(B )) =HY ((I—XTX)E‘+XTY) (6.23)
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for a sequence of threshold levels (l,(j))tzl,z,..., Jj=1,...,M, decreasing with ¢. This
algorithm is called hereafter Iterative Group Thresholding (IGT). The update for Bg]

is then given by
Ri+l _ [t T Wt R R .
G — (ﬁGj +Xg, (¥ —XB )) 1||ﬁg;j+xgj(y—x5f>||>xffl'
In the following, we consider threshold levels of the form

A =\/IGj| , where ¥ =a'A+B, (6.24)

with a > 1 and A, B > 0. When each group is a singleton, we recover the IHT algo-
rithm described in the previous section.

Before stating the counterpart of Theorem 6.1 for the Iterative Group Thresholding
algorithm (6.23), we need to introduce a couple of notations. We define the group-

support of 3 as
supps(B) = U G,

J:Bg;#0
and its cardinality by |B|§ = card(suppg (). We also set
ZG.
|G 12a,1l (6.25)
Jj=1l,..., ‘G]|

Theorem 6.4 Deterministic error bound for IGT

Let us set A=1—X"X and my, = suppg(B*). Let us assume that all the groups
have the same cardinality q. Let us also assume that for some 0 < § < 1 and some
¢ > 1 such that ¢*|B*|§ € gN,

max  |Asslop <8, with Jg=(1+2¢%)|B*|5 /q. (6.26)
S=U_,‘EJG_]'Z |J‘§JG

Assume also that,

1Bl a

C
A> and B>
14+2¢)’ = . 1
3(1+2) (1+2¢),/1B*I§ a
with | -|S defined in (6.25).

Then, for all t > 0, the estimator E’ defined by (6.23) with threshold levels given
by (6.24) fulfills

l<a< IXTelS, (6.27)

‘ﬁfhg|g§c2|ﬁ*|g7 where m?;:{l,...,p}\m*(;, (6.28)

and

1B = B*|l < (1+2¢)% /18]S (6.29)
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This result is proved in Exercise 6.4.3, page 136.

Let us consider the case where the noise & follows a .4 (0, 61,) Gaussian distribu-
tion. In order to have A, B fulfilling the condition (6.27) with large probability, we set
for L >0

T
4 Ix Y||+c;|(>1<|jp5)ﬁ<1+ﬁ> and B =" 1+ 9g/2log(M) +2L),
(6.30)

with X |
¢¢ = max M.
j=1,..M \Gj|
As in the coordinate-sparse setting, we define 7 as the smallest integer larger than
log,(A/B). We then have the next corollary of Theorem 6.4.

Corollary 6.5 Error bound in the Gaussian setting for IGT.
Assume that the columns of X have unit (>-norm, and that the noise € follows a
N (0,621, Gaussian distribution. Assume also that Assumption (6.26) holds and

that 1 < a < m.
Then, for any iteration t larger than f, with probability larger than 1 —2e™L, the

estimator E’, with A, B given by (6.30), fulfills |th*|g < c*B*[§ and

IB' = B*IIP < Cac|B*[§ 0 (14295 (log(M) + L)), 6.31)

a—1

2
with Cye =2 (2““*26)) .

Corollary 6.5 is proved in Exercise 6.4.3, page 136. We can observe in the bound
(6.31) the benefit of using IGT instead of IHT in the group-sparse setting. Comparing
(6.31) and (6.21), we observe that the log(p) term has been replaced by a log(M)
term, which can be much smaller if the number M of groups is much smaller than
p. We can also notice that the bound (6.31) is very similar to the bound (5.20), page
105, for the group-Lasso.

6.3 Discussion and References
6.3.1 Take-Home Message

A robust strategy in statistics and machine learning is

(1) to start from a statistically optimal, but computationally intractable estimator, of-
ten defined through a minimization problem; and

(ii) to convexify the minimization problem as in Chapter 5, in order to define an
estimator which is amenable to numerical computations in high dimensions.

A explained in Chapter 5, theoretical guarantees can be derived for such estimators,
and this approach has been successful in many different settings. This approach suf-
fers yet from two drawbacks. First, convex estimators suffer from some undesirable
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shrinkage bias (see Section 5.2.5, page 102), and this bias can sometimes strongly
deteriorate the statistical properties, see for example [148]. Second, in some complex
settings, as in Chapter 12, Section 12.4, minimizing the convexified problem can be
computationally intensive.

As an alternative to this approach, there is a renewed interest in statistics and machine
learning for iterative algorithms, which are often greedy algorithms related to the
initial statistically optimal estimator. Such algorithms are typically computationally
efficient, and they do not suffer from a shrinkage bias. While they do not converge
to the solution to the original problem in general, many such algorithms have been
shown to enjoy good statistical properties, as good as those of convex estimators. It
is worth emphasizing that, while, for convex estimators, the optimization error and
the statistical error can be evaluated separately, for iterative algorithms like IHT or
IGT, the optimization and statistical errors cannot be separated and need to be tackled
together. This corresponds to a recent trend in statistics and machine learning.

6.3.2 References

The Iterative Hard Thresholding algorithm has been introduced by Blumensath and
Davies [35], and it has been analyzed by Jain, Tewari and Kar [95] and Liu and
Foygel Barber [111], among others. The version analyzed in this chapter has been
proposed by Ndaoud [125], and most of the material of this chapter is adapted from
Ndaoud [125].

6.4 Exercices
6.4.1 Linear versus Non-Linear Iterations

In the proximal iterations (6.7), the non-linear operator

B — Hyym (I —=nX"X)B +2nX"Y))

is applied iteratively. This non-linear operator corresponds to the succession of a
gradient step and a hard thresholding. In order to understand the benefit of the non-
linearity induced by the hard thresholding, it is insightful to compare the proximal
algorithm with the linearized version, where the iterations

Bt = (1—2nXTX)B! +2nXTY
are applied successively, started from EO =0, and the hard thresholding is applied
only at the final step 8, = H), (B°), where 3% = lim;_,.. 3’
1. Prove that B "is given by
=l

B' =Y (1-2nX"X)2nX"y.
k=0
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2. LetX= Z;':1 oju jva be a singular value decomposition (Theorem C.1, page 311)
of X. Check that

~ r 1—(1-2n0c?)
=LY ith L,=YY ———— 2yl
B X, Wi t /:Zl o vju;
3. Prove that for 21 < |X|gp2, we have L, — X, where X™ is the Moore—Penrose
pseudo-inverse of X, defined by (C.2), page 312.

4. Conclude that B, = H,, (X*y).

Comment. We have X*X = P*, where P is the projection onto the orthogonal
complement of ker(X), see (C.3), page 313. We observe that if ¥ = Xf3* + €, then
BL = Hj (P+B* +X"¢). In the favorable case where P-* = B*, we then get that BL
is the hard thresholding at level A of XY = B* +X*e.

As highlighted in Theorem 6.1 (page 126) for the IHT algorithm (6.8), the threshold-
ing level is tightly linked to the infinite norm |X” €., = max; |XJT€| When the noise €
has a .4(0, 621,,) distribution, and the matrix X has columns with unit #2-norm, then
IX"¢|.. = O(c+/log(p)) with high probability. Similarly, the choice of the thresh-
old A for EL should be tightly linked to the infinite norm [X*¢|. = max; |Xj+e| The
switch from the matrix X7 to the matrix X* has a strong impact on the size of the infi-
nite norm. Actually, since || X;|| = 1, each variable X]TS follows a Gaussian .4 (0,62)

distribution. In comparison, the variable X;re follows a Gaussian .4 (0, ||X;r I?0?)
distribution and the norms ||XJ+ || can be huge, especially in high dimension, when
the matrix X is badly conditioned.

We then observe one of the benefits of applying the non-linear thresholding at each

step: instead of having a noise level related to X € as for f;, we have a noise level
related to X” ¢ for the IHT algorithm (6.8).

6.4.2 Group Thresholding

Let the indices {1,...,p} be partitioned into M groups {1,...,p} = U’}’IzlGj and let
AL, ..., Ay be M positive real numbers. We give in this exercise an explicit solution
to the minimization problem

o~ M o

B € argmin? [l — B>+ Y (AD)1p5, Lo ¢ (6.32)

ﬁERP j=1 J
1. Check that a solution to the minimization problem mingcgy { [l — B> + 2*1540 }
is given by a1 4>

2. Using the decomposition,
) 2
”a_ﬁH = Z] HaG_,' _ﬁG_jH ’
j=

conclude that B = H{ (o) where [Hf(a)]cj = 06,14, 520
J
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6.4.3 Risk Bound for Iterative Group Thresholding

In this exercise, we prove Theorem 6.4 and Corollary 6.5. The proofs of these two
results are closely related to the proofs of Theorem 6.1 and Corollary 6.3.

As in the proof of Theorem 6.1, we set k; = |*|§, Z= X" € and b' ! = B~ +AB -
B*)+Z, so that B+ = H;g+1 (b'*1). The next lemma is central in the proofs of
Theorem 6.4.

Lemma 6.6 Contraction property.
If the properties (6.28) and (6.29) hold at step t, then we have

max (|6 = B)sll = /IST1ZIS) < 8IBT Bl (633)

S=UjesGj: [J|<cks /g

A) Proof of Lemma 6.6.
The proof of Lemma 6.6 is similar to the proof of Lemma 6.2. For § = U;¢;G; with

\J| < kg /q, we set S = SUmE U suppG(Er’hE).
1. Check that |S'| < (1 +2¢?)k,.
2. Prove the inequalities
1B = B*)s| < [IAGB" — B*)sll + /18] 121G
< 8|’ —ﬁ I+ /181121
3. Conclude the proof of Lemma 6.6.

B) Proof of Theorem 6.4.
As for Theorem 6.1, we proceed by induction.

1. Check that (6.28) and (6.29) hold for t = 0.

In the following, we assume that (6.28) and (6.29) hold at step 7. We will prove that
they then hold at step # + 1.

2. Prove that

Ri+1 * G t+1 t+1 r+1 *
1B =B )mg I < WHy,, (07 ), = b |+ 153 = B |

< iR+ SIB — B+ /K5 |ZIC.

3. With the induction property, prove that
1B =B g | < (k& (W1 +ca % +1Z1E) .

4. For S =UjesG; CsuppG(B ) with || < ¢k, check that

TtV IS| < 1B < 8IIB" — Bl + /18T |ZI2.
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5.
6.

7.

Prove that we cannot have |S| = c¢?k;, and hence (6.28) holds at step 7 + 1.

As a consequence, prove the inequality

1Byt < ks (ea™ i +-clz1)

Combining Questions 3 and 6, prove that (6.29) holds at step ¢ + 1.

C) Proof of Corollary 6.5.
All we need is to prove that (6.27) holds with probability larger than 1 —2¢~L. We
remind the reader that all the columns of X have unit #>-norm.

1.
2.
3.

Check that [ Xg, |7 = |Gl.
Check that the application x — HXg]xH is [Xg; |op-Lipschitz.
With the Gaussian concentration inequality (Theorem B.7, page 301), prove that

foru>0
P26 = o (/161 + e opvaa) | <t

Prove that for L >0

P| max M >0 (1 —|-¢G\/210g(M)+2L)
& e

and conclude the proof of Corollary 6.5.

<et







Chapter 7

Estimator Selection

Which modeling and which estimator shall I use? These are eternal questions of the
statistician when facing data.

The first step is to write down a statistical model suited to analyze the data. This
step requires some deep discussions with the specialists of the field where the data
come from, some basic data mining to detect some possible key features of the data,
and some... experience. This process is crucial for the subsequent work, yet it seems
hardly amenable to a theorization.

The second step is to choose at best an estimator. Assume, for example, that after
some pretreatments of the data, you end up with a linear model (2.2). In some cases,
you know from expert knowledge the class of structures (coordinate sparsity, group
sparsity, variation-sparsity, etc.) hidden in the data. But in many cases, this class
is unknown, and we need to select this class from the data. Even if you know the
class of structures, say the coordinate sparsity, many estimators have been proposed
for this setting, including the Lasso estimator (5.4), the mixing estimator (4.2), the
forward—backward estimator of Section 2.4, the Dantzig selector (5.28), the Ridge
estimator (5.29), and many others. Which of these estimators shall you use? By the
way, all these estimators depend on some “tuning parameter” (A for the Lasso, § for
the mixing, etc.), and we have seen that a suitable choice of these estimators requires
the knowledge of the variance 62 of the noise. Unfortunately, this variance is usually
unknown. So even if you are a Lasso enthusiast, you miss some key information to
apply properly the Lasso procedure.

Of course, you should start by removing the estimators whose computational cost
exceeds your computational resources. But then you will still have to decide among
different estimation schemes and different tuning parameters.

We formalize this issue in Section 7.1, and we then describe different approaches
for selecting the estimators and their tuning parameters. The problem of choosing
the parameter A for the Lasso estimator (5.4) will be use as a prototypal example of
parameter tuning. We describe three approaches for estimator selection. The first two
approaches are quite universal. The first one is based on some data resampling, and
the second one is inspired by model selection techniques. The last approach is specif-
ically designed for the estimators introduced in Chapter 5. The theory for analyzing
these selection procedures is somewhat more involved than the theory presented in
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the previous chapters, so we mainly focus in this chapter on the practical description
of the procedures, and we refer to the original papers for details on the theoretical
aspects.

7.1 Estimator Selection

Let us formalize the issues discussed above in the regression setting
Y = f(x )+8,, i=1,...,n,

with f : R? — R, for the problem of estimating f* = [f(x())]i=;. _,. We want to
choose at best one estimator among many different estimators corresponding to dif-
ferent classes of structures (coordinate sparsity, group sparsity, etc.), to different es-
timation schemes (Lasso, mixing, etc.) and to different values of their tuning param-
eters.

For an estimation scheme s and a tuning parameter A (possibly multidimensional),
we denote by f(, ) the corresponding estimator of f*. Let .’ be a (finite) family of
estimation schemes. At each scheme s € ., we associate a (finite) set .7 of tuning
parameters. Pooling together all these estimators { f(s,h) seS he Jf@}, our ideal

goal is to select among this family an estimator ]?(57;,) whose risk
R(ﬁs,h)) =K |:||f\(s,h) 7f*||2}

is almost as small as the oracle risk ming,c & 5%} R(f(s,h))'

In order to lighten the notations, let us denote by A the couple (s, h). Setting

A=U U {6}

s€. he

this ideal objectlve can be rephrased as the problem of selecting among { f,l, S A}
an estimator fx whose risk R(fl) is almost as small as the oracle risk miny 5 R(f;t)

Tuning the Lasso Estimator

The Lasso estimator is a prototypal example of estimator requiring a data-driven se-
lection of its tuning parameter A. Actually, the choice of A proposed in Corollary 5.3
is proportional to the standard deviation ¢ of Y, which is usually unknown. This issue
is due to the fact that the Lasso estimator is not invariant by rescaling, as explained
below.

Let B (Y,X) be any estimator of B* in the linear model ¥ = Xf3* 4 €. Assume that
we change the unit of measurement of Y, which amounts to rescale Y by a scaling
factor s > 0. We then observe sY = X(sf3) + s¢ instead of Y. A proper estimator of 3
should be scale-invariant, which means that it fulfills

E(SY,X) :SB(Y,X) for any s > 0.
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It turns out that the Lasso estimator (5.4) is not scale-invariant. Actually, let us de-
note by ﬁ/'lass"(KX) the solution of the minimization problem (5.4) (assuming for
simplicity that there is a unique solution). Since

Isv = XBI%-+ 218l = ( Iy ~X(B/5) + 1851, ).

we have

Bi==o(sY,X) = sBy5° (v, X),
so the Lasso estimator is not scale-invariant, since we need to rescale the parameter
A by 1/s. This explains why a sensible choice of the tuning parameter A of the Lasso
estimator (5.4) should be proportional to the standard deviation ¢ of the response Y.

In practice, to choose the parameter A, we choose a finite grid A of R* and select a
Lasso estimator f; = X[%'bas”(Y,X) among the collection { f; = XB*°(¥,X): 1 €

A} with one of the procedures described below.

7.2 Cross-Validation Techniques

The cross-validation (CV) schemes are nearly universal in the sense that they can be
implemented in most statistical frameworks and for most estimation procedures. The
principle of the cross-validation schemes is to keep aside a fraction of the data in
order to evaluate the prediction accuracy of the estimators. More precisely, the data
is split into a fraining set and a validation set: the estimators are computed with the
training set only, and the validation set is used for estimating their prediction risk.
This training / validation splitting is eventually repeated several times. The cross-
validated estimator then selects the estimator with the smallest estimated risk (see
below for details). The most popular cross-validation schemes are:

e Hold-out CV, which is based on a single split of the data for training and valida-
tion.

e V-fold CV, where the data is split into V subsamples. Each subsample is suc-
cessively removed for validation, the remaining data being used for training; see
Figure 7.1.

e Leave-one-out, which corresponds to n-fold CV.

o Leave-q-out (or delete-q-CV) where every possible subset of cardinality g of the
data is removed for validation, the remaining data being used for training.

V-fold cross-validation is arguably the most popular cross-validation scheme: It is
more stable than the hold-out thanks to the repeated subsampling, and for small V
it is computationally much less intensive than the Leave-one-out or Leave-g-out.
We describe below the V-fold CV selection procedure in the regression setting of
Section 7.1.
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Figure 7.1 Recursive data splitting for 5-fold CV.

V-Fold Cross-Validation

Cross-validation schemes are naturally suited to estimators f,l of f* of the following
form. Let us denote by 2 = (y;,x @) )i=1,.n € R(P*+D" our data and assume that there

.....

is amap Fy : UpeyRPTD" x R? — R such that f; = [Fy.(2,xD)];1._». In the case

of Lasso estimator (5.4), the map Fj is given by Fy ((¥,X),x) = <[3/'1355°(Y,X),x>
(with the notations of Section 7.1).

Let{1,...,n} =L U...Uly beapartitionof {1,...,n}. Foragivenk € {1,...,V} we
denote by Z_, the partial data set 7_;, = {(y,, N:ie{l,...,n} \Ik}, where we
have removed the data points with index in I;. For each k, the partial data set Z_j,
is used to compute the map Fj (Z_j,,-), and the remaining data 7 = (yi,x(i))ielk
is used to evaluate the accuracy of F (Z_j,,-) for predicting the response y. More
precisely, in the setting of Section 7.1, this evaluation will be performed by comput-
ing for each i € I; the square-prediction error (y; — Fj (Z_,,x x0))2. Averaging these
prediction errors, we obtain the V-fold CV ¢2-risk of F)

~ 1Y N2
ReviR = ¢ )y 1Al )y (yi—Fa@—IM('))) : (7.1
k=1

i€l
The V-fold CV procedure then selects icv by minimizing this estimated risk

ECV € argmin Rev [Fy].
AEA

The final estimator of f* is ]%cv

V-fold CV is widely used for estimator selection. It is in particular very popular for
tuning procedure such as the Lasso or the group-Lasso. It usually gives good results
in practice, yet it suffers from the two following caveats.

Caveat 1. The V-fold CV selection procedure requires to compute V times the maps
{F (Z-1,,7) 1A € A} and also the final estimator fA . The computational cost of the
V-fold CV procedure is therefore roughly V x card( ) times the computational cost
of computing a single estimator f,l For large V, this computational cost can overly
exceed the available computational resources. A remedy for this issue is to choose a
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small V. Yet, for V small, we lose the stabilizing effect of the repeated subsampling,
and the V-fold CV procedure can be unstable in this case. A suitable choice of V must
then achieve a good balance between the computational complexity and the stability.
A common choice in practice is V = 10, but some choose smaller values (like V =5)
when the computations resources are limited. We point out that when several Central
Processing Units (CPUs) are available, the maps {F(Z_;,-): A €A, k=1,....V}
can be computed in parallel.

Caveat 2. Despite its wide popularity and its simplicity, there is no general theoreti-
cal result that guarantees the validity of the V-fold CV procedure in high-dimensional
settings. Actually, while it is not hard to identify the expected values of ﬁcv [F)]ina
random design setting (see Exercise 7.6.1), the analysis of the fluctuations of Rey [F}]
around its expectation is much more involved in a high-dimensional setting. In prac-
tice, data splitting can be an issue when 7 is small, since the estimators F (7, -)
are only based on the partial data set Z_;, and they can be unstable. This instability
shrinks when n increases.

7.3 Complexity Selection Techniques

In order to avoid the two above caveats, an alternative point of view is to adapt to
estimator selection the ideas of model selection introduced in Chapter 2. Similarly
to the model selection estimator (2.9), we introduce a collection {S,,, m € .4} of
models designed to approximate the estimators (f,l )aea and a probability distribution
7 on .. We choose exactly the same models and probability distributions as in
Chapter 2, depending on the setting under study (coordinate sparsity, group sparsity,
variation sparsity, etc.).

Compared to model selection as described in Chapter 2, we have to address three is-
sues. First, for computational efficiency, we cannot explore a huge collecli\on of mod-
els. For this reason, we restrict to a subcollection of models {Sm, me . # }, possibly
data-dependent. The choice of this subcollection depends on the statistical problem:;
see Section 7.3.1 for the coordinate-sparse setting and 7.3.2 for the group-sparse re-
gression. Second, we have to take into account the fact that a good model S,, for
an estimator f is a model that achieves a good balance between the approximation
error || f3, — Projg, f2||* and the complexity measured by log(1/7,). Therefore, the
selection criterion involves this approximation error term in addition to the penalty.
Finally, the criterion shall not depend on the unknown variance 2. For this reason,
we replace 67 in front of the penalty term by the estimator

-~

~ _ |IY —Projg, Y|

O =—"—"—. 7.2
" n—dim(S,,) (72)

Combining these three features, we can select the estimator fi by minimizing the
criterion

P PN 1~ N ~
Crit(fy) = inf_||[Y = Projs, fa[|* + 5[|/2 = Projs, fall” +penz(m) G5 |, (7.3)

me.
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where G2 is given by (7.2) and pen,(m) is defined as the unique solution of

5 (v i) = (1.4)

where U and V are two independent chi-square random variables with dim(S,) + 1
and n — dim(S,,) — 1 degrees of freedom, respectively. In the cases we will con-
sider here, the penalty pen,(m) is roughly of the order of log(1/m,) (see Exer-
cise 7.6.3), and therefore it penalizes S, according to its complexity log(1/m,,).
An implementation of Criterion (7.3) is available in the R package LINselect
http://cran.r-project.org/web/packages/LINselect/.

Compared to V-fold CV, this selection criterion enjoys two nice properties:
(1) It does not involve any data splitting. The estimators are then built on the whole
data set (which is wise when # is small) and they are computed once.

(i1) The risk of the procedure is controlled by a bound similar to Theorem 2.2 in Chap-
ter 2 for model selection. Deriving such a risk bound involves the same ideas as
for the model selection procedure of Chapter 2, but it is somewhat more techni-
cal. Therefore, we will not detail these theoretical aspects and we will only focus
below on the practical aspects. The references for the theoretical details are given
in Section 7.5; see also Exercise 7.6.4.

Caveat. The major caveat of the selection procedure (7.3) is that it is designed for the
Gaussian setting and there is no guarantee when the noise does not have a Gaussian
distribution.

In the remainder of this section, we describe the instantiation of Criterion (7.3) in the
coordinate-sparse setting, in the group-sparse setting, and in a mixed setting.

7.3.1 Coordinate-Sparse Regression

Let us consider the problem of selecting among sparse linear regressors {ﬁ = XE;L :
S A} in the linear regression model ¥ = X* + € in the coordinate-sparse setting
described in Chapter 2. We consider the collection of models {S,, m € .# } and the
probability 7 designed in Chapter 2 for the coordinate-sparse regression setting. For

A € A, we define m) = supp([?,l) and
M ={iy: €A and 1< |iiiy| <n/(3logp)}. (1.5)
The estimator fi = Xfi}l is then selected by minimizing (7.3).

As mentioned earlier, the risk of the estimator fi can be compared to the risk of the
best estimator in the collection {f;L VNS A}. Let us describe such a result in the case
where 3 is a Lasso-estimator and A = R

Form C {1,...,p}, we define ¢, as the largest eigenvalue of X,EXm, where X,, is the
matrix derived from X by only keeping the columns with index in m. The following
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proposition involves the restricted eigenvalue ¢* = max {9, : card(m) < n/(3logp)}
and the compatibility constant k() defined by (5.8) in Chapter 5, page 95.

Proposition 7.1 There exist positive numerical constants C, C1, Ca, and C3, such
that for any B* fulfilling

()

o*  log(p)’

the Lasso estimator fi = X[A%}L selected according to (7.3) fulfills

IB*lo<C

IX(B; B0 <cxnr {Ix(pe -+ LR 2 r

with probability at least 1 —Cp~©2.

The risk Bound (7.6) is similar to (5.13) except that

e it does not require the knowledge of the variance 62;

e it requires an upper bound on the cardinality of the support of §*; and
e it involves two constants C3, ¢* larger than 1.

The proof of this result relies on arguments close to those of Theorem 2.2, yet it is
slightly lengthy and we omit it (see Section 7.5 for a reference).

7.3.2 Group-Sparse Regression

Let us now describe the procedure (7.3) in the group-sparse setting of Chapter 2. For
simplicity, we restrict to the specific case where all the groups G have the same car-
dinality T = p/M and the columns of X are normalized to 1. For any m C {1,...,M},
we define the submatrix X,,) of X by only keeping the columns of X with index in
Ukem Gi- We also write X, for the submatrix of X built from the columns with in-
dex in Gy. The collection {S,,, m € .Z } and the probability 7 are those defined in
Chapter 2 for group sparsity. For a given A > 0, similarly to the coordinate-sparse

case, we define m(A) = {k: [B;]g, #0} and

— J~ian. ~ n—2

The estimator ]?71 = Xﬁ;l is then selected by minimizing (7.3).

As above, let us give a risk bound for the case where the estimator [?;L is the group-
Lasso estimator (5.17) with Ay =...= Ay =A € R*.Form C {1,...,M}, we define
O(m) as the largest eigenvalue of X(Tm)X(m). The following risk bound involves the

cardinality |.# ()] of the set # (B) = {k : B, # 0}, the group-restricted eigenvalue

n—2
. _ Pl m < '
O max{¢(m) <m| < 2T V3log(M) }7 "
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and the group-compatibility constant k() defined by (5.18) in Chapter 5, page 105.

Proposition 7.2 There exist positive numerical constants C, C1, Ca, and C3, such
that when
2 *
K -2
T<(n—-2)/4 and 1<|x (B <cXcP)  _n 7
oy log(M)VT

the group-Lasso estimator fi = XB}L selected according to (7.3) fulfills

¢
Kc(ﬁ)

IX(By B < Ca nt {IN(B BV + s | (B)] (T-+Tog(M) o}

(7.9)
with probability at least 1 — CyM €2,

Again, for conciseness, we omit the proof of this result (see Section 7.5 for a refer-
ence).

7.3.3 Multiple Structures

When we ignore which class of structures (coordinate-sparse, group-sparse,
variation-sparse, etc.) is hidden in the data, we wish to select the best estima-
tor among a collection of estimators corresponding to various classes of struc-

tures. To illustrate this p01nt let us assume that our famlly { f;L = Xﬁ;L Ae A}
gathers some estimators { f;L = Xﬁx A€ AC°°'d} with ﬁ,l coordinate-sparse, and
some estimators { f,l = Xﬁl tA € Agm“p} with [ﬁ group-sparse. Let us denote by
{sord s m € a9} and w°™ (respectively, { S5 : m € .45 P} and 18°UP)
the models and the probability distribution defined in Chapter 2 for the coordinate-
sparse setting (respectively, for the group-sparse setting). Writing N (respec-
tively, ///{\g“’”p) for the family defined by (7.5) (respectively, by (7.7)), the selec-
tion procedure (7.3) can then be applied with the collection of models {S,c,f"”d :
me j/l\w"rd} U{S5°P:me J///\g""”p}, and with the probability distribution 7, =
ncood /2 if m € ./ and m,, = w5 P /2 if m € .#/E°UP. The theoretical guaran-
tees on the selection procedure (7.3) then ensures that the selected estimator ]?71 is

almost as good as the best of the estimators in {f;t A€ A}. Again, we refer to the
original papers (see Section 7.5) for details.

7.4 Scale-Invariant Criteria

In this section, we describe an alternative to the cross-validation techniques and the
complexity selection techniques for the specific problem of choosing the tuning pa-
rameter of procedures like the Lasso. In the linear regression setting Y = X* + ¢,
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as explained in Section 7.1, a sensible estimator ,B(Y X) of B* should be scale-
invariant, which means that ﬁ(sY X) = sﬁ(Y X) for all s > 0. Let us consider an
estimator ﬁ(Y X)), obtained by minimizing some function § — £ (¥, X, ). The es-
timator B (Y,X) is scale-invariant if

argmin.Z(sY, X, sB) = argmin.Z (¥, X, ).
B B

Such a condition is met, for example, when there exists some functions a(Y,X,s) and
b(Y,X,s), such that

Z(sY,X,sp) =a(Y,X,s)Z(Y,X,B)+b(Y,X,s).
The estimators introduced in Chapter 5 are obtained by minimizing a function
Z(Y.Xp) =Y —XB|*+2Q(B), (7.10)

which is the sum of a quadratic term ||¥ — Xf3||> and a convex function £ homoge-
neous with degree 1. A prototypal example is the Lasso estimator where Q() = |B|;.
Such estimators are not scale-invariant. We observe that the standard deviation ¢ of
the noise € is equal to the standard deviation of ¥ = X3* + €. Setting A = uo, we
derive from (7.10) a scale-invariant estimator by minimizing

o Yy —=XB|>+uQ(B), with 6 =sdev(Y) = sdev(e)

instead of (7.10). Yet, the standard deviation o of the noise is usually unknown, so
we cannot compute the above criterion. An idea is to estimate ¢ with the norm of
the residuals, namely ||Y — Xf3||/+/n. Following this idea, we obtain for yt > 0 the
scale-invariant criterion

Z(Y.X,B) = vn|Y —XB| +nQ(B). (7.11)
Since any norm is convex, the function .Z(Y,X, ) is convex and .Z(sY,X,sf) =
5.2 (Y, X, B), so the minimizer (Y, X) is scale-invariant.
Square-Root Lasso

Let us investigate the properties of the estimator  obtained by minimizing
Z(Y,X,B) when Q(f) = |B];1 (we can follow the same lines with the other crite-
ria). For 1 > 0, the resulting estimator is the so-called square-root Lasso estimator

Eeazgrﬂr{gin{\/ﬁllYfXBllwlﬁh}. (7.12)
eRP

The minimization problem (7.12) is scale-invariant and it can be computed in high-
dimensional settings since it is convex. The next theorem shows that the resulting
estimator enjoys some nice theoretical properties.
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Theorem 7.3 Risk bound for the square-root Lasso
For L > 0, we set L =4+/log(p)+ L. Assume that for some & € (0, 1) we have

2 nik*(B*)

o <
IBlo<é Az

(7.13)

with the compatibility constant k() defined in (5.8). Then, with probability at
least 1 — et — (14 ¢€2)e ™"/, the estimator (7.12) fulfills

482(log(p) +L)

2
IX(B—B")? < 5(1—0)k(B)2

B*loc”. (7.14)

Proof. We first prove a deterministic bound on ||X(E —BH|%

Lemma 7.4 Deterministic bound
Let us consider some 8 € (0,1) and pu > 0. Assume that (7.13) holds and that €
Sfulfills
2[X" el < pullel /v/n- (7.15)

Then, for € # 0 we have the upper bound

184 e]|?

IX(B—B*)|* < S(1=8)k(p")n

1B o (7.16)

Proof of Lemma 7.4
We set m, = supp(3*). We first prove that

[(B =B |1 <31(B =B ). |1 (7.17)
Since B minimizes (7.12), we have
I =Xl =y =X < T (1811 = 1Bl1) = 7 (18511 = B 1B )
< T (1B =Bl = 1B =B (7.18)

For € # 0, the differential of the map 8 — ||Y —Xp|| at B* is

-X'(y-Xp*)  X'e
1Y —XpB| el
Since B — ||Y — Xp|| is convex, we have (Lemma D.1, page 321, in Appendix D)

~ Teo
||YXﬁ|||YXB*z<“,ﬁﬁ*>

VllY —XB*|| =

]l
Xl & . .
- 87|| F=F |‘2*2”W B—B*h, (7.19)
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where the last inequality follows from (7.15). Combining (7.19) with (7.18), we
get (7.17).

We now prove (7.16). Since Criterion (7.12) is convex, when Y # XB , the first-order
optimality condition (Lemma D.4, page 323, in Appendix D) ensures the existence

of 7€ 9|1, such that

VXY -XB)
l¥ —XB|

In particular,

—<Y—XE,X<B—ﬁ*>>+%||Y—Xﬁ||< ZB—B*) =0.

This inequality still holds when Y = Xﬁ . Since |Z] < 1 (Lemma D.5 in Appendix
D), we have according to (7.15) and (7.17)

Iy — XB||
o

s(xremw' fﬁH)Iﬁ Bl
<4u<”8”/2+”y Xﬁ”)(ﬁ B 1.

IX(B—B*)I> < (e.X(B—B*))+ BB

N

We first observe that ||Y — XEH < el + ||X(E— B*)||- Furthermore, according
to (7.17) and the definition of the compatibility constant (5.8), we have the upper

bound |(B — B*)m, |1 < /IB*To IX(B — B*)II/x(B*). s0

5 g2 < o el VBT IX(B =B, VIBTo IX(B— )P
IX(B B < 6u 5 (0 W .

For the second right-hand-side term, Condition (7.13) ensures that the factor
4u|B*|)* / (v/nk(B*)) is smaller than 8 /2. Applying the inequality ab < (28)~'a>
8b? /2 to the first right-hand-side term then gives

2 ~
IXB -1 < Sl o+ S ixE -+ S B - g1
from which (7.16) follows. O

Let us now conclude the proof of Theorem 7.3. On the event
o ={|XTe <20 (log(p) +1) and |0 —|lel|/Va| < (1-2")s },

Condition (7.15) holds with u? = 16(log(p) + L), and the Bound (7.16) enforces
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Bound (7.14). So all we need is to check that the probability of the event .o/ is at least
l—et—(1+ ez)e’"/ 24 According to the Gaussian concentration Inequality (B.2)
and Bound (B.4) in Appendix B, we have

P(jo = llell/val = (1-2")0)
<P (lell > Ellle]] + (va— V/n/2)5 ) + P (lle| < Ellle]] - (Va—4~+/n/2)0)
< e,(\/g,\/m)z/2+e,(m,\/m)z/z < (14&2)e
Finally, the proof of Corollary 5.3 ensures that
P(X"el2 > 20%(log(p) +1)) <t

5o the probability of the event 7 is at least 1 — e~ — (1 4 ¢?)e"/?*. The proof of
Theorem 7.3 is complete. O

Since Criterion (7.12) has been derived from the Lasso Criterion (5.4), it is worth
it to investigate the possible connections between the square-root Lasso § and the
Lasso 8)2*°(Y,X). We first observe that

fno ¥ —XBI
Y -XB| = iy L 4
N

and the minimum is achieved for ¢ = ||Y — Xf||/y/n. As a consequence, the estima-

tor B defined by (7.12) and the standard-deviation estimator & = Y — XB ||/+/n are
solution of the convex minimization problem

B.6 o ||y —XB|>?
(B,G) €  argmin {” i Iy = XB|I*
(ﬁvG)ERPXRJr 26

+u|ﬁ|1} | (7.20)
In particular, defining & by (7.20), the square-root Lasso estimator [§ is a solution
of B € argming {||Y —XB||*+2uG|B|1 }. In other words, in the notations of Sec-
tion 7.1, we have

B =B (r.X). (7.21)
This link between the square-root Lasso estimator and the Lasso estimator has some
nice practical and theoretical consequences. From a practical point of view, we ob-
serve that Criterion (7.20) is convex in (8, 0), so the estimator 3 can be efficiently
computed by alternating minimization in 8 and o. For a given &, the minimization in
B amounts to solve a Lasso problem with tuning parameter 2t &, while for a fixed 3
the minimization in o has a closed-form solution 6 = ||Y — Xf||/+/n. The resulting
algorithm is the so-called scaled-Lasso algorithm described below. An implementa-
tion of this algorithm is available in the R package scalreg
http://cran.r-project.org/web/packages/scalreg/.
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Scaled-Lasso algorithm

Initialization: § =0
Repeat until convergence

« 5=y —XB]/vn

-~

o B=BEe(r.X)

Output:

From a theoretical point of view, the link (7.21) allows to improve Bound (7.14) by
transposing the results for the Lasso estimator. The only issue is to get a control on
the size of 6. Such a control can be derived from Theorem 7.3. The next corollary
provides a risk bound for the square-root Lasso similar to Corollary 5.3, page 97, for
the Lasso.

Corollary 7.5 A tighter risk bound for the square-root Lasso
For L >0, let us set L = 3+/2log(p) + 2L and assume that B* fulfills (7.13) with
8 = 1/5. Then, with probability at least 1 — et — (14 ¢*)e™"/**, we have

20202 (L+1log(p))
K(B)?

(B B < o {3 — ) P+ Blof. 02

We refer to Exercise 7.6.2 for a proof of this corollary.

7.5 Discussion and References
7.5.1 Take-Home Message

When analyzing a data set, after writing down a statistical model (say, a linear re-
gression model), the statistician faces three issues:

e What is the underlying class of structures hidden in the data? (for example, coor-
dinate sparsity, group sparsity, etc.)

e For a given class of structures, which estimator is the best? For example, for
coordinate-sparse structures, shall we use the Lasso estimator, the Dantzig esti-
mator, or the Elastic-Net? No estimator is universally better than the others, so the
choice must be adapted to the data.

e For a given estimator, which tuning parameter should be chosen? Many estima-
tors (like the Lasso) are not scale-invariant, so any sensible choice of the tuning
parameter depends on the variance of the response Y. Since the variance of Y is
usually unknown, the choice of the tuning parameter must be adapted to the data.
Furthermore, even for scale-invariant estimators Xf3,; like the square-root Lasso
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estimator (7.12), the oracle tuning parameter
Horacle € arg;llinE IX(Bu B

depends on X3*, so it is wise to also tune p according to the data.

These three issues can be handled all together by gathering a collection of estima-
tors { fa:Ae A} corresponding to different estimation schemes (adapted to various
classes of structures) with different tuning parameters. The ideal objective is then
to choose f; in this collection with a risk almost as small as the risk of the oracle

estimator f3+ , where
oracle

A’;racle € argminE [Hf)t _f*Hz} .
AEA

Different approaches have been developed in order to handle this issue.

A first class of selection procedures is based on subsampling: part of the data is
used to compute the estimators, while the remaining data is used to evaluate their
prediction accuracy. This process is possibly repeated several times. This approach,
including V-fold CV, is very popular and widely used. It usually provides satisfying
results in practice, yet it suffers from two caveats. First, the repeated subsampling can
lead to intensive computations exceeding the available computing resources. Second,
there are no theoretical guarantees in general on the outcome of the selection process
in high-dimensional settings. In particular, the subsampling device can suffer from
instability for very small sample sizes.

A second estimator selection approach is inspired by the model selection techniques
of Chapter 2. This approach has the nice features to avoid data splitting and to enjoy
some non-asymptotic theoretical guarantees on the outcome of the selection process.
Yet, it is limited to the setting where the noise €1, ..., &, is i.i.d. with Gaussian distri-
bution.

Finally, for tuning estimators based on the minimization of a non-homogeneous cri-
terion, a third strategy is to modify this criterion in order to obtain scale-invariant
estimators like the square-root Lasso. This approach is computationally efficient and
enjoys some nice theoretical properties. Yet, it is limited to the tuning of some spe-
cific estimators like those introduced in Chapter 5, and it does not allow to compare
different estimation schemes.

There are a few other estimator selection procedures that have been proposed recently
in the literature. We point some of them out in the references below. The mathemat-
ical analysis of general estimator selection procedures is somewhat more involved
than the theory described in the previous chapters. We also observe that the results
stated in Proposition 7.1, Proposition 7.2, and Theorem 7.3 involve some extra con-
ditions on the sparsity of the regressor * compared to Theorem 5.1 and Theorem 5.4
in Chapter 5 for the Lasso or group-Lasso estimators. For example, in the coordinate-
sparse setting, these conditions roughly require that | 3*|p remains small compared to
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n/log(p). This unpleasant condition is unfortunately unavoidable when the variance
o2 is unknown, as has been shown by Verzelen [160].

The theory of estimator selection has to be strengthened, yet some tools are already
available, each providing various interesting features.

7.5.2 References

Cross-validation techniques date back at least to the ’60s; classical references include
the papers by Mosteller and Tukey [123], Devroye and Wagner [63], Geisser [75],
Stone [147], and Shao [142]. The asymptotic analysis of V-fold-CV was carried out
in the *80s by Li [110], among others. The non asymptotic analysis of V-fold CV
is much more involved. Some non asymptotic results have been derived by Arlot,
Célisse, and Lerasle [5, 8, 108] for some specific settings. We refer to Arlot and
Celisse [7] for a recent review on the topic.

The complexity selection Criterion (7.3) has been introduced and analyzed by Ba-
raud, Giraud, Huet, and Verzelen [19, 20, 82]. An associated R package LINselect
is available on the CRAN archive network
http://cran.r-project.org/web/packages/LINselect/.

The square-root Lasso estimator (7.12) has been introduced and analyzed by Belloni,
Chernozhukov and Wang [25], Antoniadis [4], and Sun and Zhang [149] (see Stédler,
Biihlmann, and van de Geer [145] for a variant based on a penalized maximum like-
lihood criterion). An associated R package scalreg is also available on the CRAN
archive network http://cran.r-project.org/web/packages/scalreg/. An
analog of the square-root Lasso for the group-sparse setting is analyzed in Bunea
et al. [42].

Some other non-asymptotic approaches have been developed for estimator selection
in the regression setting with unknown variance 6. The slope-heuristic developed by
Birgé and Massart [33], A{lot and Massart [9], and Arlot and Bach [6] builds on the
following idea. Consider f; selected by minimizing a penalized criterion crit(f) =

Y — £ 17+ pen(fA;L). Assume that there exists some penalty penmin(ﬁ), such that

e when pen(f;) = Kpen,;,(f3) with K > 62, we have an oracle risk bound like
Theorem 2.2 for f;, and

e when pen(f,) = Kpen,;,(f2) with K < 62, we have fi ~Y.

For example, in the setting of Exercise 2.8.1 in Chapter 2, the penalty penmin(fm) =
2|m|log(p) is a minimal penalty. When such a minimal penalty exists, we then ob-

serve the following phenomenon. Define /)LK by
A € argmin { ¥ = 7+ Kpenyyn (F2) }.
€A

When K < 62, we have ]%K ~ Y, whereas when K > o2, we have ||¥ —j/%KH large.

The rough idea is then to track a value K where this transition occurs and use
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this value as an estimator of 6. We refer to the original papers [33] and [6] for a
more precise description of the slope-heuristic procedure and some non-asymptotic
bounds.

Another approach based on pairwise test comparisons on a discretized space has been
proposed and analyzed by Baraud and Birgé [31, 16, 18]. The procedure cannot be
easily sketched in a couple of lines, so we refer to the original papers. This estima-
tor selection technique has the nice feature of being very flexible, and it enjoys the
property to be able to automatically adapt to the distribution of the noise. This last
property is extremely desirable, since we usually do not know the distribution of the
noise. Unfortunately, the computational complexity of the selection procedure is gen-
erally very high and it cannot be directly implemented even in moderate dimensions.

As mentioned above, there is a need for some efforts to strengthen the theory of
estimator selection. We refer to Giraud et al. [82] for a recent review on this issue in
the regression setting.

7.6 Exercises
7.6.1 Expected V-Fold CV ¢2-Risk

A natural setting for analyzing the V-fold CV selection procedure is the random
design regression setting, where the observations (¥1,X1),...,(¥,,X,) are i.i.d. with
common distribution P. We assume in the following that the variance of Y is finite,
and we keep the notations of Section 7.2. Writing f(x) for (a version of) the con-
ditional expectation f(x) = E[Y |X =x], we have ¥; = f(X;) + & with the g,...,¢&,
i.i.d. centered and with finite variance.

For any measurable function g : R” — R, we denote by [|g||;2(px) the expectation
1/2

lgllzer = E [g(%1)?] 2.

1. Prove that E [|X,] = 0and E [(¥; —g(X1))?] = ||g —f||i2<PX

2. Prove the equality

)+ var(gy).

E[(Yi = Fu(Z-1,, X)) =B, [IFL(Z-1,,) = fl2a o) | +var(en),

where E_j, refers to the expectation with respect to Z_j, .

3. Conclude that the expected value of the V-fold CV (2-risk Rey[Fy] defined
by (7.1) is given by

E [ﬁCV[F)L]} =E [HFA(@Jla')_inZ(PX) +var(er).

Remark. Since the variance of € does not depend on A, the V-fold CV 2
risk is equal up to a constant to an unbiased estimator of the integrated risk

E_j [||F,1(_@_1l .0 _f”iZ(PX)] This risk can be viewed as an approximation of the
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risk E [HFA (2,)—f ||i2(PX) , which measures the mean L?-distance between the es-
timator F) (Z,-) of f and f.

7.6.2 Proof of Corollary 7.5

The proof of Corollary 7.5 builds on the link (7.21) between the Lasso and square-

root Lasso estimators. The idea is to bound 6 = ||Y — XB ||/+/n from above and below
and apply Theorem 5.1 for the Lasso. To bound &, we essentially check that

lell = IX(B— B _ ~ _ llell+IX(B - B°)]
NG =0= NG

and then bound HX(E — B*)|| with (7.16). In the following, we work on the event

(7.23)

= {3X" ¢l < po and |o— ] /vl < (1-27")a }.

1. Prove that the event .« has probability at least 1 —e = — (1 +¢2)e /24,
2. Check Inequalities (7.23).

3. From Lemma 7.4, prove that under the hypotheses of Corollary 7.5 we have on
the event &7 for § <1/5

18B*|o 95 )2
IXB =B < 57— g7 Ve = 331 gy e = (12772 el

4. Check that we have 3|X” €|.. < 216 on the event 7.
5. From Theorem 5.1, prove that on the event .7 we have

IX(B — ﬁ>2<mf{||x<ﬁ B2+ 4’“2‘)’ 1Blo

| gy 202(L ()0
< o {Ix(p - gy P4 ZAELLEPI 1) |

and conclude the proof of Corollary 7.5.

7.6.3 Some Properties of Penalty (7.4)

For any positive integers D, N, we denote by Xp and Xy two independent positive
random variables, such that X3 and X3 are two independent chi-square random vari-
ables with, respectively, D and N degrees of freedom. We write

po(x) =27PP0(D/2) kP2 e P 1p, (x), xe€R

for the probability distribution function of X,%. From (B.4), page 302, in Chapter B
we have VD —4 <E[Xp] < v/D. In the following, d,,, denotes the dimension of the
model S,,.
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A) Computation of the penalty

We prove in this first part that the penalty pen,(m) defined by (7.4), page 144, is
given by pen,(m) = 1.1(n — dy,)xp 4,,, Where x, 4, is solution in x of

n—d,—1
T = (dn+ 1P| F, ] —
m ( n+ ) (dm+3,n dn—1 = d, +3 x)

n—d,+1

24
a1 X>7 (7.24)

—x(n—dpn—1)P (de+1,nd,,,+1 >

where Fy - is a Fisher random variable with d and r degrees of freedom.
1. Check that xpp(x) = Dpp2(x) for any positive integer D and x € R.
2. For o0 > 0 prove the equalities

E [(X5 — aXy)+ / / xpp(x)pn(y) dxdy — 06/ / ypp(x)pn(y) dxdy
ay
=DP(Xp,, > ocXN) — aNP (Xp > oXy,,) -
3. Conclude the proof of (7.24).

B) An upper bound on the penalty

In this second part, we prove that for any model m fulfilling

(\/dm+1+2\/10g(8/7rm))2 <n—dy—5, (7.25)

we have the upper bound

pen,,(m) < 2. 2ﬁ (Ve +T+2/log( 8/7rm)) (7.26)

(we refer to Proposition 4 in Baraud et al. [19] for a tighter upper bound).
Let L > 0 and N, D be such that

\@+2ﬁ<

t =
D.,N,L N _4

We define the function F; : RV*P — R by

F(x1,...,xpsN) = x%—&—...—i—x%)—t\/x%)ﬂ—|—...+x%)+N.

1. Prove that Fy,, , is v/2-Lipschitz. By considering the variable F,,, , (¢) with € a

standard Gaussian random variable in RV P, prove with the Gaussian concentra-
tion Inequality (B.2) and the Inequalities (B.4) in Appendix B that there exists a
standard exponential random variable &, such that Xp —tp v 1 Xy < 2+/& — 2VL,

and thus 5
Xz% - 2t12),N.LX1\2/ <38 <\/E— ﬁ)Jr



EXERCISES 157

2. Prove that for any a,b > 0 we have (a—b)? < (a® —b?*) ., and check the inequality
E {(xg - 2;5,N7LX£)+] <BE[(E—L),] =8¢ L.

3. From Definition (7.4) of pen,(m) conclude that we have the upper Bound (7.26)
when the Condition (7.25) is met.

7.6.4 Selecting the Number of Steps for the Forward Algorithm

We consider the linear regression setting Y = Xf* + & = f*+ € with * € R? and
the collection of models {S,, : m € .#} defined in Section 2.2, page 32, Chapter 2
for the coordinate-sparse setting. For A = 1,2,..., we denote by 7y = {ji,...,ja}

the forward selection algorithm defined recursively by
Jr € argmin||Y—ProjS{jl 2.

J=1,..p i 107}

For m C {1,...,p}, we set @, = p~% with d,, = dim(S,,). In the following, we
restrict to models fulfilling

2
(\@+2\/10g(8p)) dy < n—dy —5. (1.27)
We define
M= {ﬁk 1A =1,2,... such that d5, fulfills (7.27)},
A= A=12,...:my € ////\}, and S, = S+ < f* >, where < f* > is the line
spanned by f*.
For A = 1,2,..., let us define f;L = Proj Sy Y. The goal of this exercise is to prove

that there exists a numerical constant C > 1, such that when fi 1S a minimizer of
Criterion (7.3) over {f;t :A=1,2,... }, we have

E[If -] <cE [ inf {15 = 171+ g, tog(p)o*+ 02}} L a2
S
1. Prove that the set "Aﬁ is a solution of
i € argmin {[|Y — Projg, Y||* + pen,(m)G,, } .

me M

2. Following lines similar to the beginning of the proof of Theorem 2.2, prove that
forany A € A

1F = £ <N f = £71P + 2peng (ia )G, + (1.1) M| fa = £7I* +2(A)
D) F 1P+ 2,

where Z(4) =1.1||Projs._€||* — pen, (i} )63

”‘ll

’ﬁl.
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3. Check that ||Y — Projg Y||? is stochastically larger than ||€ — Projg &%, and then

E| sup Z(A

) < Y E|[(1.1][Projg, &||* — pen, (m )8,3,)+}
=12,...

meH [
» peng(m) 2
| (11Pro, e~ P22 e - pr e )J
1

VP62 < ec?.

me///
<(l+p~

4. Prove that when Condition (7.27) is fulfilled, we have n — d,, > 24 and (7.25) is
fulfilled. Conclude that according to (7.26), we then have pen, (m) < 2.2(n—d,,)

and
peng(m) <3 (\/§+ 2\/10g(8p))2dm

5. Prove that
2

Gy < (Il = Projg, ]|> + || f* — Projg, f*|*)
n—d,
2 .
gn y (2n62+(H£||2—2n62)++||f*—PrOJSmY||2>.
—Um

6. By combining the two last questions, prove that when A € A, we have

penﬂ' (ﬁ\/ll ) 8}’%1

2 ~
<24 (V2+2V/log(8p)) " dn, 0> +5 (le]* ~ 2n0%) , +5]1f" = >

7. Conclude the proof of (7.28) by combining Questions 2, 3, and 6.



Chapter 8

Multivariate Regression

In the previous chapters, we have focused on a response y that was 1-dimensional. In
many cases, we do not focus on a single quantity y € R, but rather on a 7-dimensional
vector y = (y1,...,y7) € RT of measurements. It is, of course, possible to analyze
each coordinate y, independently, but it is usually wise to analyze simultaneously the
T coordinates yq,...,yr. Actually, when yy, ..., yr are the outcome of a common pro-
cess, they usually share some common structures, and handling the 7 measurements
¥1,-..,yr together enables to rely on these structures.

In this chapter, we give a special focus on the case where the measurements lie in the
vicinity of an (unknown) low-dimensional space. In a linear model, this kind of struc-
ture translates in terms of low-rank of the regression matrix. We present in the next
sections a theory for estimating low-rank matrices and then we investigate how we
can handle simultaneously low-rank structures with some other sparsity structures.

8.1 Statistical Setting

We now consider the problem of predicting a 7T-dimensional vector y from a p-
dimensional vector of covariates. Similarly to the examples discussed in Chapter 2,
the linear model is the canonical model and many different situations can be recast
as a linear model. Henceforth, we consider the following model

YO = (A9TxD 4 i=1,.. n, 8.1)

where y) € RT, x() € RP, A* is a p x T-matrix, and the € are ii.d. with
N (0,6%I7) Gaussian distribution in R”. Writing ¥ and E for the n x T matrices
Y = [y,<1>]i=1,_,__n7 =1, 7and E = [8,(')],'211,_,’”_, =17, Model (8.1) can be formulated
in a matrix form

Y=XA"+E, 8.2)
where X is defined as in the previous chapters by X;; = xy) fori=1,...,n and
j=1,...,p. Let M} denote the k-th column of a matrix M. If we consider each

column of Y independently, then we have T independent linear regressions

Yk:XAZ—I—Ek, k=1,...,T.

159
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We can consider each regression independently, yet, as mentioned above, these T
regressions may share some common structures, and it is wise in this case to ana-
lyze the T regressions simultaneously. Assume, for example, that the vectors A} are
coordinate sparse. In many cases, the vectors Af,...,A} share the same sparsity pat-
tern, and then it helps to analyze simultaneously the T regression; see Section 8.4.1.
The T vectors A7, ...,A} may also (approximately) lie in a common (unknown) low-
dimensional space. It then means that the rank of A* is small. We understand in
Section 8.3 how we can capitalize on this property. Finally, we investigate in Sec-
tion 8.4.2 how we can handle simultaneously low-rank properties with coordinate-
sparsity.

8.2 Reminder on Singular Values

Singular values play a central role in low-rank estimation. This section is a brief
reminder on singular values; we refer to Appendix C for proofs and additional results.

Singular value decomposition

Any n x p matrix A of rank r can be decomposed as A =}, oju;v T, where
e 0;>...20,>0,

e {0},...,07} are the nonzero eigenvalues of A”A and AAT, and
e {uj,...,u,}and {vy,...,v,} are two orthonormal families of R" and R?, such that
AATuj=o7u; and ATAv;=ocjv;, forj=1,...,r

We refer to Theorem C.1, page 311, in Appendix C for a proof. The values o1, 02,...
are called the singular values of A.

Some matrix norms

In the following, we denote by 07(A) > 0>(A) > ... the singular values of a matrix
A ranked in decreasing order. For k > rank(A), we define ox(A) by o;(A) = 0. The
Frobenius (or Hilbert—Schmidt) norm of A is defined by

rank(A)

||A||%:ZA = trace(ATA) = Z

For any integer g > 1 the Ky—Fan (2,¢)-norm is defined by

lAltq) = Z

B}

For g = 0 we set [|A[[(2,0) = 0. We observe that [|A[| 2. < [|Al|F, s0 A — [|Al|(2,4) is
1-Lipschitz with respect to the Frobenius norm. For ¢ = 1 the Ky—Fan (2, 1)-norm
corresponds to the operator norm

[l 2.1y = 01(A) = |Alop =

x: x| <1
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see Appendix C. In the next sections, we repeatedly use the two following properties
(see Theorem C.5, page 315, in Appendix C for a proof):

1. For any matrices A,B € R"*7, we have

(A,B)r < [|All 2, 1Bl 2,5 (8.3)

where r = min(rank(A),rank(B)).

2. For any g > 1, we have

. A—B|2% = o.(A)? f <r= k(A 8.4
B:raﬁ}g)gq” 7 k:;’rl «(A)” for g < r=rank(A) (8.4)

and ming. i ()<q |4 — B||%2 = 0 for ¢ > r. The minimum is achieved for

gNr
A =Y oAy . 8.5)
k=1

The matrix (A), is then a “projection” of the matrix A on the set of matrices with
rank not larger than g.

8.3 Low-Rank Estimation

8.3.1 When the Rank of A* is Known

In Model (8.2), with {E;; :i=1,....,n,t=1,...,T} ii.d. with .#/(0,0?) Gaussian
distribution, the negative log-likelihood of a matrix A is

1 T
~log-likelihood(4) = 55 |¥ —XA|[} + ”7 log(2762),

where || - || is the Frobenius (or Hilbert—Schmidt) norm. If we knew the rank »* of
A*, then we would estimate A* by the maximum-likelihood estimator A,+ constrained
to have a rank at most r*, namely

A, € argmin ||Y —XA|%, (8.6)
rank(A)<r

with r = r*. This estimator can be computed easily, as explained below.

The next lemma provides a useful formula for XA, in terms of the singular value de-
composition of PY, where P is the orthogonal projector onto the range of X. We refer
to Appendix C for a reminder on the Moore—Penrose pseudo-inverse of a matrix.
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Lemma 8.1 Computation of XX,

Write P = X(XT"X)* X for the projection onto the range of X, with (X X)* the
Moore—Penrose pseudo-inverse of X! X.

Then, for any r > 1, we have XA, = (PY) (-

As a consequence, denoting by PY = szml( PY)

sition of PY, we have for any r > 1

O'kukv,{ a singular value decompo-

rArank(PY)
n T
XA, = Z Ok UiV -
k=1

Proof. Pythagorean formula gives ||Y — XM||2 = |Y — PY||% + ||PY — XM||% for
any p x T-matrix M. Since the rank of XA, is at most r, we have ||PY — XA,||% >
|PY — (PY)(,)||}. and hence

1Y = (PY) I [Y —PY |7 +|PY = (PY) I

IY = PY |} +[[PY — XA, |} = Y = XA/} (8.7)

IN

To conclude the proof of the lemma, we only need to check that we have a decom-
position (PY)(,) = XA, with rank(A,) < r. From Pythagorean formula, we get

IPY — (PY)(r |7 = IPY = P(PY ) (5 [7 + | (1 = P)(PY) |-
Since rank(P(PY),)) < r, the above equality ensures that

(PY)(r) = P(PY )y = X (X"X)"XT (PY) ),

—A,

with rank(A,) < rank((P ) ) r. According to (8.7), the matrix A, is a minimizer
of (8.6) and finally XA, = XA, = (PY), 0

According to Lemma 8.1, for r > rank(PY), we have XA, = XA\rank(PY)- Since
rank(PY) < gA T, with ¢ = rank(X) < nA p, we only need to consider the col-
lection of estimators {Al, qAT} As a nice consequence of Lemma 8.1, the
collection of estimators {XAl, ,XAqAT} can be computed from a single singu-
lar value decomposition of PY. We also observe from the above proof that the matrix
A, = (XTX)"XT(PY),) is a solution of the minimization problem (8.6). Let us now

investigate the quadratic risk E [HXX, — XA*||] of the estimator XA,.

We remind the reader that (M) denotes the k-th largest singular value of a matrix
M, with oy (M) = 0 for k > rank(M).
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Proposition 8.2 Deterministic bound

For any r > 1 and 6 > 0, we have

XA, —XA*[[} < 2(0) ¥ 0k(XA")? +2¢(8)(1+ 6)r|PE[2,,

k>r

with ¢(0) = 1+2/8.

Proof. Write }'; oy (XA*)ukva for a singular value decomposition of XA*. Following
the same lines as in the proof of the previous lemma, we can choose a matrix B of
rank at most r, such that

XB = (XA*)(r) = Z Gk(XA*)ukVIZ.
k=1

From the definition of A,, we have that ||Y — XA\,H% < ||Y — XB||2, from which fol-
lows that

XA, — XA*||2 < || XB—XA*||2 +2(E, XA, — XB). (8.8)

Since XB and XZ, have a rank at most r, the matrix XX, — XB has a rank at most 2r,
and according to (8.3), we obtain

(E, XA, —XB)p = (PE,XA, — XB)F < ||PE||(2.2,)||XA, — XB]|. (8.9)
We have ||PE|7, ,,, < 2r|PE[3, and | XA, —XBl|r < || XA, —XA*||p +||XB—XA*||F,

so using twice the inequality 2xy < ax® + y? /a for all @ > 0, x,y > 0, we obtain by
combining (8.8) and (8.9)

(1—1/a)| XA, = XA"|[} < (1+1/b)|XB—XA* ||} +2(a+b)r|PEl5,.

The proposition follows by choosinga =1+ 0/2 and b = 6 /2. O

In order to obtain an upper bound not depending on the noise matrix E, we need a
probabilistic upper bound on |PE|op. Investigating the singular spectrum of random
matrices is a very active field in mathematics, with applications in statistical physics,
data compression, communication networks, statistics, etc. In particular, the operator
norm |PE |§p is known to be almost surely equivalent to (,/g+ v/T)*0?, as ¢ and
T goes to infinity (we remind the reader that ¢ is the rank of X). We also have a
non-asymptotic result, which is a nice application of Slepian’s lemma [143].

Lemma 8.3 Spectrum of random matrix
The expectated value of the operator norm of PE is upper-bounded by

E[|PE|op)] < (ﬁ+ \/T) G, with g = rank(X). (8.10)
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We refer to Davidson and Szarek [61] for a proof of this result and to Exercise 12.9.6
(page 288) for a proof of this bound with less tight constants.

The map E — |PE|o, is 1-Lipschitz with respect to the Frobenius norm, since
|PE|op < ||[PE||F < ||E||F, so according to the Gaussian concentration Inequal-
ity (B.2), page 301, there exists an exponential random variable & with parameter
1, such that |PE oy < E [|PE|op] + c+/2&. Since (a+b)? < 2(a* +b?), we have

2
E[|PEZ,) < 2E[|PEly)’ +40°E[E] <3 (va+VT) o> @.11)
According to (8.4), we have
: XA_XA*2> : XA_XA*2: XA*Z
min_| >, min | 3= Y ouxay,

rank(A)< kor

so combining Proposition 8.2 (with 8 = 1) with this inequality, and (8.11) gives the
following risk bound.

Corollary 8.4 Risk of A,
For any r > 1, we have the risk bound

E [||X/I, - XA*||%} <9Y 6i(XA")2+36r (\/ZH \/T>2 o2,

k>r
2
<36 mi XA — XA*|)? T) o2
<36_min_{| e (va+vT) o),
(8.12)

with g = rank(X).

Let us comment on this bound. We notice that if r = r* = rank(4*), Bound (8.12)
gives
—~ 2
E MXA,* —XA*H%] <365 (\/21+ \/T) 2.
Conversely, it can be shown (see [80] at the end of Section 3) that there exists a

constant C(X) > 0 only depending on the ratio 61 (X)/0,(X), such that for any r* <
g AT with g = rank(X), the minimax lower bound holds

~ 2
inf  sup E {||XA - XA*||%} > C(X)r* (\/21+ \/T) o2,
A A*: rank(A*)=r*

where the infimum is over all the estimators A. This means that, up to a constant
factor, the estimator A, estimates matrices of rank r at the minimax rate.

Furthermore, according to (8.4), when A* has a rank larger than r, any estimator A of
rank at most r fulfills

IXA™ = XA7 > | XA — (XA") )7 = ¥ 0x(XA")*.

k>r
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Therefore, the term Y-, 6x(XA*)? is the minimal bias that an estimator of rank r
can have.

8.3.2 When the Rank of A* Is Unknown
\then the rank r* of A* is unknown, we would like to use the “oracle” estimator
A,,, which achieves the best trade-off in (8.12) between the bias term ¥, o3 (XA*)?

and the variance term r (/g + VT )2 o2. Of course, the oracle rank r, is unknown
since it depends on the unknown matrix A*. Similarly to Chapter 2, we select a rank
7 according to a penalized criterion and show that the risk of Az is almost as small as
the risk of A, .

For a constant K > 1, we select 7 by minimizing the criterion

2
¥ € argmin {||Y XA, |? + o?pen(r )}, withpen(r):Kr<\/T+\/Zj) .

r=1,...gN\T
L (8.13)
According to (8.6), the estimator A = A7 is then solution of
~ 2
Aeargmin{Y—XA|2+Krank(A) (\/T'i-\/Z]) 62}, (8.14)
AcRPXT

since the rank of the solution to (8.14) is not larger than rank(PY) < gAT. Let us
analyze the risk of XA with A = AA

Theorem 8.5 Oracle risk bound
For any K > 1, there exists a constant Cx > 1 depending only on K, such that the

estimator A defined by (8.14) fulfills the risk bound (with ¢ = rank(X))

E[IXA-Xa"}] <c_min  {B[IXA, - XA" 3] +r(VT + va)0? }.
' (8.15)

If ‘we compare Bounds (8.12) and (8.15), we observe that the risk of the estimator
XA is almost as good as the risk of the best of the estimators {XA,, r=1,...,q\T}.
Since the estimator A can be computed with a single singular value decomposition,
we can adapt in practice to the rank of the rEatrix A*. Combining (8.12) and (8.15),
we obtain the upper bound for the risk of XA

B |[XA—XA*[}] < Ci min {||XA—XA"|} +rank(A)(T +¢)0%},  (8.16)
c X

with Ck > 1 depending only on K > 1 (again, the minimum in (8.16) is achieved for
A with rank not larger than g A T).

Proof of Theorem 8.5
1- Deterministic bound
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Let us fix r € {1,...,¢gAT}. From the definition of 7, we have that ||¥ — XA||2 +
o?pen(7) < ||Y — XA > + o®pen(r), from which it follows that
IXA — XA"||7 < || XA, — XA"|[} +2(PE, XA ~ XA, ) + 6”pen(r) — 6 pen(7).
(8.17)
Similarly as in the proof of Theorem 2.2 in Chapter 2, if we prove that for some
a>1,b>0
2(PE,XA—XA,)r — o%pen(F) < a”'[|XA — XA*||7 + b~ | XA, — XA*||} + Z,,
(8.18)
with Z, fulfilling E Z,] < ¢ (\/g+ VT ) ro? for some constant ¢ > 0, then we have
from (8 17)

a— b+1

B [Ix4-xa" 3] < TR [IXA, - Xa*|}] + (K +0) (va+ VT) ro

and (8.15) follows.

Let us prove (8.18). As in the proof of Proposition 8.2, we bound the cross-term in
terms of the operator norm of PE. The rank of XA — XA, is at most 7+ r, so according
to (8.3), we have for any a,b > 0

2(PE, XA —XA,)r

< 2||PE|| 274, XA XA, |

< 2IPE|op V77 (XA = XA" | +||XA, — XA"| )

< (a+b) (F+7)[PE[3, +a™"[|XA —XA"[|7 + b~ | XA, — XA"||7,

where the last line is obtained by applying twice the inequality 2xy < ax* +y?/a. We
then obtain (8.18) with

Z,=(a+b)(F+r) |PE\§p — o’pen(7).
It only remains to prove that E[Z,] < ¢ (,/g+ \/7)2 ro? for some ¢ > 0.

2- Stochastic control

The map E — |PE|,p, is 1-Lipschitz with respect to the Frobenius norm, so according
to the Gaussian concentration Inequality (B.2), page 301, and Bound (8.10), there
exists an exponential random variable & with parameter 1, such that

|PE|lp < © (ﬁ+ \/21) +04/2€.
Since ¥ < g AT, takinga = (3+K)/4 and b = (K — 1) /4 we obtain that
7 ((a+b)IPE3, — KT + /3)*c?)

< S ann (ipek, - 1+K<f+f> ).

< IJQK(Q/\T)<(f+\[+\/>) e f+\[)> o,
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From the inequality (v/T +,/g+1/2&)? < (1+a)(VT +/q)> +2E (1 4+ 1/a) with
o= (K—1)/(K+1), we obtain

E[7((a+b)IPER, ~ KT+ a)7e?)| < z% (qAT)GE[E].

Since g AT < (VT + \/21)2 /4, combining this bound with (8.11), we get (8.18), with

K(1+K
E[Z ]<3—(\[+\f) o’r+2 ( 1)(q/\T)c72
K+1 K(1+K)
<
< (355 5 )>(\F+\f)
and the proof of Theorem 8.5 is complete. a

8.4 Low Rank and Sparsity

As explained at the beginning of the chapter, the matrix A* in (8.2) is likely not only
to have (approximately) a low rank, but also to be sparse in some sense (coordinate
sparse, group sparse, etc.). Therefore, we want to exploit simultaneously the low rank
structures and the sparse structures to improve our estimation of A*.

As a first step, we start with the case where the matrix is row sparse.

8.4.1 Row-Sparse Matrices

A natural assumption is that the response y@ = ‘]-’:1 Ajfixy) +eW depends from x

only through a subset {xS-i) : j € J*} of its coordinates. This means that the rows of
A* are zero except those with index in J*. Again, the difficulty comes from the fact
that the set J* is unknown.

Estimating a row-sparse matrix simply corresponds to a group-sparse regression as
described in Chapter 2. Actually, the matrix structure plays no role in this setting,
and we can recast the model in a vectorial form. We can stack the columns of A* into
a vector vect(A*) of dimension pT and act similarly with ¥ and E. Then, we end
with a simple group-sparse regression

vect(Y) = Xvect(A*) + vect(E),

where
X 0 O
X _ 0 0 c R ><pT7
0 0 X

and where the p groups Gy ={k+pl:1=0,...,T — 1} fork=1,..., p gather the in-
dices congruent modulo p. We can estimate vect(A*) with the group-Lasso estimator
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(see Chapter 5, Section 5.3.1, page 103)

~ - P
vect(Ay) € argmin{”vect(Y) ~XB|*+A Y ||ﬁG,||} .
j=1

BeRPT

Writing A ;. for the j-th row of A, the above minimization problem is equivalent to

A Eargmm{HY XA||F+/IZ||A ||} (8.19)
ACRP*T
We assume in the following that the columns Xj,...,X,, of X have unit norm. We

observe that in this case the operator norm |)~(Gk lop Of

Xx 0 O
in — 0 0 c RnTXT
0 0 X

is 1 for every k = 1,..., p. We can then lift the risk Bound (5.20) from Chapter 5,
page 105.

Theorem 8.6 Risk bound for row-sparse matrices

For A = 30'(\/T+ 2\/10g(p)), we have with probability at least 1 — 1 /p

180 2
IXA; —XA*[|} < nin {IIXA XA*|[F + %) /(A )I(T+410g(1?))},
(8.20)
where J(A {]6{1 7P}:Aj;7é0} and
Kc(A) = min JA)IIXB|lr with €c( { Z 1Bl <52 |Bj. ||}
Be6G(J Z]EJ 1B jere

We next investigate whether we can improve upon Theorem 8.5 and Theorem 8.6 by
taking simultaneously into account low rank and row sparsity.

8.4.2 Criterion for Row-Sparse and Low-Rank Matrices

We now consider the case where the matrix A* has a low rank and a small number of
nonzero rows. The rank of a matrix is not larger than the number of its nonzero rows,
so the estimator (8.19) already has a small rank. But here we have in mind a case
where the rank of A* is much smaller than the number of its nonzero rows, and we
want to exploit this feature. The rank of A* and the location of its nonzero rows are
unknown. We first investigate how much we can gain by taking into account simulta-
neously row sparsity and low rank. In this direction, a model selection estimator will
be our benchmark.
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Let 7 be a probability distribution on ({1, ..., p}). For example, we can set
7y = (c,‘f‘) e We—1)/(e—e ) forall JC{1...,p}, 8.21)
with Cllj = p!/(k!(p—k)!). For K > 1, we define A as a minimizer of the criterion
Crit(A) = ||Y — XA||% + pen(A)c?,
with pen(4) = K (\/@ (\/T+ \/M) +/2log (m,})) )2, (8.22)
where r(A) is the rank of A and where J(A) = {j € {1,...,p} : Aj: # 0} is the set of
nonzero rows of A. Penalty (8.22) is very similar to Penalty (2.9), page 35, for model

selection. Actually, the set V; . = {A € RP*T : J(A) C J, r(A) = r} is a submanifold
of dimension r(T +J — r). Since

VAT +VI) = (T T =1) = \Jdim(vs,).

Penalty (8.22) can be viewed as an upper bound of the penalty

2
pen’(A) =K <\/dim(VJ7,) + \/210g(77:J1)) , for Aevy,,

which has the same form as Penalty (2.9).

The minimization Problem (8.22) has a computational complexity that is prohibitive
in high-dimensional settings, since it requires to explore all the subsets J C {1... p}
in general. Yet, the resulting estimator provides a good benchmark in terms of statis-
tical accuracy. We discuss in the following sections how we can relax (8.22) in order
to obtain a convex criterion.

Theorem 8.7 Risk bound for row-sparse and low-rank matrices

For any K > 1, there exists a constant Cx > 1 depending only on K, such that the
estimator A defined by (8.22) fulfills the risk bound

E [||XA - XA" 3]

< Cemin { XA — XA*|[2 4+ +(A)(T + [J(A)])o? + log (ﬂii>)02} . (8.23)

If we choose 7; as in (8.21), we obtain for some constant Cy > 1 depending only on
K>1

E [|IXA - XA"|}]
< Ciemin {[XA —XA" [} +r(4) (T + (4))0” +11(4) log (ep/ [/ (4))) 0°} .
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We observe that the term r(A)(T + |J(A)|) can be much smaller than |[J(A)|T ap-
pearing in (8.20) if r(A) is small compared to min(|J(A)|,T). Similarly, if |J(A)]| is
small compared to rank(X), then the above upper bound is small compared to the risk
Bound (8.16) for the low-rank case. Thus, with an estimator that takes into account
simultaneously row sparsity and low rank, we can get a significant improvement in
estimation.

Proof of Theorem 8.7
1- Deterministic bound N
We fix a nonzero matrix A € RP*T. Starting from Crit(A) < Crit(A), we obtain

XA —XA*|[3 < XA —XA"|[% +2(E, XA — XA)  +pen(4)0? — pen(A) 02, (8.24)

with
pen(4) < 4K (r(A)(T +|1(4))) +1og () )

As in the proofs of Theorem 2.2 and Theorem 8.5, if we prove that there exist some
constants ¢ < 1, ¢p,¢3 > 0 and a random variable Z(A), such that

2(E, XA —XA)r —pen(A)c? < ¢ || XA — XA*||2 + 2| XA — XA*||2 + Z(A), (8.25)

with E[Z(A)] < c3r(A)T o2, then (8.23) follows from (8.24) and (8.25).

Let us prove (8.25). Forany J C {1,..., p}, we write X; for the matrix obtained from
X by keeping only the columns in J, and we define S; as the orthogonal of range(XA)
in range(XA) + range(Xj), so that

range(XA) +range(X,) = range(XA) D S;.

In particular, the linear span S; has a dimension at most |J|. For notational simplicity,
we will write in the following J for J (Z), 7 for the rank of A, P; for the orthogonal
projector onto Sy and P4 for the orthogonal projector onto the range of XA. Since
X(A—A) = P;XA+ PyX(A —A) with rank(P;XA) <7, from (8.3) we get

2(E, XA —XA)r
= 2(P;E,P;XA)p +2(PAE,PAX(A — A))F
<2||PrE| o5 | PPXA|lF +2[| PAE]| F IIPAX(A —A)|lF

K+1[

1PFEIR 5+ IPAENE| + = [IPXANE + I PAX(A - A)|F]

K+1
where we used twice in the last line the inequality 2xy < ax? +a~'y* witha = (K +
1)/2. According to Pythagorean formula, we have ||P;XA||7 + [|[P4X(A — A) |} =
IX(A—A)|7. Since | X(A-A)[|F < (1+5)[IX(A =A%) |7+ (1+567) X (A-A") |7,
taking b = (K — 1) /4, we obtain (8.25) withc; =a ' (1+b) < 1,co =a ' (14+b71)
and

K+ - K+1 -
Z(A) = —— ||PAE||> +A, where A= T”PfE”(sz) —pen(A)c?.
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We observe that E [||P4E||?] = rank (XA) T6? < r(A) T 62, so to conclude the proof
of (8.23), it only remains to check that

E H < KEAD) oo (8.26)

A
K-1

2- Stochastic control
We know from Lemma 8.3 that for any J C {1,...,p} and r < pAT,

E(IPE] o) < VPE[o1(BE)] < ov/r (Vaim(S) +vT) < ovr (VIIT+VT).
Since the map E — [|PJE||( ) is 1-Lipschitz with respect to the Frobenius norm,

the Gaussian concentration Inequality (B.2) ensures for each J C {1,...,p} and r €
{1,...,p AT} the existence of a standard exponential random variable &; ,, such that

1P/El| o) < © <ﬁ(ﬂ+ \/?) +\/E> (8.27)

As in the proof of Theorem 2.2 in Chapter 2, we observe that for all J C {1,...,p}
andall r € {1,...,pAT}, we have

(ﬁ(ﬂ+ ﬁ) +\/?J,r>2
< (\ﬁ (\/er ﬁ) - \/210g(7r;‘)+ \/2 (§J,r10g(7r11))+>2
< KL—fl (ﬁ(ﬁJr \/T) + \/210g(7t11)>2+;_K1 (&rr—log(m 1)), .

(8.28)

Since ¥ < p AT, combining (8.27) with (8.28), we obtain

~ K+1 5 2K [ = —\?
a="J <PfE(2@—,m(w(m+ﬁ>+W> o

_2K(K+1)

2 —1
S—x-1 © < ff_log(nf ))+1Q1~

To conclude the proof of (8.26), we check that

pAT
el(g-toen) 1] <X ¥ E[(&—toe(w ), ]
: + r=1Jc{l,...,.p}
<T Y m=T
Jc{l,...,p}
The proof of Theorem 8.7 is complete. o

The above procedure satisfies a nice risk bound, but it is computationally untractable
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since we cannot explore all the subsets J C {1,..., p}. A natural idea to enforce row
sparsity is to use a group penalty as in (8.20). Yet, if we a add a constraint on the
rank in (8.20), there is no computationally efficient algorithm for solving exactly this
problem. A possible direction for combining sparse and low-rank constraints is to
convexify the constraint on the rank. We discuss this issue in the next section.

8.4.3 Convex Criterion for Low-Rank Matrices

We emphasize that for the pure low-rank estimation of Section 8.3, there is no need
to convexify Criterion (8.14), since it can be minimized efficiently from a single
singular value decomposition. The convexification is only needed when we want to
combine low-rank properties with some other structures as row sparsity. Yet, as a first
step, we start by analyzing the convexification of (8.14).

The main idea underlying the introduction of the Lasso estimator is to replace the
constraint on the number of nonzero coordinates of 3 by a constraint on the sum of
their absolute values. Following the same idea, we can replace the constraint on the
rank of A, which is the number of nonzero singular values of A, by a constraint on
the nuclear norm of A, which is the sum of the singular values of A. This gives the
following convex criterion

Ay € argmin {||Y — XA|% +A[A]. )}, (8.29)
AeRP*T

where A is a positive tuning parameter and |A|. = Y 0x(A) is the nuclear norm of A.
Similarly to the Lasso estimator, we can provide a risk bound for this estimator.

Theorem 8.8 Risk bound for the convex multivariate criterion
Let K > 1 and set

A =2Ko(X) (\FT+ \/51) o, with g =rank(X).

~(K=1(T+q)/2

Then, with probability larger than 1 —e , we have

01 (X)?
0,(X)?

XA, — XA*|2 < igf{ XA — XA*||% +9K> (VT + ﬁ)zdzrank(A)} .

This risk bound is similar to (8.16), except that there is a constant 1 in front of
the bias term (which is good news) and a constant o (X)?/0,(X)? in front of the
variance term (which is bad news). This last constant can be huge in practice, since
the smallest singular values o,(X) of data matrices X tend to be very small. When

this constant remains of a reasonable size, the estimator A , has properties similar to
those of A defined by (8.14).

Proof. The proof is very similar to the proof of (5.13) for the Lasso estimator.

1- Deterministic bound

We first derive a deterministic bound on || XA, — XA* 2.
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Lemma 8.9
For A > 2061(XTE), we have

~ 9/12
XA; —XA*|F < inf <[ XA—XA*|F + ——rank(A) ¢. :
XA X < nr e Y SR

Proof of Lemma 8.9.

Let us introduce the set A := {A € RP*T : A = PgrA}, where Pr is the orthogonal
projector onto the range of X”. Since we have the orthogonal decomposition R? =
ker(X) @range(XT), for all matrices A € R”*T, we have

XPgrA=XA and rank(PgrA) <rank(A).

In particular, in (8.30) the infimum over A € R” *T coincides with the infimum over
A € A, and we only need to prove (8.30) with the infimum over A. Similarly, from
Inequality (C.6), page 315, in Appendix C, we observe that |PXTA,1 [« < \A 2|« with
strict inequality if PxTA 2 F A 2.- Therefore, the estimator A », belongs to the space A.

The optimality condition (D.3), page 323, in Appendix D for convex functions en-
sures the existence of a matrix Z € d|A, |, such that —2X7 (Y — XA, )+ AZ = 0.
Since Y = XA*+ E, for any A € A, we have

2(XA; — XA* XA, —XA)p —2(XTE Ay —A)p +A(Z,A; —A)p =0.

The subgradient monotonicity of convex functions (D.2), page 322 ensures that for
all Z € d|A|«, we have (Z,A; —A)p > (Z,A) —A)p. As a consequence,

forall A € A and for all Z € Jd|A|,, we have

2(XA; — XA* XA, —XA)p <2XTE A, —A)p —A(Z,A; —A)p.  (831)
Let us denote by A = Y, Gkukv,{ the singular value decomposition of A, with
r = rank(A). We write P, (respectively, P,) for the orthogonal projector onto
span{uy,...,u,} (respectively, onto span{vy,...,v,}). We also set P,- = [ — P, and

P} =1—P,. According to Lemma D.6, page 324, in Appendix D, the subdifferential
of |A|. is given by

,
d|Al, = {Z uvy +Pr WP+ W e RP*T with 61 (W) < 1}.
k=1

Let us set W = 2X"E/A. Since 01(W) = 201(X"E)/A < 1, the matrix Z =
Y ukvl + P-WP; belongs to d|A|.. The decomposition

Ay —A=P,(Ay —A)+P/}(A; — AP, + P} (A, —A)P};
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gives

2<XTE7A\/1 _A>F _A‘<Z7A\l _A>F
=2X"E, Ay —A)p — 2B XTEPH Ay —A)p — MY vl Ay — A)p
k=1

=2(X"E, Ay —A)p —2(X"E, B} (A, — AP — A Y wevl Ay — A)r
k=1

vl P(Ay —A)P)r.

-

=2X"E,P,(A} —A))p +2(X"E,P-(A) —A)P,)p — A{
k

Lemma C.2, page 313, in Appendix C ensures that (A,B)r < 61(A)|B|., so

2UXTE, Ay —A)p — A(Z,A) —A)r
<26 (X"E) (|Pu(Ay ~ A)l. + [P (A ~ AP, ) + AIPu(Ay — AR
Since 201 (X7 E) < A, we obtain
2UXTE, Ay —AVp —A(Z,Ay —A)p
< AP(As = A)lo+ AP (AL — AP+ AP (Ay — AR
< A/rank(4) (IR, (Ax = A)llr + 1P (Ax = AP +1IP(Ar ~A)PIF )

where we used in the last line rank(P,) = rank(P,) = rank(A) and the inequality
M|, < y/rank(M) ||M||F from Lemma C.2, page 313, in Appendix C. According to
Inequalities (C.6) and (C.7), page 315, in Appendix C, the three above Frobenius
norms are upper-bounded by ||A; — Al|F, so combining the above bound with (8.31)
and Al-Kashi formula

2(XA;, —XA*, XA), — XA)p = [|XAy, — XA*[|7 + | XA, — XA 7 — || XA - XA*||Z,
we obtain
XAy, —XA*|[7+ [|XA; — XA[[7 < [|XA — XA*[|7 + 32 /rank(A) |A, —A| .

Let us denote by X* the Moore—Penrose pseudo-inverse of X (see Section C.2 in
Appendix C). For any matrix M € A, we have M = PgrM = XXM, and thus again
according to Lemma C.2, page 313, we have

1M < XF|op [ XM |l = 0, (X)~H|IXM]| .

Since A — A, belongs to A, we have ||A; —A||r < o,(X)! IX(A), —A)||r, and there-
fore

n % « ~ 3A+/rank(A)  _~
XA, — XA < || XA — XA ||%—||XAA—XA||%+W||XA,1—XA||F
q

. 922
< XA XA |+

W rank(A),
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where we used in the last line the inequality 2ab < a* + b>. The proof of Lemma 8.9
is complete. O

2- Stochastic control

To conclude the proof of Theorem 8.8, it remains to check that
P (61 (X"E) > Koy (X) (VT + ﬁ)c) < e K=DXT+0/2 forall K> 1. (8.32)

Writing Px for the projection onto the range of X, we have X’E = X" XE, so
01(XTE) < 01(X)o1 (PE). As in the proof of Theorem 8.5, combining the Gaussian
concentration Inequality (B.2), page 301, and the Bound (8.10), we obtain that

o1 (KE)< o (\/TJF\/C?)JFG\/Z?,

for some exponential random variable & with parameter 1. Bound (8.32) follows, and
the proof of Theorem 8.8 is complete. O

8.4.4 Computationally Efficient Algorithm for Row-Sparse and Low-Rank
Matrices

In order to combine the benefits of coordinate sparsity and low rankness, it is natural
to penalize the negative log-likelihood by both the group-#' and the nuclear norms

N P
Ajy € argmm{HY—XA%-i-MA*—i—u Z |Aj:||}7
AeRpxT j=1

where A ;. denotes the j-th row of A and A, u > 0. The resulting criterion is convex
in A.

It is not difficult to combine the analysis for the Group-Lasso estimator and the anal-
ysis of Theorem 8.8 in order to get a risk bound for A, . Yet, the resulting risk bound
does not improve on the results with the nuclear alone or the group norm alone. To
overcome this issue, some iterative algorithms have been proposed, in the spirit of the
Iterative Hard Thresholding / Iterative Group Thresholding algorithms of Chapter 6.

The main recipe is to decompose A = UV with U € R”*" and V € R™”, and to notice
that

(i) the rank of A is smaller than r by construction; and

(i1) if U is row sparse, then A is also row-sparse.

The target is then to minimize the ||¥ — XUV/||% under the constraint that U is row
sparse. It is a hard task as the row-sparse constraint is not convex and in addition
the objective function (U,V) — ||¥ — XUV % is not convex. We could try to apply
an IGT algorithm on (U,V); yet, this cannot be done directly as, for any o > 0, we
have (aU)(a~'V) = UV, so hard thresholding the rows of U is ineffective if the
size of the entries of U are not stabilized. To do so, the second recipe is to add to the
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objective function a penalty proportional to |[U7U —V7V/||2. Such a penalty ensures
that the singular values of U and V are similar, stabilizing the size of the entries of
U.

The objective function is then F(U,V)+ A|J(U)|, where |J(U)| is the number of
non-zero rows of U and

1
F(U,V)=|Y -XUV|%+ 3 v -vTv|z.

Similarly as for the IGT algorithm (6.23), page 131, the related proximal algorithm
amounts to take a gradient step of F' and then to apply a group-thresholding to the
rows of U. When initialized with the group-Lasso estimator (8.19), page 168, the
iterative algorithm can be shown to enjoy a risk bound similar to (8.23) under a
restricted isometry property as (6.10). The proof of this result goes beyond the scope
of this chapter, we refer the interested reader to the paper Yu et al. [166].

8.5 Discussion and References
8.5.1 Take-Home Message

We can easily take advantage of the low rank of the regression matrix A* by im-
plementing the estimator (8.14). It is possible to improve significantly the estimator
accuracy by taking simultaneously into account low-rank structures with row-sparse
structures, as explained in Section 8.4.2. A computationally tractable procedure with
optimal estimation rates can be obtained via an iterative algorithm, as described in
Yu et al. [166].

8.5.2 References

Most of the material presented in this chapter is adapted from Bunea, She, and
Wegkamp [44, 43]. Lemma 8.3 comes from Davidson and Szarek [61], and Theo-
rem 8.8 is adapted from Koltchinskii, Lounici, and Tsybakov [99].

We refer to Bach [13] for the convex Criterion (8.29) and examples of applications.
Finally, Exercise 8.6.3 is adapted from Giraud [80].

8.6 Exercises
8.6.1 Hard Thresholding of the Singular Values

We consider the estimators Xr defined by (8.6) and for A > 0O the selection criterion

7)€ argmin{HY — XA, |} +7Lr}.
r

The selection Criterion (8.13) corresponds to the choice A =K (\ﬁ + \/21)2 o2. With
the same notations as those of Lemma 8.1, we write PY =} Gkukv,f for the SVD
decomposition of PY, with o] >0, > ...
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1. Prove that ||[Y — XA, |2 = ||Y||% — ¥}_, 62 for r < rank(PY).
2. Check that 7, = max {r: 67 > A} and conclude that

A T
XA;?x = ;leﬁkzzl I/lkvk .

8.6.2 Exact Rank Recovery

We denote by r* the rank of A*, by 6;(M) > 02(M) > ... the singular values of M
ranked in decreasing order, and we consider the selection procedure (8.13).

1. Prove from the previous exercise that
PF#£r") =
i (0',*+1 (PY) > VK(VT +/@)o or o,(PY) < VK(T+ \/Ej)cr) .
2. Deduce from Weyl inequality (Theorem C.6 in Appendix C) that
PF#£r) <
P (61 (PE) > min (VE(\/ﬂ Va)0, 0, (XA") — VE(VT + \/21)6)) :

3. Assume that ,+(XA*) > 2v/K(V/T +,/q) 0. Prove that in this case, the probabil-
ity to recover the exact rank r* is lower-bounded by

P(r=r*)>1—exp (_(\/1?2—1)2 (ﬁ—&- \/21)2> .

8.6.3 Rank Selection with Unknown Variance

We consider here the case where both the variance 6% and the rank r* = rank(A*) are
unknown. A classical selection criterion in this setting is

R |y —xa,)2 .
7 € argmin Y = XA, [l , with A >0. (8.33)
r<nT /A nT —Ar
‘We notice that we can recast this criterion as
~ . |y —Xa,|?
7€ argmin { ||Y — XA,||% + A 62} ith 0'2:”7”?7
e argmin { Y — XA/} +24r67 | with 67 = ==

r<nT /A

s0 it can be viewed as a version of (8.13), with the variance 6 replaced by 2. In
the following, we set A = K(v/T +/g)* with K > 1, and we assume that 1 < r* =
rank(A*) <nT/(27).

1. Prove that [[Y — (PY) () |lF < [|E||F-
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2. Deduce from the previous question and Criterion (8.33) that

A(F—r")

*
E||%.
nT_lquh

1Y — (PY) 37 < IEIF —

3. Prove from the above inequality and (8.3) that for any o > 0

N * n * )‘(?_r*)
XAz — XA*[|F < 2(XA; — XA ’E>F_m”E”%
~ A(F—r")
2 —1 *12 2
< O PE[|(g ey + 7 | XA — XA ”F_mHEHF'
4. Check that for ¢ > 1

a—1 ||XA\A7XA*||2 <A, * HEH% +a *|PE‘2 +/\ (X‘PE|2 71”EH%’

a g R d op T op nT )’

5. For o > 1 and § > 0, such that K > a(1+38)/(1 — §)?, combining the bound

- E|J?
r (OC|PE|§p A ”n ”F) <

(aAT) (lPE[5, —A(1-8)*c%), +2(¢AT) ((1 ~ 80>~ T>

with the Gaussian concentration Inequality (B.2), page 301, prove that for § >
1— /"4 ~2/nT

E 2
E [?<a|PE|§p—7L ”nﬂF

)} <2a(14+8 1 (gAT)c? L 4KnTe 9nT/242 52
<2a(1+87")(gAT)o’ +8K5 *ec”.
6. Conclude that there exists a constant Cx > 1 depending only on K > 1, such that
E[I1XA; — XA"[2] < G (T + )0

Compare this bound with (8.16).



Chapter 9

Graphical Models

Graphical modeling is a convenient theory for encoding the conditional dependencies
between p random variables Xi,...,X, by a graph g. Graphical models are used in
many different frameworks (image analysis, physics, economics, etc.), and they have
been proposed for investigating biological regulation networks, brain connections,
etc.

The concept of conditional dependence is more suited than the concept of depen-
dence in order to catch “direct links” between variables, as explained in Figure 9.1
below.

When there is a snow storm in Paris, we observe both
huge traffic jams and plenty of snowmen in parks. So

there is a strong correlation (and thus dependence) be- D
tween the size of the Parisian traffic jams and the number

of snowmen in parks. g
Of course, snowmen do not cause traffic jams. Traffic %
jams and snowmen are correlated only because they are

both induced by snow falls. These causality relationships ;
are represented in the side picture by edges.

W~
Conditional dependencies better reflect these relation- x@ ‘
ships. Actually, conditionally in the snow falls, the size %
of the traffic jams and the number of snowmen are likely
to be independent.

Figure 9.1 Difference between dependence and conditional dependence.

There are mainly two types of graphical models, which encode conditional depen-
dencies in two different ways. We briefly present these two types based on directed
and non-directed graphs in Section 9.2. Our main goal in this chapter will be to learn
the graph of conditional dependencies between (Xi,...,X,) from an n-sample of
(X1,...,X,), with a special focus on the case where the graph has few edges and the
sample size n is smaller than the number p of variables. As explained below, it is a
very hard and non-parametric problem in general, and we will mainly investigate the

179
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case where (X,...,X,) follows a Gaussian distribution with (unknown) covariance
Y. In this case, the conditional dependencies are encoded in the precision matrix X!
and our problem mainly amounts to estimate the locations of the nonzero entries of
a sparse precision matrix.

9.1 Reminder on Conditional Independence

We remind the reader that two random variables X and Y are independent condition-
ally on a variable Z (we write X 1L Y | Z) if their conditional laws fulfill

law((X,Y)|Z) = law(X|Z) @ law (Y |Z).

In particular, if the distribution of (X,Y,Z) has a positive density f with respect to a
o-finite product measure u, then

XY |Z <= [flxylg)=[f(x)f0lz) w-ae
= fly2)=fx2)f(nz)/f(z) p-ae
= [fxlyz)=fxlz) p-ae.,

where f(x,y|z) (resp. f(x|z)) represents the conditional density of (x,y) (resp.x)
given z.

We also recall that for any measurable function %, we have the property
XL Y,W)|Z= XLUY|(ZhW)). 0.1

In order to avoid unnecessary technicalities, we assume in the remainder of this chap-
ter that the distribution of (Xi,..., X)) has a positive continuous density with respect
to o-finite product measure in R”.

9.2 Graphical Models
9.2.1 Directed Acyclic Graphical Models

Let us consider a directed graph g (made of nodes and arrows, with the arrows linking
some nodes) with p nodes labelled from 1 to p, as in Figure 9.2. We will assume that
g is acyclic, which means that no sequence of arrows forms a loop in graph g. We
call parents of a nodes b, such that there exists an arrow b — a, and we denote by
pa(a) the set of parents of a. We call descendant of a the nodes that can be reached
from a by following some sequence of arrows (a included), and we denote by de(a)
the set of descendants of a. For example, in Figure 9.2, the descendants of 11 are
{11,12,18} and its parents are {5,8, 10}.
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Directed acyclic graphical model

Let g be a Directed Acyclic Graph (DAG). The distribution of the random variable
X = (Xi...,X,) is a graphical model according to g if it fulfills the property

foralla: X, 1 {X;, b ¢ de(a }’{XUCEPa( )}

We write £ (X) ~ g when this property is met.

N
}

_eé.f

%

Figure 9.2 Directed Acyclic Graphical models: X, I {X},, b ¢ de(a)} | {Xc, ¢ € pa(a)}.

Let us consider two DAGs, g and g’, with g a subgraph of g’ (denoted by g C g’) and
a random variable X, such that . (X) ~ g. Writing pa’(a) (respectively, de’(a)) for
the parents (respectively, the descendants) of the node a in g’, we observe that, due
to the acyclicity,

pa(a) Cpa’(a) C {1,...,p}\de'(a) C {1,...,p}\ de(a).

Accordingly, it follows from £ (X) ~ g and the property (9.1) of the conditional
independence, that foranya=1,...,p

Xe L {Xy:b¢de'(a)} | {Xc:cepa(a)}.

As a consequence for g C g/, we have £(X) ~ g = £ (X) ~ ¢'. In particular, there
is in general no unique DAG g, such that £ (X) ~ g. Yet, we may wonder whether
there exists a unique DAG g* minimal for the inclusion, such that .Z(X) ~ g*. It is
unfortunately not the case, as can be seen in the following simple example. Consider
X1,...,X, generated by the autoregressive model

Xir1=o0X;+& with Xo=0, « 7& 0 and g i.i.d.
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Since (Xi,...,X)) is a Markov chain, we have
X1,....X) 1L (Xi,...,X,) | X; foralli=1,...,p.
As a consequence, the two graphs
l1—-2—=...—»p and 1+24...<p

are minimal graphs for this model.
A Be careful with the interpretation of directed graphical models!

Our objective in this chapter is to learn from data a (minimal) graph of conditional
dependencies between p variables. Since there is no unique minimal DAG g, such
that £ (X) ~ g, the problem of estimating “the” minimal acyclic graph of a distri-
bution PP is an ill-posed problem. Yet, it turns out that the minimal DAGs associated
with a given distribution only differ by the direction of (some of) their arrows. So
instead of trying to estimate a minimal DAG associated to a distribution [P, we can
try to estimate the locations (but not the directions) of the arrows of the minimal
DAGs associated to P. This problem can be solved efficiently under some conditions
(see Spirtes et al. [144] and Kalisch and Biithlmann [97, 98]). An alternative is to
consider another notion of graphical models based on non-directed graphs, which
are more suited for our problem. We will follow this alternative in the remainder of
this chapter.

Before moving to non-directed graphical models, we emphasize that directed acyclic
graphical models are powerful tools for modeling, defining a distribution P and com-
puting it. These nice features mainly rely on the factorization formula for distribu-
tions P with a positive density f with respect to a o-finite product measure in R”.
Actually, in such a case, for any DAG g such that P ~ g, we have the factorization
formula

I~

O, exp) = | [ f(xilxpag))s 0.2)

1

where f(x;[xpy(;)) is the conditional density of x; given xy,(;). This factorization is
easily proved by induction; see Exercise 9.6.1. A common way to use (9.2) is to
start from a known graph g representing known causality relationships between the
variables, and then build the density f from the conditional densities f (x;|xpy(;)) ac-
cording to Formula (9.2).

9.2.2 Non-Directed Models

We consider now non-directed graphs g (made of nodes and edges, with the edges
linking some nodes) with p nodes labelled from 1 to p, as in Figure 9.3. Graph g
induces a symmetric relation on {1,...,p} by

afb < thereisan edge between a and b in graph g.
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We call neighbors of a, the nodes in ne(a) = {b: b £ a}, and we set cl(a) =ne(a) U

{a}.

Non-directed graphical model

The distribution of the random variable X = (X;...,X,) is a graphical model ac-
cording to graph g if it fulfills the property

foralla: X, L {X,, b¢cl(a)} | {X., c €ne(a)}.

We write £ (X) ~ g when this property is met.

Figure 9.3 Non-directed graphical models: X, \L {Xp, : b= a} | {Xc:c~a}.

Again, we check that if £ (X) ~ g and g C g’ then .Z(X) ~ g', so there is no unique
graph g, such that £ (X) ~ g. In particular, if g4 represents the complete graph (where
all the nodes are connected together), then £ (X) ~ gu. Yet, when X has a posi-
tive continuous density with respect to some o-finite product measure, there exists
a unique minimal graph g, (for inclusion), such that £ (X) ~ g.. We will prove this
result in the Gaussian setting in Section 9.3, and we refer to Lauritzen [101], Chapter
3 for the general case. In the following, we call simply “graph of X’ the minimal
graph g, such that Z(X) ~ g..

There is a simple connection between directed and non-directed graphical models.
Let g be a directed graph such that £ (X) ~ g. We associate to g the so-called moral
graph, which is the non-directed graph g, obtained as follows:

1. For each node, set an edge between its parents in g.
2. Replace all arrows by edges.
We refer to Figure 9.4 for an illustration.
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moralization

Figure 9.4 Moralization of a Directed Acyclic Graph. Left: the original graph. Right: the
associated moral graph. The extra edges linking the parents are represented with dashed lines.

Lemma 9.1 From directed to non-directed graphical models

Let g be a directed graph, and write g, for its (non-directed) moral graph defined
above. Then, if X has a positive density with respect to a o-finite product measure,

LX)~ g = LX)~ gu.

We refer to Exercise 9.6.2 for a proof of this lemma. We emphasize that the moral
graph g,, may not coincide with the minimal graph g, associated to X.

In the following, our goal is to estimate from an n-sample the minimal graph g,, such
that Z(X) ~ g.. In general, it is a very hard problem in high-dimensional settings.
Actually, a result due to Hammersley and Clifford [89] ensures that a distribution
with positive continuous density f is a graphical model with respect to a non-directed
graph g if and only if f fulfills the factorization

= 1] fbx), 9.3)

cecliques(g)

where the f, are positive functions and the cliques of g are the subgraphs of g that are
completely connected (all the nodes of a clique are linked together; for example, the
nodes 14, 16,17, 19 form a clique in Figure 9.3). We refer again to Lauritzen [101]
Chapter 3 for a proof of this result. Trying to infer such a minimal decomposition
of the density f is a very hard problem in general. Yet, it is tractable in some cases,
for example, when (Xi,...,X,) follows a Gaussian distribution. In the following, we
will focus on this issue of estimating g. from an n-sample of a Gaussian distribution.
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9.3 Gaussian Graphical Models

We assume in the remainder of this chapter that X follows a Gaussian .4 (0,X) dis-
tribution, with ¥ unknown and non-singular. Our goal will be to estimate from an
n-sample X (”, X (") of X the non-directed graph g,, minimal for the inclusion,
such that £ (X) ~ g.. We have in mind that the sample size n can be smaller than the
dimension p of X.

We will denote by X the n x p matrix with rows given by the transpose of

X (1), N ¢ (") and we write ¥ for the empirical covariance matrix
~ 1 X (i) (iNT 1 T
Y=- XY (X = X' X.

9.3.1 Connection with the Precision Matrix and the Linear Regression

A nice feature of the Gaussian .#"(0,X) distribution, with X non-singular, is that the
minimal graph g, is encoded in the precision matrix K = X~ !. Actually, let us define
graph g with nodes labelled by {1,...,p} according to the symmetric relation for
a#b

alb <= K, #0. (9.4)

The next lemma shows that g is the minimal (non-directed) graph, such that .Z(X) ~
g.

Lemma 9.2 Gaussian Graphical Models (GGM) and precision matrix

For graph g defined by (9.4), we have

1. £(X) ~ g and g is the minimal graph fulfilling this property.

2. For any a € {1,...,p}, there exists € ~ A (0,K,) independent of
{Xp : b # a}, such that

K,
Xo=— Y 2 Xy+e,. 9.5)

bene(a) 94

Proof.

1. We write nn(a) = {1,...,p} \ cl(a) for the nodes of g non-neighbor to a. Let
us consider the two sets A = {a} Unn(a) and B = ne(a). The precision matrix
restricted to A is of the form

K., 0
Kaa = ( 0 Knn(a)nn<a>> '

Lemma A.4, page 295, in Appendix A ensures that the distribution of X(,)nn(a)
given X, is Gaussian with covariance matrix
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Since independence is equivalent to zero covariance for Gaussian random vari-
ables, the variables X, and X, are independent conditionally on X, (). We note
that this property is no longer true if we remove an edge between a and one of its
neighbors in g, since in this case the off-diagonal blocks of (K44)~! are nonzero.

2. The second point simply rephrases Formula (A.3), page 295, in Appendix A.
O

In the next subsections, we build on Lemma 9.2 in order to derive procedures for
estimating g..

9.3.2 Estimating g by Multiple Testing

Corollary A.4 in Appendix A ensures that, for a # b, the conditional correlation (also
called partial correlation) of X, and X;, given {X, : ¢ # a,b} is given by

- Kab

V Kaa Kbb ’

As a consequence, there is an edge in the graph g, if and only if the conditional
correlation cor(X,, Xp|X, : ¢ # a,b) is nonzero. A natural idea is then to estimate g, by
testing if these conditional correlations are nonzero. When n > p — 2, the conditional
correlations can be estimated by replacing K in (9.6) by the inverse of the empirical
covariance matrix X!

cor(Xy, Xp|Xe : ¢ £a,b) = (9.6)

C/O\I‘(Xu,Xb‘XC . C 7é a,b) = i)\ab =

When cor(X,, X |X. : ¢ # a,b) = 0, we have (see Anderson [3], Chapter 4.3)

ty=\/n—2—px _Pab ~ Student(n — p —2).

V1= Pa

For each a < b, let us denote by p,;, the p-value associated to the test statistic [,;|. We
can then estimate the set of nonzero conditional correlations by applying a multiple
testing procedure (see Chapter 10) to the set of p-values {pyp, 1 <a < b < p}. This
procedure makes perfect sense when # is large, much larger than p. But when n — p
is small, the empirical conditional correlation p,y, is very unstable and the procedure
leads to poor results. When p > n, the empirical covariance matrix X is not invertible,
so the procedure cannot be implemented.

There have been several propositions to circumvent this issue. One proposition is to
work with cor(X,, Xp|X. : ¢ € S), with S a small subset of {1,...,p}\ {a,b} (like
pairs), instead of cor(Xy,Xp|X. : ¢ # a,b); see, e.g., Wille and Biihimann [164],
and Castelo and Roverato [49]. While the empirical conditional correlation



GAUSSIAN GRAPHICAL MODELS 187

cor(Xy, Xp| X, : ¢ € S) does not suffer from instability when the cardinality of S is
small compared to n, it is unclear what we estimate at the end in general.

If we look carefully at the definition of cor(X,,X,|X. : ¢ # a,b), we observe that
the instability for large p comes from the fact that we estimate K by X!, which is
unstable. An idea is then to build a more stable estimator of K.

9.3.3 Sparse Estimation of the Precision Matrix

We have in mind the case where the underlying graph g is sparse (it has a few edges).
Since K, = 0 when there is no edge between a and b in g, the sparsity of g, trans-
lates into coordinate sparsity for the precision matrix K. Exploiting this sparsity can
significantly improve the estimation of K upon £~!. Following the ideas of Chap-
ter 5, we can then estimate K by minimizing the negative log-likelihood penalized
by the ¢! norm of K. Let us first derive the likelihood of a p x p positive symmetric
matrix K € 5’;

—_—

Likelihood(K) = H c};g? exp (Z(X N Tkx (i)>

i=1

e n/2 n o~
= <C22t7g(2> exp <—§<Z,K>F),

where the last equality follows from (X ), KX (@) = (X (x())T K) . Removing the
terms not depending on K, we obtain that the negative-log-likelihood is given (up to
a constant) by

_g log(det(K)) + g (K.D)r.

Since —log(det(K)) is convex (Exercise 9.6.3), the above function is convex. Simi-
larly, as for the Lasso estimator, minimizing the negative log-likelihood penalized by
the ¢! norm of K will induce a coordinate-sparse estimator. The resulting estimator

K, = argmin {’; log(det(K)) + g (K.Z)r+AY Kl } , 9.7)
I(e}”pJr a#b

is usually called the “graphical-Lasso” or simply “glasso” estimator. We point out
that we do not penalize the diagonal elements, since they are not expected to be zero.
From a theoretical point of view, risk bounds similar to those for the Lasso have been
derived for the glasso estimator by Ravikumar er al. [130], under some “compati-
bility conditions” on the true precision matrix, which are hard to interpret. From a
practical point of view, minimizing the convex Criterion (9.7) is more challenging
than for the Lasso Criterion (5.4), but a powerful numerical scheme has been devel-
oped in Friedman et al. [73], and the glasso estimator can be computed in quite large
dimensions (at least a few thousands). This scheme is implemented in the R package
glasso available at http://cran.r-project.org/web/packages/glasso/ .
Nevertheless, some poor results have been reported in practice by Villers et al. [161]
when n < p compared to some other estimation schemes.
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9.3.4 Estimation by Regression

From the second part of Lemma 9.2, we observe that the sparsity of K induces some
coordinate-sparsity in the linear regressions (9.5) fora =1,..., p. We can then recast
our problem in a multivariate regression setting.

Let us define the matrix 6 by 6,;, = —K,p /Ky, for b # a and 6,, = 0. Equation (9.5)
ensures that E[X,|X}, : b # a] = ¥, 6puX), so the vector [y, ]p.p+, minimizes

E (Xa ) ﬁbxb>2

b:b#a

over the vectors B € RP~!. Writing © for the space of p x p matrices with zero on
the diagonal, after summing on a, we obtain

2
p
0 € argminE Z <Xa— Z QbaXb>

6O a=1 b:b#a

= argminE [||X - 67X|?]
0co

= argmin|Z'2(1-0)|%, ©.8)
6O

where the last equality comes from E[||AX||?] = (A,AX)r for X ~ .4#(0,Z). For
a # b, since Ky, # 0 if and only if 6,, # 0, an alternative idea to estimate g is to
build a coordinate-sparse estimator 6 of the matrix 8. If we replace X by Y in 9.8),
we obtain

ISV2(1- 0)|3 = (1 - 0),XTX(I— ) = %HX(F 0)|7-

n
Adding a penalty Q(0) enforcing coordinate sparsity, we end with the estimator
~ 1
0), € argmin { —||X-X06|% JrlQ(O)} .
pco 1

This corresponds to a special case of coordinate-sparse multivariate regression. We
discuss below two choices of penalty for enforcing sparsity: the classical ¢! penalty
as in the Lasso estimator and a ¢! /¢? penalty as in group-Lasso estimator.

With the ¢! penalty

If we choose for Q(8) the ¢! norm of 6, we obtain

" 1
0; cargmin{ —|X—X6[3+4 Y 6] . 9.9)
0cO® n atb
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Since we have

1 p
;||X—X9||,%+7L Y 16w =Y
a#b a=1

1
<n|lxa_ Z ehaXsz_"z’ Z |9ha|)7

b:b+a b:b#a

we can split the minimization (9.9) on € ® into p minimization problems in R”~!

~/1 . 1
[Gf ]_M S argmln{Xa—ZBbXb|2+l|B|gl} fora=1,...,p,
T perrt |7 b

with the notation 6_, , = [6pa]p:p-a. We Tecognize p Lasso estimators that can be
computed efficiently; see Section 5.2.4 in Chapter 5.

Unfortunately, there is a difficulty in order to define a non-directed graph g from
o’ Actually, whereas the zeros of 0 are symmetric with respect to the diagonal, no
constraint enforces that /6\5,1) = 0 when 55; = 0 and conversely. So we have to choose
an arbitrary decision rule in order to build a graph g from 8" . For example, we may
decide to set an edge between a and b in g when either §j,], # 0 or @f; # 0. Another

example is to set an edge a ~ b in g when both §£, # 0 and 515; # 0. In order to
avoid these unsatisfactory rules, we can modify the penalty in order to enforce the
symmetry of the zeros of 0.

With the ¢! //? penalty

The idea is to regroup the non-diagonal indices (a,b) by symmetric pairs
{(a,b),(b,a)} and apply a group-Lasso penalty, namely

~gl 2 1
Gf /t Gargmin{HX—XGH%—i-l Y
6ce® |7 a<b

62, + Gfa} . (9.10)

This estimator has the nice property to be coordinate sparse with symmetric zeros.
. . . . ~ ~ Zl / [2
So there is no ambiguity in order to define a graph g from 6, " .

The minimization problem (9.10) is convex in R”*?; unfortunately, it cannot be split
~pl /92
into p subproblems. It is then computationally more intensive to compute Gf /% than

§f] in large dimensions. We refer to Exercise 9.6.4 for the description of a block
gradient descent algorithm for minimizing (9.10).
Theoretical results

We cannot apply directly the results of Chapter 5 on the Lasso and group-Lasso
estimators, since the design matrix X is random. Nevertheless, we can work condi-
tionally on the design and then integrate the result. For the sake of illustration, we

. . . . ~
give an example of the kind of results that we can obtain for the estimator Gf .

We introduce the population restricted eigenvalue

¢. = max {|Zpmlop : m C {1,...,p}, card(m) <n/(3logp)}
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and define the degree of a matrix A by d(A) = max {|A,|o:a =1,...,p}. Note that
for A = 0, the degree d(0) is equal to the degree of the graph g,, which is defined by
degree(g.) = max{ne(a):a=1,...,p}.

Theorem 9.3 Risk bound for 541

Assume that the diagonal entries of ¥ are equal to one and set cor(¥) =
maxg.zp |Zu7b|. Then there exist some constants C,C',Cy,C,,Cz > 0, such that when

1
1<d(0)<C n

<O =C e N ©-10

for & = C'¢.+/log(p), the estimator 5;{1 fulfills with probability at least 1 —
Ci(p e+ pze’CZ”) the risk bound

~l 21o
=26 o) < P g ©.12)

The above theorem provides a control of [|[£/2(6 — ©)||%. This quantity does not
directly quantify the accuracy of the estimation of g, but rather the accuracy of "'
for predicting the variables X, with (/071 )TX. Actually, assume that we obtain a new
observation X"V ~ .47(0,X) independent of the n-sample used to compute 6. Then

2
i [Erew X;ew _ Z ’G\bf; X[?ew — [Enew [”Xnew _ (’6\41 )T xnew ||2}
a=1 b:b#a

~ 1
= 122187,

where E™V represents the expectation with respect to X™%. Since 0 is the orthog-
onal projection of I onto ® with respect to the scalar product (-,X-)r, Pythagorean
formula gives

2
p —~ ~
ZWW@WZ%wﬂWWGMWWe%%
a=1 b:b#a

The first term represents the minimal error for predicting the X, from the {X}, : b # a}
and the second term corresponds to the stochastic error due to the estimation proce-
dure. Theorem 9.3 gives a bound for this last term. Condition (9.11) requires that the
degree of the graph g, remains small compared to n/log(p). It has been shown that
this condition on the degree is unavoidable (see Verzelen [160]), and the degree of
the graph seems to be a notion of sparsity well-suited to characterize the statistical
difficulty for estimation in the Gaussian graphical model. The second constraint on
the product d(0)cor(X) is due to the use of the lower bound of Exercise 5.5.3 on the
restricted eigenvalues, and it is suboptimal.
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Proof. The proof mainly relies on Theorem 5.1 in Chapter 5 for the Lasso estimator.
Yet, the adaptation to the random design setting is slightly technical and lengthy, and
we only sketch the main lines.

The main idea is to start from the formula

n 12X, = Z n_l/szeab—l—n_l/zea fora=1,...,p,
b#a

with g, ~ .47(0,K,,'I,) and work conditionally on {X}, : b # a} for each a. Then, for

A > 3max|X’ e, /n|,
= aﬂ?' b €a/Nl

combining the risk Bound (5.13) with Exercise 5.5.3, we obtain (after summing the
p bounds)

| I 1 A%|Alo
~IX(6¢ —6)|[% < inf { ~[|X(A—0)]?
nH (% )|F1ilel®{n” ( )HF—’_(1—lld(A)malxb?éa|XZX;7|/n)Jr

- %180
= (1-11d(6) maxp, [XIXp|/n) -

9.13)

To conclude, all we need is to be able to replace n~'/2X by £!/2 in the above bound.
In a high-dimensional setting, where p > n, we do not have ||Xv|?/n ~ ||Z!/2y|?
for all vector v € R”, yet, the next lemma shows that it is true with high probability
simultaneously for all sparse vectors v. More precisely, there exist some constants
0 < c— < ¢4 < 400, such that we have with high probability

1
c_||I="2v]* < ~[[xv]* < crl|I2'2v)?

for all v fulfilling [v]o < n/(3log(p)).

Lemma 9.4 Restricted isometry constants

For 1 <d < nA p, there exists an exponential random variable & with parameter
1, such that

n71/2||XBH - \/cj+1/210g(cg)+5d+\/2?

inf AP :
BiBlo<d |IZ1/2B] ~ vn

(9.14)

where &; = log (4mlog(C%)) /,/8log(C4).

Similarly, there exists an exponential random variable &' with parameter 1, such
that

n”'2XB|

Vd + /210g(Ca) + 8, + /2E'
sup —————— <1+ ! .

BiBlo<a IZ'2BI ~ NG

9.15)
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Proof. We refer to Exercise 9.6.8 for a proof of this lemma. O

To conclude the proof of Theorem 9.3, it remains to check that under the hypotheses
of Theorem 9.3, with probability at least 1 —C;(p~2 + p2e~€2"), we have

1. max,p, |X] €,/n| < Cy/log(p)/n and max,, | X2 Xp|/n < Cycor(X), and
2. d(6!') <n/(6log(p)) when A > C'¢*/log(p)/n,

B ~1 ~1
3. n7YX(8; — O)IIF > c—[|I="/2(6] — 0)|7-

The first point ensures that under the assumptions of the theorem, we have with large
probability A > 3max, |X] &,/n| and d(0) max., | XL X, |/n < 1/22. The two last
points allows to bound ||Zl/2(§/{1 — 6)|)? by a constant times 7~ '|[X (8 — 6)]%.
Plugging this bounds in (9.13), we get the risk Bound (9.12).

Checking the abovethree points is somewhat lengthy; we only point out the main
arguments. The first point can be proved with the Gaussian concentration Inequal-
ity (B.2) and by noticing that Xgea = ||Xp||Na,p» Where N, j, is independent of || X, ||
and follows a Gaussian distribution with variance at most 1. The second point can
be proved by combining Lemma 3.2 in the Appendix of Giraud et al. [82], Exer-
cise 5.5.3, and Lemma 9.4. The last point is obtained by combining Lemma 9.4 with

d(@‘{l —-0) < d(éﬁl)—&—d(e) and the second point. O

Theorem 9.3 describes the prediction performance of the estimator 0" but gives little
information on the recovery of g,.. Various conditions have been proposed to ensure
the recovery of graph g, by the estimator 5”; see, for example, Wainwright [162]
or Meinshausen and Biihlmann [120]. Unfortunately, these conditions are not likely
to be met in high-dimensional settings, and the best we can expect in practice is a
partial recovery of graph g..

9.4 Practical Issues
Hidden variables

It may happen that we do not observe some variables that have a strong impact
on conditional dependencies. For example, if we investigate the regulation between
genes, we may lack the measurements for a key gene that regulates many genes of
interest. In such a case, even if the graph of conditional dependencies between all
the variables (observed and non-observed) is sparse, the graph of conditional de-
pendencies between the sole observed variables will not be sparse in general; see
Exercise 9.6.5. Therefore, the presence of hidden variables can strongly impact the
inference in graphical models. We refer to Exercise 9.6.5 for details on this issue and
an estimation procedure taking into account hidden variables.

Non-Gaussian variables

Our data may not have a Gaussian distribution. As explained above, inferring the con-
ditional dependencies of a general distribution is unrealistic in high-dimensional set-
tings, even when this distribution is a graphical model with respect to a sparse graph.
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In particular, trying to infer graph g and the functions f, in the decomposition (9.3) is
hopeless in a high-dimensional setting without additional structural assumptions. We
need to restrict either to some simple classes of graph g or to some special classes
of densities f. A possible approach is to assume that some transformations of the
data is Gaussian. For example, write F; for the cumulative distribution function of
X; and @ for the cumulative distribution of the standard Gaussian distribution. Then,
the variable Z; = ®~!(F;(X;)) follows a standard Gaussian distribution. A structural
hypothesis is to assume that in addition (Z,...,Z,) has a Gaussian distribution with
non-singular covariance matrix. Then, since the minimal graphs of (X,...,X,) and
(Z1,...,Z,) coincide, we are back to the Gaussian setting. The point is that in prac-
tice we do not know F;. A first approach is to estimate F; with some non-parametric
estimator F; and work with the transformed data (®~!(F(X})),...,® " (F,(X,)))
as if they were distributed according to a Gaussian distribution.

A more powerful approach amounts to estimate the correlation matrix of
(Z1,...,Z,) from the ranked statistics of Xi,...,X, and then replace in the pro-
cedures described above the empirical covariance matrix b by this estimated
correlation matrix; see Exercise 9.6.7 for details and Section 9.5.2 for ref-
erences. This procedure is implemented in the R package huge available at
http://cran.r-project.org/web/packages/huge/.

9.5 Discussion and References
9.5.1 Take-Home Message

Graphical modeling is a nice theory for encoding the conditional dependencies be-
tween random variables. Estimating the minimal graph depicting the conditional de-
pendencies is in general out of reach in high-dimensional settings. Yet, it is pos-
sible for Gaussian random variables, since in this case the minimal graph simply
corresponds to the zero entries of the inverse of the covariance matrix of the ran-
dom variables. The estimation of the graph can even be achieved with a sample size
smaller than the number of variables, as long as the degree of the graph remains small
enough.

In practice, we should not expect more than a partial recovery of the graph when the
sample size is smaller than the number of variables. Furthermore, the variables are
not likely to be Gaussian, and we may also have to deal with some hidden variables.
Handling these two issues requires some additional work, as explained in Section 9.4.

9.5.2 References

We refer to Lauritzen [101] for an exhaustive book on graphical models.
The grapical-Lasso procedure has been proposed by Banerjee, El Ghaoui, and
d’Aspremont [15] and the numerical optimization has been improved by Friedman,
Hastie, and Tibshirani [73]. The regression procedure with the ¢! penalty has been
proposed and analyzed by Meinshausen and Biihlmann [120]. Theorem 9.3 is a sim-
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ple combination of Proposition 5.1 in Chapter 5, Lemma 3.2 in Appendix of Giraud
et al. [82], and Lemma 1 in Giraud [78].

Similarly to Chapter 7, we have at our disposal many different estimation proce-
dures, which all depend on at least one tuning parameter. Therefore, we have a large
family G of estimated graphs, and we need a criterion in order to select “at best” a
graph among this family. GGMselect [81] is an R package that has been designed
for this issue http://cran.r-project.org/web/packages/GGMselect/. It se-
lects a graph g among 2 by minimizing a penalized criterion closely linked to Cri-
terion (7.3) for estimator selection. The resulting estimator satisfies some oracle-like
inequality similar to (2.12).

Exercise 9.6.5 on graphical models with hidden variables is mainly based on Chan-
drasekaran, Parrilo and Willsky [54]. Exercise 9.6.6 is derived from Cai et al. [46],
and Exercise 9.6.7 on Gaussian copula graphical models is adapted from Lafferty et
al. [100], Liu et al. [112], and Xue and Zou [165].

9.6 Exercises
9.6.1 Factorization in Directed Models

We will prove the factorization formula (9.2) by induction. With no loss of gener-
ality, we can assume that node p is a leaf in graph g (which means that it has no
descendant).

1. Prove that f(x1,...,xp) = f(xp|Xpa(p)) f (X1, s Xp-1)-
2. Prove the factorization formula (9.2).

9.6.2 Moralization of a Directed Graph

Let us consider a directed graph g. The moral graph g of the directed graph g is the

non-directed graph obtained by linking all the parents of each node together and by

replacing directed edges by non-directed edges. Assume that X = (Xi,...,X}) has

a positive density with respect to a o-finite product measure. We will prove that if

Z(X) ~ gthen Z(X) ~ g".

1. Starting from the factorization formula (9.2), prove that there exists two functions
g1 and g, such that

f(x) = &1 (xa,.xnem(a> )gz (.xnnm(a> s Xpem (a) )7

where ne™ (a) represents the nodes neighbor to a in ¢g” and nn™(a) = {1,...,p}\
cl™(a), with cl”(a) = ne" (a) U{a}.

2. Prove that f(xlxne’"(a)) = f(xa‘xne’"(a))f(xnnm(a) |xnem(a))-

3. Conclude that Z(X) ~ g".
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9.6.3 Convexity of —log(det(K))

We will prove the convexity of K — —log(det(K)) on the set of symmetric positive
definite matrices. Let K and S be two symmetric positive definite matrices. Since
K~1/28K~1/2 is symmetric, there exist an orthogonal matrix U and a diagonal matrix
D, such that K~ 1/2SK~1/2 = UDUT. We set Q = K'/2U.

1. Check that K = QQT and S = QDQT .

2. For A € [0, 1], prove that

—log(det(AS+ (1 —A)K) = —log(det(K)) — log(det(AD + (1 — A)I)).
3. From the convexity of x — —log(x), conclude that

—log(det(AS+ (1 —A)K) < —log(det(K)) — Alog(det(D))
= —(1—A)log(det(K)) — Alog(det(S)).

9.6.4 Block Gradient Descent with the ¢! /¢ Penalty

We fix A > 0, and we consider the estimator 0 defined by (9.10). We will assume
that the columns X,, of X fulfill n~!X7X, = 1.

1. When |[(6,p,654)|| # 0, check that the partial gradient V,;, of Criterion (9.10)
according to (6, 6,) is

v, = 2 (Xg(xb = Yktb Gkak)> N A (Gab)
@ \XE (X = Xiza 0aX6)) T [(Bups Bpa) || \Bva

2. We define A = (A“”> with
Aba

1
A= =XE(Xp— Y 6Xe).
n kab

Prove that minimizing (9.10) in the variables (6,5, 6p,) gives

)-8, (9
8 2181 \aw )

3. Propose an algorithm in order to compute the solution 0 of (9.10).

4. Show that if we add a second penalty y||@||% to Criterion (9.10), the only change
in the above algorithm is that the update is divided by (1 + 7).

9.6.5 Gaussian Graphical Models with Hidden Variables

We assume that {1,...,p} = OUH, with ONH = 0. We consider a Gaussian random

variable X = <§0) ~ A (0,2) with X = (ZOO Lo ) In particular, the variable
H

Ygo ZXuH
Xo follows a .4 (0,Xp0) distribution. We set Ko = (Zo0) .
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1. Prove that Ko = Koo — Kon (Kur) ™' Ko, where K :=X~! = <K00 K0H> )
Kuo Kuu

2. Let go be the minimal (non-directed) graph such that .#(Xy) ~ go. Is the graph
go a subgraph of the minimal graph g, such that £ (X) ~ g?

3. We assume that .Z(X) ~ g with g sparse. What can we say about the sparsity
of Kpo? What can we say about the rank of Koy (Kyr)~'Kyo compared to h =
card(H)?

4. Very often, we have variables (X,...,X,), with conditional dependencies de-
picted by a sparse graph g, but we cannot observe all the variables. Furthermore,
we even do not know the actual number of unobserved variables. In other words,
we only observe an n-sample of Xp ~ 4 (0,£00) and we have no information on
Xy and the size of H. Nevertheless, we want to reconstruct on the basis of these
observations, the graph g7, with nodes labelled by O and defined by

g*
albe=alb.
Explain why it is equivalent to estimate the location of the nonzero coordinates of

5. We have in mind that & is small. We have seen that Ko = Kpo — L, with Koo
sparse and rank(L) < h. Propose an estimation procedure inspired by the glasso.

6. Propose another procedure inspired by the regression approach.

9.6.6 Dantzig Estimation of Sparse Gaussian Graphical Models

LetX( ... X be ai.i.d. sample of a Gaussian distribution .#"(0,X) in R?, with X
non-singular and K = £ ~! sparse. In this exercise, we investigate the estimation of K
with a matrix version of the Dantzig selector (see Exercise 5.5.5, page 113)

K e  argmin  |B|j., (9.16)
BERP*P: |EB—I| <A

where L =n~1y" X (XD)T is the empirical covariance matrix, A is non-negative
and
|A]e = max |A;j| and |A|j .= mjaxz |A;j].
’ i

Henceforth, A; will refer to the j-th column of the matrix A.

1. Check that for any matrices of appropriate size, we have |[AB|w < |A|w|B|1 - and
also |AB|w < |A]} |B|e When A is symmetric.

2. We define the matrix K by K = Ei(j ), where E () is solution of

BY) e argmin 1Bl1,
BERP: [EB—ej|0w<A

with e; the j-th vector of the canonical basis of R”. Prove that K is a solution
of (9.16).
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In the following, K refers to the solution K defined above. This solution can be com-
puted very efficiently, since it simply amounts to compute p Dantzig selectors.

A) Deterministic bound on |K — K|..
In this part, we consider A fulfilling
A > K| w|E = Zw. (9.17)

1. Prove that when (9.17) is met, we have [ZK —I|.. < A, and therefore |Ej|1 <I|Kjh
forall j=1,...,p.
2. Prove the inequalities

IR =Ko < K10 (ER =l + (£~ DRI,
< K[t (A + K1 2[E—2])
3. Conclude that when (9.17) is met, we have

K — K|oo < 2A|K]|} o (9.18)

B) Probabilistic bound on £ — X|..

We assume henceforth that X,, =1 fora=1,..., p. Since X is non-singular, we have
|Zap| < 1 forall a #b.

1. LetX be a .4 (0,X) Gaussian random variable. We set Z; = (2(1 +212))_1/2(X1 +
X5) and Z, = (2(1 — Z13)) " "/2(X; — X). Prove that Z; and Z, are i.i.d., with
(0, 1) Gaussian distribution and

1
XiX = 5 (21 +Z1)Z7 —2(1 - £12)Z3) .

2. Check that for 0 < x < 1/2, we have —log(1 —x) < x+x* and —log(1 +x) <
—x+x2/2 and prove the bound for 0 <s < 1/4

E [e™%] = (1= (14 Z12)) (1 + (1= E12)8)) " < exp(Zras +257).

Check that this bound still holds when |Zj5| = 1.
3. Forany a,b € {1,...,p},0<s<1/4andt > 0, prove that

P (iab — T > t) < efsnleZ.sznl
4. For 0 <t <1, setting s =t /4, prove that
P (|E—E|m > t) <plp+ 1)67’”2/8.

5. For log(p) < n/32, prove that

- 21 2
IP’<|Z—Z|OO>4 Og(p)> <.
n P
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C) Bounds in sup norm and Frobenius norm

We define d = max;—;, . ,|Kj|o, which corresponds to the degree of the minimal
graph associated to the Gaussian distribution .4 (0, X).

1. For A = 4|K|| «+/2log(p)/n, by combining the results of Parts A and B, prove
that with probability at least 1 —2/p?, we have

_ 21
K —Kl.. <8|K[}.. %(m . (9.19)

2. Forany J C {1,...,p}?, we define the matrix K’ by KZJ] = Kij1(; jes- In the fol-
lowing, we set J = {(i,j) LKy > |I?—K|m} Prove that for all j € {1,...,p},

we have
= JC ~ ~ N N
(KT |1 = |Kjli = |KT L < [Kj| — KT < K=K

and hence [K”" || oo < |[K — K|} o
3. Prove that K;; # 0 for all (i, j) € J, and then

K — K100 <2|K) — K| oo <2d|K’ — Koo < 4d|K — K]oo .
4. Conclude that
IK = K|[7 < pl|K = K|1 K — K|oo < 4pd|K — K2
5. Prove that when A = 4|K|j «+/21l0g(p)/n, with probability at least 1 —2/p?, we

have
log(p)

IK - K|} <512pd|K|} .

The estimation procedure (9.16) is implemented in the R package flare available at
http://cran.r-project.org/web/packages/flare/.

9.6.7 Gaussian Copula Graphical Models

We consider here a case where X = (Xi,...,X,) is not a Gaussian random variable.
We assume, as in Section 9.4, that there exists a random variable Z = (Z1,...,Z,),
with .#°(0,%%) Gaussian distribution and p increasing differentiable functions f; :
R =R, fora=1,...,p, such that (Xi,...,X,) = (fi(Z1),...,fp(Zp)). We also as-
sume that X7 is non-singular, and X%, = 1 fora = 1,..., p. We define K% = (£%)~.
We remind the reader of the classical equality when 2, = 1 fora=1,...,p

1 2
P(Z,>0,Z, >0) = - (1 + narcsin(Zgb)) forany a,b € {1,...,p}.

4
1. Prove that the minimal graph g* associated to (Xj,..., X)) coincides with the min-
imal graph associated to (Z,...,Z,). In particular, for a # b there is an edge

between a and b in g* if and only if KaZb #£0.
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2. Let Z be an independent copy of Z and define X = (f1 (Z), .. ,fp(fp)). Prove
that for any a,b € {1,..., p}
v = E [sign (X, — %) (% X)) |
~ ~ 2
=E [sign ((Za —Za)(Zp — Zb))} = arcsin(ZZ,), 9.20)
where sign(x) = 1,0 — 1y<o.

A) Kendall’s tau

We assume now that we only observe an i.i.d. sample X(V, ..., X(") of X. In partic-
ular, the functions fi,..., f, and the covariance Y7 are unknown. Since the minimal
graph g* associated to (Xj,...,X,) can be read on the precision matrix K% = (£%)~!
our goal here is to estimate K# from the observations X (1>, ¢ (”L The main idea is
to build on the equation (9.20) in order to construct an estimator £ of £# based on
XM .. X™ and then apply the procedure (9.16) with T replaced by £Z.

For any a,b € {1,.. ,P} we define ¥ Z, = sin(mT,/2) where

Z sign ( (j))(XZSi) —Xb(j))) .

n—l l<]

1. Check that the function F : R?* — [—1, 1] defined by

Y sign (( =j))

l<]

F((xlv)’l)w--)(xm)% n—l

fulfills

S|

|F((x1ayl)a~~-7(xiayi)a~~~a(xnvyn)) 7F((x17yl)a'"a(x;ay;)a"'a(xnvyn)ﬂ <

for any xi,..., %, Y1, Yn: X}, Vi € R
2. From McDiarmid concentration inequality (Theorem B.5, page 299, in Ap-
pendix B), prove that fora < band ¢ >0
P ([ — Tl > 1) <27/ and P (|25, — 55| > 1) < 20707,

3. Conclude that for any ¢ > 0, we have

o N 21 1
P (|zzfzz\w > t) < pPe /) and P <|ZZZZ|°° >2m °g<p)> <.
n P

B) Graph estimation

Let KZ be the matrix obtained by solving the minimization problem (9.16), with by
replaced by XZ. From KZ, we build the graph g by setting an edge between a and b
if and only if both I?fb and I?bza are nonzero. We use below the same notations as in
Exercise 9.6.6.
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1. From (9.18), prove that when A = 27|K?|| «\/2log(p)/n, with probability at
least 1 — 1/p?, we have

—~ 21
|KZ—KZ|OQ < 4”|KZ|%00 Og(p) )
’ n

2. Assume that all the entries be of K are either 0 or larger in absolute value than
4rw|K? %7w\/210g(p)/n. Prove that g* C g, with probability at least 1 — 1/p?.

9.6.8 Restricted Isometry Constant for Gaussian Matrices

We prove in the following the upper Bound (9.15). The proof of the lower bound
follows exactly the same lines. For a linear span V C R? and an n X p matrix Z, we
introduce the notation 2
—e||z
w(z)= sup 120
vevigor VIl
1. Define the matrix Z by Z = XX~ !/2. Check that the Z;jj are i.i.d. with .47(0,1)
Gaussian distribution.

2. We write .# for the set gathering all the subsets of {1,...,p}. For m € .#, we
define §,, as the linear space spanned by {ej 1jE m}, where ey,...,e, is the
canonical basis of R”. To each linear span S,,, we associate the linear span V,, =
Zl/sz. Check that ford <nAp

—1/2 X
% = sup Ay, (2). 9.21)
B:Blo<a IIZV2BI mesriml=a

In the following, we prove that for any collection Vi, ..., Vy of d dimensional linear

spaces, we have
d++/2log(N)+ 6y ++/2
sup 7LV,.(Z)§1+\F+ Og(fH vt V26 9.22)
i=1,..,N n

where & is an exponential random variable and

5 log (% + 47r10g(N))
N 2log(N)

The upper Bound (9.15) then follows by simply combining (9.21) with (9.22).

3. Let By, be the orthogonal projector onto V;. From Lemma 8.3 in Chapter 8,
we know that the largest singular value o1(ZPy,) of ZPy, fulfills the inequality
E[o1(ZPy,)] < \/n+ Vd. Applying the Gaussian concentration inequality and
noticing that \/nAy,(Z) < o1(ZPy,), prove that there exist some exponential ran-
dom variables &;,...,&Ey, such that forall i=1,...,N

Wi (2) <M (2)] + /2B n < 1+ \/d]n+\/2E ]n.
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4.

Applying again the Gaussian concentration inequality, prove that there exists an
exponential random variable £, such that

sup Ay (Z) < 1+W+E[ ma N\/Zéi/n} +2&/n.

i=1,..N i=1,...,

Prove that for any s > 0,
N
E [ rIllaxN\/Zé,} < s 'log Z]E [es\/z?i] .
=hes i=1

Check that -
E [eSV 2‘5"] = / 2y dy <s 2mes 24 1.
0

conclude the proof of (9.22).






Chapter 10

Multiple Testing

In this chapter, we switch from the estimation problem to the test problem, and we
explain some possible ways to handle the impact of high dimensionality in this con-
text. More precisely, we will focus on the problem of performing simultaneously a
large number of tests. This issue is of major importance in practice: Many scientific
experiments seek to determine if a given factor has an impact on various quantities
of interest. For example, we can seek for the possible side effects (headache, stom-
ach pain, drowsiness, etc.) induced by a new drug. From a statistical perspective, this
amounts to test simultaneously for each quantity of interest the hypothesis “the factor
has no impact on this quantity” against “the factor has an impact on this quantity.” As
we have seen in Chapter 1, considering simultaneously many different tests induces
a loss in our ability to discriminate between the two hypotheses. We present in this
chapter the theoretical basis for reducing at best this deleterious effect. We start by
illustrating the issue on a simple example, and then we introduce the bases of False
Discovery Rate control.

10.1 Introductory Example
10.1.1 Differential Expression of a Single Gene

Let us assume that we have r measurements for the expression of a gene g in two
different conditions A and B (corresponding, for example, to some normal cells and
some cancerous cells).

Conditions ‘ Measurements
A Xﬁ"%
B X0, X,

We want to know if there is a difference in the expression of this gene between these
two conditions A and B. In the formalism of test theory, we want to discriminate
between the two hypotheses:

o J#): “the means of the X/ and the X? are the same”
o A : “the means of the XlA and the XiB are different”

203
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A classical test statistic
Setting Z; = XlA inB fori=1,...,r we can reject 5% when

Z|
\Vo2/r

with Z the empirical mean of the Z; and 62 the empirical variance of the Z;. The
threshold s is chosen, such that the probability to wrongly reject 7% is not larger
than o.

§:=

> s = some threshold, (10.1)

Case of Gaussian measurements

In the special case where
XA N (a0f) and XP U A (g, 05),

the hypothesis .7j corresponds to “p4 = g’ and the hypothesis .74 corresponds to
“U # up.” In addition, if the variables X{',..., X4, XB ... X? are independent, then
the Z; = X — X2 are i.i.d. with 4" (us — pp, 63 + 05)-Gaussian distribution. In this
case, the statistic S defined by (10.1) is distributed under the null hypothesis as the
absolute value of a student random variable .7 (r — 1), with r — 1 degrees of freedom.
Let us define the non-increasing function

T(s) =P(|T(r—1)|>s), for seR.

‘We can associate to the test statistic g‘, the p-value

p=T(S).

Then, the test Wy = 15<, has level « (the probability to wrongly reject 77 is &) and
we have:

e If the p-value p is larger than a, then the hypothesis % is not rejected.
o If the p-value p is not larger than o, then the hypothesis 74 is rejected.

10.1.2 Differential Expression of Multiple Genes

DNA microarrays and the Next Generation Sequencing (NGS) technologies allow us
to measure the expression level of thousands of genes simultaneously. Our statistical
objective is then to test simultaneously for all genes g € {1,...,m}:

o J%).: “the mean expression levels of the gene g in conditions A and B are the
same”

e i ,: “the mean expression levels of the gene g in conditions A and B are differ-
ent”
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If we reject 7% , when the p-value p, is not larger than «, then for each individual
gene g, the probability to reject wrongly J74) , is at most &. Nevertheless, if we con-
sider the m genes simultaneously the number of hypotheses J7j , wrongly rejected
(called false positives) can be high. Actually, the mean number of false positives is

E [False Positives] = Z P, (P < ) = card {g: Hpqis true} x o
g: M g true '

since the p-values are such that Py (pg < @) = « for every g. For example, for

typical values like @ = 5% and card { g: Mg is true} = 10000, we obtain on average
500 false positives.

From a biological point of view, a gene that presents a differential expression between
the two conditions A and B is a gene that is suspected to be involved in the response to
the change of “environment” between A and B. Further experiments must be carried
out in order to validate (or not) this “discovery.” If in our list of genes suspected
to present a differential expression there are 500 false positives, it means that we
have 500 false discoveries, and a lot of time and money will be spent in useless
experiments. Therefore, biologists ask for a list of genes that contains as few false
positives as possible. Of course, the best way to avoid false positives is to declare
no gene positive, but, in this case, there is no discovery and the data are useless. In
this chapter, we will present a couple of procedures designed to control the number
of false discoveries in multiple testing settings while not losing too much in terms of
power.

10.2 Statistical Setting

In the remainder of this chapter, we consider the following setting. We have m fam-
ilies of probability distribution {Py : 6 € ®;} with i =1,...,m, and we consider si-
multaneously the m tests

JR,i:0€0p; against J;:0c€0; fori=1,...,m,

where ®; and Oy ; are two disjointed subsets of ©;.

10.2.1 p-Values

For each test i, we have access to some data X;. A p-value p; for the test indexed by
i, is any random variable which is o (X;)-measurable (it can be computed from the
data), taking values in [0, 1] and fulfilling the distributional property

sup Po(pi <u) <u, forallue][0,1]. (10.2)
96@0.1'

We say that, under the null hypotheses, the p-values are stochastically larger than a
uniform random variable.
Let us explain on an example how we can define some p-values.
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Example.

Let §, be any real random variable, which is ¢ (X;)-measurable (it can be computed
from the data). For 6 € ©;, let us denote by Ty (s) =Py (S; > s) the tail distribution of
the statistic S; under Py. We can associate to the statistic S;, the p-value for the test i

pi= sup Tp(Sy). (10.3)

It corresponds to the maximum probability under the null hypothesis to observe a
value for our statistic not smaller than the value S; that we have actually observed.

The next proposition ensures that (10.3) is indeed a p-value.

Proposition 10.1 p; defined by (10.3) is a p-value
The random variable p; defined by (10.3) is distributed as a p-value:

sup Pg(pi <u)<u, foralluel0,1].
96@0),‘

Proof. For any 6 € @y ; and u € [0, 1], we have

Pg(ﬁ,gu)zpe( sup Tp(S)) 9) <Pg (Tg@)gu). (10.4)
96@0’,'

For u € [0,1], we define T, '(u) = inf{s € R : Ty(s) <u}. Since Ty is non-
increasing, we have

1Ty (u), oo C {s €R : Ty(s) <u} C [Ty (u),+oo] .

Let us consider apart the cases where Ty (T, ' (1)) < u and Ty(Ty ' (1)) > u.

o When Ty (7, ' (1)) < u, we have {s € R : Ty(s) <u} = [T, ' (u),+oo and then
Po (To(S) <u) =Po (8= 75 (0)) = To (T () <.

e When Ty(T, ' (u)) > u, we have {s € R : Tp(s) < u} =]T, ' (u),+oo[, and there-
fore

Po (To(5) <u) =Po ($> Ty (1)) = lim Ty (T, (1) +-¢) <u.

where the last inequality comes from 7, ' (u) + € € {s € R : Ty(s) < u} for all
€>0.

Combining the two last displays with (10.4), we have proved that Py (p; < u) < u for
all 8 € Og; and u € [0, 1]. O
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10.2.2 Multiple-Testing Setting

We assume that for each test i € {l,...,m}, we have access to a p-value p;.
A multiple-testing procedure is a procedure that takes as input the vector of p-
values (p1,...,Pm) corresponding to the m tests and returns a set of indices R =
R(pi1,...,pm) CI=1{1,...,m}, which gives the set of the null hypotheses {f%’i),; :
ieR } that are rejected. Writing Iy for the set

Lh={ie{l,...,m}: 5, is true}, (10.5)

we call false positive (FP) the indices i € RN Iy and true positive (TP) the indices
i € R\ Iy. In the following, we will use the notations

FP =card(RNI)) and TP = card(R\ ).

Ideally, we would like a procedure that selects Rin such a way that FP is small and
TP is large. Of course, there is a balance to find between these two terms, since a
severe control of the number of false positives usually induces a small number of true
positives.

10.2.3 Bonferroni Correction

The Bonferroni correction provides a severe control of the number of false positives.
It is designed in order to control the probability of existence of false positives P(FP >
0). It is defined by R

RBonf:{i:ﬁiSa/m}'

Let us denote by my the cardinality of Iy. According to Proposition 10.1, we have
P(FP>0)=P(Ficl:pi<a/m) < Z sup Po(p;i < a/m) <mpa/m< a.
icly €0y,

The probability of existence of false positives is thus smaller than «. The Bonferroni
procedure avoids false positives but produces only a few true positives in general.
Actually, it amounts to using the level ¢ /m for each test, which can be very conser-
vative when m is large.

In the next section, we will describe some procedures that control the (mean) propor-
tion of false positives among R instead of the absolute number of false positives.

10.3 Controlling the False Discovery Rate

The False Discovery Proportion (FDP) corresponds to the proportion FP/(FP + TP)
of false positives among the positives (with the convention 0/0 = 0). The False Dis-
covery Rate (FDR) is defined as the mean False Discovery Proportion

FP
FDR=E WI{FPHPE} -

This quantity was introduced in the *90s, and it is now widely used in science, espe-
cially in biostatistics.
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10.3.1 Heuristics

Let us try to guess what could be a procedure that controls the FDR. To start, we
notice that if we want to have FP as small as possible and TP as large as possible,
then the rejected p-values should correspond to the smallest p-values. So the only
issue is to determine how many p-values can be rejected while keeping the FDR
lower than . Therefore, we will focus on rejection sets R of the form

R={icl:pi<t(Pr,....Pm)}, (10.6)

with 7 : [0, 1] — [0, 1]. In the following, we will seek some functions # that prevent
an FDR larger than o, while maximizing the size of R.

Let us investigate informally this point. According to (10.2), for a given threshold
7 > 0, the number FP of false positives in the rejection set R = {i: p; < 7} fulfills

EFP|=E|Y 15<0| <)Y sup Po(pi < 7) <card(lp)t<mt.  (10.7)
icly icly 0€0y;
Let us denote by ﬁ(l) . < ﬁ< ) the p-values ranked in a non-decreasing order.

For any 7 € [P, ﬁ(k+1)[ we have {i: p; < T} = {i: pi < p( }. Therefore, we only
have to focus on a threshold #(p1, ..., py) in (10.6) of the form t(P1y---yPm) = p@,

with k = k(p17 ..., Pm). With this choice, we notice that card(R) = k, so according
to (10.7), we expect to have for #(pi,...,pm) = ﬁ@)

FP = FP ;Mﬁ@) “on average.”
FP+TP  card®) — & s

This non-rigorous computation suggests that we should have an FDR upper-bounded
by & > 0, as soon as the integer k fulfills

ﬁ@) < ok/m. (10.8)
Since we want to have the cardinality of Ras large as possible, and since card(ﬁ) = ic\

we then choose k = max {k : ﬁ(k) <ok/ m} The rejection set suggested by the above
discussion is then R = {iel:pi< ﬁ@)} or equivalently

~

R= {iel:ﬁi < Otz/m}, with zzmax{k:ﬁ(k) <ak/m}.

Such a rejection set is illustrated in Figure 10.1.

10.3.2 Step-Up Procedures

The previous informal discussion suggests to choose a set of rejected hypotheses R
in the form

ﬁz{iél:ﬁigaﬁ(%)/m} with k= max{kelp < af(k)/m} (10.9)
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Figure 10.1 Some p-values ﬁ(l) <...< ﬁ(m) ranked in increasing order and their position
relative o the line k — ok/m (in black). The right picture is an enlargement of the left one.
Dark gray triangles: p-values corresponding to rejected hypotheses. Light gray dots: p-values
corresponding to non-rejected hypotheses.

where 8 : {1,...,m} — R¥ is some non-decreasing function, and p(;) < ... < P
are the p-values ranked in non-decreasing order. When {k € I : P < af(k)/ m} =
0, we set R = 0. Figure 10.1 gives an illustration of the choice of ¥ for the function

B (k) = k suggested by the previous discussion. The next theorem provides a bound
on the FDR of the procedure (10.9).

Theorem 10.2 General control of the FDR

Let B:{1,....m} - R" be a non-decreasing function and for ot > 0 define R
by (10.9), with the convention that R = ® when {k €I : P < af(k)/m} =0.

Writing mo = card(ly) with Iy defined by (10.5), we have the following upper
bound on the FDR of the procedure

= mp B(j Am)
FDR(R) < o ™ ];m (10.10)

Proof. We use below the convention that k = 0 when R = 0. We observe from the
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Definition (10.9) that k = card(ﬁ). From the definition of the FDR, we have

N Card{lEIg pi <op(k )/m}
FDR(R) = E — 1,

For k > 1, we have

so applying first Fubini, then 3 (?) <B(jAm) for j> %, and finally Proposition 10.1,
we obtain

5 Fubini
FDR(R = ~1. ~ 1z
( ) IEZI()PZI ](]J'-l |: izk Tpi<aB(k)/m k21:|

< B(pi<ap(jnm)/m)
Prop. 10.1

< x af(jAm)/m
,g(’)]; J j—H
< Z B(jAm)
m = j(i+1)
The proof of Theorem 10.2 is complete. m|

We point out that the upper Bound (10.10) is sharp in the sense that for ¢ small
enough, there exist some distributions of the p-values (pi,..., pm), such that (10.10)
is an equality; see Theorem 5.2 in Guo and Rao [88].

If we choose 3 in such a way that the sum fulfills the condition

Y ———~ B (10.11)

j>1 -]

then the FDR of the procedure is less than o.. We notice that for our guess (k) =k
suggested by the informal discussion, the upper Bound (10.10) is equal to amoH,, /m
with H, =14 1/2+ ...+ 1/m. In particular, this choice of § does not meet Con-
dition (10.11). A popular choice of function B fulfilling Condition (10.11) is the
linear function (k) = k/H,,. The procedure (10.9) with this choice of f is called the
Benjamini—Yekutieli procedure.
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Corollary 10.3 FDR control of Benjamini-Yekutieli procedure

We set Hy = 1+1/2+ ...+ 1/m. The multiple-testing procedure defined by R = 0
when {k € 1: pyy < ak/(mH,)} = 0 and otherwise

R= {i cl:pi< a%/(mﬂm)}, with &k =max {k €I : pyy < ak/(mH,)}
(10.12)

has an FDR upper-bounded by a.

Another example of function § fulfilling (10.11) is

k(k+1
B (k) :a(%m), fork=1,...,m.
For this choice of 3, we have (k) > k/H,, when k+ 1 > 2m/H,,, so the resulting

procedure tends to reject more hypotheses than the Benjamini—Yekutieli procedure
when there are many positives.

10.3.3 FDR Control under the WPRD Property

In the Benjamini—Yekutieli procedure, function 8 is linear with a slope 1/H,, ~
1/log(m). The smaller the slope, the less true positives we have. Since (10.10) is
sharp for some distributions of the p-values, we know that we cannot choose a larger
slope in general. Yet, we may wonder if in some cases we can choose a linear func-
tion B with a larger slope while keeping the FDR smaller than c.

The discussion in Section 10.3.1 suggests that for some distributions of the p-values,
we may expect some FDR control with the choice (k) = k instead of B (k) = k/H,,
in Procedure (10.9). The choice (k) = k corresponds to the Benjamini-Hochberg
procedure defined by

ﬁ:{ie]:ﬁigai/m} where & =max {k € 1: py) < ak/m},  (10.13)

with the convention R = @ when {kel:py < ak/m}=0.We give below a simple
distributional condition on the p-values which ensures an FDR control at level o for
the Benjamini—Hochberg procedure.

In the next definition, we will say that a function g : [0,1]” — R is non-decreasing
if for any p,q € [0,1]™ such that p; > ¢, for all i = 1,...,m, we have g(p) > g(q).

Weak Positive Regression Dependency

The distribution of the p-values (pj,...,pn) is said to fulfill the Weak Positive
Regression Dependency Property (WPRD) if for any bounded measurable non-
decreasing function g : [0,1]” — R™ and for all i € Iy, the function

u—E[g(P1,..,Pm)| i <u] isnon-decreasing (10.14)

on the interval {u € [0,1] : P(p; < u) > 0}.
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The set of distributions fulfilling the WPRD property includes the independent dis-
tributions.

Lemma 10.4 Independent p-values fulfills the WPRD
Assume that the (D;)icy, are independent random variables and that the (Di)icy\s,

are independent from the (D;)ici,- Then, the distribution of (p1, ..., Dm) fulfills the
WPRD property.

Proof. Let us consider some i € Ip and some bounded measurable non-decreasing
function g : [0,1]™ — R*. With no loss of generality, we can assume (for notational
simplicity) that i = 1. The random variable p; is independent of (p,..., pm), so for
any u such that P(p; <u) > 0, we have

E[g(ﬁlw"aﬁm)‘ﬁl SM}:

To prove the lemma, we only need to check that u — E[g(p1,x2,...,%m) | D1 < u]
is non-decreasing for all x,...,x, € [0,1]. Since the function g is non-decreasing,
the function g; : x; — g(x1,X2,...,%,) is also non-decreasing. Writing g, (t) =
inf{x €[0,1] : g1(x) >}, with inf {0} = 4o, we have

Elg(praz o) |1 <l = Elgi(p)|pr <4
—+o0
=, P(gi1(p1) >t|p1 <u)dt
oo »
~ b P(pr = or> gy (1)[ p1r <u)dt,
since

Ig7' (), 1] c{pe0,1]:g1(p) >t} C gy (¢),1].

To conclude, we simply notice that both

u—P(pr > g ()| pr <u) = (1_w> |

P(p1 <u)
and
50> o (N5 P(p1 <g;' (1))
u—P(p1>g (1) pr <u)= <1A
<
P(p1 <u) .
are non-decreasing for all t € R, 0O

Another example of p-values fulfilling the WPRD property is the p-values associ-
ated to some (S1,...,S,,) distributed according to a .#(0,X) Gaussian distribution,
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with X;; > 0 for all 7, j = 1,...,m; see Exercise 10.6.3. We refer to Benjamini and
Yekutieli [27] for some other examples.

The next theorem ensures that the FDR of the Benjamini—-Hochberg proce-
dure (10.13) is upper-bounded by o when the WPRD property is met.

Theorem 10.5 FDR control of Benjamini-Hochberg procedure

When the distribution of the p-values fulfills the WPRD property, the multiple-
testing procedure defined by R = 0 when {k el: ﬁ(k) < Ock/m} = 0, and other-
wise

ﬁz{iel:ﬁiga%/m}, with llgzmax{kelzﬁ(k) Sak/m},

has an FDR upper-bounded by o.

Proof. We use again the convention k =0 when R = 0. Since k = card(ﬁ), we have

~

FDR(R) = E

card{i €ly:pi < oc?/m}
P 1221

1
=
| — |
o
S
2
)
~
3
NV
T

i€l
mo | .
-y 27P<k:kandﬁ,~§ak/m)
icly k=1 k
moq .
=) f]P’(k:k|ﬁ,~ < ak/m) P(p; < ak/m),
i€ly k=k* k
0 i

where k' = inf{k € N: P(p; < ak/m) > 0} and with the convention that the sum
from &} to m is zero if m < k}'. By Proposition 10.1, we have P(p; < ak/m) < ak/m,
so we obtain

FDR(R) < Zi%]?(%:kmgak/m)

icly k=k}

%y Y [p(k<klpi<ak/m)—B(R<k—1]p < ak/m)].

i€l k=k;

The function

g(l’l yeee 7pm) = l{max{j:ﬁ(j)gaj/m}ﬁk} = I{Egk}
is non-decreasing with respect to (pi,...,Pm), S0 the WPRD property ensures that
for k > kf

P(k<k|pi < ak/m) <P (k<k|pi < alk-+1)/m).
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We then obtain a telescopic sum and finally

~ o~ 1
FDR(R) < =Y lkf«<mIP’<k§m|ﬁisO‘(m+ )> <™y < a
m L=

i€l m

The proof of Theorem 10.5 is complete. a

10.4 Illustration

We illustrate the implementation of the Benjamini—Hochberg procedure on a mi-
croarray data set from Golub er al. [86]. We first load the data that are in the
multtest package available on the website http://www.bioconductor.org.

library(multtest)
library(stats)
data(golub) # load the data

The Golub data set is a 3051 x 38 matrix. Each row reports the expression level for
m = 3051 genes. The first 27 columns correspond to patients with leukemia of type
“ALL,” the last 11 columns correspond to patients with leukemia of type “AML.” Our
goal is to find genes that have a differential expression between these two conditions.
Therefore, for each gene we perform a ¢-test and we record the corresponding p-
value.

golubl<-golub[,1:27] # data for Leukemia ALL
golub2<-golub[,28:38] # data for Leukemia AML

m<-3051

p<-rep(0,m)

# compute the p-values with a two-sample t-test

for (i in 1:m) plil<-t.test(golubl[i,],golub2[i,])$p.value

We then compute the number ¥ of p-values rejected according to Formula (10.13)
and the rejection set R. We also print the names of the genes for which a differential
expression has been detected.

k<-sum(sort(p)<=0.05*(1:m)/m) # number of p-values rejected
R<-(1:m) [p<=0.05%k/m] # rejection set
print (golub.gnames[R,2]) # print the names of the genes
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Figure 10.2 The p-values ranked in increasing order. The dark-gray p-values correspond to
rejected hypotheses, and the light-gray ones correspond to those not rejected. The black line
represents the map k — ok/m. The right picture is an enlargement of the left one.

Finally, we plot the rejected p-values; see Figure 10.2.

par (mfrow=c(1,2))
plot(1l:m,sort(p),col=c(rep(2,k),rep(3,m-k)),type="p",pch=20,cex=0.7,
xlab="index",ylab="p-values")
points(1:m,0.05%(1:m)/m,col=1,type="1",1lwd=2)

plot(1:750,sort(p) [1:750],type="p",col=c(rep(2,k),rep(3,750-k)),
pch=20,cex=0.7,x1lab="index" ,ylab="p-values")
points(1:750,0.05%(1:750) /m,col=1,type="1",1wd=2)

We refer the interested reader to the paper by Dudoit, Fridlyand, and Speed [68] for
a careful analysis of this data set.

10.5 Discussion and References
10.5.1 Take-Home Message

When we perform simultaneously m tests of level o the average number of false
positives (tests for which 73 is wrongly rejected) is amg, where my is the number
of tests for which %) is true. When my is large, this number of false positives can
be large, even larger than the number of true positives (tests for which %) has been
correctly rejected). In order to avoid this deleterious effect of multiple testing, we
must apply a multiple-testing selection procedure on the p-values of the m tests.
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A first possibility is to control the probability of existence of false positives. This can
be performed by the Bonferroni procedure which simply rejects the J#)-hypotheses
for which the p-values are not larger than ¢ /m. The main drawback of this procedure
is its lack of power for m large.

An alternative is to control the FDR, which is the mean ratio of the number of false
positives by the total number of rejected hypotheses .77j. The Benjamini—Yekutieli
procedure offers such a control, but it can be more conservative than the Bonferroni
procedure in some cases; see Exercise 10.6.1. The Benjamini—-Hochberg procedure
is a more powerful procedure, but it offers a control on the FDR only under some
distributional hypotheses on the p-values. This last procedure is widely used in the
scientific literature, especially in biology and medicine.

10.5.2 References

The FDR concept and the procedure (10.13) have been introduced in the semi-
nal paper of Benjamini and Hochberg [26], while the procedure (10.12) has been
introduced and analyzed by Benjamini and Yekutieli [27]. The proofs of Theo-
rem 10.2 and Theorem 10.5 presented in these notes are adapted from Blanchard
and Roquain [34].

It turns out that the controls of the FDR obtained in Theorem 10.2 and Theorem 10.5
are of level moo;/m instead of a. Since myg is unknown, we cannot directly correct
this level. A lot of work has been done in order to achieve a better level, mainly by
trying to estimate mg. We refer the interested reader to the survey by Roquain [136]
for references on this topic and many other issues related to FDR control. We finally
refer to Goeman and Solari [84], Dudoit and van der Laan [69], and Dickhaus [64]
for a recent review and two detailed books on multiple testing for genomics and life
sciences.

10.6 Exercises
10.6.1 FDR versus FWER

The Family Wise Error Rate (FWER) is defined as FWER = P(FP > 0).
1. Prove that FDR < FWER.
2. What control of the FDR offers the Bonferroni procedure?

3. Prove that the number of hypotheses rejected by the Bonferroni procedure is
smaller than the number of hypotheses rejected by the Benjamini—~Hochberg pro-
cedure (10.13).

4. Check that the Benjamini—Yekutieli procedure (10.12) rejects more hypothesis
than the Bonferroni procedure only when k > H,,, with k and H,, defined in Corol-
lary 10.3.
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10.6.2 WPRD Property

We prove in this exercise that if the distribution of the p-values (py, ..., p,) fulfills
Property (10.14) for any non-decreasing indicator function g = 1r, then it fulfills
the WPRD property. Below, g : [0,1]" — R* denotes a bounded measurable non-
decreasing function.

1. Prove that for any i € {1,...,m} and u, such that P(p; < u) > 0, we have

o0
Elg(p1,---om) | pi <u] = , PP pm) >t|pi<u)dt.
2. Check that the indicator function (py,...,pm) — Lot (ff 4ee]) (P1,---,Dm) is non-
decreasing for all t > 0, and conclude that (py, .. ., p,,) fulfills the WPRD property.

10.6.3 Positively Correlated Normal Test Statistics

Assume that (Sy,...,S,,) is distributed according to a .# (i, X)-Gaussian distribu-
tion, with X;; > O for all i, j = 1,...,m. We want to test 74 ;: “i; = 0” against J27 ;:
“ti > 0.7 We consider the tests 15 for i = 1,...,m. The associated p-values are
Di = ,(§,) with T;(s) = P(g > s), where € has a .4'(0,X;;)-Gaussian distribution.
For any vector v € R" and any 1 <i<m, we define v_; = (v,...,Vi—1,Vit1,---,Vm)-
For two subsets A, B of {1,..., p}, we denote by ¥4 5 the matrix [E;];c, jcp -
1. CheckAWith Lemma A.4 in Appendix A that the conditional distribution of §,i
given §; = x is the Gaussian distribution with mean u_; +X_; ;(x — p;) /Z; ; and
covariance matrix X_; _; —X_; ;X; _;/%; ;.
2. For u > 0, prove that to any bounded measurable non-decreasing function g :
[0,1]" — R™, we can associate a bounded measurable non-increasing function
f:R™ — R, such that

~

E[g(ﬁ17'~'7ﬁin)|ﬁi S M] =E f(ShS\—l)'S\l Z Tiil(u) )

with 7,7 (u) = inf{s € R : Ti(s) < u}.

3. We define ¢(x) =E [f(x, u—j +X_;i(x— p;)/Zi; +€_;)], where the random vari-
able £_; follows a A4 (0,X_; ; —X_;;%; _;/%;;) Gaussian distribution. Prove the
equalities

E[g(ﬁl,...,ﬁm)\ﬁigu}z]E{qa@)@zT;l(u)
_ [ Q. < ~1(y
= [ R(eG0 =115 217 w) ar.

4. Check that ¢ is non-increasing, and prove that the p-values associated with the
tests 15 _  fulfill the WPRD property.






Chapter 11

Supervised Classification

The goal of automatic classification is to predict at best the class y of an object x
from some observations. A typical example is the spam filter of our mailbox, which
predicts (more or less fairly) whether a mail is a spam or not. It is omnipresent in our
daily life, by filtering the spams in our mailbox, reading automatically the post code
on our postal letters, or recognizing faces in photos that we post on social networks.
It is also very important in sciences, e.g., in medicine for early diagnosis of diseases
from high-throughput data and in the industry, e.g., for detecting potential customers
from their profiles.

In this chapter, we consider the setting of supervised classification: We have a data set
recording the label (or class) y of n observed points (or objects) x € 2, and we want
to build from these data a function %(x) that predicts the label of any point x € 2.
The function £ is called a classifier. When we want to predict a label y with a function
h(x), we fall into the regression setting. Yet, the discrete nature of the labels allows
us to strongly weaken the statistical modeling of the pair (x,y) by merely requiring
that the observations (X;,Y;)i=1,..., are i.i.d.

We focus in this chapter on binary classification (only two classes). In Section 11.2,
we present Vapnik’s theory, which can be viewed as an analog of the model selection
problem of Chapter 2 in the context of supervised classification. Due to the discrete
nature of the labels y, the theory relies heavily on some combinatorial arguments.
Similarly as for model selection, the classifier of Section 11.2 enjoys some good sta-
tistical properties, but suffers from a prohibitive computational cost. As in Chapter 5,
some practical procedures can be built from a convex relaxation of the procedure
of Section 11.2. We describe two convex relaxations in Section 11.3 leading to the
popular AdaBoost and Support Vector Machine (SVM) algorithms.

11.1 Statistical Modeling
11.1.1 Bayes Classifier

For the sake of simplicity, we restrict ourselves in this chapter to the case where we
only have two classes (as for the spam filter) labelled by —1 and +1. The problem of
automatic classification can then be modeled as follows. Let 2~ be some measurable
space. Each outcome X € £ has alabel Y € {—1,+1}. We only observe the points

219
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X € 2, and our aim is to find a (measurable) function i : 2" — {—1,+1}, called
classifier, such that h(X) predicts at best the label Y.

Let us first quantify the prediction accuracy of a classifier 4. Assume that the couple
(X,Y) € & x {—1,+1} is sampled from a distribution IP. For a classifier 7 : 2~ —
{—=1,+41}, the probability of misclassification is

L(h) = P(Y # h(X)).

In the following, we will quantify the quality of a classifier A by its probability L(/)
of misclassification. This measure of quality is natural, yet we point out that some
other measures can be more suited in some specific contexts. For example, while
we do not care if a spam ends from time to time in our main mailbox, we definitely
want to avoid that a personal mail ends in our spam box. In such a case, there is an
asymmetry between the two different types of error, and another measure of quality
should be considered.

Ideally, we would like to classify the data according to the classifier 4, minimizing
the probability L(h) of misclassification. Since |Y — h(X)| € {0,2}, we have
1 1 1
L) = 7 E[(¥ (X)) = 3 E[(¥ ~EIY[X])?] + L E[(B[Y[X] - a(X))?].
Therefore, L(h) is minimal for the Bayes classifier
h(X)=sign(E[Y|X]) where sign(x)=1,50—1,<o forxeR. (11.1)

If the distribution P were known, we would simply use the Bayes classifier A, in
order to have the smallest possible probability of misclassification. Unfortunately,
the distribution P’ is usually unknown, so we cannot compute the Bayes classifier /.
In practice, we only have access to some training data (X,',Y,-),-:L__ﬁ 1.1.d. with dis-

tribution PP, and our goal is to build from this training data a classifier W2 >
{—1,+1}, such that L(h) — L(h) is as small as possible.

11.1.2 Parametric Modeling

A first approach is to assume that the distribution P belongs to a parametric family
of distributions. Conditioning on Y, we have

P(X € dx,Y =k) = mP(X € dx|Y =k), with m =P(Y =k) fork € {—1,1}.

So in order to parametrize the distribution P, we only need to parametrize the two
conditional distributions P(X € dx|Y = 1) and P(X € dx|Y = —1).

A popular model when 2~ = R? is to assume that the conditional distributions P(X €
dx|Y = k) are Gaussian with mean g and covariance ;. When we have £} =X_| =
¥, the Bayes classifier is given by

o) =sien (=71 =) e B ) gt /1) )
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Figure 11.1 Linear discriminant analysis. The triangles represent the means | and l_1, the
arrow represents the vector £~ (W — H_1), and the black line represents the frontier between

{ELDA = 1} and {/I;LDA = —1}‘

see Exercise 11.5.1. A point x is then classified according to its position relative to
the affine hyperplane orthogonal to X~ (u; — p_1) and with offset log(m; /7_1) —
(y —p—1)TZ7 " (g +p_1) /2. In practice, we can classify the data with

o . SN PP i+ - ~
hLpa(x) = sign (<Z Y —fy),x— “12”1> +10g(77:1/77:1)> ,  (11.2)

where T, is the empirical proportion of the label k, the mean Ly, is the empirical mean
of the X;, such that ¥; = k, and X is the empirical covariance of the data. This leads
to the Linear Discriminant Analysis (LDA). We refer to Exercise 11.5.1 for more
details, and to Figure 11.1 for an illustration.

The parametric modeling is powerful when the model is correct, but in many cases,
we do not know the distribution of the points X given the labels Y, and an incorrect
modeling can lead to poor results; see Figure 11.2 for an illustration where the LDA
fails.

11.1.3 Semi-Parametric Modeling

Since the Bayes classifier (11.1) only depends on the conditional distribution of Y
given X, we can avoid to model the distribution of X as above. From the formula

EY|IX]=P¥ =1|X)-P(Y =—1|X) =2P(Y =1]X) — 1,
we obtain that the Bayes classifier £, (x) is given by

h(x) =sign(P(Y =1|X =x)—1/2), forxe 2.
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LDA versus Logistic regression

—— Logistic regression
- LDA
+ + '#"_'_ +
+ + +
+
+
+
+

Figure 11.2 The black line represents the separating hyperplane of the logistic regression. The
dashed line represents the separating hyperplane of the LDA.

A classical approach is to assume a parametric model for the conditional probability
P(Y = 1|X = x). The most popular model in R? is probably the logistic model, where

B . exp(a+(B,x))
P =X =) = T 0+ ()

forallx € Z7, (11.3)

with o € R and B € RY. In this case, we have P(Y = 1|X = x) > 1/2 if and only if
exp (o + (B,x)) > 1, so the Bayes classifier /i, has the simple form

h.(x) =sign(a+(B,x)) forallxe 2.

We observe that the frontier between {h, =1} and {h, = —1} is again an affine
hyperplane, with orthogonal direction 8 and offset c.

We can estimate the parameters (@, ) by maximizing the conditional likelihood of
Y given X

(@B) € argmax
(a,B)eRd+!

exp (o + (B, Xi)) 1
i 1+exp(a+(B,X:)) Pl I+exp(a+(B,X:)) [’

and compute the classifier iz]ogistic (x) = sign(a + <[§ ,x)) for all x € 2. We empha-
size that even if the Bayes classifiers have the same shape in the LDA and in the
logistic modeling, the two procedures do not lead to the same classifier in general. In
particular, if the conditional distribution of the X given Y is far from Gaussian, the
LDA can produce some very poor results, while the logistic model will work as long
as the modeling (11.3) remains valid; see Figure 11.2 for such a case.
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11.1.4 Non-Parametric Modeling

We may wish to weaken further our hypotheses on the distribution of (X,Y) and
adopt a non-parametric point of view. Instead of assuming that the distribution of
(X,Y) belongs to some parametric or semi parametric set of distributions (as in Sec-
tions 11.1.2 and 11.1.3), we will rather assume that &, is “smooth” in some sense
(suited to the classification setting).

A classical approach in non-parametric estimation is to replace the ideal risk mini-
mization by some constrained empirical risk minimization. In our case, we cannot
minimize & — L(h), since L(h) is unknown, but we can minimize instead the empir-
ical probability of misclassification

1 & ~
=Y 1y nxy) = Pu(Y # (X)), (11.4)

i=1

La(h) :=

n

where @n = %Zl’.’:] S(thl.). There is in general no unique minimizer of Z,,, and even
if an unconstrained minimizer of the empirical risk perfectly classifies the labels in
the data set, it produces in general a very poor prediction for a new point. We must
then restrict the minimization of h — Z,,(h) to a set J¢ of classifiers with limited
“flexibility” R

hy € argminL,(h), with L, defined by (11.4). (11.5)

hest

As we will see in the next section, the appropriate notion of “flexibility” in this
context corresponds to some combinatorial complexity of the set .77 measuring the
classification flexibility offered by the classifiers in .7#°. We stress that the set .77 of
classifiers, usually called dictionary, plays the same role as the model S in the model
selection setting of Chapter 2. In particular, we face the same issues as in Chapter 2:
How does h_j behave compared to 4,? Which dictionary .7 should be chosen? We
investigate these two issues in the next section.

11.2 Empirical Risk Minimization

We analyze in this section the classifier ﬁ;;o defined by (11.5), and we explain how
we can handle the problem of the choice of .7”. Decomposing the difference between
the misclassification probabilities L(h ) and L(h..), we find

0 < L(hy) = Lh) = min L(h) ~L(h,)+L(hr) — min L(h).

approximation error stochastic error

The first term is a bias term that measures the ability of the classifiers h € 7
to produce a classification as good as the Bayes classifier A,. This approxima-
tion error is purely deterministic, and enlarging the dictionary . can only re-
duce it. The second term measures the error made by minimizing over h € 7
the empirical misclassification probability Zn(h) instead of the true misclassifica-
tion probability L(k). This term is stochastic, and it tends to increase when ¢
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Figure 11.3 Examples of classification produced by different dictionaries. Left: dictionary of
linear classifiers Hj,. Center: dictionary of polygon classifiers 7,0y, Right: dictionary of
quadratic forms.

increases. This phenomenon is illustrated in Figure 11.3. In this illustration, with
2 = R?, the classifiers of the dictionary J#;, = {h(x) = sign({w,x)) : |[w|| = 1}
are not flexible enough and they produce a poor classification. In this case, the
approximation error is large. On the other hand, the classifiers of the dictionary
Hpoly = {h(x) =214(x) —1:A polygonin 2"} are very flexible and can always
classify exactly the data (X;,Y;);=1.., when the X; are distinct. The empirical er-
ror L, (ﬁ A oly) is then 0, but n Hiroly tends to produce a poor classification of new data

(X,Y), and the stochastic term L(i’l\%) — minge s L(h) is large. The last example,
based on a less flexible set of quadratic classifiers, produces a better result, even

though its empirical error is larger than the one of ﬁ;g; oly”

To choose a good dictionary .77, we shall then find a good balance between the
approximation properties of .77 and its size. The first step toward a procedure for se-
lecting the dictionary 7 is to assess the misclassification probability of the empirical
risk minimizer A .

11.2.1 Misclassification Probability of the Empirical Risk Minimizer

As mentioned above, increasing the size of Z tends to increase the stochastic er-
ror L(hz) — minge o L(h). Actually, it is not really the size of the dictionary that
matters, but rather its flexibility in terms of classification. For example, we cannot
classify correctly the three labelled points {((0,1),+1),((1,1),—1),((1,0),+1) } with
a classifier in J;,. Conversely, for any set of labelled points (x;,y;)i=1,.., with dis-
tinct xp,...,x,, there exists 1 € J#q), such that h(x;) = y;.

In order to capture this classification flexibility, we introduce the shattering coeffi-
cient
Sp(#) = max  card{(h(x1),...,h(xy)) :he A}, (11.6)
(X1 e Xn)EZ™M
which gives the maximal number of different labelling of n points that the classifiers
in  can produce. For example, since n distinct points can be arbitrarily labelled
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with classifiers in %01y, we have S, (50y) = 2". On the contrary, the number of
possible labelling of n points with classifiers in .77, is more limited. Actually, Propo-
sition 11.6 in Section 11.2.2 ensures that S, (#,) < (n+ 1)? in dimension 2. The
next theorem provides an upper bound on the stochastic error and a confidence in-
terval for the misclassification probability L(f-) in terms of the shattering coeffi-
cient (11.6). Again, the proof relies on a concentration inequality.

Theorem 11.1 Control of the stochastic error

For any t > 0, with probability at least 1 — e, we have

~ : [210g(2S 3¢ (n)) [2¢
L(hyp) —}{Ien)l;;L(h) <4 -, + . (11.7)
~ oA~ 210g(2S (n)) i
L) = La(ho)| <24/ =522 44 5 (11.8)

Proof. We split the proof of Theorem 11.1 into three lemmas. The first lemma shows
that the left-hand terms in (11.7) and (11.8) can be upper-bounded in terms of the
maximum difference over J# between the empirical misclassification probability
and the true misclassification probability

and

An(H) = sup |L, (k) — L(h)). (11.9)
e

The second lemma ensures that the difference between A, () and its expectation is
smaller than /& /(2n), with £ a standard exponential random variable. Finally, the
third lemma upper-bounds the expectation of A, () by 2+/210g(2S s (n))/n.

Lemma 11.2
We have the upper bounds

o~ o~

L(h,%g)—gi%(h)gzxn(%) and  |L(hy) —L(h)| < Ba( ).

L(hy)—L(h) = L(hsy)—Lu(hy)+La(hsr)—L(h)
< L(hy) = La(hse) +La(h) — L(h)
< 20,(7).

Since this inequality is true for any /& € JZ, the first bound of Lemma 11.2 follows.
The second bound is obvious. g
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In order to prove Theorem 11.1, it remains to prove that

An(H) <24/ 721%(25” () \/; ,

with probability at least 1 —e™". The first step is a concentration inequality for

An( ).

Lemma 11.3
With probability at least 1 — e™!, we have

A(H#) <E {ZH(%)] + \/Z

Proof of Lemma 11.3. We have A, (J#) = F((X,Y)),...,(X,,Y,)), with
F : (Zx{-1,+41})" —= R

((c1331)5 -5 (onyym)) = 1 sup

1, ey — Lih ‘
N e Z yﬁéh( l) ( )

i=1

For any (xlayl)a- i (xnayn)a (x:ay:) € X % {_17+1}7 we have

|F((x1ay1)""7(x;7y;)""7(xn7yn))_F((xlvyl)v"'a(xia)’i)v~“a(xnayn))| )

S| =

so according to McDiarmid concentration inequality (Theorem B.5, page 299, in
Appendix B), with probability at least 1 —e~2", we have A, (#) <E [Zn(%)} +s.
Lemma 11.3 follows by setting s = \/I/(Tn) . O
It remains to bound the expectation of A, (%) in terms of S (n).
Lemma 11.4

For any dictionary 7, we have the upper bound

210825 (1)

E {Zn(%)] <2 =

Proof of Lemma 11.4. The proof of Lemma 11.4 is divided into two parts. Part (i)
is based on a classical and elegant symmetrization argument. Part (ii) is a classical
application of Jensen inequality.

(i) The first step is to upper-bound E [K,,(%” )] with the symmetrization lemma
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(Theorem B.10, page 305, in Appendix B). Let oy,...,0, be n i.i.d. random vari-
ables uniformly distributed on {—1,+1} and independent of (X;,Y;)i=1....,. Accord-
ing to (B.7), with Z; = (X;, ;) fori = 1,...,n and f(Z;) = 1y,(x,), We obtain

~ 1
< Z :
E [An(‘%ﬂ)} <2EE, Lseugp - ;Gzlméh(xl-)” :

where P refers to the expectation with respect to o7, . .., 6,. This term can be simply
upper-bounded by

At this point, we notice that we have replaced an expectation with respect to the un-
known probability distribution [P by an expectation with respect to the known proba-
bility distribution Pg.

l n
n Zl Gilyﬁéh(xi)
i=

sup

E[Kn(jf)} <2 max max Es sup
et

T oye{=1,41} xe2m

(ii) For any (x,y) € 2" x {—1,+1}", let us define the set
Vo (63) = {(Lyyney)s > Ly h € A}

The last upper bound on E [K,,(%ﬂ )} can be written as

X max max Eg
ye{—1,+1}" xe 2"

i) <2

sup <0,V>I] ,

VeV (x,y)

where (x,y) is the canonical scalar product on R”. We notice that forany y € {—1,1}"
there is a bijection between ¥ (x,y) and the set {(h(x1),...,h(x,)) :h€ H}. Asa
consequence, we have the upper bound

max  max card(¥p(x,y)) < Sy ().
ye{—L+1}" xe 27"

In view of the last two inequalities, in order to conclude the proof of Lemma 11.4, it
simply remains to prove the following result.

Lemma 11.5
Foroy,...,0, i.id withPs(c; = 1) =Ps(0; = —1) = 1/2, we have

Eo {sup|<0,v>|} < \/2nlog (2card(¥)), for any finite ¥ C [—1,1]". (11.10)

vey

Proof of Lemma 11.5. Writing ## = 7" U — 7, Jensen inequality ensures that for
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any s >0
1
Eo {sup(c,vﬂ] = Eg |sup(o,v)| < —logEs | sup e
vey vey# el vey#
1 s(0,v)
< -log| ¥ Eo [e ’ } . (11.11)
s
vey#

Combining the facts that the o; are independent, (¢* +¢~*) < 2¢°/2 for all x € R and
vi2 <1forallve ¥* we have

L . nl ) ) n 22/ 279
Eo {em’”)} = HEa [ = Hi(e”’ +e ) <[/ < /2,
i=1 j

i=1 =1

Plugging this inequality in (11.11), we obtain

1 d(v*
Eo [sup|(6,v>|} < M—&—E for any s > 0.
vey s 2

The right-hand side is minimal for s = \/21log(card(#*))/n, which gives the upper

bound
Es [sup (G,v)] < y/2nlog(card(¥*#)) .
vey
We finally obtain (11.10) by noticing that card(#*) < 2card(¥). m|

The proof of Lemma 11.4 is complete, and Bounds (11.7) and (11.8) are obtained by
combining Lemma 11.2, Lemma 11.3, and Lemma 11.4. O

Theorem 11.1 provides a control of the misclassification probability in terms of the
shattering coefficient (11.6). The shattering coefficient offers a good notion of com-
plexity for a set S of classifiers, but its computation can be tricky in practice. In
the next section, we prove that a nice combinatorial property of the shattering coef-
ficients provides a simple upper bound on S, (.7¢), depending on .7 only through a
single quantity, the Vapnik—Chervonenkis dimension of .77

11.2.2 Vapnik—Chervonenkis Dimension

By convention, we set So(.7#) = 1. From the definition (11.6) of S,(.#), we have
Sp(72) < 2" for all n € N. We call Vapnik—Chervonenkis (VC) dimension of .7 the
integer d ;» defined by

d}f:sup{deN;Sd(%):zd} € NU{+oo}. (11.12)

It corresponds to the maximum number of points in 2 that can be arbitrarily clas-
sified by the classifiers in . The next proposition gives an upper bound on the
shattering coefficient S, (%) in terms of the VC dimension d .
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Proposition 11.6 Sauer’s lemma

Let 7 be a set of classifiers with finite VC dimension d . For any n € N, we have

¥ ; e >
Su() <) C, < 1)4r ith Ci =1 T forn >
n( )_l;),,_(iH—) Wi ! { 5 forn<i
Proof. We first prove by induction on k the inequality
Sk() <Y G (11.13)
i=0

for any .7 with finite VC dimension d .

Let us consider the case k = 1. If d » = 0, then S; (/) <2 and s0 S (5#) =1 =C).
If d» > 1, we have S; () = 2, which is also equal to CY +C}.

Assume now that (11.13) is true for all k < n— 1. Let us consider .77, with finite
VC dimension d . When d_j» = 0, no set of point can be shattered, so all points can
only be labelled in one way. Therefore, Sy () = 1 and (11.13) is true for all k. We
assume now that d »» > 1. Let x1,...,x, be n points in 2~ and define

H(xty-xn) = {(h(x1),...,h(xy)) :h € A},
We want to prove that

dyp
card(A (x1,...,x,)) < Y Cp. (11.14)
i=0

The set 5 (x1,...,x,) depends only on the values of & € 5 on {xi,...,x,}, so we
can replace 7 by .F = {h|(y, .} :h €} in the definition of J(xi,...,x,).
Since d# is not larger than dp, it is enough to prove (11.14) for .#. Therefore,
we assume (with no loss of generality) that 2" = {x1,...,x,} and 5 = #. Let us
consider the set

A ={he A h(x,)=1and ' =h—2x1y,€H}.
Since A (x1,...,x5) = F (X1, .., %0) U(FON\ A )(x1,. .., %), We have

card (S (xy,...,x,)) < card (S (x1,...,x,)) +card ((J\ H")(x1,...,xn)) -
(11.15)

Let us bound apart the cardinality of #’(xj,...,x,) and the cardinality of

(AON\A)(x1,- s Xn)-

1. We note that card (5 (x1,...,x,)) = card (5" (x1,...,x,—1)) since h(x,) =1
for all h € 5#'. Let us check that the VC dimension d_ of S’ is at most
dy — 1. Actually, if d points x; ,...,x;, of 2 = {xi,...,x,} are shattered by
A then x, & {x;,...,xi, } since h(x,) =1 for all h € 7#". Furthermore, the set
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{xi,,. ..\ Xiy, xa } is shattered by #" U {h' = h—2x 1) : h € A}, which is in-
cluded in 57 according to the definition of 7. So, d + 1 < d 5, which implies
dp <dyu — 1. Applying (11.13) with k = n — 1, we obtain

dyp—1

card (A (x1,... %)) = card (' (x1,... . x21)) < Y. Gy (11.16)
i=0

2. When h,h € ¢\ 2 fulfill h(x;) = W' (x;) fori = 1,...,n— 1, they also fulfill
h(x,) = I (x,); otherwise, either i or #’ would belong to 7#”. Therefore, we have
as above card (S \ ") (x1,...,x,)) = card ((5€\ ") (x1,-..,X4—1)). Further-
more, d y\ » is not larger than d ., since "\ ' C A, so Equation (11.13)
with k =n— 1 gives

dy
card ((A\ A")(x1,...,xn)) = card ((S\ H")(x1,...,X-1)) < ZC’Ll :

=

0
(11.17)
Combining (11.15), (11.16), and (11.17), we obtain

dy dy

. dx .
card (7 (x1,...,%,)) < ZC;;II +Yc . =Yc,
i=1 i=0 i=0

since C: | +C~! = C for i > 1. As a consequence, (11.13) is true for k = n, and
the induction is complete.

The second upper bound of the proposition is obtained by

The proof of Proposition 11.6 is complete. g

Remark. The reader may check (by induction) that for d < n, we also have
d d
; en
G=(7)
LG=(7
which improves the bound Y C}, < (n+1)¢ when 3 < d < n.

Let us give some examples of VC dimension for some simple dictionaries on 2~ =
R?. The proofs are left as exercises.

Example 1: Linear classifiers.
The VC dimension of the set 5# = {h(x) = sign({w,x)) : ||w|| = 1} of linear classi-
fiers is d (see Exercise 11.5.2).

Example 2: Affine classifiers.
The VC dimension of the set .7 = {h(x) = sign({(w,x) +b) : ||w|| =1, b € R} of
affine classifiers is d + 1 (see Exercise 11.5.2).
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Example 3: Hyper-rectangle classifiers.
The VC dimension of the set . = {h(x) = 214(x) — I : A hyper-rectangle of R }
of hyper-rectangle classifiers is 2d.

Example 4: Convex polygon classifiers.

The VC dimension of the set .’ = {h(x) =214(x) — 1 : A convex polygon of R }
of convex polygon classifiers is +oo (consider n points on the unit sphere: For any
subset of these points, you can choose their convex hull as convex polygon).

Finally, we can state the following corollary of Theorem 11.1.

Corollary 11.7 Control of the stochastic error for Vapnick dictionaries

For 7€ with VC dimension 1 <d j < oo, for anyt > 0, we have the upper bound

L(h,y) < min L(h) +4
(ﬂ)_}gg};i; (h) +

\/2dj~gflog(2n—|—2)) Ve
n

t

with probability at least 1 — e~

Let us now investigate the problem of the choice of the dictionary 7.

11.2.3 Dictionary Selection

Let us consider a collection {4, ..., 7} of dictionaries. Similarly to Chapter 2,
we would like to select among Athis collection, the dictionary .77, with the smallest
misclassification probability L(/ ). The so-called oracle dictionary ¢, depends on
the unknown distribution P, so it is not accessible to the statistician. In the following,
we will build on Theorem 11.1 in order to design a data-driven procedure for select-
ing a dictionary .77 among the collection {74, ..., .#, }, with performances similar
to those of J7,.

The oracle dictionary .77 is obtained by minimizing the misclassification probability

(h ) over € {IA,..., G} Afirstidea is to select .77 by minimizing over the
collection {7, ..,.#} the empirical misclassification probability L, (k). This
selection procedure will not give good results, since for any " C " we always
have L, (h ) < La (h ) by Definition (11.5). So the procedure will tend to select
the largest dictionary. For designing a good selection procedure, we have to take into
account the fluctuations of L,, (%) around L(% ), as in Chapter 2. The Bound (11.8)
in Theorem 11.1 gives us a control of these fluctuations. Building on this bound, we
have the following result.
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Theorem 11.8 Dictionary selection
Let us consider the dictionary selection procedure
me ar%mi; {Zn(/ﬁ;gn) +pen(ﬁf§n)}, with pen(7) > 2 w.
m=1,...,
Then, for any t > 0, with probability at least 1 — e™", we have
L(hy) < i {hg% L(h) +2pen(%‘;,,)} + w . (11.18)

Before proving Theorem 11.8, let us comment on Bound (11.18). Since
minye » L(h) < L(hr), we obtain with probability 1 — e~

2log(M)+2t

L(hoz,) < L(hu,) +2pen(Hg) + -

In particular, we can compare the misclassification probability of the selected classi-
fier with the misclassification probability of the best classifier among the collection

{ﬁj{i,.,/ﬁ)ﬁw}.

We also notice that the second term of Bound (11.18) increases as /21og(M) /n with
the number M of candidate dictionaries.

Proof of Theorem 11.8. We recall the notation A, () = SUPje ’Zn (h) — L(h)|.
The Lemma 11.2 ensures that

o~

L(hsz,) < Lu(ho,) + Au(H5).

According to Lemma 11.3 and Lemma 11.4, we have fors >0and m € {1,...,M}
P (Kn(%) > pen(,) + s/(zn)) <e s
For s = log(M) + ¢, the union bound ensures that

log(M) +t

, forallm=1,... M| >1—¢"'
2n

P (Zn(%) < pen(S,) +

(11.19)
Therefore, according to the definition of the selection criterion, we have with proba-
bility at least 1 —e™*

h L,(h log(M) +1t
L(hy) < Lu(hy,)+pen(J6;) + %

log(M) +1

- (11.20)

< m’in’M {Ln(hjfm) +pen(%)} +
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To conclude, we only need to control the size of L. (ﬁ ,) in terms of infyc 2 L(h).
This can be done directly by combining (11.7) and (11.8), but the resulting bound is
not tight.

In order to compare L, (;l\/ﬁn ) to infye 5z L(h), let us notice that for any h € J2,, we
have R R R

so taking the infimum over & € J#,, we obtain forallm=1,... .M

Lu(h,) < inf L(h)+Au( ).
he Ay,

Combining this bound with (11.19) and (11.20), we obtain with probability at least
|

~ ) : log(M) +1
Lhp) < f L(h 2 o 24 ————.
<f%n>—mr?19,M{h;f;% (h)+ Pen<%>}+ o

The proof of Theorem 11.8 is complete. a

Remark. Combining (11.19) and Lemma 11.2, we obtain the confidence interval for
the misclassification probability

P (Llhrg) € [Lalhs

with  8(7,1) = pen(.7) + log(;”ﬂ
n

11.3 From Theoretical to Practical Classifiers
11.3.1 Empirical Risk Convexification

The empirical risk minimization classifier analyzed in the previous section has some
very nice statistical properties, but it cannot be used in practice because of its compu-
tational cost. Actually, there is no efficient way to minimize (11.5), since neither .77
nor Z,, are convex. The situation is very similar to the situation met in Chapter 2 for
the model selection procedure (2.9). As in Chapter 5, we will derive some practical
classifiers from (11.5) by a convex relaxation of the minimization (11.5). Some of
the most popular classification algorithms are obtained by following this principle.
The empirical misclassification probability L, will be replaced by some convex sur-
rogate and the set of classifiers ¢ will be replaced by some convex functional set
F CR”.

Let us consider some convex set .% of functions from 2" to R. A function f € &
is not a classifier, but we can use it for classification by classifying the data points
according to the sign of f. In other words, we can associate to f the classifier sign(f).
The empirical misclassification probability of this classifier can be written as

-~ 1 1
Ly(sign(f)) = ~ ; Lysign()(x)<0} = ~ ; Ly, /(x;)<0}-
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Let us replace this empirical misclassification probability Z,, by some convex surro-
gate, which is more amenable to numerical computations. A simple and efficient way
to obtain a convex criterion is to replace the loss function z — 1, by some convex
function z — ¢(z). Building on this simple idea, we will focus in the following on
classifiers obtained by the procedure

hy =sign(fz),

where fz € argminLi(f), with Li(f) =~ Y (¥ f(X:)). (11.21)

1
fez ni3

This classifier can be computed efficiently, since both .% and Zf, are convex. Many
classical classifiers are obtained by solving (11.21), with some specific choices of F
and /; see Sections 11.3.3 and 11.3.4 for some examples.

Some popular convex loss ¢

It is natural to consider a convex loss function ¢, which is non-increasing and non-
negative. Usually, we also ask that £(z) > 1, for all z € R, since in this case we can
give an upper bound on the misclassification probability; see Theorem 11.10. Some
classical loss functions are

o the exponential loss £(z) = e %,

e the logit loss /(z) = log,(1+e%), and

o the hinge loss {(z) = (1 —z)4, with (x); = max(0,x).
A plot of these three functions is given in Figure 11.4.

classical losses

S
« N " — initial
N\ [ — = hinge
\ . .
[t} . exponential
a7 N ' logit
A .
o N .
[V \ *
A Y
NS
N
N
e
~ I\
\N
0 ‘\
S 7 Noet
\ Tt
N e
o (N
S
T T T T T
2 1 0 1 2

Figure 11.4 Plot of the exponential, hinge, and logit losses.
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Some classical functional sets .7
The main popular convex functional sets .% can be grouped into two classes.

A first popular class of sets .% is obtained by taking a linear combination of a finite
family % = {hy,...,hp} of classifiers

F = { Zﬁ, x) with §; e%} (11.22)

where ¢ is a convex subset of R”. Typical choices for % are the ¢'-ball
{B € R?:|B|; < R}, the simplex {[3 ERP:B; >0, X0 B < 1}, or the whole
space R”. This choice appears, for example, in boosting methods; see Section 11.3.4.
The basic classifiers {h1 yeon ,hp} are often called weak learners. A popular choice
of weak learners in R? is /;(x) = sign(x; —t;) with t; € R.

A second popular class of sets .# is obtained by taking a ball of a Reproducing
Kernel Hilbert Space (RKHS). We refer to Appendix E for a brief introduction to
RKHS. Since the smoothness of a function in an RKHS is driven by its norm (see,
e.g., Formula (E.5), page 327, in Appendix E), a ball of an RKHS corresponds to a
set of smooth functions. Let .%; be an RKHS with reproducing kernel k, and write
I f]l.# for the Hilbert norm of f € .%. For notational 51mphclty, in the following,
we simply write .% for .. Minimizing L over the ball {f €.7 : || f|.# <R} is
equivalent to minimizing over .% the dual Lagrangian problem
—~ ~ 1 &
fz €argminLi(f), with Li(f) ==Y € f(X))+ A fI|%. (11.23)
feF i=1

3

for some A > 0. This kind of classifier appears, for example, in Support Vector Ma-
chine algorithms, presented in Section 11.3.3. The solution of (11.23) fulfills the
following representation formula.

Proposition 11.9 Representation formula

The minimization problem (11.23) is equivalent to f7 = Yo Bj k(X;,.), with

Beargmm{ Zé(Zﬁ,Yk )+A Y, BiBjk Xl,xj)}. (11.24)

BeR? i,j=1

Proof. Let V be the linear space spanned by k(X,.),...,k(Xy,.), where k(x,.) refers
to the map y — k(x y). Decomposing f = fy + f;,1 according to the orthogonal de-
composition .% =V DV, we have by the reproducing property (E.2), page 325,

fXi) = (f,k(Xi, ) 7 = (v, k(Xi, ) 7 = fv (Xi).-
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Combining this formula with the Pythagorean formula, we obtain
1 n
Ly(fy + fy) = ;Z Yify (X0) + A S % + ANy |5

Since A is positive, any minimizer fof Zﬁ must fulfill J?v 1 =0, so it is of the form

Furthermore, the reproducing property (E.2) ensures again that (k(X;,.),k(X;,.)).#z =
k(X,',Xj), SO

n 2 n
Zﬁjk(xj ) = Z ﬁiﬁjk(XhXj)-
Jj=1 F ij=1
The proof of Proposition 11.9 is complete. O

The representation formula is of major importance in practice, since it reduces the
infinite-dimensional minimization problem (11.23) into an n-dimensional convex
minimization problem (11.24) that can be solved efficiently. In Section 11.3.3 on
Support Vector Machines, we will give a more precise description of the solution of
this problem when ¢ is the hinge loss.

Another important feature of the representation formula is that we only need to know
the positive definite kernel k in order to compute the classifier n . In particular, we
do not need to identify the RKHS associated to & in order to define and compute the
estimator (11.24). The RKHS .# is only used implicitly in order to understand the
nature of the classifier he Z.

11.3.2 Statistical Properties

The classifier & # given by (11.21) with .% and ¢ convex has the nice feature of a low
computational cost, but does it have some good statistical properties?

Link with the Bayes classifier

The empirical risk minimizer /};f of Section 11.2 minimizes the empirical version
L, (h) of the misclassification probability L(h) = P(Y # h(X)) over some set . of
classifiers. The function f2 minimizes instead the empirical version L{,(h) of L’ (h) =
E [¢(Y £(X))] over some functional set .%. The classifier /1, can then be viewed as
an empirical version of the Bayes classifier 4. which minimizes P(Y # h(X)) over
the set of measurable functions z: 2" — {—1,41}, whereas the function fy is an
empirical version of the function f, which minimizes E [¢(Y f(X))] over the set of
measurable functions f: 2~ — R. A first point is to understand the link between the
Bayes classifier &, and the sign of the function f¢. It turns out that under some weak
assumptions on /¢, the sign of f! exactly coincides with the Bayes classifier &, so
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sign(f!) minimizes the misclassification probability P(Y # i(X)). Let us check this
point.

Conditioning on X, we have

E[E(Yf(X)] =E[E[L(Y F(X)IX]]
=E[((f(X)PY = 11X) +£(—f(X))(1 - P(Y = 1]X))].

Assume that /¢ is decreasing, differentiable, and strictly convex (e.g., exponential or
logit loss). The above expression is minimum for f! (X) solution of

O(-f(X)) _ B =1x)
Cx) =P =11x)°
when such a solution exists. Since £ is strictly convex, we then have f(X) > 0 if and
only if /(—f(X))/¢'(f(X)) > 1, so
flX)>0 = PY =1|X) > 1/2 « E[Y|X]=2P(Y =1|X)—1>0.

Since h,(X) = sign(E[Y|X]) (see Section 11.1), we obtain sign(f!) = h.. This equal-
ity also holds true for the hinge loss ¢ (check it!).

To sum up the above discussion, the target function f¢ approximated by fgz does
perfectly make sense for the classification problem, since, under some weak assump-
tions, its sign coincides with the best possible classifier 4. (the Bayes classifier).

Upper-bound on the misclassification probability

We focus now on the misclassification probability L(ﬁq) of the classifier 71\0; =
sign(fAy) given by (11.21). In practice, it is important to have an upper bound on
the misclassification probability L(ﬁg), which can be computed from the data. The
next theorem provides such an upper bound for some typical examples of set .%.

Theorem 11.10 Confidence bound on L(7%)

For any R > 0, we set AU(R) = |{(R) — {(—R)|. We assume here that the loss-
function { is convex, non-increasing, non-negative, o.-Lipschitz on [—R,R] and
Sulfills £(z) > 1.« for all z in R. We consider the classifier hg given by (11.21).

(a) When F is of the form (11.22), with € = { € R? : |B|1 <R}, we have with
probability at least 1 — e™!

I 210g(2
L(hz) < IL(f7)+4aR M+M(R),/2L. (11.25)
n n

(b) Let & be the ball of radius R of an RKHS with kernel k fulfilling k(x,x) < 1
forall x € Z'. Then, we have with probability at least 1 —e™"

~ ~ 4R t
) < L'(fz)+ — _ . _
Lhg) < L,(f#)+ NG +A€(RM/2}1 (11.26)
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Proof. We first prove a general upper bound for L(Z ), similar to Theorem 11.1.

Lemma 11.11
Assume that supsc z |f(x)| < R < +oo. For any loss { fulfilling the hypotheses of

+M(R),/2in, (11.27)

where ©y,...,0, are iid. random variables with distribution Ps(c; = 1) =
Ps(oi=—-1)=1/2.

Theorem 11.10, we have with probability at least 1 — e~

i oif(x;)

i=1

~ ~p 4qa
L(hz) <L'(f7)+ — max E | sup
n xezn feF

Proof of Lemma 11.11. The proof of this lemma relies on the same arguments as the
proof of Theorem 11.1. We set

AL(T) = qup LL(f)—L'(f)| with L'(f) =E[{(Y £(X))].
eF
The first point is to notice that since ¢(z) > 1,0 for all real z, we have

L(hz) = PB(¥f5(X) < 0) <E[0(Y ()]
<L (f7) +8,(F).

Asin Lemma 11.3, the McDiarmid concentration inequality (Theorem B.5, page 299,
in Appendix B) ensures that with probability at least 1 —e™, we have

R (7) <E[A(5)] +auR) i

To conclude the proof of the lemma, it only remains to prove that

n

Y oif(x)

i=1

E [Zfl(ﬂ)] < do max Eq

< sup
n xeqn

feF

] . (11.28)

Following exactly the same lines as in the proof of Lemma 11.4 (replacing 1y, x,)
by £(Y:f(X;)) — £(0)), we obtain

ici(ﬁ(yif(xi)) —f(o»” )

~ 2
E [Aﬁ(ﬁ)} <-  max max Es |sup
noye{-1,+1}" xe2" feF

We finally use the ¢¢-Lipschitz property of £ to conclude: According to the Contrac-
tion principle (Proposition B.11, page 306, in Appendix B, with ¢(z) = ¢(z) — £(0)
and & = {[yif(xi)]i=1,.n: f € F}), we have

Es lsup Z(Fi(é(y,-f(x,-)) —6(0))"| < 2aE¢s sup Zciy,-f(x,-) ]
feZ |i=1 feZ li=1

= 20Eq |sup icif(xi) ] ;
feF li=1




FROM THEORETICAL TO PRACTICAL CLASSIFIERS 239

where we used in the last line that (oy,...,0,) has the same distribution as
(y101,-..,yn0,) forany y € {—1,1}". Combining the last two bounds gives (11.28),
and the proof of Lemma 11.11 is complete. O

(a) Let us prove now Bound (11.25). The map 8 — Y | o; 25:1 Bjhj(x;) is linear,
s0 it reaches its maximum and minimum on the £!-ball € at one of the vertices of €.
Therefore, we have

It remains to apply Inequality (11.10) with ¥ = { (h;(x1),...,hj(x,)) : j=1,...,p},
whose cardinality is at most p in order to obtain

n

Y oif(x)

i=1

Es | sup =REs

feF

Y oihj(xi)
i=1

P

n
sup Z
feF li=1

Es oif(xi)|| <R +/2nlog(2p).

Bound (11.25) then follows from Lemma 11.11.

(b) We now turn to the second Bound (11.26) and write ||.|| # for the norm in the
RKHS. According to the reproducing formula (E.2), page 325, and the Cauchy—
Schwartz inequality, we have

_ ’<f26k()>g‘ <IIfll»

Since ||f||# < R, applying Jensen inequality, we obtain

i} oif (x;)

i}cik(x,-, )

§
.

n
R | Y, k(xi,x))Es[cioj]
i1

F

n

IEG[ sup Z
Ifll.z<R

i=1

oif (x;)

1§R]Eo

i CF,'k()C,‘7 )
i=1

IN

i O',‘k(x,', )
i=1

: E[

where we have used (k(x;,.),k(x;,.)).# = k(xi,x;). Since k(x,x) < 1 and E[c;0;] =0
for i # j, we get

Es | sup

If1l.7<R

Y. oif(x)

i=1

n
S R \/Z k(-xivxi)EG[Giz} S R\/ﬁ
i=1
Combining again the reproducing property with the Cauchy—Schwartz inequality, we

obtain
|f(0) = [(f.k(x,.)) 7| < RVk(x,x) < R.
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So . fulfills the hypotheses of the Lemma 11.11, which gives

—~ ~ o~ 40R t
Lhy) <L'Ff7)+ —= +Al(R)y| — .
(hg) < n(J‘)+\/ﬁ+ £ )\/2,1

The proof of Theorem 11.10 is complete. a

It is possible to derive risk bounds similar to (11.7) for L(/};f), we refer to
Boucheron, Bousquet, and Lugosi [37] for a review of such results. In the remain-
der of this chapter, we will describe two very popular classification algorithms: the
Support Vector Machines and AdaBoost.

11.3.3 Support Vector Machines

The Support Vector Machine (SVM) algorithm corresponds to the estimator (11.23)
with the hinge loss £(z) = (1 — z)+. The final classification is performed according to
h(x) = sign(f (x)). We stress that there is a unique solution to (11.23) when ¢ is
the convex loss since (11.23) is strictly convex when AA > 0. It turns out that there is
a very nice geometrical interpretation of the solution fg, from which originates the
name “Support Vector Machines.”

Proposition 11.12 Support Vectors
The solution of (11.23) is of the form fq (x)=Y%, E,-k(X,',x), with

Bi=0 if Yifr(X)>1
Bi=Y/(2An) if Yifz(X) <1

§~>

0<YBi<1/@An) if Yifz(X)=1.

The vectors X; with index i, such that B; # 0, are called support vectors.

Proof. Writing K for the matrix [k(X;,X;)]; j—1.....n, we know from the representation
Formula (11.24) that the solution of (11.23) is of the form f/ = 2’;’:1 Bjk(X;,.), with

B rgmin ln -Y; ; T
p e anpmi {n,-zl(l VIKBL), +ABKB )

The above minimization problem is not smooth, so we introduce some slack variables
& = (1 —Y;[KB];)+ and rewrite the minimization problem as

(B.,E)e  argmin {125i+AﬁTK/3}. (11.29)
B,E cR"suchthat =]
&> 1-Yi[KB:

&>0
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This problem is now smooth and convex, and the Karush—Kuhn—Tucker conditions
for the Lagrangian dual problem

</§,§>eargmin{ Z§l+7tl3TKB 2 (& 1+Y,»[Kmi>+y,»a)} (11.30)
B.EeRn i
gives the formulas fori,j=1,...,n

N n
first-order conditions: 2A[KB]; =Y K;;oY; and o+ = -
=1

slackness conditions: min(ahg,- -1 —|—Y,-[KB\L<) =0 and mln(}/,,é,) =

The first first-order condition is fulfilled with ,B, = oyY; / (22). Since fz(X;) = [K [)’] is

the first slackness condition enforces that ﬁl =0ifYif# /( ;) > 1. The second slack-
ness condition, together with the second first-order optimality condition, enforces

that E =Y;/(2An) if E, >0 and 0 < Y-Bi < 1/(27Ln) otherwise. To conclude the
proof of the pr0p0s1t10n we notice that when 51 > 0, we have [3, and o nonzero, and
therefore Y, f 7z(Xi)=1- 5, < 1 according to the first slackness condition. |

We observe that when the matrix K = [k(X;,X;)]; j—1,
unique solution B to (11.24). We refer to Exercise 11.5.5 for the computation of

. 18 non-singular, there is a

B. An implementation of the SVM is available, e.g., in the R package kernlab at
http://cran.r-project.org/web/packages/kernlab/.

Let us now interpret geometrically Proposition 11.12.

Geometrical interpretation: linear kernel

We start with the simplest kernel k(x,y) = (x,y) for all x,y € R, The associated
RKHS is the space of linear forms . = {(w,.) : w € R?}. In this case,

o~

7 (x) =

HM:

B(Xi,x> =(Ww,x) with w= ZB,-XI-,
i=1

so the classifier /. (x) = sign((v@x)) assigns labels to points according to their po-
sition relative to the hyperplane {x € R? : (i, x) = 0}. The normal W to the hyper-
plane is a linear combination of the support vectors, which are the data points X;,
such that Y;(w,X;) < 1. They are represented by squares in Figure 11.5. The hyper-
planes {x € R?: (iw,x) = +1} and {x € R? : (W, x) = —1} are usually called margin
hyperplanes.

We notice the following important property of the SVM. If we add to the learning
data set a point X, |, which fulfills ¥, 1 (W, X,+1) > 1, then the vector w and the clas-
sifier ﬁg do not change. In other words, only data points that are wrongly classified
or classified with not enough margin (i.e., ¥;(w, X;) < 1) do influence the separating
hyperplane {x € R?: (#,x) = 0}. This property is in contrast with the LDA classi-
fier (11.2), where all the points have an equal weight in the definition of the Uy and
x.
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Figure 11.5 Classification with a linear SVM: The separating hyperplane
{x eRY: (w,x) = O} is represented in black, and the two margin hyperplanes
{xeR?: (W,x)=+1} and {xeRY: (W x)=—1} are represented in dotted blue and
red, respectively. The support vectors are represented by squares.
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Figure 11.6 Classification with a non-linear kernel: The linear classification in % produces
a non-linear classification in 2" via the reciprocal image of ¢.
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Geometrical interpretation: arbitrary positive definite kernels

Letus denote by ¢ : 2 — F the map ¢ (x) = k(x,.), usually called the “feature map.”
According to the reproducing property (E.2), page 325, and Proposition 11.12, we
have .
S0 = T 000 = ( L B0, 00)
i=1 Z
A point x € 2 is classified by 27 according to the sign of the above scalar product.
Therefore, the points ¢ (x) € .# are classified according to the linear classifier on .#

S+ sign ((@D,f)gr) ,  where wy = Z[?id)(X,-).
i=1

The separating frontier {x e 2 fy (x) = O} of the classifier ﬁa; is therefore the
reciprocal image by ¢ of the intersection of the hyperplane { feF:(wy,flz= O}
in .% with the range of ¢, as represented in Figure 11.6. We observe that the kernel
k then delinearizes the SVM, in the sense that it produces a non-linear classifier n i
with almost the same computational cost as a linear one in R".

You can observe SVM in action with the following recreative applet:
http://cs.stanford.edu/people/karpathy/svmjs/demo/.

Why are RKHS useful?

There are mainly two major reasons for using RKHS. The first reason is that using
RKHS allows to delinearize some algorithms by mapping 2 in % with ¢ : x —
k(x,.), as represented in Figure 11.6. It then provides non-linear algorithms with
almost the same computational complexity as a linear one.

The second reason is that it allows us to apply to any set 2~ some algorithms that
are defined for vectors. Assume, for example, that we want to classify some proteins
or molecules according to their therapeutic properties. Let 2~ represents our set of
molecules. For any x,y € 27, let us represent by k(x,y) some measure of similarity
between x and y. If the kernel k : 2" x 2 — R is positive definite, then we can
directly apply the SVM algorithm in order to classify them; see Figure 11.7. Of
course, the key point in this case is to properly design the kernel k. Usually, the
kernel k(x,y) is designed according to some properties of x,y that are known to be
relevant for the classification problem. For example, the number of common short
sequences is a useful index of similarity between two proteins. The computational
complexity for evaluating k(x,y) is also an issue that is crucial in many applications
with complex data.

We point out that RKHS can be used in many other statistical settings in order to ei-
ther delinearize an algorithm or to apply a vectorial algorithm to non-vectorial data.
In principle, it can be used with any algorithm relying only on scalar products (x,y)
by replacing these scalar products by the kernel evaluation k(x,y). Some popular ex-
amples are the kernel-PCA (for a PCA with non-vectorial data; see Exercise 11.5.6)
or the kernel-smoothing in regression.
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Figure 11.7 Classification of molecules with an SVM.

Finally, we stress again that as long as we have a representation formula as (11.24),
we do not need to identify the RKHS associated to a positive definite kernel k in
order to implement an algorithm based on RKHS. This property is usually referred
to as the “kernel trick.”

11.3.4 AdaBoost

AdaBoost is an algorithm that computes an approximation of the estimator (11.21)
with the exponential loss £(z) = e~* and the functional space .# = span {hy,...,hy},
where hy,...,h, are p arbitrary classifiers.

The principle of the AdaBoost algorithm is to perform a greedy minimization of
~ 1
fre argmin § - Y exp(~Kf(X)) .
fESpan{hl ,...,h,,} niz

More precisely, it computes a sequence of functions ﬁn form=0,...,M by starting
from fy = 0 and then solving form=1,...,M

f‘m :-]/C;n71 +ﬁmhjm7

. 1 n Y

where (B, jm) € argmin . Zexp (fY,-(fm,l (X:) +ﬁhj(X,-))) .
i=1,....p "izl
J P p

The final classification is performed according to A (x) = sign(fy (x)), which is an
approximation of & 4 defined by (11.21).
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The exponential loss allows us to compute (f,,, j,) very efficiently. Actually, setting

wi"™ =0~ exp(—Yifu—1(X:)), we have

1

n

%Zexp( fm 1( i)—l—ﬁhj(Xi))) ZW 1/1 X;)#Y; +e 5ZW’" .

i=1

When no initial classifier /; perfectly classifies the data (X;,Y;),—
condition

> so that the

’Llw(m)lh.(x.)¢y.
erry(j) = —— rz (in)' L <1 forallj=1,...,p
i=1W

is met, the minimizers (f3,,, j,) are given by
1 1 —erry(jm)
Jjm = argminerr,,(j) and =—lo ( .
" ./:g17~-~717 m) P 2% ertn (jm)

Noticing that —Y;a(X;) = 21y, 4;x,) — 1, we obtain the standard formulation of the
AdaBoost algorithm.

AdaBoost

Init: w —l/n fori=1,.

Iterate: Form=1,...,M do

Jm = argminerr, ()
J=l...p
2B = log(1 —erryu(jm)) —log(err(jm))
wSmH) = wl(m> exp(Zﬁmlhjm(Xi#yi —Bn), fori=1,....n

Output: fM( ) Yo 1ﬁm jm( )

We notice that the AdaBoost algorithm gives more and more weight in err,, () to the
data points X;, which are wrongly classified at the stage m.

You can observe AdaBoost in action (with half-plane weak-learners /) with the
following recreative applet: http://cseweb.ucsd.edu/~yfreund/adaboost/.

11.3.5 Classifier Selection

The practical implementation of the SVM classifier or the AdaBoost classifier re-
quires us to choose different quantities: the kernel k and the tuning parameter A for
the SVM, the weak learners {h Toen- ,hp} and the integer M for AdaBoost. The most
popular technique for choosing these quantities is to apply a V-fold cross-validation
scheme (see Chapter 7). Cross-validation can also be used to compare the SVM to
the boosting, the Linear Discriminant Analysis, the logistic regression, etc.



246 SUPERVISED CLASSIFICATION
11.4 Discussion and References
11.4.1 Take-Home Message

The discrete nature of the labels y enables us to relax the modeling of the data, by
merely assuming that the data are i.i.d. For this reason, some may believe that the
theory of classification presented in Section 11.2 is “model-free.” It is not really
the case, since Estimator (11.5) relies on a dictionary ¢, which must provide a
good approximation of the Bayes classifier &, in the sense that miny¢ s L(h) — L(h,)
must be small. Otherwise, the misclassification probability of Estimator (11.5) will
be large and the theory is useless. There are then some implicit assumptions on the
distribution of the data that are hidden in the choice of the dictionary .77 (or of the
collection of dictionaries in Section 11.2.3). Yet, Estimator (11.5) enjoys some very
nice statistical properties under very weak assumptions. Its main drawback is its high
computational complexity that is prohibitive when # is larger than a few tens. As in
Chapter 5, a powerful strategy is to relax the minimization problem (11.5) in order to
obtain classifiers that are both computationally efficient and statistically grounded.
Combining this strategy with the use of kernels provides a very flexible theory of
classification that can handle data such as text, graph, images, etc. As usual, the
resulting classifiers depend on some tuning parameters and, again, cross-validation
is a useful technique for selecting them.

11.4.2 References

The mathematical foundations of supervised classification date back to the seminal
work of Vapnik and Chervonenkis [155, 156] in the *70s, and this topic has since
attracted a lot of effort. For the reader interested in going beyond the basic concepts
presented in this chapter, we refer to the book by Devroye, Gyorfi, and Lugosi [62]
and the survey by Boucheron, Bousquet, and Lugosi [37] for recent developments
on the topic and a comprehensive bibliography. For more practical consideration,
we refer to the book by Hastie, Tibshirani, and Friedman [91], where many practi-
cal algorithms are described and discussed. Finally, we point out that the concepts
introduced here arise also for the ranking problem (rank at best some data, as your
favorite search engine does); see, e.g., Clémencon, Lugosi and Vayatis [58].

11.5 Exercises
11.5.1 Linear Discriminant Analysis

Let us consider a couple of random variables (X,Y) with values in RY x {—1,1}, and
distribution

P(Y=k)=m >0 et P(Xecdx]Y =k)=gi(x)dx, ke {—1,1}, xeR?,

where m_; +m; = 1 and g_1,g; are two densities in R,
1. What is the distribution of X?
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2. Check that the Bayes classifier is given by h..(x) = sign (7, g (x) — 7_;g_1 (x)) for
xeRY,

We assume henceforth that

au(n) = (2m) 2 ez enp (-5 E o)) k=L,

for two non-singular matrices X_1, X and u_1,Uu; € R4, with U_1 # U.

3. Prove that when X_; = X = ¥, the condition m;g; (x) > m_1g_1(x) is equivalent
to

_ +u_
= (v B ) s oy /),

4. What is the nature of the frontier between {h, = 1} and {h, = —1} in this case?
5. We assume in addition that 7; = m_;. Prove that

B(h(X) = 1]¥ = 1) = D(~d(u1, 11)/2),

where & is the standard Gaussian cumulative function and d(u;, 14— ) is the Ma-
halanobis distance associated to  defined by d (1, 1) = |22 (uy — u_1)].
6. When ¥ # X_, what is the nature of the frontier between {h, = 1} and {h, =
—-1}?
In this exercise, we have analyzed the risk of the Bayes classifier #*, which has a full

knowledge of the parameters 7, iy, 1,2 of the distribution. We refer to Section
12.7.1, page 270, for an analysis of the LDA classifier (11.2), when X = o2l

11.5.2 VC Dimension of Linear Classifiers in R

For any w € RY, we denote by h,, : RY — {—1,1}, the classifier
hy,(x) = sign((w,x)), forxe R

We compute below the VC dimension of 7 = {h,, : w € R¢}.

1. We write ey, ..., e, for the canonical basis of R. Prove that for any § € {-1, l}d
there exists ws € R?, such that hyg(ei) = 0; fori =1,...,d. Give a lower bound
ondy.

2. Forany xi,...,xs.1 € RY, there exists 2 € R?*! nonzero, such that ):?:11 Aix; = 0.
We can assume that there exists j, such that A; > 0, by changing A in —A if
necessary. We define 8 by §; = sign (4;). By considering the sum Z?jll Ailws, xi),
prove that there exists no ws € RY, such that hy, (x;) = &, fori =1,...,d + 1.
Conclude that d ,» = d.

3. We define # = {h,,;, : w € R?, b € R}, where h,,,(x) = sign ({(w,x) — b). Prove
that the VC dimension of 77 is d + 1.



248 SUPERVISED CLASSIFICATION
11.5.3 Linear Classifiers with Margin Constraints

Assume that .7 is a Hilbert space, and consider {xi,...,xy} C .# with ||x;i]|# <A
foranyi=1,...,M. For r,R > 0 we set

H ={h,:weZ, |w|z<Rand |(w,x;)z|>rfori=1,....M},

where hy, : {x1,...,xp} — {—1,1} is defined by h,,(x) = sign ({w,x) &) for any x €
{x1,...,xy}. We assume henceforth that M > A?R?/r>. We will prove that d ; <
A’R?/r?.

1. Forn <M and oy,...,0, i.i.d. uniform on {—1, 1}, prove that

n n
e[| £ ol | - £l ] < e
i=1 i=1

2. Conclude that there exists y € {—1,1}", such that H Y, y,-x,-HLZO; < nAZ.

3. Assume there exists w € %, such that h,, € 5 and y;(w,x;) z > rfori=1,...,n.
Prove that

n
< iX; < RA+/n.
nr= <W7;y1xt>a} > \/’2

4. Show that S, (.7#) < 2" for R?°A? /r* < n < M and conclude.

11.5.4 Spectral Kernel

The spectral kernel is a classical kernel for classifying “words” from a finite alphabet
o . For x € Uy, " and s € /9, we set

N;(x) = number of occurence of s in x.

The spectral kernel is then defined by

k(x,y) = Z Ns(x)Ns(y)

sea/q
for all x,y € U,> q /" Tt counts the number of common sequences of length ¢ in x
and y.
1. Prove that k is a positive definite kernel on |J,,>, &".

2. Check that the computational complexity for computing k(x,y) is at most of order
£(x) +£(y), where £(x) is the length of x.

11.5.5 Computation of the SVM Classifier

We consider the SVM classifier hgyy = sign (Z?:l Ejk(Xj,.)), with E solution

of (11.29). We assume that K = [k(X;,X;)]; j=1,...» is non-singular.
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1. From the Lagrangian problem (11.30) and the Karush—Kuhn—Tucker conditions
prove that

B e argmin {157Kp — Y. G(h(Kp);— 1)}
i=1

BeR?
for some & € R”, fulfilling 0 < o; < 1/nforalli=1,...,n.

2. By Lagrangian duality, we know that @ is a solution of

O € argmax min {lﬁTKﬂ — Zn:ai(Y,-(Kﬁ)i— 1)}
i=1

0<o<1/n BER”

Proves that E, = @,Y;/(21), where
N n 1 &
o € argmax {Z o — a Z Kijyiyjociaj}.
0<e;<1/n \i=1 i,j=1

In particular, the SVM classifier ﬁSVM can be computed from a simple constrained
quadratic maximization.

11.5.6 Kernel Principal Component Analysis

As discussed above, RKHS allows us to “delinearize” some linear algorithms. We
give an example here with the Principal Component Analysis (see Exercise 1.6.4,
page 22). Assume that we have n points XM . X" e 2, and let us consider
an RKHS .# associated to a positive definite kernel k on 2. We denote by ¢ the
map from 2" to .# defined by ¢ : x — k(x,.). The principle of Kernel Principal
Component Analysis (KPCA) is to perform a PCA on the points ¢ (X M),...,0(X ()
mapped by ¢ in the RKHS. We then seek for the space ¥; C .% fulfilling

¥4 € argmin ) (X)) — 2, ¢(XD)|%,
dim(¥)<d =1

where the infimum is taken over all the subspaces ¥ C .# with dimension not larger
than d, and &7y denotes the orthogonal projection onto ¥ with respect to the Hilbert
norm ||.|| # on .Z. In the following, we denote by .# the linear map

LR F
n
a—Za=Y apx?).
i=1
1. By adapting the arguments of Proposition 11.9, prove that ¥; = £V, with V,
fulfilling
Vg€ argmin Y |9(XY) = Py o(xD)| %,
dim(V)<d i=1
where the infimum is taken over all the subspaces V C R" with dimension not
larger than d.
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2. We denote by K the n x n matrix with entries K; ; = k(X(), XU)) fori, j=1,...,n.
We assume in the following that K is non-singular. Prove that |.ZK~'/2a|% =
||a||? for any & € R™.

3. Let V be subspace of R" of dimension d and denote by (by,...,b;) an orthonor-
mal basis of the linear span K'/2V. Prove that (ZK~'/?by,..., 2K ?b,) is an

orthonormal basis of . ZV.

4. Prove the identities

d
PyyLoa=Y (LK b, L)z LKy
k=1

= LKV 2Projny K20,

where Projg1,2,, denotes the orthogonal projector onto K 12y in R".
5. Let us denote by (ey,...,e,) the canonical basis of R”. Check that

| Lei— LKV Proji oy, KV 2ei|| %
1

n n
Y Io(xX) = 22y o(xD)|% =
i=1 i=

n
= Z ||K1/ze,-—ProjK1/2VK1/26i|\2
i=1
= HK1/2 —PrOjKl/szl/ZH?M

where ||.||r denotes the Frobenius norm ||A[|% = ):,-_J-Alzj.

6. With Theorem C.5, page 313, in Appendix C, prove that V; = span{vi,...,vs},
where vy, ...,v, are eigenvectors of K associated to the d largest eigenvalues of
K.

7. Weset f = LK /2y, fork=1,...,d. Check that (fi,..., f) is an orthonormal
basis of ¥, and
n
Py o(xV) = Z<VkaK1/2€i>fk-
k=1

So, in the basis (f1,---,fa), the coordinates of the orthogonal projection of the
point ¢ (X)) onto ¥ are ((vl,Kl/zei), ey <vd,K1/ze,->).



Chapter 12

Clustering

In the previous chapters, the data were considered homogeneous: all the observa-
tions were distributed according to a common model. Such an assumption is valid
for data coming from small-scale controlled experiments, but it is highly unrealis-
tic in the era of “Big Data”, where data come from multiple sources. A recipe for
dealing with such inhomogeneous data is to consider them as an assemblage of sev-
eral homogeneous data sets, corresponding to homogeneous “subpopulations”. Then
each subpopulation can be treated either independently or jointly. The main hurdle
in this approach is to recover the unknown subpopulations, which is the main goal of
clustering algorithms.

Clustering algorithms can also be used for some other purposes. Two important mo-
tivations are scientific understanding and data quantization. In many fields, finding
groups of items with similar behavior is of primary interest, as finding structures is
a first step towards the scientific understanding of complex systems. For example,
finding groups of genes with similar expression level profiles is important in biology,
as these genes are likely to be involved in a common regulatory mechanism. Sum-
marizing a cloud of n data points by a smaller cloud of K points is another important
motivation for clustering. For example, we may wish to summarize the expression
level profiles of tens of thousands of genes by a small number of representative pro-
files (templates) and then only work with these templates which are lighter to handle.

The methodology for clustering can be based on some proximity-separation
paradigms, or on some statistical models. The proximity-separation paradigm is
model free and offers some easy-to-understand algorithms. It is yet difficult to define
a clear “ground truth” objective in this perspective, and to evaluate the performance
of a given algorithm. The statistical paradigm, based on a probabilistic modeling, is
more easily amenable to interpretation and statistical analysis. Most of this chapter’s
focus is on this approach.

251
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12.1 Proximity-Separation-Based Clustering
12.1.1 Clustering According to Proximity and Separation

Assume that we have n data points Xj, ..., X, in a metric space (Z",d). Informally,
the goal of clustering is to find a partition G = {Gj,...,Gk} of the indices {1,...,n},
such that, data points with indices within a group are similar, and those with indices
in different groups are different. Can we make this statement more formal?

The answer is no, in general, as the two objectives “group similar points” and “sep-
arate different points” can be contradictory. For example, consider the cells of your
two legs, while standing. The cells of one leg can be considered similar, as they are
in the same connected components. And the cells of different legs can be consid-
ered different, as they are in different connected components. Yet, when standing,
the cells of your right foot are much closer to the cells of your left foot, than to the
cells of your right thigh. Shall we group together cells of feet, or cells of a common
leg? From this toy example, we observe that we have no “ground truth”. Is it better
to split cells in terms of “left / right legs” or in terms of “foot / thigh”? Hence, there
are as many notions of proximity-separation-based clustering as there are notions of
proximity and separation.

In this section, we briefly present the two most widely used algorithms for proximity-
separation clustering: Kmeans algorithm and hierarchical clustering algorithm(s).

12.1.2 Kmeans Paradigm

The principle of Kmeans clustering is to represent the n data points Xi,...,X, € Z
by K representative points 0y,...,0x € 2 such that the cumulative residual square
distance

is minimal. Hence, Kmeans clustering seeks to solve the minimization problem
n

(él,...ﬁK)e argmin Y min_d(x; 6;)>. (12.1)
(01,....0x)e 2K i=1 k=1 K

Then, the partition GKmeans g defined by
(/;\kK'"e“”‘* = {i e{l,...,n} :d(x;,6) =, min d(xi,Gk/)},
'=1,...K
with ties broken randomly.

In general, solving the minimization problem (12.1) is NP-hard, and even hard to
approximate [11]. We refer to Section 12.3 for an analysis of Kmeans clustering.
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Figure 12.1 Left: data points in R*. Right: dendrogram of hierarchical clustering with Eu-
clidean distance d and complete linkage £. The colors correspond to the clustering output
when selecting K = 2 clusters.

12.1.3 Hierarchical Clustering Algorithms

The principle of Kmeans clustering is to try to minimize the global criterion (12.1).
The strategy in hierarchical clustering is different. The principle is to merge data
points step-by-step, by merging at each step the two closest groups of points.

More precisely, the hierarchical clustering algorithms cluster data points sequentially,
starting from a trivial partition with n singletons (each data point is a cluster on its
own) and then merging them step-by-step until eventually getting a single cluster
with all the data points. At the end of the process, we obtain a hierarchical family of
nested clusterings and the data scientist can choose her favorite one.

Linkage

In hierarchical clustering, the recipe for merging points is quite simple: at each step
the algorithm merges the two closest clusters (in a sense to be defined) of the current
clustering, letting the other clusters unchanged. This requires the definition of a “dis-
tance” ¢(G,G’) between clusters G and G', usually called “linkage”. Let d(x,y) be
any distance on Z"; typically d(x,y) = ||[x —y|| or d(x,y) = |[x—y|1 when 2~ =RP.
Some classical examples of linkage are:
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o Single linkage: single linkage corresponds to the smallest distance between the
points of the two clusters

Cyingte(G,G') =min{d(x;,x;) :i € G, j€G'}.

Single linkage clustering tends to produce clusters looking like “chains”, and we
can have within a cluster two data points x,y with d(x,y) very large.

o Complete linkage: complete linkage is somewhat the opposite of single linkage.
It corresponds to the largest distance between the points of the two clusters

Ceomplere(G,G') = max {d(x,',xj) x5 €G, xj € G'}.

Complete linkage clustering tends to produce “compact” clusters where all data
points are close to each other.

e Average linkage: average linkage corresponds to the average distance between
the points of the clusters G, G’/

1
Eaverage(Ga G/) = W Z d(xi7xj)'
i€G, jeG'

The clustering produced by average linkage is less “chainy” than those produced
by single linkage and less compact than those produced by complete linkage.

Hierarchical Clustering Algorithm

Hierarchical clustering algorithms start from the trivial partition G = {{1},...,{n}}
with n clusters, and then sequentially merge clusters two-by-two. At each step, the
algorithm merges the two clusters G, G’ available at this step with the smallest link-
age {(G,G"). The output is a sequence of clustering G(l), ... ,G(") withK=1,....,n
clusters. These clusterings are nested, in the sense that for j < k the partition G®) is
a sub-partition of GU).

Hierarchical clustering
e Input: data points Xj,...,X, and a linkage ¢
e Initialization: G = {{1},...,{n}}
e Iterations: fort =n,...,2
- find (4,b) € argmin, ) e(Gé’),ng))
- build G“~V) from G by merging G
unchanged.
e Output: the n partitions G\, ..., G™ of {1,...,n}.

g) and G(Zt ). The other clusters are left
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Dendrogram

It is popular to represent the sequence of clustering G, ... ,G" witha dendrogram,
which is a tree, rooted in G(l), and whose leaves correspond to G™ . The dendrogram
depicts how the merging is performed. The partition G*) can be read on the dendro-
gram as follows, see Figure 12.1:

1. locate the level where there are exactly k branches in the dendrogram;
2. cut the dendrogram at this level in order to get k subtrees; and

3. read the clustering as follows: Each subtree corresponds to one cluster, gathering
the points corresponding to its leaves.

The height in the tree represents the distance between two clusters. A classical recipe
for choosing the number k of clusters is to look for a level k where the height between
two successive merges increases abruptly.

Hierarchical clustering algorithms are popular, as they are simple to understand and
to visualize. When the clusters are well separated, they succeed to recover the hid-
den partition G*, see Exercise 12.9.1. Yet, hierarchical clustering is based on local
information, and does not take into account global information on the distribution
of the cloud of points, especially at the first steps. As the mistakes in the first steps
cannot be repaired in the following steps, it is a strong limitation for clustering in a
less separated case. It is also not clear which global criteria hierarchical clustering
seek to minimize and for which data distributions it has an optimal behavior.

In the remaining of this chapter, we change the point of view. Starting from a data
distribution modeling, we seek algorithms achieving the best possible performance,
with computational complexity constraints.

12.2 Model-Based Clustering
12.2.1 Gaussian Sub-Population Model

We assume from now on that the n observations Xi,...,X, € R? are independent,
but not identically distributed. We denote by u; = E[X;] the mean of X; and by
¥, = Cov(X;) the covariance of X;. As discussed in introduction, we assume that
the distribution of the X; is homogeneous across some subpopulations. This means
that there exists an unknown partition G* = {G},...,Gx} of {1,...,n}, such that,
within a group Gy, all the means and covariances are equal. In this chapter, we re-
strict ourselves to the Gaussian setting and consider the following model.

Definition Gaussian cluster model
We assume that

1. the observations X1, ...,X, € R?, are independent,

2. there exists a partition G* = {Gj,...,Gx} of {1,...,n}, and 6y,...,0x € R?,
At,...,Ax € RP*P such that

forallie Gy:  Xi~ N (6, Ap). (12.2)
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As in the previous chapter, we denote by X € R"*” the matrix whose i-th row is given
by X;. We define similarly the matrices

e M € R"*P the matrix whose i-th row is given by E[X;] = ;;

o E ¢ R"*? the matrix whose i-th row is given by E; = X; — 1;;

e O c RX*P the matrix whose k-th row is given by 6;;

e and A € R™X the membership matrix defined by A;, = liGG;, fori=1,...,n,and
k=1,....K.

Then we have the compact formula

X=M+E=AO+E.

Remark: a popular variant of the Gaussian cluster model is the Gaussian mixture
model. This model has an additional generating feature compared to the Gaussian
cluster model: Instead of being arbitrary, the partition G* is generated by sampling
for each observation i the label of the group according to a probability distribution
mon {1,...,K}. We refer to Exercise 12.9.9 for properties of this model and the
associated EM algorithm.

12.2.2 MLE Estimator

The negative log-likelihood of the distribution .4 (6, A;) with respect to the obser-
vation Xj is

1 _ 1
5 (X — 07 A (X — 8) + 5 log(det(Ar)) + £ log(27),

so the maximum likelihood estimator of the partition G* is given by

K
GMLE ¢ aromin min min Xi — 0) T AL (X — 6,) + log(det(A
gG ,;Akeygekemi;c'k(( ! k) k (Xi k) g(det( k)))

(12.3)
where Ylf is the set of p X p positive semi-definite matrices and where the first
minimum is over all partitions G of {1,...,n} into K groups.

The MLE estimator GMLE suffers from several drawbacks.

1. A first drawback is related to the cardinality of the set of partitions of {1,...,n}
into K groups. This cardinality, known as Sterling number of the second kind,
grows exponentially fast with n like K" /K, see Exercise 12.9.8. Hence, the com-
putational cost of scanning the set of partitions of {1,...,n} into K groups is
prohibitive and GMLE cannot be computed except for very small sample sizes.

2. From a more statistical point of view, the estimation of Ay is unstable in high-
dimensional settings, and even degenerated when p is larger than n.

To avoid the second issue, a classical solution is to consider Criterion (12.3) with all

Ay set to 61,,. This leads to the already met Kmeans criterion.
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12.3 Kmeans
12.3.1 Kmeans Algorithm

When setting all Ay to 61, Criterion (12.3) reduces to the Kmeans criterion (12.1).
Let us observe that

min Y [X— 6> = ¥ X —Xg,[? where Xg, = G Y X
uckr Lt i3, Gl 53,

is the mean of the observations in Gy.
Then, the minimization of (12.3) when all A; have been set to 621, is given by the
Kmeans clustering.

K
GKmeens ¢ argmin Crit (G), with Critg(G) =Y Y [|Xi—Xg, [ (124)
G k=1icG;

We have the alternative formulas for Kmeans

Lemma 12.1 Alternative formulas for Kmeans.
Symmetrization: we have

K
Critx (G Za ZG 1X; — X;|%. (12.5)
k=1 1,j€Gy

I\JM—‘

Matrix form: the Kmeans minimization problem can be written as

GKmeans ¢ argmax(XX”, B(G))r, (12.6)
G
where the p X p matrix B(G) is defined by

I
Bij(G):@ ifi,jeGy, k=1,....K

and B;j(G) =0 if i and j are in different groups.

Proof of Lemma 12.1.
Symmetrization: Let us observe that

Xi—Xg, ||? = X;i—X, (X —Xg,,X
‘G| Z || Gk” |G | Z Gk’ ‘Gk| Z Gk’ Gk>

icGy icGy

with the second sum equal to O by bilinearity of the scalar product. Hence, by sym-
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metry
— 1
Y I1X— X, | = Tenl Y Xi—X;.X)
i€Gy |G| i,jEG
1

i,j€Gy kl i jeGy

11X — X1
"2 |Gk\ ,,g{;k

Summing over k gives Equation (12.5).

Matrix form: We observe that
Z| Y IxilP = Y Xl = X7,
,jEGk i=1
so expanding the squares in (12.5) gives
Critg (G) = ||X||% — Z Z XZ,X
=11, ]GGk
The first term in the right-hand side is independent of G, and the second term can be
written as (XX', B(G))r, since [XX'];; = (X;,X;). Equation (12.6) follows. O
12.3.2 Bias of Kmeans

Let us denote by I' the diagonal matrix, with entries I';; = Tr(Cov(X;)) =
Tr(Cov(E;)). Since, for any i # j

E [|IX: —X;1°] = IE[X; = X;] > +Tr(Cov(X; = X;)) = ||t — wj|I* +Tii +Tj5,

we get that for any partition G of {1,...,n} into K groups

, 1 & 1
E[Critg (G)] = 5 Y Gl Y (i — wj)? + Lo +Tj5) L
k=1 17kl i jeG,
1 K K
ZEZW Y lmi—pl* +Te(T) Z Z (12.7)
k=1 7JEGk k=1 G

When all the covariances are the same, we have I';; = Tr(T") /p so

K
BlCrn(@) =5 Y gy L Il (1-5) o

kl i jeGy

Since the second term in the right-hand side of the equality is independent of G, we
observe that E [Critg (G)] is minimum for the target partition G*, as it is the only
partition for which u; = p; for any i, j in the same group.
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Yet, when the I';; do not all have the same value, the minimum of (12.7) may not be
G*. Actually, smaller values than E [Critg (G*)] can be achieved by splitting groups
with large I';; in order to increase the last sum in (12.7). We refer to Exercise 12.9.2
for such an example.

The origin of the bias is easily seen on the formulation (12.6) of the Kmeans criterion.
Indeed, since

(XX7);; = (A@0TAT);; + E'E; + EI (@"AT); + (40®)TE;,
with E [ETE;j] = 1;—;T';;, we have
E[XX"] =A0@TAT 4T,
which is the sum of a block structured matrix AG®7 AT and a diagonal matrix I".
When the diagonal matrix I" is not proportional to the idendity, it can blur the signal

A®OTAT as in Exercise 12.9.2. To overcome this issue, a solution is to “debias” the
Gram matrix XX’ by removing an estimator I of T".

12.3.3 Debiasing Kmeans

For a given estimator Cof T , the debiased Kmeans criterion is defined by

GDebiased—Kzneans c argmax(XXT _ f,B(G))F, (12.8)
G

where the p X p matrix B(G) is defined by

Bi;(G) if i,jeGy, k=1,...,K,

- 1
|Grl

and B;;j(G) = 0if i and j are in different groups.
A first approach to handle the bias induced by I; := || E;||? is to remove the diagonal
of XX7, which amounts to take

I = diag(xx").
Let us define the quantities
18120 = max 6, [Alop = max|Ackop and Al = max|[Adllr.  (12.9)

Then, since
o -
B — T = X612 — |1E? = llwill? + 2w, B,

il

with (;, E;) distributed as a .4 (0, u] ¥;11;) Gaussian random variable, and since

w Zitts < [Zilop | ill> < [Alop|©]l2,

we get for any L > 0

P [T ~ Tl < O] + [©]l2w/2|Alepllog(n) + L)| < 1-eE.
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We observe that this bound involves [|®]|3,,, which can be much larger than the
mean differences || — p;||>. Worst, this error is systematic, in the sense that
E [fl(lo ) f,-,} = ||w|? for i = 1,...,n. Since debiasing with T®) amounts to replace
I;ibyl;—E {fl(lo ) ] = —||g]|? in (12.7), removing the diagonal amounts to replace
the bias

Yo ¥ Y o X Il

— — I';; by the bias — Wi~

k=1 |G| i€Gy k=1 |G| i€Gy
In the case where the means in the different groups have quite different norms, this
bias tends to enforce a splitting of the groups with small means, and a merging of the
groups with large means.

In order to avoid this unwanted phenomenon, it is possible to derive some more subtle
estimators I', with error bound independent of ||®||2... Let us explain a first step in
this direction. A more complex estimator completely removing the dependence in
||®]|2- is described in Exercise 12.9.3.

If we knew the partition G*, “estimating’” the random quantity I (or the parameter
I';;)) would be a simple task. Actually, if i’ # i belongs to the same group as i, then

15

(Xi — Xy, Xi) = ||Ei||* — (Ei,Ey) + (Wi, E; — Ey), (12.10)
with E[(E;,Ey)] = E[(4;, Ei — Ey)] = 0. So (X; — Xy, X;) is an unbiased “estimator”
of 1“1-,» (and Fii).

The difficulty is that we do not know G*, and we need to estimate I'j; to estimate G*.

We can build yet on (12.10), by replacing i’ by a data-driven choice 7. We observe
that we have the decomposition

X — X X)) — (X — X, Xi) = (Xi — X, Xp) — (X; — Xy, X5,

and we will be able to control the size of the right-hand side if we are able to con-

trol maxy |(X; — X3, Xx)|. This observation motivates the definition of the following
estimator
lA“l(il) = (Xi — X X;), with ie argminkrilix'|<Xi—Xj,Xk>|. (12.11)
jo kKA

This estimator fulfills the following bound.

Lemma 12.2 Assume that each group Gy has a cardinality as least 2. Then, with
probability at least 1 —2e™%, we have

T —T7.,
< 6||®||zoo\/|/\|op(3log(n) +L) +10([|Allrv/2log(n) + L) V (|Alop (41og(n) +2L)).

Iwe use the word “estimation” even if T';; is a random quantity, not a parameter
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Proof of Lemma 12.2. Take i/ # i in the same group as i. Starting from the decom-
position
(Xi =X Xi) = (Xi = Xy, Xi) + (X — X5 Xy) — (Xi — Xy, X5)

i

and using U; = Uy, as well as the definition of i, we get
~1) =
7 = Dol <0 o= )| | B, B+ m X — X, X0) -+ ma | — X, %)
ki, ii
<[(ui,Ei — Ey)| + [(Ey, Ei)| +21£f;f,1’5|<xi — X, Xe)|
i,i

<3max (e, i — Ey) |+ S ma | (53, Ex)|
S0 R

Since (i, E; — Ey) follows a .A4(0, ! (£; + £7) k) Gaussian distribution with
wl (Zi+Z) ik < 2|Alop]|®]|2, a simple union bound gives

P [ (e £ E0)| > 21002 I6 oG 1og(o) + )

<

n
il k=1

P | 04,5~ Bl > 210l g (Glog(n) + 1) <t

We can write the scalar product (E;, Ey) as el-TZl-l / 22,1(/ 2£k, with &;, &, two independent

standard Gaussian random variables in R”. Hence, Hanson-Wright inequality (B.6)
on page 303 ensures that

P [I{EL Bl > CUZ 5 1evVD) v 4 opl2 Plopl) | < e

So, a union bound gives

P [m;,gs|<Ei,Ek>| > (2||Allrv/21og(n) + L) V (4]Alop (2log(n) +L>>} <e
]
(12.12)
The proof of Lemma 12.2 is complete. (]

We observe that the upper bound in Lemma 12.2 still depends on ||®||2.. The im-
provement upon [ is that the dependence is linear, instead of quadratic. In order
to get rid of this dependence, we must go one step further and consider an estima-
tor of the form (X; — X71 X — sz ) for two well-chosen indices lAl ,?2. We refer to the
Exercise 12.9.3 for such an estimator.

12.4 Semi-Definite Programming Relaxation

While Kmeans has the nice feature of not requiring to estimate all the covariance
matrices Ay, it suffers from the same computational issue as the MLE, since we need
to explore the set of partitions in order to minimize it.

In the spirit of Chapter 5, an approach to overcome this issue is to convexify
the optimization problem. In this direction, the formulation (12.6) is useful as the
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set {B(G) : G partition into K groups} is easily amenable to a convexification. Next
lemma gives a helpful representation of this set.

Lemma 12.3 Let us denote by 1 the n-dimension vector with all entries equal to
1, and by %, the set of n X n symmetric positive semi-definite matrices. Then, for
any 1 <K <n, we have
{B(G) : G partition of {1,...,n} into K groups}
={Bec %, :B*=B,Bl=1, Tr(B) =K, B>0} (12.13)

where the matrix B(G) has been defined in Lemma 12.1, page 257 and where
B > 0 denotes the set of constraints B;; > 0, fori,j=1,...,n.

Proof of Lemma 12.3. First, we observe that all matrices B(G) fulfill the properties
Bec .}, B*=B, Bl=1, Tr(B) = K, B > 0, so the left-hand side set is included in
the right-hand side set.

Let us consider a matrix B in the right-hand side set. The properties B € .%,", B> =B,
and Tr(B) = K enforce that B is an orthogonal projector of rank K. Let us consider
an index a corresponding to the maximum value on the diagonal B,, = maxy Bp.
The three properties By, = [B|4q (since B> = B), Buyp < v/BaaBpy < Baa (Cauchy—
Schwartz), and Y ;, B, = 1 (since B1 = 1) give

n n

Baa = Z BupBap < Z BupBaa = Baa-
b=1 b=1

So the inequality must be an equality in the above display. As a consequence, B, is
either equal to 0 or Bg,. Let us define G = {b : By, = By, }- Since

p
1= Z By, = Z By = |G|Baua
b=1 beG

we get that B,, = 1/|G| for all b € G, and B, = 0 otherwise.
Furthermore, since for any b € G we have

B = Bab < \Y BaaBbb < Bam

we obtain that By, = B, for all b € G. Following the same reasoning as for a, we
get that By = 1/|G]| for all ¢ € G, and By, = 0 otherwise. So we have the block-

decomposition
BGL'G BG('GL‘ 0 BG(‘GC '

We observe that the matrix Bgege belongs to the set

{Be&’nt‘c‘:BQ:B, Bl=1, Tr(B):K—LBzo},
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so we can apply the same reasoning as before and by induction we get that there
exists G1,. .., Gk disjoints such that

1
@7 0 0
B—|" . .0
1 )
0 .. W O
0 ... ... 0

where the (K + 1)-th group with only 0, may be empty. To conclude, we observe that
since B1 = 1, the (K + 1)-th group is actually empty, so {G1,...,Gk} is a partition
of {1,...,n} and B=B({Gy,...,Gk}). O

A consequence of Lemmas 12.1 and 12.3, is that Kmeans algorithm (12.4) is equiv-
alent to the maximization problem

BE™Means ¢ argmax (XX, B),
Bin (12.13)

with the partition GKmeans gbtained by grouping together indices i, j such that
B\{{means £0.
J

From an optimization point of view, we observe that the objective function B —
(XXTB) is linear, the constraints B1 = 1, Tr(B) = K, B > 0 are linear and the
constraint B € ., is conic. Hence, the difficulty of the optimization problem is only
due to the projector constraint B> = B. Hence, a simple way to convexify the problem
is to drop out this constraint B> = B and to compute the solution of the Semi-Definite
Programming (SDP) problem

BPP € argmax(XX”,B), with % = {Be #}: B1=1,Tr(B)=K, B>0},

Be%
(12.14)
which can be solved numerically in polynomial time.

Since we have dropped the condition B2 = B in &, we may not have BSPF ¢
{B(G) : G partition into K groups}, so in general, the matrix BS°" is not linked to
a specific GSPP by BSPP — B(GSDP ) In order to get a partition, we need to apply
some “rounding” to the entries of BSPF. For example, we can run a basic cluster-
ing algorithm on the entries of BSPP  like hierarchical clustering algorithm to get an
estimated partition G5PF

For the same reason as before, when I' is not proportional to the identity, it is wise to
replace the Gram matrix XX in (12.14) by a debiased version XX” —T..

This SDP-Kmeans clustering algorithm has some nice theoretical properties, and can
be computed in polynomial time. Yet, in practice, it suffers of a quite high computa-
tional cost since % gathers O(n?) linear constraints together with a semi-definite pos-
itive constraint. Computationally more efficient alternatives are needed for n larger
than a few hundreds. Similarly as in Chapter 6, instead of following the convex-
ification approach of Chapter 5, we may try a more greedy approach, seeking to
approximately minimize the Kmeans criterion (12.4). This approach is implemented
in the Lloyd algorithm.
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12.5 Lloyd Algorithm

The principle of the Lloyd algorithm is to decouple the estimation of the partition
G and the estimation of the centers 6 in (12.4), and to alternate between the two
estimation problems.

Lloyd algorithm

Initialization: start from G and ¢ = 0.

Iterate: until convergence
~ -
1. ek():XGy),fork:L...,K;

2. G,i”rl) = {i tk € argmin || X; — 5}')”2}, fork=1,...,K;
j=1,..K

3.t t+1.

Output: G1) = {GY), . .,G%)}

Each iteration of the Lloyd algorithm is cheap in terms of computations, and the
running cost of the Lloyd algorithm is low. Yet, it suffers from two drawbacks. First,
as Kmeans, it suffers from a bias, and this issue is even stronger in this case as it
happens even when the covariances are all equal (see below). Second, the output of
the algorithm is very sensitive to the initialization, so it must be initialized with care.
Let us detail these two points.

12.5.1 Bias of Lloyd Algorithm

Let us consider two groups G; and Gy. At the second stage of Lloyd iterations, we
ideally would like to have |[X; — Xg,[|* < [IX; — Xg,[|* as soon as ||u; — Hg, |I> <
(i —Hg, |%. Let us investigate the population values of these quantities. Writing 1
for the vector with entries equal to [1g]; = 1/|G| if i € G and [15]; = 0if i ¢ G, and
writing [ for the average of the values {I';; : i € G} and e; for the i-th vector of the
canonical basis, we have

E (X —Xo, |1 = 1% — X6, |I’]
= (ei—16,)"E [XX"] (i —1g,) — (e; — 16,)"E [XX"] (¢; — 1g,)
= [lti = Fg, I” = | = Bg, |I* + (e = 16,) ' T(e; — 16,) — (e — 16,) ' T(e; — 1)

FG‘ T 1; G 1;

— 2 - 112 J G 1eGj i€Gy
= lu—T N —T _ G _or _ )
”[’Ll Gj” ” i Gk” <|Gj| |Gk|> i ( |G/‘ |Gk| )

We observe that E [|[X; —Xg,||” — [[X; — X, [|?] is equal to || — Hg [I* — [l —

Hg, |? plus two additional terms. These two terms have different impact on the popu-
lation version of the Lloyd algorithm. The first term tends to favor groups with small



LLOYD ALGORITHM 265

sizes, and as for the Kmeans criterion it tends to split groups with large variances.

The second term is of a different nature: it tends to favor the group Gy) to which

i belongs to at step #. As a consequence, this term can prevent from reclassifying a
misclassified X;.

We emphasize that, contrary to the Kmeans criterion (12.4), this bias exists even in
the case where I is proportional to the identity matrix I' = |I'|.J,. Indeed, in this case
we have

E[|1X: —Xg,|I” = 1X; — X6, %] = |t — Fg I = I — Fg, I

i 1-21icg; 1-2licq,
- G| |G| '

So, even when all the covariances X; are the same, we need to remove the bias from
the Lloyd updates. Similarly to Kmeans, we reduce the bias by subtracting to XX’
an estimator I of T".

Debiased Lloyd algorithm

Input: T', GO and t = 0.

Iterate: until convergence

1. é\k(t) :YG@, fork=1,...,K;
k

2.G““%:{tkeagnmm@—i WYKXXT—f)@f—i@Q},mrkzlw.qK;
k j=1,...K Gj Gj

3. t+1t+1.

Output: GO>::{G?%.”7G§)}

For the special case where all the covariances are equal to a common matrix X, so
that ' = Tr(X) I,,, we can use the following simple estimator

~ 1 .
rzigwm—&wh (12.15)

of I'.

Lemma 12.4 When all the covariances are equal to a common matrix X, so that
' =Tr(X)1,, and when 2 < K < n, the Estimator (12.15) fulfills the bound

P [|f—r||m < (3\/20IE]: (2log(n) + L))V (10/E]op(2log(n) + L)) | > 13",
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Proof of Lemma 12.4. For any i # j, we have

X — X% = i — wjl)> +2(i — pj, E: — Ej) + ||Ei — Ej ||

:(||“i_“j||+< Hi— l Ei—Ej>)2—< Hi— U Ei—Ej>2

(i — sl (i — pl|”
+Ei — Ej|)?
TR 2
(R B BB
(i — |

The random variable € = (2Z)~!/2(E; — E;) follows a standard Gaussian distribution,
so from (B.5), with § = —2% we have

P {Ei —Ej||* > 2Tr(Z) — (44/2||Z|3L) v (16EOPL)] >1-—e L

i~
with variance bounded by 2|X|op, so

In addition, the random variable < ”Zi —K E,—FE j> follows a Gaussian distribution

Hi — Hj 2 } -L
pl{H 8 g EN >a5,L] <e L.
(Tmp BB =45k

Hence, we have
1 .
P 3= X1 > THE) ~ 2l 2 2IEIFL) v (BlElpl)| > 1267

With 2a+ (2b) V (8a) < (3b) V (10a) and a union bound, we obtain that

P | g i X, X7 (2) — 33/ 211 2loglo)-+ L) (10{Ekp2login)+ )|
>1-2¢L

Let us turn now to the upper bound. Taking any i # j in the same group (always
possible as K < n), we have

1X; = X;11> = ||E: — B,

so applying (B.5) with § = 2¥%, we get

1 _
P[5 XP <) + 2y 2AERD Y (12| 2 1=,

Since this upper bound still holds when replacing ||X; — X;||*> by min;:; [|X; — X%,

this concludes the proof of Lemma 12.4. (]

Now that the bias of Lloyd algorithm is fixed, it remains to give a good initialization
G to the algorithm.
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12.6 Spectral Algorithm

Many state-of-the-art procedures in clustering have two stages. The first step pro-
duces a primary estimation of the groups, typically with spectral algorithms, while
the second step is a refinement where each observation is reclassified according to
a more specialized algorithm. In our Gaussian cluster model (12.2), the spectral al-
gorithm is a good and simple algorithm in order to get a primary estimation of the
groups, and these groups can then be refined by running the (debiased) Lloyd algo-
rithm.

The principle of spectral algorithm is to compute the K leading eigenvectors of XX”
and apply a rounding procedure on it, in order to get a clustering. Let us explain why
this approach makes sense.

We remind the reader that £ [XXT] =AB®OTAT 4+ T, where A € R"*K is the member-
ship matrix defined by A;; = 1;cg,. Hence, E [XXT] is the sum of a rank K matrix,
which is structured by the partition G, and a diagonal matrix I". Hence it makes sense
to look at the best rank K approximation of XX, in order to estimate the parti-
tion G. Writing XX” = ¥, 4vv! for an eigenvalue decomposition of XX, with
eigenvalues ranked in decreasing order, the best rank K approximation of XX is
(XXT) K) = Zszl lkvkv,{. At this stage, we can either apply some rounding proce-
dure on the rows/columns of (XXT) (k)» OF directly to the eigenvectors vy, ..., Vg, as
suggested by the following lemma.

Lemma 12.5 Let
K
AGO'AT =Y dayu]
k=1

be a spectral decomposition of AO®T AT, and set U = [uy, ..., u] € R"K. Then,
there exist Z1,...,Zx € RX, such that

1
Up. =2 forallic Gy, and ||Zx—Z|* = — +

1
— k+£1.
Gl TG Pk

Proof of Lemma 12.5. Let us define A = diag (|G;|~'/2,...,|Gk|~!/?). We notice
that the columns of AA
lieG,f

L
‘Gk‘l/z i=1,...n

are orthonormal. Let us consider VDVT an eigenvalue decomposition of
A~'@®TA™!. Since

ABOTAT = AAVDVT (AA)T,
and since the columns of AA are orthonormal, we get that AG®T AT = UDUT with
U = AAV orthogonal. Hence, for k=1,...,K, we have

Us. = [AV]i. = |G|~ /*Vi.,  for i € Gy.
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The vectors Z; = [AV];. are orthogonal with norm ||Z;|?> = 1/|Gy|, as ||Vi.||> = 1.

Hence, for k #£ ¢
A

k= Ze||" = s

|Gr| |Gyl

The proof of Lemma 12.5 is complete. ]

When I is proportional to the identity matrix, the eigenvectors of AO®T AT +T and
A®OBTAT are the same, so we can directly work on the eigenvalues of XX”. When I"
is not proportional to the identity matrix, similarly to the Kmeans criterion, it is wise
to reduce the bias of . XX by considering the eigenvalue decomposition of XX’ —T,
for some estimator I' of I'. Let us sum up the spectral algorithm.

(Debiased) Spectral clustering algorithm
1. Compute the eigenvalue decomposition XX’ — I= Z dkvkv,z, with eigenval-
k=1
ues ranked in decreasing order; and
2. Apply a rounding procedure on the rows of v = [vy,...,vg] in order to get a
partition of {1,...,n}.

There are many possible choices of rounding procedures, for example hierarchical
clustering. In the two clusters problem investigated in Section 12.7.2, the rounding
procedure will simply be based on the sign of the entries.

It is worth mentioning that the spectral algorithm corresponds to a relaxed version of
the SDP algorithm (12.14), where we have removed in % the constraints B1 = 1 and
B>0.

Lemma 12.6
n
LetXX" —T = Z dkvkvlz be an eigenvalue decomposition of XXT —T, with eigen-
k=1
values ranked in decreasing order, and set v = [vy,...,vi]. Then

v’ € argmax (XX” —T,B), where Cp={Be.  Tt(B)=K,I-B€ 7'}.
BECy)
(12.16)

You may have noticed that the condition I — B € .,", which was not present in ¢ has
appeared in %;),. It turns out that this condition was actually implicit in &, since any
matrix B € € has eigenvalues between 0 and 1. Indeed, let v be an eigenvector of B €
&, with eigenvalue A > 0. Since Y';, Bypvp = Av, and Y, By, = 1, with By, > 0, we
obtain that all (Av,) belong to the convex hull of the coordinates {v,:a=1,...,n}.
This is in particular true for an entry v, with largest absolute value, which enforces
that 0 < A < 1.

Proof of Lemma 12.6. Let [T = diag(1,...,1,0,...,0) with K ones and n — K zeros.
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We observe that for any diagonal matrix D = diag(dy,...,d,), withd, > ... > d,,

max Z dy = (D,IIg).
B: OSBkkSL ZkBkk

In addition, ITg € €, and €;, C {B: 0 < By < 1, ¥, Bix = K}. This inclusion is
due to the two constraints B € ., and I — B € .%,". So,

[ = argmax(D, B).
BeGp

Let VDVT be an eigenvalue decomposition of XX — I, with D = diag(dy,...,dy),
such that d; > ... > d,,. Since VT BV and B have the same spectral properties, 55 =
{VTBV :Be %,,}. Hence,

T =vIgv? € argmin(D, V7 BV) = argmin(VDV' B).
B<%sp BECyp

The proof of Lemma 12.6 is complete. t

We now have at hand a practical two-steps clustering strategy: first, a global local-
ization with spectral clustering, and then a refinement with Lloyd algorithm. Let us
analyze theoretically these two steps.

12.7 Recovery Bounds

In this section, we investigate the ability of spectral clustering and (corrected) Lloyd
algorithm to recover the groups. In order to avoid an inflation of technicalities, we
focus on the most simple setting where there are only two groups with means sym-
metric with respect to 0. More precisely, we assume that there exists an unobserved
sequence z,...,2;, € {—1,+1} of binary labels such that the observations Xj,...,X,
are independent, and the distribution of X; is a Gaussian distribution .4 (2,0, 6I,)
fori=1,...,n

Stacking as before the observations Xi,...,X, into an X p matrix X, we then observe

X=z0" +E, (12.17)

where z € {—1,+1}" and the E;; are i.i.d. with a .#'(0, 6?) distribution. The under-
lying partitionis G* = {{i: z; =1} ,{i: z; = —1}}.

A good clustering algorithm is an algorithm that recovers the vector z, up to a sign
change. Hence, if 7 € {—1,+1}" encodes the clustering output by this algorithm,
(z=1ifie G1 andz; = —1ifi € Gz) we measure the quality of the clustering by
the metric

S| .
recov(z) := ;Se{rzllln+l}\z—6ao (12.18)

which counts the proportion of mismatches between G and G*.
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12.7.1 Benchmark: Supervised Case

As a warm-up, let us consider the arguably simpler problem, where the labels
Z1,...,2, are observed and we want to predict the unobserved label z;e,, of a new
data point Xpey. This situation would happen in the clustering problem if we were
able to cluster correctly n data points and wanted to cluster a remaining one. This
situation exactly corresponds to a supervised classification problem as in Chapter 11,
with learning data set £ = (Xa,Za)a:L_,_,n. The Bayes misclassification error has
been quantified in Exercise 11.5.1 (page 246) and P [Vyew 7 A* (Xpew] Was shown to
decrease as exp(—262/c2).

Yet, the Bayes classifier in Exercise 11.5.1 uses the knowledge of 8, so this rate does
not take into account the price to pay for not knowing 6. In order to derive optimal
classification rates, we focus on a fully Bayesian scenario where the labels Zi,...,Z,
have been generated as an i.i.d. sequence with uniform distribution on {—1,1}, and
the mean 6 has been sampled uniformly over the sphere dB(0,A/2) independently of
Zi,...,Z,. As above, conditionally on Zy,...,Z,, U, the X; are independent Gaussian
random variables with mean Z;0 and covariance 62I,,.

In this Bayesian setting, the misclassification error P[Zpey # Z(Xnew)] for a classifier
h, plays a similar role as the proportion of mismatches (12.18) in the clustering prob-

lem. The classifier 1 minimizing the misclassification probability P | Zew 7# Z(Xnew)}
over all the 0(.¢)-measurable classifiers T is the Bayes classifier given by

h(x) =sign(P[Z=1|X =x, Z]-P[Z=—-1]X =x,£]).

This classifier 7 can be computed explicitly and is given by

h(x) = sign <<igizixi7x>> :

see Exercise 12.9.4 for a proof of this formula.
Denoting by ¥ the uniform distribution on dB(0,A/2), the probability of misclassifi-
cation of the Bayes classifier is given by

P [Znew 7£ E(Xnew)} = /

aB<o,A/2)IED {Zﬁ(x) < OM dy(6)

(o)
= P|{0+—¢,04+0€) <00 dy(0),
IB(0,A/2) k NG ) ’ ] v®)

where € and € are two independent standard Gaussian random variables in RP.
The above conditional probability is invariant over dB(0,A/2), hence we only
need to evaluate it for a fixed 6 € dB(0,A/2), say 6p = [A/2,0,...,0]. Let us set

-1
W=-=-2 (A\/ 1+1/ n) (B, ﬁs + ¢€’) which follows a standard Gaussian distri-
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bution in R and Q = — (g, €’). Then, we have

P [Znew #Z(Xnew)} =P <9A + %87 Or+ 0'€/> < 0:|

(A2 A 1 1
“P|— < 14+ -W+—
40 <25V ' x +\/HQ]

2
+P[A<1Q}

<]P’-A2<A —|—1W
=182 20V ' n 802 " \/n

Since A = 2||0||, the first probability is smaller than exp(—||0||>/(852)). According
to Hanson-Wright concentration inequality (B.6) page 303 with A = —1,, the second
one is upper-bounded by

VA (st N el el
8o | — 3202 " 256poc* 802 16po* -

P {Q >
Hence, P {Znew #+ Z(Xnew)] < 2e=5/16 with

16]?62+20c*" '

We observe two interesting regimes in (12.19). When n is large, much larger than
pc?/]|6|)?, the SNR s? essentially reduces to s> ~ ||8||? /o2 as for the Bayes classi-
fier, see Exercise 11.5.1 (page 246). Conversely, in a high-dimensional regime, with p
much larger than n||0||> /62, the SNR is approximately equal to s> ~ n||8||*/(pc*).
This new regime compared to Exercise 11.5.1 is due to the fact that, contrary to the
Bayes classifier, we are estimating the mean 6 and po?/n corresponds to the vari-
ance induced by this estimation.

12.7.2 Analysis of Spectral Clustering
When X follows Model (12.17), we have

E[XX"] = ||6]]*z" +T,

with ['j; = Tr(cov(X;)). As all the covariances are assumed to be equal to 621, the
matrix I = po21, is proportional to the identity, and hence, we do not need to debias
XX in the spectral clustering algorithm. Hence we set I' = 0. Since zz' is of rank
one, we only focus on the first eigenvector 9; of XX’ .

The first eigenvector ¥, of XX’ does not provide a clustering of {1,...,n} into two
groups and a rounding procedure is needed (second step of spectral algorithm). One
of the nice features of Model (12.17) is that we can choose a very simple rounding
procedure. Actually, as, hopefully, ¥ & +z/||z||, we can simply take the sign of ¥; in
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order to get a partition of {1,...,n} into two groups, corresponding to positive and
negative entries of V.

We consider then the following spectral algorithm

~ . . L 1
Z=sign(9), with ¥ aleading eigenvector of —XX”. (12.20)
n

Theorem 12.7 Assume that X follows the model (12.17). Then, there exists a nu-
merical constant ¢ > 1, such that, with probability at least 1 — 2e 1/ 2 the spectral
clustering (12.20) fulfills the recovery bound

. c
recov(z) < 1A 2

(12.21)

with s* defined in (12.19).

We observe that the upper bound (12.21) is decreasing with s, yet not exponen-
tially fast as in the supervised case investigated above. Yet, when combining spectral
clustering with Lloyd algorithm, we obtain an exponential decay with s2, see Theo-
rem 12.14.

The remaining of this subsection is devoted to the proof of Theorem 12.7.

Proof of Theorem 12.7.
Let us first connect the Hamming distance |z — 8Z]o to the square norm ||z — 8+/a?; ||%.

Lemma 12.8
For any x € {—1,1}" and y € R", we have

lx—sign(y)|o < min [lx — ||
a>0

This lemma simply follows from the inequality

L ssign(yi) = Losign(ayy) < i — 0l

foranyx >0andi=1,...,n.
From Lemma 12.8 with o = /n and ||z||*> = n, we get

min |z — 8sign())|o < min |jz—8v/ad|? = 2n(1—|(z/v/n,91)])
S=—1,11 S——141
<2n(1—(z/vn.71)?),

where we used |(z/+/n,01)| < ||lz/+/a||||P1]] = 1 in the last inequality.
Notice that z/+/n is a unit-norm leading eigenvector of %H 6?2z, associated to the
eigenvalue [6]]%. Notice also that the second eigenvalue of 1|6]?zz! is 0, since
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1116]?zz" is a rank one matrix. Combining the previous bound with Davis-Kahan
inequality (C.11), page 318, with A = 1||0[?zz" and B = 1XXT = A+ W, we get

~ 1
recov(z) = min -

(12.22)
S=—1,+1n

AL +W|?
—83lp<8inf ———2
<=0 <8 0 e

It remains to upper bound [W + A1, op.

Proposition 12.9 Let D be any diagonal matrix. Then, there exists two exponen-
tial random variables & &' with parameter 1, such that the operator norm of

1 0]?
w =-xXXT - MZZT -D
n n

is upper-bounded by
W/ ]6 6 2 ! D
| lop <4 p(6+25>+(48+€)+2||” (1—!— é)—i— Bln—ﬁ
(o} n n n c n n 0 e
(12.23)

Let us explain how Theorem 12.7 follows from this bound. According to (12.22)
with A = —po?/n and (12.23) with D = pc?l,/n, we have with probability at least
1—2¢ 2, the upper bound

2
1 30 159+ 16||6
minmz—saogm< J/pin+ 159+ 16| /c> |

S=—1,+ |6]2/0

The right-hand side is smaller than 1 only if 16 < ||8]| /5, so 159 < 10]|0|| /o, from
which follows

min

2
2
Lo st<in <3o\ﬁp/n+ 6||e||/o>

S=—1+1 16]?/c>
p/n+16|?/c? 1800
<IA[1800 ——i— | = 1A ——
- ( [16]]*/c* 527

which gives (12.21). It remains to prove Proposition 12.9.

Proof of Proposition 12.9.

We have nW' = (EET — po?l,)+ (pc*l, —nD)+E0z" +z8TET . Let us first control
the quadratic term.

Lemma 12.10

There exists a random variable & with exponential distribution with parameter 1
such that

|EET — po?L,|op < 402/ p(6n+2E) + (48n+ 16 )02 (12.24)
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Proof of Lemma 12.10.

The proof proceeds into three steps: first, a discretization, then Gaussian concentra-
tion, and finally a union bound. Dividing both sides of (12.24) by 6, we can assume
with no loss of generality that 6% = 1.

Step 1: Discretization. Let dBg»(0,1) denote the unit sphere in R”. For any sym-
metric matrix A, the operator norm of A is equal to

|Alop = sup  [(Ax,x)]|.
)CE()BRVL (0, l)

When A = EET — pc?l,, since dBg«(0,1) is an infinite set, we cannot directly use
a union bound in order to control the fluctuation of the supremum. Yet, we notice
that for two close x and y in dBgn (0, 1), the values (Ax,x) and (Ay,y) are also close.
Hence, the recipe is to discretize the ball dBg:(0,1) and to control the supremum
over dBg(0,1) by a supremum over the discretization of the ball plus the error
made when replacing dBg= (0, 1) by its discretization.

A set Mg C dBgrn(0,1) is called an e-net of dBg:(0,1), if for any x € dBg:(0,1),
there exists y € .4 such that ||x — y|| < €. Next lemma links the operator norm of a
matrix to a supremum over an €-net.

Lemma 12.11
For any symmetric matrix A € R"*" and any €-net of dBgn(0,1), we have

[Alop <

sup [{Ax,x)]|. (12.25)
1—-2¢ xeNz >|

Proof of Lemma 12.11.
Let x* € dBgr»(0,1) be such that |A|op, = [(Ax*,x*)| and let y € 4 fulfilling ||x* —
y|| < &. According to the decomposition

<AX*’X*> = (Ay,y) + <A(X* =¥+ <AX*7X* =¥,
and the triangular inequality, we have

|A]op = [{(AX",x7)| < [(Ay, y)| + [{(A(x" —),3)| + [(Ax",x" —y)]
< sup [(Ay,y)] +2|Alope.

yENe
Bound (12.25) then follows. [l
Next lemma provides an upper bound on the cardinality of a minimal €-net of
JdBRrn(0,1).
Lemma 12.12

Forany n € N and € > 0, there exists an €-net of dBgn (0, 1) with cardinality upper-

bounded by
2 n
|Ae] < [ 1+ e
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We refer to Exercise 12.9.5 for a proof of this lemma based on volumetric arguments.
Choosing € = 1/4, we get the existence of an 1/4-net .47 4 of dBg:(0,1) with car-
dinality at most 9" and such that

|EET — ply|op <2 max [((EET — pl,)x,x)| =2 max [|[ETx||*—p|. (12.26)
xeMa x€EMys

Step 2: Gaussian concentration. Let E.; denote the ith column of E. We observe that
xTE.; ~ 4 (0,x"x) and that the (x” E.;);—; .. , are independent since the columns E.;
are independent. Hence, since .4] /4 C dBgx (0, 1), the coordinates [E” x]; = E x are
ii.d. .#(0,1), and the random vector E”x follows a standard Gaussian distribution
A°(0,1,) in R”. Hanson-Wright inequality (B.5) with S =, and S = —I, ensures
that there exist two exponential random variables &, &/, such that

IETx|> —p > \/8pEV8E, and p—||ETx|* > \/8pElV8E].

Therefore, combining with (12.26), we obtain the concentration bound

|EET — ply|op <2( 2 [2p max (§ V&) +8 max (EVE)) ). (12.27)
x€M /4 xeM 4

Step 3: Union bound. A union bound gives

<2 ) exp(—log(2lApl)—1)=e",

P l max (& V&) > log(2|474]) +1
* xeM 4

€Mya

so there exists an exponential random variable £ with parameter 1 such that

max (& V&) <log(2[ A 4])+& <3n+&.
xeM /4

Combining this bound with (12.27), we obtain (12.24). The proof of Lemma 12.10
is complete. ]

Let us now control the cross-terms in W'.

Lemma 12.13
There exists an exponential random variable &' with parameter 1, such that

1 T T 1 T 25/
20" ET|op = ~|EOZ |op < [|0]]0 | 141/ => ] (12.28)

Proof of Lemma 12.13. Again, we can assume with no loss of generality that ¢ = 1.
Letus setu = 0/|0]] and v =z/+/n.
We observe that for x with norm 1,

IEw x| = [v' x| Eu]] < ||,
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with equality for x = v. Hence |[Euwv’ |op = || Eul|.

For the same reasons as in Step 2 of the proof of Lemma 12.10, the random vari-
able Eu follows a standard Gaussian .4(0,1,) distribution. Hence, according to the
Gaussian concentration inequality, there exists an exponential random variable &’
with parameter 1, such that

Ew|op = [|Eul| < E[| Eul]] + /28" < \/E[|[Eul?] + V28" = vn+ /28",

I
n

Combining Lemma 12.10, Lemma 12.13, the decomposition

Since — |E92T\op = |[Euv’|, Bound (12.28) follows. O

nW' = (EE" — pa°l,) + (po®l, —nD) + E67" +26"E",

and the equality |po?l, — nD|op = |po?l, — nD|w, we get (12.23). The proof of
Proposition 12.9 is complete. 0

12.7.3 Analysis of Lloyd Algorithm

In the setting (12.17), page 269, Kmeans criterion and Lloyd algorithm take a very
simple form. Let G be a partition with two groups: one group with mean 6 and
one group with mean —0. Let 7 € {—1,+1}" encodes the partition G as follows:

= {i:% =1} is the group with mean 6 and G, = - {i:Zi = —1} is the group with
mean — 6. Then, the Kmeans criterion associated to G is

Critg(G) = min ( Y IIxi— 6|+ Y Ix +9||2>
be iZj=1 i:Zj=—1

= min X, —z0 2
o RPZ” Zio|”.

Since ||X; — 70> = ||Z:X; — 8||*, we have

. n o n . _ . 1 n B B
min Y |X; — 0| = Y lIz:X: — 6(2)||>, where 6(3)= - Y zxi= X"z/n.
OERP ;7] i— ni3
So, in this context, Kmeans algorithm amounts to minimize
n
/Z\Kmeans S argmin Z ”ZiXi - XTZ/n‘lzv
ze{—1+1}"i=1
and then, to partition {1,...,n} according to the sign of the entries of Zxeans-

The corresponding Lloyd algorithm iterates the updates fort = 1,2, ...

n
2D e argmin Y ||zX; — X720 /%,
ze{—1,41})"i=1
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As ||z:Xi||* = ||Xi||? and || X"Z1)|? do not depend on Z, expanding the squares, we get
that

1 n
F(+1) ¢ argmax *Z@‘an%{%
ze{-1+1}" =1

1
= argmax —zTxxTz)
ze{-1, 413" 1t

= sign <1XXTE(’)) .
n

Keeping in mind that Lloyd algorithm needs to be debiased, even in our case where
" = po?l,, we analyze below the debiased Lloyd algorithm started from some 70
and with updates

~ ~ 1 ~
200 —gign(S2Y), with S=- (XXT — F) , (12.29)
n
where T is an estimator of T, for example (12.15).

Next theorem provides an upper bound on the misclassification error of the debiased
Lloyd algorithm (12.29).

Theorem 12.14 Let us define the events

1 ~ 2
Q= {recov(ﬁo)) < uo} and Qr = {n|F—Fm < |§2}

There exists a constant C € R™, such that under the assumptions, ug <
1/32 and s> > C, the Lloyd algorithm (12.29) fulfills at the iteration t* =

[logy (uoexp ({163 A 26) 5%))]
1 n

E {recov(i('*))} < 16exp (— (162 A 2c) sz) +PIQY+PIQS],  (12.30)

with s* defined by (12.19), page 271.

Before proving this theorem, let us specify the above result for the choices (12.20)
for the initialization 2 and (12.15) for the debiasing T".

Corollary 12.15 There exists C € R*, such that for s> > C, the Lloyd algorithm
(12.29) initialized with Z°) given by (12.20) and debiased with (12.15), fulfills at
the iteration t* = [log, (exp ((145 A 2=) s%) /32)]

E {recov(i(’*))} < 2lexp (— (12)2/\2”6‘) s2> ) (12.31)
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The proof of Corollary 12.15 is deferred after the proof of Theorem 12.14.

By initializing Lloyd algorithm with spectral clustering, we have obtained a recov-
ery bound decreasing exponentially fast with s2, as in the supervised learning case
Section 12.7.1, page 270. So, in this setting, when there is enough separation be-
tween the means in order to be able to classify correctly at least a fixed fraction of
the data points, clustering is not significantly harder than supervised classification as
in Section 12.7.1. This feature also holds for a higher number K of groups, as long
as s2 > ¢'K for some numerical constant ¢’.

The result in Corollary 12.15 is about the mean proportion of mismatches between
G"") and G*. We might be interested by some other quantities, such as the probability
of exact recovery of G*. Since recov(z!"")) takes value in {1/n,2/n,...,n/n}, we can

recover a bound on the probability P [@(t*) #+ G*] from (12.31)

1 [~y * 1 n
fP{G(’) G*]<E[ A<’>}<21 —(—=Ar==]5).
- £ < E |recov(zV’)| <2lexp LT s
Hence, when s> grows with n faster than clog(n) for some ¢ > 164, the probability
of exact recovery P {é(‘*) = G*} tends to one. While the constant 164 is not sharp at
all, we can easily understand why a growth proportional to log(n) is needed for exact
recovery from the supervised case described in Section 12.7.1, page 270. In a thought
experiment where all the labels, but one, are revealed, the probability to misclassify
the unknown label from the remaining data decays like exp(—cs?) for some ¢ > 0.
Since we want to correctly classify the n data points with large probability, we need

to classify each data point with a probability smaller than 1/n. This can only be
achieved if 2 > ¢~ !log(n).

Proof of Theorem 12.14. We can decompose S as S = 1(|6]|%zz" + W, with
1 ~
W= (EET—T+E0 +:6"ET +T-T).
n

The core of the proof is the following lemma proving a geometric decrease of the
error.

Lemma 12.16 Geometric convergence.
Let us define

=

B=2V2Wlop+4|6[Pu0 and E(u) =Y 1 g -

1

Then, on the event Q(l,up) = {& (1) < nug} NQo, we have for allt € N

=1
recov(z")) < 27wy + 1éa(u) Z 279 < 2uy. (12.32)
n >
Jj=0
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Proof of Lemma 12.16. Bound (12.32) holds for 7 = 0 on the event Q(u,ug). Let
us prove by induction that it holds for all + € N. Assume that (12.32) holds up to
iteration r — 1 and let us check that it holds at iteration 7.

With no loss of generality, we can assume that recov(ZV/~1)) = n= 120~ —z[,.
Writing §, for the i-th row of §, we get from the definition (12.29) of ?’), that
A(t) # z; if and on]y if z; and §r 2=1 are of a different sign. From the decompo-
s1t10n 7877 = 7,87 74,8 (A(t 1) —z), we obtain

lziSA,-IE"*‘kO <1 STz<pt +11i§ir(2([7

ZiSi 1)*Z)<*ll :

So, as
2
S -2 = Blagen g amren -

—2[|6]
22O e gy 4w (20 ),

combining the above inequality with the inequalities 1,., < (x/y+)?* and
Li(Wx)? = [Wa||?, we get

n n
_Z|0§Z z</~t+2 {—aw? @D —2)>pu- wm’”)*do}
- 2
WiT(/Z\(t—l)_Z)
M*ZH;ZLHZW_”*ZIOL

2

Wlopl2“~") 2|
(u B 2||2||2 [20-1) —z\o)
+

By induction hypothesis, we have \2(’ - z|o < 2nug; so, by definition of i, we have

< &)+

2/6)?
T
As |20 —7]|2 = 4/z1=1) — 2]y, we conclude that, on Q(u, up),

1 1 1 _
E‘Z([) —zlo < 75(1,1)4-@”2(‘ D —)?

1
< =1
< é"(u)+2nlz Zlo

S |=3

1 t—1 .
<27'ug+=&(u) Y, 277 < 2uy.
n v
j=0

Hence (12.32) holds at iteration ¢, and the proof of Lemma 12.16 is complete. [
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To complete the proof of Theorem 12.14, we need to handle the event (Qo N Qr)°
and to bound the expectation of & (1) on Qy N Qr.

Since recov(E(’ )) < 1, we have
recov(z")) < recov(z)1g,nap + Los + 1o
_ 2
< <2 "uo + ;5(@ + 1g(u)>nu0) Loyner +1og + 1og.

The random variable & (1) is a sum of Bernoulli random variables. If these variables
were independent, we could use a large deviation bound, as in Exercise 12.9.7. As the
Bernoulli variables are not independent, we use instead the simple bound 1)~y <

(nug)~'& (1) to get
E [recov(?”)] <2 7w+ <2+ u10> %E [6(1)1gyna] +PQS)+P[QL]. (12.33)

It remains to upper-bound the expectation E [&' (1) 1g,nq; |-

Lemma 12.17 Probabilistic control.
There exists a constant C > 0 such that, for s2 >Candn>2,

1]E [6(u)1gynap] < Sexp (— (811 A Z) s2) )

n

Before proving this bound, let us explain how Theorem 12.14 follows from
Lemma 12.17.
By definition of ¢*, we always have

* 1 n
27t < [ — A — 2 3
”O—eXp< <162A2C>S)

When uy < exp (— (1}@ A %) sz), we have t* = 0 and Bound (12.30) holds.

Let us focus now on the case uy > exp (— (765 A 55) s?). Then, combining (12.33)
with Lemma 12.17, we obtain

oo (20 2)")
even( () o (02)7)
+PQS] + P[]

Bound (12.30) follows.
It remains to prove Lemma 12.17.

Proof of Lemma 12.17. Let us first observe that since up < 1/32 and p =
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2V2|W |op +4uo]| 0|, splitting apart the cases 2v/2|W |op < ||0]2/8 and 2v/2|W |op >
|6]]>/8, we obtain

%E [€ () 1egnar] =P HZ@T es “} NN QF}

0] 0|
{7 < 19 o) e [{wh > 10 0]

16v2

IN

(12.34)

1- Bounding the probability P H [Wlop > %} N Qr} .
From Proposition 12.9 with D = IA"/ n, we have for any L > 0

0 2
IP’[{IWlop>4cr2 B(6+2L)+(48+16L)62+2H9||G(1+\/i)+HJ }mr}
n

<2e7

Let us set L = s>/C. Since s> = ||0]|*/(||8]*c* + po*/n), when s> > C, we have

both po*/n < ||0||*/C and 6% < ||6]|?/C. So using that ps®/n < ||6]|*/c* and s* <
6]1>/02, we get

402,/5(6+2L)+(48+16L)<;2+2||e||c(1+\ﬂ)
8 64 2(1+v2)

S||9||2<4\/;+C+ﬁ>

A ),

for C large enough, for example C = e'. Hence, for this choice of C, we have

0 2
P H|W0p > 1”6\”@} mgr] < 2exp(—ns*/C). (12.35)
2- Bounding the probability P [{z,‘g‘f z< W} N Qr} .

2
The bound on P Hz,@iTz < @} N Qr} is very similar to the bound in Section 12.7.1
for the supervised setting. As

~ 1 1~ 1 1~
Sij = ;(XmXﬁ = Li= ;<Zi9 +Ei,zj0 +Ej) — - Lii,
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defining & = z;E;, we have

1 & 1~
Zi§?Z2<9+8i,9+ZZSj>—;Fﬁ

<to+ (0. (14 ) ety X e+ (e X e+ lel T

it Jii#i
vn—1 1 1 ~
<|6)*—6llo\/1+3/nZ—- TGQQJF ;(||8i||2 = L) + (T — L),

with the Z a standard .#"(0,1) Gaussian random variable, and Q0 = (g, €’} the scalar
product between two independent standard .4 (0,1,) Gaussian random variables.
Since 1 —1/4—1/32 >2/3, we have

2
o[(s57:< 19} v

—1 1 2)|6]1?
<F ”9'6W2+W‘T&Qn<||el-||2r,»l->>”}

3
1 2116]|%
[Tt 2
n 9

The Hanson-Wright inequalities (B.5) with § = —I}, and (B.6) with A = I, (page 303)
and Lemma B.4 (page 298) give us, forn > 2,

2
o7 < 19 ol
2|6l 1L 2ymlel?  (2valel*)’
< — __
—eXp< sic2 ) TP\ "2\ "oz M o pen
2
+exp 2nf6|*  (2n]0]
8\ 902 9,/pc?
6] n||o|* —2/81
< — < .
—3eXp< (4202 "MBipet)) =€

Combining this last bound with Bounds (12.34) and (12.35) complete the proof of
Lemma 12.17. O

2161
pfietoz> 20 1z

1 2(16|)?
+P [n(l",-i— ||8,'H2) > H] .

9

We now turn to the proof of Corollary 12.15.

Proof of Corollary 12.15.
According to (12.30), all we need is to prove the following lemma.

Lemma 12.18
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There exists C € R, such that for 52 > C we have

P[QS] + P[QS] < 5e /.

Let us prove this lemma. We first bound from above P [Qf]. According to Lemma
12.4, Estimator (12.15) fulfills with probability at least 1 — 3¢5 /C

IPS 4plog(n)c* 2pots? 20log(n)o? = 10s>c?
—-I'-Te <3 .
nl < \/ n? + nC Vv n + C

Since s> = ||0||*/(]|0||>02 + po*/n), when s> > C, we have both pc*/n < ||6]|*/C
and 62 < ||6]|?/C. So using that ps®>/n < ||0]|*/c* and s> < ||0]]> /52, we get

I~ 2+4log(n)/n 20log(n)/n+10
nr—r|ms||e||2<3 V(e ))

C

The right-hand side of the above inequality is smaller than ||8]|?/32 for C large
enough, hence P[Qf] < 3¢/,

Let us now bound from above P [Q(C)] for uy = 1/32. Inequality (12.23) with D =
pc?l, /n ensures that with probability at least 1 — 25/ €, we have

1 0% 2 252 165202
|XXT—”IZZT—pGI,,|0p<40'2\/E\/6+s+480'2+ 2o
n n n n C C
252
2ll0llo |1 —
+2/0]| ( +4/ c)

5 8 64 2(1+V2)
<|ell (4\fc+c+\@ > (12.36)

where we used again the majorations po*/n < ||0|*/C, 6% < ||6]1?/C, ps*/n <
|0][*/c* and s> < ||0]|?/c? for the last inequality. The right-hand side of (12.36)
is smaller than (32 x 8)~! for C large enough. Hence, according to (12.22) with
A = —pc? /n, the spectral clustering algorithm 20 given by (12.20) and debiased
with (12.15) fulfills P [Q5] < 2¢~5/C.

The proof of Corollary 12.15 is complete. 0

12.8 Discussion and References
12.8.1 Take-Home Message

Clustering algorithms are very useful when dealing with data gathering some un-
known subpopulations with different statistical behaviors. They provide a partition
of the dataset, which, when the differences are strong enough, matches the underly-
ing partition into subpopulations. This identification of the subpopulations can be of
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interest on its own, for scientific understanding of complex systems. It is also an im-
portant preliminary step for further analyzes, taking into account the heterogeneity
in the data set.

There is a wide zoology of clustering algorithms. Some of them are based on some
proximity/separation notions, such as hierarchical clustering algorithms. Some others
are derived from probabilistic models. In such models, the MLE is usually computa-
tionally intractable. Again, some convex relaxations have been proposed, with strong
theoretical garanties. Yet, while being convex, the minimization problems are diffi-
cult to solve efficiently, and current state-of-the-art optimization algorithms have a
prohibitive computational time when sample sizes exceed a few thousands. Spectral
algorithms offer an interesting alternative, coupled or not, with a local refinement,
such as Lloyd algorithm.

12.8.2 References

Kmeans criterion has been introduced in [115, 146]. The convex relaxation (12.14)
has been proposed by [128], and its statistical properties have been investigated in
[40, 41, 57, 83, 122, 137]. Lloyd algorithm has been introduced by [113], and the
analysis presented in this chapter is taken from [114, 124]. The spectral algorithm
has been investigated in a long series of papers, we refer to [1, 157] for some strong
results on exact and partial recovery.

12.9 Exercises
12.9.1 Exact Recovery with Hierarchical Clustering

In this exercise, we provide some conditions ensuring that hierarchical clustering ex-
actly recovers the hidden partition in the setting (12.17) of Section 12.7.2 (page 269).
We denote by # = {(i,j) 1=z, i< j} the set of pairs of points within the same
cluster Gy = {i:zi=—1} or G, ={i:zi=1},and by B = {(i,)) 1z # zj, i < j}
the set of pairs of points between the two clusters. The concentration bounds be-
low are based on the concentration bounds of Exercisel.6.6 for the square norm of
standard Gaussian random variables.

1. What is the value of E [||X; — X;||?] for (i, j) € #'? and for (i, j) € %?
2. Prove that

1
P X, —X;|* > 2po* + 1262 1 1 < —.
(s, 117 2 290+ 1267 (plogla)) + fog(n) ) < o

3. Similarly, prove that
P ( min, 1~ X1 < 290 + 40| 8% /plog(n) - 1601 fogln)
i,j)EZ

1
< —.
— 2n
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4. Conclude that, when || 8> > 1052 ( plog(n) + 310g(n)) , the hierarchical clus-

tering algorithm with Euclidean distance and single or complete linkage recovers
the clusters G; and G, with probability at least 1 — 1/n.

12.9.2 Bias of Kmeans

We consider the Gaussian cluster model (12.2). We assume that we have K = 3
groups of size s (with s even),

T
61:(17070)T7 92:(07170)T7 93: (0517’-7 1(17)2> 9
with 7 > 0, and
Tr(A1) = vy, Tr(A2) =Tr(A3) =7-.
1. Check that ||, — 65]|> = 21.

2. Compute E|[Critg (G*)].

3. Let us define G’ obtained by splitting G into two groups G}, G} of equal size s/2
and by merging G; and Gj into a single group G} of size 2s. Check that

E[Critk (G')] = s(y +27- +7) — (274 +7-).-
4. Check that we have E[Critx(G*)] < E[Critg(G')] only when || — 65]> >
2(E2).

12.9.3 Debiasing Kmeans

We consider again the Gaussian cluster model (12.2), on page 255. We assume
also that all the clusters have a cardinality not smaller than 3. The risk bound in
Lemma 12.2 (page 260) for the estimator [(") of T still depends on ||®||... In order
to get rid of this dependence, we consider the more complex estimator

(2
I = (X~ X;,. X~ X),)

where jj, jo are the two indices j € {1,...,n}\ {i} for which

Vi(j):= max <X~ X; X“Xb>
M= i\ X=X

takes the two smallest values.

The goal of this exercise is to prove that there exists a numerical constant ¢ > 0, such
that, with probability larger than 1 —5/n, we have

r®_f.<c (|A|0plog<n> +y |A|opA*1og<n>) (1237)

where |Alop and [|A|F have been defined in (12.9) on page 259, and |Al, =
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maxy Tr(Ay). We observe, in particular, that this bound does not depend on ||®||2c
anymore.

A) Deterministic Bound
It is convenient to introduce the three random quantities

z -0 L ’ Z (E,E})|, Z |E:— Ej|
= max _— = max ; : = max ; — il
D s ket l6o—6" /)’ 27 Ny WEp R Ay = R NE TR

Let k and £, £, be such that i € G, and j,, € G}‘w forw=1,2.
1. Forc € Gy \{i} and d € G \ {j}. prove the inequalities

Xc_Xd>|

W

20— 60, P 821~ 47 < (%~ X,
< Viljw) (16 — 6, || + Z3)
2. From the previous question, prove that
166 = 00,17 < 4 (Vi(jw)? +Z3Vi(ji) +8Z1 +422) .
3. Setting V; = V;(j1) V Vi(j2), prove that

T2 T <1106 — 04, |7 + 1166 — 00, | + Z1 +32
< 8(V? +2Z3V;) + 6521 +352,.

B) Stochastic Controls

1. Let i|,i, € G\ {i}. For w=1,2 and for a # b ¢ {i,i|,}, what is the distribution

of the random variable <E,- —Ey, %> conditionally on X, X},?

2. Prove that with probability at least 1 —2/n?, we have for some constant ¢y > 0

Vi = Vilji) V Vilj2) < Vilih) VVilib) < ev | Aloplog(n).

3. Prove that with probability at least 1 — 1/n, we have for some constant ¢; > 0
Z1 < c1|A]oplog(n).
4. With Hanson-Wright inequality (B.5) on page 303, prove that with probability at

least 1 — 1/n, we have for some constant ¢z > 0

12
as@(nmwmwwww%wwm@

< 3/ (|Aloplog() V [Al..

5. Combining the deterministic analysis of part (A), with the stochastic controls
above and (12.12) on page 261, conclude the proof of (12.37).
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12.9.4 Bayes Classifier for the Supervised Case

In this exercise, we consider the Gaussian supervised classification problem with two
balanced classes, with identical covariances 621,, and opposite means 0_; = —6,
uniformly distributed on the Euclidean sphere dB(0,A/2) in RP.

We denote by .2 = (X4,Z4)a=1.,.. » the learning sample distributed as follows. The la-
bels Zy,...,Z, arei.i.d. with uniform distribution on {—1,1}, arandom vector 6 € R?
is sampled uniformly over the sphere dB(0,A/2) independently of Z;,...,Z,, and,
conditionally on Zj,...,Z,,0, the X, are independent Gaussian random variables
with mean Z, 60 and covariance 621 .

The classifier minimizing the misclassification probability P | Z [ new 7 h( new)} over

all the 6(.%)-measurable classifiers T is the Bayes classifier given by
h(x) =sign(P[Z=1]X =x,.Z] -P[Z=—1|X =x,.2]).

Let us compute the Bayes classifier in this setting.
1. Prove that

¢—0:3/16x—6]%/c?

Plz=6|X =x,2,0] =P[Z=5|X =x,6] = ¢—05x+6]2/0% | o—0.5[x—6]P/o”

and

dP[O|X = x, &) (8—0.5||x+9\\2/62 +e—0.5\\x—e||2/62) e 05 al|ZuXa—0]? /0%

2. Denoting by 7 the uniform distribution on dB(0,A/2), check that

P[Z=5|X =x,.7]

faB(O,A/Z) €7<5X+):gzaxa_’9>/62d‘y(6)

e~ (¥ Xa ZaXa7e/>/(72d'}/(6/)

(XL ZaXa ) /07 gy (97

Jao.a)2) + JaB0.a/2)€

3. Check that F(v) = faB(O’A/z)e@’e)d}/(G) depends only on ||v|| and is monotone
increasing with ||v|| and hence

PZ=1X=x,Z]>PZ=-1|X=x, %] < (x sz>

h(x) = sign << ZZX,,x>>

12.9.5 Cardinality of an £-Net

and

In this exercise, we prove Lemma 12.12 (page 274). Let us define ./#; as follows. Start
from any x; € dBgn (0, 1), and for k= 2,3, ... choose recursively any x; € dBgn(0, 1)
such that x; & Uj—; _x—1Bre(x;,€). When no such x; remains, stop and define .4z =

{x17x27 }
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1. Why is the cardinality of .#; finite?

2. Observe that .4 is an e-net of dBg»(0,1) and that ||x —y|| > € for any x,y € 4%,
with x # y.

3. Check that
i) the balls {Bgn(x,€/2) : x € A;} are disjoint; and
ii) Uxe/Vg Bpgn (x,S/Z) C Bpn (0, 1 +8/2)
4. Conclude by comparing the volume of the balls Bgn (x,€/2) and Bgs (0,14 €/2).

12.9.6 Operator Norm of a Random Matrix

Let E € R"™? be a matrix with i.i.d. entries distributed according to a Gaussian
N (0,0?) distribution. For ¢ < n, let P € R"™" be an orthogonal projector onto a
linear span S C R” of dimension g. In this exercise, we derive from Lemma 12.10
some bounds on |E|op and |PE|,p, both in probability and in expectation.

1. Prove the sequence of inequalities
|E|gp < |p621n‘op + ‘EET —p621n|0p
2
< o? (\/17 +7Vn+E ) ,

where & is an exponential random variable with parameter 1.
2. Conclude that for any L > 0

E[Elp) <o (VP+7Va+1) and P[|Elep >0 (/p+TVn+L)] et

3. Letuy,...,u; € R" be an orthonormal basis of S and set U = [uy,...,u,| € R"*9
and W = UTE € R?*P, Check that the columns of W are independent with
A (0,021,) distribution.

4. Check that P = UUT and |PE|op = |W|op.
5. Conclude that for any L > 0

E[|PE|yp)] < o (ﬁ;+7\/qT1) and P [|PE\OP >0 (ﬁ;+7\/m)] <eL.

As explained on page 163, combining Lemma 8.3 and the Gaussian concentration
inequality (Theorem B.7), we can get tighter constants in the bounds

E|[|PE|op] <0 (v/P++/q) and P [\PE|0p >0 (\/;7+ Va+ \/TL)} <e L

12.9.7 Large Deviation for the Binomial Distribution

Let X =Y, Y be the sum of » i.i.d. Bernoulli random variables with parameter q.
Let p € [0, 1], with p > gq.
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1. With Markov inequality (Lemma B.1, page 297), prove that for any A > 0,

n
P(X > pn) <e " {equrlfq} .

2. Check that the above upper-bound is minimal for e* = Z((II:Z; , so that

) (i)

Kl(0ig,q) — %mg(a) + [O;qlog(a) — (1 —ag)log (1 + ql(a_a;))]

P(X > pn) <e "™MP49)  with Ki(p,q) = plog (

QT

3. For p = g, check that

oq o
> 1 +g(= —o+1).
2 log(ot) q( log(a) — a 1)

4. Conclude that for a > 5, we have

P(X > agn) < exp (—%log(a)) .

12.9.8 Sterling Numbers of the Second Kind

Let us denote by S(n,K) the number of partitions of {1,...,n} into K (non-empty)
clusters.

1. What is the value of S(n,1)? of S(n,n)?

2. With a combinatorial argument, prove the recursion formula
S(nyk) =kS(n—1,k)+S(n—1,k—1), for 2<k<n-—1.
3. Prove by induction that

k ,
ﬂmm:$2¥4VQ%—ﬁﬂ
I £

with C,{ =k!/(j!(k— j)!) the binomial coefficient.
4. With the recursion formula, prove the simple lower bound

S(n,k) > K"+,

The numbers S(n,k) are called the Sterling numbers of the second kind. The total
number B, = Y}_, S(n,k) of possible partitions of n elements (without constraints
on the number of groups) are called the Bell numbers.

For a fixed k, we observe that S(n,k) grows exponentially fast with n, and for k =
n/log(n) the growth is even super-exponential: For any 0 < ¢ < 1, we have S(n,k) >
exp(cnlog(n)) for n large enough. In particular, the Bell number B, grows super-
exponentially fast with n.
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12.9.9 Gaussian Mixture Model and EM Algorithm

We consider in this exercise the Gaussian mixture model, which can be described
as follows. Let 7 be a probability distribution on {1,...,K}. Let Z;,...,Z, be n
independent random variables taking values in {1,..., K}, with distribution 7. Hence
IP(Z; = k) = m. Define the partition G* = {G7,...,Gx } of {1,...,n} by setting G} =
{i:Z;=k} fork=1,...,K. Then, conditionally on G*, assume that the data points
X1,...,X, follow the model (12.2) with Ay = szlp. Compared to the cluster model
described on page 255, we have then added a layer of modeling, by assuming that
the partition G* is issued from a sampling process governed by the distribution 7.

The Expectation-Maximization (EM) algorithm is classically associated to the mix-
ture models. We introduce and quickly analyze this algorithm in this exercise.

A) EM Algorithm

Let us set w = (0y,...,0k,02,...,02,%) € W = RPK x RK x Py, where Px is the
simplex {x € [0,1]%: |x|; = 1}. Let also gg ¢ denote the probablhty density func-
tion of the .#'(8,06°1,) Gaussian distribution.

1. Check that the likelihood of w relative to the observations X = {Xj,...,X,} is
given by

n

Lx(w)=]] Z e, o2 (Xi)- (12.38)

i=1k=
The log-likelihood of w relative to the observations X is given by

log(Lx(w Z log ( Z T8, o2 )

which is not easily amenable to maximization.
Let us assume for a moment that the hidden variables Z are observed.

2. Prove that the likelihood of w relative to the observations X and Z = {Z;,...,Z,}

is given by
K

Lxz(w) =[] [T msq,q2(X)-
k=1iZ;=k
This likelihood Lx 7 (w) is usually called complete likelihood, as it corresponds to the
complete observation of the generating process. We observe that the log-likelihood
of w relative to the observations X and Z

n
log(Lx z(w Z Z 17—« (log ) + log(gek o2 (Xi )))
i=1k=1

is easily amenable to optimization. Can we take profit of this nice feature for the case
where Z is not observed?

The first recipe of the EM algorithm is to replace the maximization of log(Lx(w))
by an approximate maximization of E,, [log(Lx z(w))|X], where P, is the mixture
distribution with parameter w. Let us compute this quantity.
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3. Check that

=

M=

E, [log(Lxz(w))[X] = ,

14

Py (Z = KIX) (log(m) + log(gg, o2 (X)) ) -

Il
—_

k

If the conditional probabilities P,, (Z; = k|X) were not depending on w, the max-
imization of E,, [log(Lx z(w))|X] would be easy to compute. Yet, the dependence
of P, (Z; = k|X) on w makes the optimization hard. The second recipe of the EM
algorithm is to iterate sequentially the maximization

w't € argmax E,s [log(Lx z(w))|X], (12.39)
wew

starting from some randomly chosen w?. As we will see, the maximization in w

of E, [log(Lx z(w))|X] can be easily performed. Before proceeding to this max-

imization, notice that the iterates (12.39) proceed in two steps: first, compute the

conditional expectation E, [log(Lx z(w))|X], and then maximize it. Hence the name

Expectation-Maximization (EM) algorithm.

4. Let us set p;(i,k) =P, (Z; = k|X) and Ny = ¥, p:(i, k). Check that the update
w1 is given by

n

1 .
[ — (i, k)X,

=
Ne =
2\t+1 1 v 1412
(o) = — ) p(i.k)||Xi— 67|
g PN ,:Z{ Coe
Ni
”/iﬂ ==,
fork=1,...,K.
Notice that the updates are very similar to those of Kmeans, except that, for com-

puting the centers

Bk(tﬂ), the hard assignments 1

el are replaced by the estimated
k

conditional probabilities p;(i,k) = P, (Z; = k|X). Hence, the EM algorithm is less

greedy than Kmeans.

The EM algorithm does not directly provide a clustering of the data point X, ..., Xy,
yet, a partition G’ can be derived from w' by applying the Bayes rule

yeuey

G =1{i: i, k) = max NARS
k { LD (l ) . Dt (l ) }
with ties broken randomly.

B) The Likelihood is Non-Decreasing Along the EM Path

The EM updates are easy to compute, but do they make sense? In this part, we will
show that the log-likelihood log(Lx (w")) is non-decreasing at each iteration.
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We introduce the two following notations. First, we set

0,(w) =E, [log(Lx z(w))|X], sothat w'*! € argminQ,(w).
wew

Second, we set
pw(@X) =P, (Z1 =21,...,Zy =z4|X), for ze{l,...,K}".
1. Check that
log(Lx z(w)) = log(Lx(w)) +log(pw(Z[X)),

and
O (w) = log(Lx (w)) +E,« [log(pw(Z[X))|X].

2. Writing 2 (P,Q) = [log(dP/dQ)dP for the Kullback-Leibler divergence be-
tween P and Q, with P < QQ, check that

Qur (W) = Qs (W') = log(Lx (w)) —log(Lx (W) = (pys (-1X), pu (-X)).

3. Prove with Jensen inequality that ¢ (P,Q) > 0 for any P < Q.

4. Conclude that log(Lx(w'*!)) > log(Lx(w")), i.e., the log-likelihood is non-
decreasing at each iteration.



Appendix A

Gaussian Distribution

A.1 Gaussian Random Vectors

A random vector ¥ € R is distributed according to the .#"(m, %) Gaussian distribu-
tion, with m € R? and ¥ € yj (the set of all d x d symmetric positive semi-definite
matrix), when

E [ei<w>] — exp <i<x,m> - ;AT27L> . forall A € RY. (A1)

When matrix ¥ is non-singular (i.e., positive definite), the .4 (m,X) Gaussian distri-
bution has a density with respect to the Lebesgue measure on R given by

1 1 _
—(Zn)d/2 dorD) 2 exp (—2(y —m) Tz (y— m)) .

Affine transformations of Gaussian distribution are still Gaussian.

Lemma A.1 Affine transformation
Let Y € R? be a random vector with A (m,X) Gaussian distribution. Then for any
AcR™ gnd b e R,

AY +b ~ N (Am+b,AXAT).
In particular, for a € R,

(a,Y) ~ N ({m,a),a’ Xa).

Proof. The first identity is obtained by computing the characteristic function of AY +
b

E [ei(l,AY+b>} _E [ei(AT)L,Y)-&-i(/l,b)} — exp (i<AT)L m)— l(ATA)TZATA) ALD)
’ 2
1
=exp <i<)L,Am+b> - ZJLTAZAT7L> .
The second identity is obtained with A = a’ and b = 0. a

293
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Lemma A.2 Orthogonal projections onto subspaces

Let Y € R? be a random vector with A (m,%) Gaussian distribution, and let S
and V be two linear spans of R orthogonal with respect to the scalar product
induced by ¥. Then the variables ProjgY and ProjyY are independent and follow,
respectively, the AN (Projgm,ProjgLProjg) and .4 (Projym,ProjyXProjy,) Gaus-
sian distribution.

Proof. Since the projection matrices Projg and Proj;, are symmetric, we obtain that
the joint characteristic function of ProjgY and Projy Y is

E { ei(/l,ProjSY>+i<y,Proij)} - { ei(ProjSMProjvy,Y)]
= exp (i(ProjSl + Projy, y,m) — %(Projsl + Proj, 7)" Z(ProjgA + ProjV}/))
= exp (i(l,Projsm> — ;ATProjSZProj57L>
X exp (i(y, Proj,m) — ;}/TProijProij>
—F [ei@,Prost)} E [ei<y,1>rojvy>] .

We conclude with Lemma A.1. O

A.2 Chi-Square Distribution

Let Y € R” be a random vector with .4 (0, 1,,) Gaussian distribution. The y? distribu-
tion with 7 degrees of freedom, corresponds to the distribution of || Y ||%. In particular,
the mean of a x?(n) distribution is

E[IY] = Y E[¥?] =n.

i=1

Lemma A.3 Norms of projections

Let Y € R" be a random vector with A (0,1,) Gaussian distribution, and let S
be a linear subspace of R" with dimension d. Then, the variable ProjsY follows
the A (0,Projs) Gaussian distribution and the square-norm ||ProjsY ||* follows a
x2-distribution of degree d.

In particular, E [||ProjsY ||*] = dim(S).

Proof. The projection Projg is symmetric, so Proj SProjg = Projg and ProjgY follows
a .4 (0,Projg) Gaussian distribution according to Lemma A.1.

Let uy,...,uq be an orthonormal basis of S and set U = [uy,. .., uq]. Since UTU =1,
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the vector UTY follows a .4 (0,1,)-distribution and
R W Ty |2
[Projs¥||* =} (w¥)* = [[U"Y||
=1

follows a y? distribution of degree d. a

A.3 Gaussian Conditioning

We provide in this section a few useful results on Gaussian conditioning.

Lemma A 4
We consider two sets A= {1,...,k} and B={1,...,p}\ A, and a Gaussian ran-
XA

x. | € R? with A (0,X) distribution. We assume that X is
B

dom vector X = [

Kaa  Kap

non-singular and write K =
& [ Kps  Kpp

} for its inverse.
In the next formulas, KA_Al will refer to the inverse (KAA)f1 of Kaa (and not to
(K™")aa = Zaa).

Then, the conditional distribution of X, given Xp is the Gaussian
N (—KXXKABXB,KL‘I) distribution. In others words, we have the decomposition

Xy = —KXAIKABXB +&x, where gy~ N (O,KL‘I) is independent of Xp.
(A.2)

Proof. We write g(x4,xp), respectively, g(xa|xg) and g(xp), for the density of the
distribution of X, respectively, of X4 given Xp = xp and Xp. We have

g(xalxp) = g(xa,xp)/g(xp)

l 7 T 1 7 —1
= o exp <_2xAKAAxA —x Kapxp — ExB (KBB — ZBB) xg |,

(27)
with Xpzp the covariance matrix of Xp. Since Zgé = Kpp — KBAK;A' Kup, we have
1 1 —1 T -1
g(xalxp) = 2n)2 exp (2(XA + K4 Kapxp)" Kaa(xa + Ky Kapxp) | -

We recognize the density of the Gaussian .4 (—K{ Kapxs,K,, ) distribution. O

Corollary A.5 Foranya € {l,...,p}, we have

K,
X,=— Z D X, +e,, whereg,~ N (0,K,,') is independent of {X;, : b # a}

b:b#a aa

(A.3)
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Proof. We apply the previous lemma with A = {a} and B = A°. O

Finally, we derive from (A.2) the following simple formula for the conditional cor-
relation of X, and X;, given {X, : ¢ # a,b}, which is defined by

cor(Xy, Xp|X. : ¢ # a,b) cov(Xy, Xp|Xc 1 ¢ # a,b)
, cc#ab)= .
s Xp|Xe Vvar(X,| X, : ¢ # a,b) var(X,|X. : ¢ # a,b)

Corollary A.6 For any a,b € {1,...,p}, we have

7Kab

V Kaa Kbb .

cor(X,, Xp|X; : ¢ £ a,b) = (A.4)

Proof. The previous lemma with A = {a,b} and B = A° gives

-1
Koo Kap 1 Kpp  —Kup
cov(Xy|Xp) = ad a - - ab '\
( A‘ B) <K"b Kbb) KaaKbb_KZh (Kab Kaa

Plugging this formula in the definition of the conditional correlation, we obtain For-
mula (A.4). O



Appendix B

Probabilistic Inequalities

B.1 Basic Inequalities
Markov inequality plays a central role in the control of the fluctuations of random
variables.
Lemma B.1 Markov inequality
For any non-decreasing positive function ¢ : R — R™ and any real-valued random
variable X, we have

1
PX20) < S ElOX)) forall 1€R.

In particular, for any A > 0, we have

P(X >1) < e ME [elx} forall teR.

Proof. Since ¢ is positive and non-decreasing, we have
1

W]E [p(X)] -

P(X >1)<E {"(;(g)) 1XE,] <

d

A consequence of Markov inequality is the Chernoff bound on the deviation of X
from its expectation.

Lemma B.2 Chernoff bound
Let X be a real random variable, with finite expectation. For any A > 0, we define
A(A) =1ogE [exp(A (X — E[X]))], with the convention log(+e0) = +oco. We write

A (1) =max {Ar —AL)},
(1) = max (2~ A(2))
for the Legendre transform of A. Then, we have

P[X > E[X] +1] < exp(—A*(r)).

297
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Proof. The proof technique is more important than the result itself. From Markov
inequality, we have for any A > 0

PX > E[X]+1] <exp(—At+A(A)).
Since the left-hand side does not depend on A > 0, we get the result by taking the
maximum over A > 0. |
Jensen inequality is another important inequality that controls expectations.

Lemma B.3 Jensen inequality

For any convex function ¢ : R? — R and any random variable X in R¢, such that
©(X) is integrable, we have

p(EX]) <Elp(X)].

Proof. Let us denote by f(p the set of affine functions from RY to R, such that
L(x) < ¢(x) for all x € RY. Since

¢(x) = sup L(x),
LeZ

the linearity of the expectation gives

> sup E[L(X)| = sup L(E[X]) = p(E[x]).

Elp(X)] =E [ sup L(X)| > sup sup

LeZ,

Lemma B.4 Tail of the Gaussian distribution
Let Z be a standard Gaussian random variable. For any x > 0, we have

P(Z| > x) < e/

Proof. The function
2 oo
P = e P P(Z|2x) = e[ 2 [T R, x>0,
X

takes value 0 at x = 0 and its derivative ¢'(x) = (w /27 fx) e /2 is positive for
x < 4/2/m, so it is positive on [0, y/2/7]. Furthermore, for x > /2 /7 we have

\/g/weﬂz/zdtS/Wteftz/zdt:e”‘z/z,
7T X X

so @ is positive on R O
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B.2 Concentration Inequalities

Concentration inequalities provide bounds on the fluctuation of functions of inde-
pendent random variables around their means. They are central tools for designing
and analyzing statistical procedures. We refer to the books by Ledoux [105] and by
Boucheron, Lugosi, and Massart [38] for detailed accounts on this topic.

B.2.1 McDiarmid Inequality

McDiarmid concentration inequality [119] is adapted to the setting where the vari-
ables are bounded, as in supervised classification.

Theorem B.5 McDiarmid inequality
Let 2 be some measurable set and F : 2" — R be a measurable function, such

that there exists 8y, . .., Oy, fulfilling

1

|F(x1,...,x’- ...,xn)fF(xl,...,x,-,...,xn)| <&, forall xi,....x;,x.€ X,

foralli=1,...,n. Then, for any t > 0 and any independent random variables
Xi,...,X,, with values in &', we have
P(F(X X,) >E[F(X Xu)]+1) <ex _x
lye-sAn 1s5:-5An = exXp 512++5nz .

In other words, under the assumptions of Theorem B.5, there exists a random variable
& with exponential distribution of parameter 1, such that

824 ... 482
F(X1,...,X,) <E[F(X17~~»Xn)]+\/?‘

We give here the original proof, combining Markov inequality with a martingale
argument due to Azuma [12]. We refer to Boucheron, Lugosi, and Massart [38],
Chapter 6, for a more conceptual proof based on the entropy method.

Proof. Let us denote by .%; the o-field o(Xj,...,X;) with Fy = {0,Q}. For sim-
plicity, we write in the following F for F(X,...,X,), and we define fork=1,...,n

Av =E[F| %] -E[F| 1]

Let us fix some 4,7 > 0. The principle of the proof is to start from the Markov
inequality

P(F >E[F]+1) < e—“E[eW—E[FD}

IEIe}LA"] , (B.1)
k=1

— @71t E

and then apply repeatedly the following lemma.
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Lemma B.6
Forany A >0andk € {1,...,n}, we have

E [emkwfkil} < A8

Proof of the lemma. Let us define the function Fj by Fy(X1,...,X;) = E[F|.%#;] and
the variables Sy and I by

Sk = SupFk(Xl,...,Xk,l,x)—E[F\yk,l}
xeZ

and Ik = infFk(Xl,...,Xk_l,x)7E[F‘fk_1}.
xeZ

We have almost surely [, < Ay < S and 0 < S — I; < &. The convexity of x — M

ensures that A g S A
A < T s | Sk Bk g
Sk — Iy Sk —1Ix

Since I, Sy are %#;_1-measurable and E [A;| %] = 0, we obtain

A=k a5, | Sk—DBk 3
B[on)z] < B[Sk Soh
¢ | = Sk—lke Sk—Ike k-l
= o psey Sk  peisi)
Sk — I Sk — I
with -
Iix Sy — 1
o(x) = LANE Y (i
S — Ik Sk — Ik

Since 0 < Sy — Iy < &, we only have to check that ¢ (x) < x?/8 for all x > 0, in order
to conclude the proof of the lemma. Straightforward computations give

fSkae" 1

¢(0)=0, ¢'(0)=0, and ¢H(X)Zm§1’

where the last inequality follows from 4ab < (a+b)?. Taylor inequality then ensures
that

x2 x2
¢(x) < = sup ¢"(t) < =, forallx>0,
t€[0,x] 8
which conclude the proof of Lemma B.6. O]

Let us now prove the McDiarmid inequality. Applying repeatedly Lemma B.6, we
obtain

E

1
AN [&Aqg;ﬂ_@}
1

n n—
H M| = E
k=1 k=

R l

n

IN

= lAk‘| A2yn_ 82/8
M| << MEELS,
k=1
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Combining this inequality with (B.1), we get
P(F > E[F]+1) < e MM it 8/8,

For A =4t (¥}_, 62) ! it gives the McDiarmid inequality. O

B.2.2 Gaussian Concentration Inequality

Lipschitz functions of Gaussian random variables also fulfill a good concentration
around their mean.

Theorem B.7 Assume that F : R — R is I-Lipschitz and Z has a Gaussian
N (0,621 distribution.

Then, there exists a variable & with exponential distribution of parameter 1, such
that

F(Z) <E[F(2)]+06/2¢. (B.2)

A striking point with the Gaussian concentration is that the size of the fluctuation
G\/E does not depend on the dimension d. We give here a short proof based on Itd
calculus due to Ibragimov, Sudakov, and Tsirel’son [94]. We refer to Exercise 1.6.7,
on page 25, for a simple proof of a less tight version of (B.2) and to Ledoux [105]
for some more classical and elementary proofs and further references.

Proof. We can assume in the following that Z ~ .47(0,1;), since F(Z) = oF(Z/o),
where F(x) = 0~'F(ox) is 1-Lipschitz and Z/c has a .#(0,1;) distribution. Let
(W;)s>0 be a standard Brownian motion in R¢ and set for x € R? and ¢ € [0, 1]

G(t,x) =E[F(x+W;_,)].

The function G is continuous on [0, 1] x R4, differentiable in ¢, and infinitely differ-
entiable in x for any 7 € [0, 1[. Furthermore, since the infinitesimal generator of the
standard Brownian motion is 1A, we have for all (#,x) €]0, 1[xR?

d 1
—G(t,x) = —=
ot (#,%) 2
where A, represents the Laplacian in the variable x. Let (B;),;>0 be another standard
Brownian motion in R¢, independent of W. It6’s formula (see Revuz—Yor [131],
Chapter 4, Theorem 3.3) gives

AG(1,x), (B.3)

1 1 1
G(LBl):G(0,0)—k/ zG(&BS)ds—&—/ VXG(s7BS)~dBS+1/ AG(s,By)ds
——— o ot 0 2 Jo

=F(B1)

1
= G(an) +/ VXG(SvBs)‘st;
N~ 0

=E[F(W})]
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where the last equality follows from Equation (B.3). The stochastic integral
Jo VxG(s,By) - dB; defines a continuous martingale starting from 0, so according to
Dubins—Schwarz’s representation of continuous martingales ([131], Chapter 5, The-
orem 1.6), there exists a 1-dimensional standard Brownian motion f3, such that

1 -1
/ V.G(s,By)-dBy = Pr,, where Tj= / IV.G(s,By)|%ds.
0 0

Since F is 1-Lipschitz, the function x — G(¢,x) is 1-Lipschitz for all 7 € [0, 1], and
therefore ||V.G(t,x)|| < 1 for all (£,x) € [0, 1[xR?. As a consequence, we have that
T1 <1a.s.and

< sup B as.

1
/ V.G(s,By) - dB
0 t€[0,1]

Finally, the random variable sup, ¢ | B; has the same distribution as the absolute
value of a standard Gaussian random variable ([131], Chapter 3, Theorem 3.7), so

P(F(B1) ZE[F(W))]+x) < IP’<SUP ﬁz2x>

t€[0,1]
2/ 2 dr S 2

We conclude by noticing that B; and W) have a Gaussian ./ (O,Id) distribution. O

IN

We note that replacing F by —F, we also have F(Z) > E[F(Z)] — 6/2&’ for some
&’ with exponential distribution of parameter 1.

Remark 1. A typical example of use of the Gaussian concentration inequality is
with the norm ||Z|| of a .#(0,02I;) Gaussian random variable. Since the norm is
1-Lipschitz, and since we have E[||Z||] < v/E[||Z]|?] = 6V/d, the norm ||Z|| fulfills

the inequality
|1Z|| < oVd+0+/2€,

where € is an exponential random variable of parameter 1.

Remark 2. Another consequence of the Gaussian concentration is that the variance
of the norm ||Z|| of a .#'(0,0%1;) Gaussian random variable can be bounded inde-
pendently of the dimension d. Actually, there exists two standard exponential random
variables & and &’, such that

ElllZll] - o2& < [|1Z] <E[|Z]|] + 0+/28
Accordingly, we have the upper bound
2 2
var|1Z|] = E | (I1Z]| - EN|IZI)% | + B | @(1z]] - 12])2]
<2E[&]6” 4 2E[¢'|6? = 407
As a consequence, we have the following bounds on the expectation of ||Z||

(d—4) 0 <E[|Z|*] —var[l|z|] =E[|Z|]* < E[|ZIP*] =d o™ (B.4)
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B.2.3 Concentration of Quadratic Forms of Gaussian Vectors

The next lemma gathers two simple versions of Hanson-Wright inequality for con-
centration of quadratic forms of Gaussian vectors.

Theorem B.8 Concentration of Quadratic forms of Gaussian vectors
Symmetric forms. Let € be a standard Gaussian random variable A (0,1,) in
R? and S be a real symmetric p X p matrix. Then, we have for any L > 0

P {8758 —Tr(S) > /8||S|IZLV (8S|0PL)} <e L (B.5)

Cross-products. Let £,€' be two independent standard Gaussian random vari-
ables A (0,1,) in RP and A be any real p x p matrix. Then, we have for any

L>0
P [STAS’ > ,/4A,%Lv(4A|opL)] <etL (B.6)

Proof of Theorem B.8.

Symmetric forms. The proof is based on the Chernoff argument, page 297. Next
lemma provides an upper bound on the Laplace transform of a square Gaussian ran-
dom variable.

Lemma B.9
Let Z be a ./ (0,1) standard Gaussian random variable. Then, for any |s| < 1/4,
we have

E [exp(s(Z2 -1))] < .

Proof of Lemma B.9. Since —log(1 —x) < x+x? for |x| < 1/2, we have

e’ 22

E [exp(s(Z2 -1)] = (=252 <e

The proof of Lemma B.9 is complete. ]

Since S is symmetric we can diagonalize it, S = Zle lkvkv,{ and
T 4 T o\2
e'Se =Y M(vie).
k=1

Since the eigenvectors {vl,...,vl,} form an orthonormal basis of R”, the matrix
V =[v1,...,v,] fulfills V'V = I. Hence, Z = V¢ follows a .4 (0,1) distribution,
which means that the random variables Z; = v,fe, fork=1,...,pareiid. A4(0,1)-
random variables.

Applying Markov inequality (Lemma B.1, page 297), we get for ¢ > 0 and |s| <
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(4]Sop) !

P I:ETSS _ TI‘(S) > t:l S e*Sf]E |:eS(€TS€7Tr(S)):|

P

<e " []E [exp (sa(2f - 1))]
k=1

P

<exp | —st+257 ) A7 | = exp (=t +2[|S|7s7)

k=1

The minimum of s — —st + 2[|S||%s over |s| < (4]S]op) " is achieved for s =
1(t/1IS17) A (1/|S]op) and hence

. 12 S||2 t
min —st—l—Zstz =——>1 +=E )1
\S\S(4\S\op)*1( 15117 ) 8||S||12: {e=<IIS1I3/|Slop } <SS|(2)p 4|S‘Op {>118112./1Slop +
()
— 8 \ISIF ISl /)’

Cross-products. The trick for (B.6) is to notice that

T
T, _ |€ € . _1jo A
SAS_L‘/} S[e,}, with S_Q{AT ol

Since S is symmetric, we can apply (B.5). The conclusion follows by noticing that
Tr(S) = 0. |Slop = [Alop/2 and [|S][7 = [|Al|Z/2. U

The bound (B.5) follows.

Remark. When S is symmetric positive semi-definite, we have £’ Se = ||S'/2¢]|2.
Since 12
15" 2| = (18" 2| < ISV (v =2) | < [Slop Ly =

the application x — [|S'/2x]| is |S |(1,I/,2-Lipschitz, and we can use the Gaussian con-
centration inequality in order to bound from above €7 Se — Tr(S). Yet, as explained
below, the bound obtained is less tight than (B.5) when the spectrum of S is not flat.

Indeed, since ,
E[Is'2ell]” <E[ls"2]?| = Tx(s),

the Gaussian concentration inequality (Theorem B.7, page 301) ensures that for L > 0

P [||sl/2s\| > /Te(S) + /z|S|opL] <eL,

It then follows the concentration bound

P {ETSE —Tr(S) > 24/2[S]op Tr(S)L + 2|S|0PL} <et
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This bound is similar to (B.5), except that ||S||% has been replaced by |S|opTr(S).
When the spectrum of § is not flat and the dimension p is large, this last quantity
|S[opTr(S) = X4_, (A14«) can be much larger than ||S||7 = ¥/, A2. For example, if
M = 1/k, the quantity |S|opTr(S) diverges to infinity when p goes to infinity, while
[|S||% remains bounded.

B.3 Symmetrization and Contraction Lemmas
B.3.1 Symmetrization Lemma

The symmetrization lemma is a simple bound, very useful for bounding the expecta-
tion of suprema of empirical processes, as, for example, in the proof of Theorem 11.1
in Chapter 11.

Theorem B.10 Symmetrization lemma

Let & be a measurable set, and F be a set of integrable functions [ : 2 — R.
Let Zy,...,Z, be ii.d. random variables in &, and ©1,...,0, be i.i.d. random
variables independent of Z,, . . . , Z,,, with uniform distribution on {—1,+1}. Then,
we have

1 n
E|sup |~} (f(Z)-E [f(z,»)D]] < 2EEg | sup Z af(Z)|[, B
feF =y fez
where [E refers to the expectation with respect to Zy, .. .,Z,, and E¢ refers to the

expectation with respect to Gy, ..., Oy.

Proof. Let (Z) i=1,...» be an independent copy of (Z;);=1... .. We first observe that

-2|t ).

where E refers to the expectation with respect to the random variables (Z)izl
According to Jensen inequality, we have

£ s |13 (r2) -2 1@ —Elsup Y Ellif H
fez'n i3 fez |3 n;
gElsupE lif(zt)—lzn:f(z)
feF nia ni3
_ | & _
EE u - i) — i
<EB | sup LY (12— 12) \]
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n . 1 n .
< EE¢s | sup |— Z 0:f(Z)|| +EEs | sup |- Z o:f(Z) 1
feF i3 ez i3
] n
< 2EEq | sup |- Gf(Z)’
o |fe,9 1 ; i i
The proof of Theorem B.10 is complete. g

B.3.2 Contraction Principle

The contraction principle of Ledoux and Talagrand (Theorem 4.12 in [106]) is a
useful tool for analyzing empirical processes, as, for example, in the proof of Theo-
rem 11.10 in Chapter 11.

Theorem B.11 Contraction principle

Let Z be a bounded subset of R", and ¢ : R — R be an a-Lipschitz func-
tion fulfilling @(0) = 0. For ©y,...,0, i.i.d. random variables with distribution
Ps(0; =1) =Ps(0; = —1) = 1/2, we have

n
Z OiZ;

i=1

iGi(P(Zi)

i=1

Es lsup ] . (B.8)

e

] <20 Es lsup

e?

Proof. We will actually prove the following stronger result: For any function g : R" —
R and any integer d < n,

sup (g(Z) +,~i’ cw@)) J < oEgs [Sup (g(z) +i}ciZi> J . (B9

Es
€Z €Z

Let us first check that (B.8) follows from (B.9). Since |x| = (x)4 + (—x), we have

Es | sup Sup( Gi(P(Zi)) SUP< Gi(P(Zi)> .
Glzeg e ; + e ; +

The random variable — o has the same distribution as ¢, so applying (B.9) with g =0

Y cio(z)|| <Eo +Es

i=1




SYMMETRIZATION AND CONTRACTION LEMMAS 307

and d = n, we obtain

n
Eo lsup Zci(P(Zi)] < 20Eq lsup():c,-zl-) ]
€2 | =1 €2 \i=1 +
< 20Egs | sup Zcizi ,
z€Z | i=1

which gives (B.8).

To conclude the proof of Theorem B.11, it remains to prove (B.9). Replacing ¢ by
¢/, we can assume that @ is 1-Lipschitz. The following technical lemma is the key
of the proof.

Lemma B.12

Let Z be a bounded subset of R", and consider ¢ : R — R a I-Lipschitz function
Sulfilling @(0) = 0. Then for any function g : R" — R, we have

sup {(g(z)+(z1))+ + (&) —@(2))+ } < sup {(g(z)+z1)++(g()—21)+}

7€ 27 €Z

where z1 denotes the first coordinate of z.

Proof of Lemma B.12. For any z,7/ € &, we have forany ¢ : R - Rand g: R" — R

(e(x) +o(z1))+ + (&) —0(2))) +
=max {g(z) + @(z1) +8(z) — 9(21),8(x) + @(z1),8() — ¢(z}),0}. (B.10)

Let us bound each term in the right-hand side maximum.

1. Let us bound the first term. Since ¢ is 1-Lipschitz, we have

g(2)+8(@)+|a -l

<
< sup {g(2)+g(@)+la—2l}-
7 eZ

g(@)+o(z1)+8(@)— o))

Due to the symmetry in z and 7/, we have

sup {g(2)+8(2)+]z1 —2i|} = sup {g(2)+g(&)+z1—7},
e e

and therefore

8@ +o(z1) +g(@) — (7)) < sltllff@p{g(z)+g(z')+11—z'1}
< SP%{(8(2)+21)++(g(Z/)—z’1)+}. (B.11)

2. Let us bound the two other terms in the right-hand side of (B.10). Since ¢ is
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1-Lipschitz and ¢(0) = 0, we have |@(z1)| < |z1] for all z; € R. This inequality
gives

g to(z1) < g(2)+lzl
< (gl@) )t +(glz) —z1)+
< S}lfj?‘;{(g(z)+zl)++(g(z,)*le)+}. (B.12)

Combining (B.10) with (B.11) and (B.12) completes the proof of Lemma B.12. [

We now prove (B.9) by induction on d.
e For d = 1, we have

Eo, Lseug(g(ZHGHP(z]))J = % zsgg)(g(Z)HP(m))ﬁ; sup (8(2) —9(z),
= % s/tg}{(g(z)—i—qo(zl)h-f-(g(Z/>—(P(Z/1))+}-

Lemma B.12 ensures that

oy |30 (62 +or0(a), | < 5 swp {(6(6) +a) o+ (el)-)1)
E€Z 2,7€?

Eo, Lsup (8(2) + GIZI)+:| )
ez

which proves (B.9) ford = 1.

e Assume now that Inequality (B.9) has been proved up to d = k— 1, with k > 2.
Below, we will denote by E, the expectation under the variable oy and by Es , the
expectation under the variables o7, ..., 0;_|. Applying successively Inequality (B.9)
withd = k—1and d = 1, we obtain

Es Lseugp (g(z)—&-izk;c,-go(zi)) J

k—1
Eo , | sup ((g(Z) +019(zx)) + Y, q-q)(a)) H (Fubini)
& .

¥ i

k—1
Es , |sup ((g(z) + ok p(z)) + Z 0'iZi>
=1

€ i— +

AN
&=
o

H (Ineq. (B.9) withd =k —1)

k=1
= Es , l]Eck sup <(g(z) + Z G,'Zi) +Gk(p(zk)> H (Fubini)
_ZE”f i=1 +

k
< Eo, l]Egk sup <g(z) +ZIGiZi>
i= +

e

(Inequality (B.9) with d = 1),

which gives (B.9) for d = k. By induction, this completes the proof of (B.9) for any
d<n. O
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B.4 Birgé’s Inequality

Birgé’s inequality [30] is very useful for deriving minimax lower bounds, as, for ex-
ample, in Theorem 3.5 and Exercise 3.6.2. We state here a simple version of the in-
equality, and we refer to Corollary 2.18 in Massart’s lecture notes [118] for a stronger
result.

In the following, we denote by

Jlog %dﬂ” when P < Q

KL(P,Q) = { o0 else

the Kullback-Leibler divergence between P and Q.

Theorem B.13 Birgé’s Inequality
Let us consider a family (Al-),':17,_,7N of disjointed events, and a collection
(Py)i=1,...N of probability measures. Then, we have
. 2e max,-#KL(]P’i,]P’j)
Pi(A;) < . B.13
=T i(Ai) < 2e+1 Vv log(N) (B.13)

goooy

Proof. We can assume that P; < P; for all i # j, otherwise max;.; KL(IP;,IP;) = 40
and (B.13) is obvious. The proof is mainly based on the following simple inequality.

Lemma B.14
Let X be a bounded random variable and Py, be two probability measures, such
that Py < Py and Py < Py. Then, we have

Es [X] —logE; [¢*] < KL(P>,Py), (B.14)
where E; denotes the expectation with respect to P;.

Proof of the lemma. Since — log is convex, Jensen inequality ensures that

dP
_ il
log ( e P, dIP’2>

dP
/—log (eX dﬂ);) dPy = —E, [X]+KL(P,,Py),

—logE; [¢¥]

IA

which concludes the proof of Lemma B.14. U

We set m = min;—;,_nyPi(4;), and for i <N — 1, we define X = 1,,log(m/q) with
qg=(1—m)/(N —1). Inequality (B.14) gives

(5)"

P,'(A,') log(m/q) — lOgEN S KL (]P),‘,]P)N) .
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log (IP’N(A,-) (’Z - 1) + 1)

< Py(A) (Z - 1) < %PN(Ai)-

Computing the expectation, we find

()"

logEy

We have P;(A;) > m, so averaging over i € {1,...,N — 1} gives

m N—1 7 1 N—1
mlog(m/q) — — Py(A;)) < KL = KL(P;, Py
n/4) Q(Nfl); (*) N-— l; (P, Ew)
Since
N 1—m
]P)N(A,')S I—PN(AN)S 1—-m and q:ﬁ’
—~ _

1

we finally obtain
m(N —1) —
1 —— | <KL.
’”"g(eum))—

To conclude the proof of (B.13), we simply check that for m > 2e/(2e + 1), we have

and that KL < max,; KL(P;,P;). |



Appendix C

Linear Algebra

C.1 Singular Value Decomposition

The Singular Value Decomposition (SVD) is a matrix decomposition that is very
useful in many fields of applied mathematics. In the following, we will use that, for
any n x p matrix A, the matrices A”A and AA” are symmetric positive semi-definite.

Theorem C.1 Singular value decomposition
Any n X p matrix A of rank r can be decomposed as
r
A=Y ojupl, (C.1)
j=1
where
e r=rank(A),
e 01>...20,>0,
. {612, ety 6,2} are the nonzero eigenvalues of AT A (which are also the nonzero
eigenvalues of AAT ), and
o {uy,...,u;} and {vy,...,v,} are two orthonormal families of R" and R?, such
that
AATuj = szuj and ATAvj = szvj.
The values o7,...,0, are called the singular values of A. The vectors {uj,...,u,}
and {vi,...,v,} are said to be left-singular vectors and right-singular vectors, re-
spectively.

Proof. Let us prove that such a decomposition exists. Since AA is positive semi-
definite, we have a spectral decomposition

p
T T
AAT = Z ljujuj s
j=1
with 1 > ... > A, > 0 and {uy,...,u,} an orthonormal family of R". Let us define
Vi,...,V, by v; :l;l/zATuj for j=1,...,r. We have
||vj||2 = XJTIMJT»AATMJ- = ujT»uj =1,

311
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and

ATAv; = 2" PAT(AAT u; = 2)PATu; = Mg,
so {v1,...,v,} is an orthonormal family of eigenvectors of AT A. Setting 6; = ljl/z,
we obtain

2 T 11/2 1/2 A
Z’lcjujvj = Z
j=

= <j§uju]T->A

We notice that Y uju " is the projection onto the range of AA”. To conclude, we

recall that R? = ker(A) @range(AT) is the orthogonal sum of ker(A) and range(AT),
so the range of A and the range of AA” coincide and

chu]v _<Z"‘J )A Projange(a) A = A.

The proof of Lemma C.1 is complete. m|

C.2 Moore-Penrose Pseudo-Inverse

The Moore—Penrose pseudo-inverse A" of a matrix A generalizes the notion of in-
verse for singular matrices. It is a matrix such that AA*y =y for all y in the range
of A and AT Ax = x for all x in the range of A*. Furthermore, the matrices AA™ and
A% A are symmetric. When A is non-singular, we have the identity AT = A~1. We
first describe AT for diagonal matrices, then for symmetric matrices, and finally for
arbitrary matrices.

Diagonal matrices
The Moore—Penrose pseudo-inverse of a diagonal matrix D is a diagonal matrix D,
with diagonal entries [D7];; = 1/D;; when D;; # 0 and [D™];; = 0 otherwise.

Symmetric matrices
Write A = UDUT for a spectral decomposition of A with D diagonal and U unitary'.
The Moore—Penrose pseudo-inverse of A is given by A* = UDTUT.

Arbitrary matrices

WriteA=Y"_, 0;(A)u jv]T- for a singular value decomposition of A with r = rank(A).
The Moore—Penrose pseudo-inverse of A is given by

— ;GJ(A)*‘V,MJT. (C.2)

YU unitary if UTU =UUT =1
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‘We notice that

r r
ATA=Y viv] =Projupgeary and  AAY =Y wjuf = Projpee)-  (C.3)
j=1 j=1

In particular, AA™ = ATA = I when A is non-singular.

C.3 Matrix Norms

In the following, we denote by 61(A) > 02(A) > ... the singular values of A. Several
interesting norms are related to the singular values.

Frobenius norm
The standard scalar product on matrices is (A,B)r = YijAijBij. It induces the

Frobenius norm
IAF =Y A7, =Te(ATA) = Y or(A).
ij k

The last equality follows from the fact that the o} (A)? are the eigenvalues of AT A.

Operator norm
The ¢> — (2 operator norm is defined by

[Alop = sup [|Ax]| = 01 (A).
<1

Let us prove this last equality. We have Ax = Y, op(A)uvlx, so [|Ax||> =
Y 02 (A) (v, x)? < 01(A)?||x||?, with equality for x = v;.

Nuclear norm
The nuclear norm is defined by

AL = Y o).
k=1

The three following inequalities are very useful.

Lemma C.2 We have

1. |Al. < \/rank(4) ||A]
2. (A.B)r < |AL|Blop.
3. ||AB||r < |Alop|Bl|F -

F>

Proof. The first inequality is simply Cauchy—Schwartz inequality. For the second
inequality, we start from

(A,B)r =Y 0k(A)(wv{ ,B)r =Y Ok(A) (ug, Bvy)
% %
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and notice that (ug, Bvi) < ||Bvi|| < |B|op since [Ju|| = ||vi|| = 1. The inequality
(A,B)F < ZGk(A)|B|0p
3

then follows. Let us turn to the third inequality. We denote by B; the j-th column of
B. We observe that ||B||7 =Y, ||B;|%, so

lABIIE =} (AB),|1* = Y [1AB; I < Y |ALG, 1B;11* = 4[5, 18117
J j J

The proof of Lemma C.2 is complete. a

C.4 Matrix Analysis
C.4.1 Characterization of the Singular Values

Next result is a geometric characterization of the singular values.

Theorem C.3 Max-Min / Min-Max formula
For any n x p matrix A and k < min(n, p), we have
[[Ax]

o) = max - min S ©

where the maximum is taken over all the linear spans S C R? with dimension k.
Symmetrically, we have

. || Ax]|
S:codim(S)=k—1 xesS\{0} ||| 7

O (A) = (CS)

where the minimum is taken over all the linear spans S C RP with codimension
k—1.

Proof. We start from the singular value decomposition A = Y, 0;(A)u jv]T- and we

consider {er,...,v[,}, such that {vl,...,vp} is an orthonormal basis of R”. We
define Sy = span{vy,..., v} and Wy = span {vk, . ,v,,}. For any linear span S C R”
with dimension &, we have dim(S) + dim(W;) = p+ 1, so SNW; # {0}. For any
nonzero x € SN'W; we have

JAx|>  Xixoi(A)*(v),x)?

= < o(A)?,
[lx]|? X (vjx)?

SO

- |lAx]|
< A).
S:dim(S)=k xeS\{0} ||x]| = or4)

Conversely, for all x € S; \ {0}, we have

A2 Yo 05(A)*(v),x)?
[/ Y1 (v),x)?

> or(A)?,
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with equality for x = v;. As a consequence,

o el
s:dim(S)=k xes\{0} ||x||

= Ok (A)v

with equality for S = Sy, which proves (C.4). The min—max formula (C.5) is proved
similarly. a

Corollary C.4 For an n x p matrix A and k < min(n, p), we have for any P €
R with |Plop < 1

ou(PA) < 0y(A) and [|PAlr < A]lr. (C6)
Similarly, we have for any P € RP*P with |P|o, < 1

Ou(AP) < 0i(A) and ||AP|F < ||Al|F. (C.7)

Proof. Since |P|o, < 1, we have ||PAx|| < [|Ax]||. The inequality (C.6) then follows
from (C.4). Furthermore, we have o} (AP) = o,(PTAT) < 6;,(AT) = o} (A), which
gives (C.7). O

C4.2 Best Low-Rank Approximation

The next theorem characterizes the “projection” on the set of matrices of rank
r. It also provides an improvement of the Cauchy—Schwartz inequality (A,B)r <
|A||£||B|F in terms of the Ky—Fan (2,g)-norm

A7, Z or(A)?, (C.8)

with g = rank(A) Arank(B). We observe that [|A[| 2,4 < [|A]|F, with strict inequality
if ¢ < rank(A).

Theorem C.5 For any matrices A,B € R"*P, we set g = rank(A) Arank(B). We
then have
(A,B)r < [|All2,9) 1Bl 2.0)>

where the Ky—Fan (2,q)-norm ||A|| 2,) is defined in (C.8).

As a consequence, for A =Y} _, Ok (A)ukv,{ and g < r, we have

nnn A—Bl||z = O
pomin 4B} = k%k

In addition, the minimum is achieved for

(A)ukv,z.

Il
TP
Q
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Proof. We can assume, e.g., that the rank of B is not larger than the rank of A. Let us
denote by ¢ the rank of B and Pp the projection on the range of B. We have

(A,B)r = (PsA,B)r < ||PsA|[F||B||F-

The rank of PgA is at most ¢ and previous corollary ensures that oy (PgA) < oy (A),
since |Pg|op < 1. So,

q q
1PsAllF = Y 0k (PsA)* < Y 0i(A)* = [|All,)-
k=1 k=1

Since g = rank(B), we have ||B||r = ||B||(24), and the first part of the theorem is
proved.

According to the first part of the theorem, for any matrix B of rank ¢, we have
2 2 2 2 2
1A =Bl = l|Allr = 2(A,B)r + [1BllF = [[All —2[|All 2.)[1BllF + || B|%-

The right-hand side is minimum for ||B|[r = [|A[| (2,4, SO

IA=Blz > AlIF - AL, = Y or(4)™.
k=q+1

Finally, we observe that this lower bound is achieved for B=Y{_ oy (A)upv]. O

C.5 Perturbation Bounds

In statistics and in machine learning, it is useful to relate the SVD of the observed
matrix B = A + E to the SVD of the signal matrix A.

C.5.1 Weyl Inequality

Weyl inequality states that the singular values are 1-Lipschitz with respect to the
operator norm.

Theorem C.6 Weyl inequality
For two n x p matrices A and B, we have for any k < min(n, p)

104(A) — 04(B)| < 01(A— B) = |4~ Bloy.

Proof. For any x € R”\ {0}, we have

A [1Bx], [ItA=B)x_ ||Bx]
Il =l ] [l

+01(A—B).

The inequality follows by applying the Max—Min formula (C.3). a
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C.5.2 Eigenspaces Localization

LetA,B € R™" be two symmetric matrices and let A =Y lkuku,{ andB=Y pkvkv,{
be their eigenvalue decomposition with A; > A, > --- and p; > ps > ---. We want
to compare the eigenspaces span{uj,...,u,} and span{vi,...,v,}, spanned by the r
leading eigenvectors of A and B.

A first idea could be to compare the two matrices U, = [uj,...,u,] and
V, = [vi,...,v]. Yet, there exist some orthogonal transformation R, such that
span{Ruy,...,Ru,} = span{uy,...,u,}, but RU, # U,, so a directed comparison of
U, and V, is not suited. Instead, we will compare

r r
uUl = Z wul and VI = Z vl
k=1 k=1

which are the orthogonal projectors in R” onto span {u,...,u,} and span{vi,...,v,},
respectively. The next proposition relates the Frobenius distance between U,U and
V,VT to the Frobenius norm of U7, V.

Proposition C.7 Let U_, = [uy41,...,up| and V_, = [vy41,...,v,]. Then, we have

1007 =V I3 =2IVT, U3 = 207 Vil

Proof of Proposition C.7. We first expand the squares and use that the Frobenius
norm of a projector is equal to its rank

||UrUrT - VrVrTH% = HU,U,TH% + HV,V,TH% - 2<UrUrT7VrVrT>F
=2r—2Tr(UTV,VIU,).
Then, since span{v,;1,...,v,} is the orthogonal complement of span{vy,...,v,}, we
have V,VI' =1,-V_,VI So,as U'U, =1,
0T —v.vT|% =2r—2Tr(I, —UTV_, VT U))
=2Tr(UNV_, VI U,) = 2| VL, U, |3
The second equality of Lemma C.7 follows by symmetry. (]

A classical inequality to bound the norm ||U7,V,||% is the Davis-Kahan perturbation
bound.
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Theorem C.8 Davis-Kahan perturbation bound.

Let A,B € R"™" be two symmetric matrices and let A = ¥; Mauygul and B =
Yk Pxvivl be their eigenvalue decomposition with Ay >« -+ > A, and py > -+ > py.
Let Uy = [u1,...,uy], U_y = [ury1,. .., un) and similarly V, = [vy,...,v,], V_, =
[Vrt1s---,Vn]- Then, we have

r/A—B A||A—Bl|F
07 vy < VA= Bl A4 B] o
(Pr - AH-I) vV ()“r - Pr+1)
A—Blop) A|A—B
<y (VA= Blg) A A= Bl i
Ar - lr—&-l

In many cases, we only wish to compare the two leading eigenvectors of A and B,
which corresponds to the case r = 1.

Corollary C.9 Comparing leading eigenvectors.

_ 2infaer|A+A1—Blo

< T (C.11)

1= (uy,v1)?

Proof of Corollary C.9.
We first observe that

||U_T1v1 ||2 = vlTU_lelvl = vlT(I— ululT)vl =1- (ulTvl)z.

In addition, the eigenvectors of A and A + Al are the same, while the eigenvalues
are all translated by A, preserving the eigengap A; — A, between the two largest
eigenvalues. So we have for any A € R, the Inequality (C.10) applied to A + AT and
B gives
2|A+AI—B|op

M= '
The proof of Corollary C.9 is complete. (]
Proof of Theorem C.8.

We first observe that the Bound (C.10) directly follows from (C.9) and the inequali-
ties

1—(u,vi)? <

Ar— 2'rJrl =A- Pr+1— (pr - pr+1) +pr— er
< (A = Pr1) + (Pr = A1) S 2((0r = Ar1) V (A — Pri1))-
Let us prove (C.9). As a starting point, we notice that either p, > A, or A, > p,i1,
o)
(Pr =X )V (A = Prs1) = (Or = A1)+ V (Ar = Prat)+--
In addition, we observe from Lemma C.7 that the roles of A and B are symmetric.
Hence, we only need to prove

(Vr|A = Blop) N [|A = Bl

IULV:llF <
nr (pr—lr+l)+

(C.12)
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When p, < A, the right-hand side is infinite, so we only need to focus on the case

where p, > A, 1.
We have the decomposition

,
IULVAE =Y 0Tl P, (C.13)
k=1
so we will start by bounding the square norms ||U7,v;||?. Since
n
A= Z lkuku,{ = U,diag(A, ... ,l,)U,T +U_,diag(Ay41,... zﬂ)UZ,,

k=1

we have UT, A = diag(A,11,...,A,)UT,. Hence, with Bv; = pyvi, we have for k =
1,...,r
pkUT Vi = UT ka UT (A+B A)Vk
= diag(Ay11,-- -, ) UL v + UL (B—A)wy
Hence
UT vi = diag(px — Ars1s -, P — M) UL (B—A)wg,

and then, since py > pr > A1 1,

lUT,vill? < |diag(p = Arst, P — )™ B— Al
1(B—Ail® _ [I(B—A)wi
N (pk_lr-i-l)2 N (pr_AH-l)2

fork=1,...,r. To conclude, we observe that

U—r|op H(

,
Z [(B—A)wil* < B~ A\pZIIVkHZ—rlB Alop;

since ||vg|| = 1. So, with (C.13) we get

r|A—B|%p
oA

In addition, since I, = V,VI +V_, VT  we have

ULV, 7 < (C.14)

1A =Bl = (A=B)(V,V," +V_,VL),A=B)r = |(A=B)V,|[7 + (A= B)V_, |7,

SO

1(B—A)wel* = (B—AWV, |7

M\

T
I

< [(B=AV:|IE +[I(B—A)V-,|[F = |B~Al.



320 LINEAR ALGEBRA
Combining this bound with (C.13), we get

lA-Bl3
P =12

Combining (C.14) and (C.15), we get (C.12), completing the proof of Theorem C.8.
d

ULV, |3 < (C.15)

We refer to Horn and Johnson [93] for more involved results on matrix analysis.



Appendix D

Subdifferentials of Convex Functions

D.1 Subdifferentials and Subgradients

A function F : R" — R is convex if F(Ax+ (1 —A4)y) < AF(x) + (1 —A)F(y)
for all x,y € R” and A € [0,1]. An equivalent definition is that the epigraph
{(x,y), x €R" y € [F(x),+oo[} is a convex subset of R"+1,

Lemma D.1 When the function F : R" — R is convex and differentiable, we have

F(y) > F(x)+(VF(x),y—x), forallx,yeR".

Proof. Let x,h € R", and define f : R — R by f(¢) = F(x+th). Since F is differen-
tiable, so is f and f'(¢) = (VF (x+th),h). By Taylor’s expansion, we have for some
t* €0,1]
F(x+h)—F(x) = (VF(x+t*h),h) = f'(t").
Since
fAt+(1=2A)s) =F(A(x+th)+(1—=A)(x+sh)) <Af(@)+(1—-24)f(s),
the function f is convex, so
F(x+h)—F(x) = f'(t") > f'(0) = (VF (x), h).
We conclude by setting h =y — x. m|

We define the subdifferential JF of a convex function F : R" — R by
OF(x) ={weR": F(y) > F(x)+ (w,y—x) forally e R"}. (D.1D)

A vector w € dF (x) is called a subgradient of F in x.

Lemma D.2
1. F:R" — R is convex if and only if the set dF (x) is non-empty for all x € R".
2. When F is convex and differentiable in x, dF (x) = {VF (x)}.

321
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Proof.

1. Assume that dF (x) is non-empty for all x € R”". For any x,y € R” and A € [0, 1],
there exists w € dF (Ax+ (1 — A)y). By definition of the subdifferential, we have
F(y) > F(x+ (1= A)y) + (i, A(y—x)) and F(x) > F(Ax+ (1— A)y) + (w, (1 —
A)(x—2y)). Multiplying the first inequality by (1 — A ) and the second by 4, we obtain
by summing the results

(I=2)F(y)+AF(x) = F(Ax+ (1= 24)y),

so F' is convex.

Conversely, if F is convex, then its epigraph is convex in R"*!, so there exists a
supporting hyperplane H, separating the epigraph from any (x,z) with z < F(x).
Since F is finite on R", this hyperplane is not vertical, so there exists u € R” and a €
R, such that H, = {(a, ) : (u,&) + B = a} and such that any (o, ) in the epigraph
of F fulfills (u, o) + 3 > a. Since (x,F(x)) € Hy, we have a = (u,x) + F(x). For any
y € R, the couple (y,F(y)) belongs to the epigraph of F, and therefore

(,y) +F(y) 2 a= (u,x) + F(x).
This ensures that —u € dF (x).

2. Let w be a subgradient of F. When F is differentiable, Taylor’s formula gives for
any x,h € R"andt >0

F(x=+th) — F(x) = £t(VF(x),h) +o(t) > *t{w,h).

Letting ¢ go to zero, this enforces (VF (x),h) = (w,h) for all h € R", so w = VF(x).
a

More generally, when F' : 9 — R is convex on a convex domain & of R”, the subd-
ifferential dF (x) is non-empty for all x in the interior of .

It is well-known that the derivative f’ of a smooth convex function f: R — R is
increasing. The next lemma shows that this result remains valid for subdifferentials.

Lemma D.3 Monotonicity
The subdifferential of a convex function F is monotone increasing:

(We—wy,x—y) >0, forallw, € dF(x) and wy € dF(y). (D.2)

Proof. By definition, we have F(y) > F(x) + (wy,y —x) and F (x) > F(y) + (wy,x —
¥). Summing these two inequalities gives (w, —wy,x —y) > 0. |

Finally, the minimum of a convex function can be easily characterized in terms of its
subdifferential.
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Lemma D.4 First-order optimality condition
For any convex function F : R" — R, we have

X €argminF(x) <= 0€dF(x.). (D.3)
xeR”"

Proof. Both conditions are equivalent to F(y) > F(x.)+ (0,y —x,) forally € R*. O

D.2 Examples of Subdifferentials

As examples, we compute the subdifferential of several common norms. For x € R,
we set sign(x) = 1y>0 — 1y<o.

Lemma D.5 Subdifferential of ¢! and ¢~ norms

1. Forx € R, let us set J(x) = {j:x; #0}. We have
dlx|y = {weR": w; =sign(x;) for j € J(x), w; € [-1,1] for j ¢ J(x)}.

2. Let us set Jo = {j: |xj| =|x|} and write 2(J.) for the set of probabilities
on J,.. We have for x # 0

B n. wj=0 forjé¢J,

Proof. For p € [0, 4] and g, such that 1/p+1/g = 1, Holder’s inequality ensures
that [x|, = sup {(¢,x) : |¢|, < 1}. To prove Lemma D.5, all we need is to check that

Ixl, = {9 €R": (¢,x) = |x|, and ||, < 1}.
i) Consider ¢y, such that (¢.,x) = |x|, and |¢,|, < 1. Then, we have for any y € R”

|y|l7 Z <¢Xay> = |x|[7+ <¢X7y_x>7

and therefore ¢, € d|x|,.
ii) Conversely, let us consider w € d|x|,. For y = 0 and y = 2x, Equation (D.1) gives

02 [xl,— () and  2lx], > x|, + (),

from which we get |x|, = (w,x). Furthermore, we have |w|, = (w, ¢,,) for some ¢, €
R” fulfilling |¢,,|, < 1. The triangular inequality and (D.1) give

|X|pJr |¢W|p > ‘x+¢W|p > “x‘[’+<wv¢w>a

which finally ensures that [w|, = (w,¢y) < ||, < 1. The proof of Lemma D.5 is
complete. a
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The next lemma characterizes the subdifferential of the nuclear norm. We refer to
Appendix C for the definition of the nuclear norm | - |,, the operator norm |- |op, and
the singular value decomposition (SVD).

Lemma D.6 Subdifferential of the nuclear norm

Let us consider a matrix B with rank r and singular value decomposition B =
Yi 1 Gkukv,{. We write P, for the orthogonal projector onto span{uy,...,u,} and
P, for the orthogonal projector onto span{vy,...,v,}. We also set Pz =1— P, and
PVJ- =1—P,. Then, we have

,
d|Bl. = { Y wevf + WP (W < 1}. (D.4)
k=1

Proof. With the same reasoning as in the proof of Lemma D.5, we have
d|Bl«={Z:(Z,B)r = |B|. and |Z|op, < 1}.

All we need is then to check that this set coincides with (D.4).

i) First, we observe that any matrix Z =Y _, ukv,{ +PLWP with [Wlop < 1 fulfills
|Z|op < 1 and (Z,B)Fr = |B|.. Therefore, such a matrix Z is in the subdifferential of
|B).

ii) Conversely, let Z be a matrix fulfilling (Z,B)r = |B| and |Z|,, < 1. Since

r

r
Z O = Z B F = Z O'k Z ukvk Z ka,uk
k=1 k=1 k=1

and (Zvi,u)r < || Zvi|] < |Z]op < 1, we then have (Zvi,ux)r = ||Zvi|| = 1. Since
|lux|| = 1, this enforces Zvy = uy. Since (Zvy,ux)r = (vi, Z' i), we have for the
same reasons Z' u; = vi. In particular, u, ..., u, are eigenvectors of ZZT associated
to the eigenvalue 1, and vy,...,v, are eigenvectors of Z' Z also associated to the
eigenvalue 1. As a consequence, an SVD of Z is given by

rank(Z)
zZ= Z ukvk + Z Gkukvk,
k=r+1
where 1 is orthogonal to uy,...,u, and vy is orthogonal to vy,...,v,. Furthermore,

we have 6y < 1 since |Z|op < 1. In particular, we can write
rank(Z)
Z 61(;;1(\7{ = PMLVVPVL
k=r+1

for some matrix W, fulfilling |W\Op < 1. The derivation of (D.4) is complete. O



Appendix E

Reproducing Kernel Hilbert Spaces

Reproducing Kernel Hilbert Spaces (RKHS) are some functional Hilbert spaces,
where the smoothness of a function is driven by its norm. RKHS also fulfill a special
“reproducing property” that is crucial in practice, since it allows efficient numerical
computations as in Proposition 11.9 in Chapter 11.

A function k: 2" x 2 — R is said to be a positive definite kernel if it is symmet-
ric (k(x,y) = k(y,x) for all x,y € Z), and if for any N € N, x1,...,xy € £ and
a,...,ay € R we have

N
Y, aiajk(xi,x;) > 0. (E.1)
i,j=1

Examples of positive definite kernels in 2~ = R?:

e linear kernel: k(x,y) = (x,y)

e Gaussian kernel: k(x,y) = e~ l1P/20

e histogram kernel (d = 1): k(x,y) = min(x,y)

e exponential kernel: k(x,y) = e~ [*=¥l/0

We can associate to a positive definite kernel k a special Hilbert space .# C R?

called Reproducing Kernel Hilbert Space associated to k. In the following, the nota-
tion k(x, .) refers to the map y — k(x,y).

Proposition E.1 Reproducing Kernel Hilbert Space (RKHS)

To any positive definite kernel k on 2", we can associate a (unique) Hilbert space
F C R fulfilling

1. k(x,.) € F forallxe &
2. reproducing property:

F&x) = {f,k(x,.))z forallxe X and f € F. (E.2)

The space % is called the Reproducing Kernel Hilbert Space associated to k.

Proof. From the first property, if the Hilbert space .# exists, it must include the linear
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space % spanned by the family {k(x,.) : x € 2"}

ﬂ’oz{f 2 =R f(x Za, xi,x), NeN, xp,. xNE%,al,...,aNER}.

Furthermore, from the reproducing property, if .# exists, we must have
<k(xa ')7k(y7 )>¢ = k(x»y) and

N M N M
<Zaik(x“ Z (Vs > =) ) aibjk(xi,y))-
i=1 7

i=1j=1

Accordingly, we define for any f = Zﬁ-\’:l aik(x;,.)and g = 21;/1:1 bik(yj,.) in F

M=
'["JR

M
<fag>§;o = b k xlay/ Zalg xl ijf(yj)a
=

Il
—

i 1

J

where the last two equalities ensures that (f,g)#, does not depend on the choice
of the expansion of f and g, so (f,g) .7, is well-defined. The application (f,g) —
(f,8&) .7, is bilinear, symmetric, positive (according to (E.1)), and we have the repro-
ducing property

fx)=(f,k(x,.))z, forallxec 2 andfec %. (E3)
The Cauchy—Schwartz inequality (f,g).#, < ||f]l.#|/gll.#, and the reproducing for-

mula (E.3) give
)| < Vk(x,x) || fll.7- (E.4)

As a consequence || f]|.#, = 0 implies f =0 so (f,g).#, is a scalar product on .Z.
Therefore % is a pre-Hilbert space fulfilling the reproducing property. We obtain .%
by completing .%. O

Remark 1. Let us consider two sequences (x;) € 2N and (a;) € RY fulfilling
Y j>1 @iajk(xi,x;) < +oo. According to (E.4), for any M < N and x € 27, we have

When Y, ;- ajajk(x;,x;) is finite, the right-hand side goes to 0 when M, N goes to
infinity, so the partial series Z{-\;l a;k(x;,x) is Cauchy and it converges when N — co.
We can therefore define the space

%’:{f X —R: f(x) Zakx,,

(x) e 2N, (a;) e RY, Y aiajk(xi,x;) < +°°}

i,j=>1
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and the bilinear form
(f.8)z; =), aibjk(xi,y;) =) aig(x;) =) b;f(v;)
ij i=1 j=1

i,j=1

for f=Y7 | aik(x;,.) and g = Y7, bjk(y;,.) in %. Exactly as above, the application
(f,g) = {f, g>96 is a scalar product fulfilling the reproduction property

f(x)=(f.k(x,.)) 5 forallx€ 2 and f € .

In addition, the partial sums fy = YV  ak(x;,.) relative to a function f =
Yo aik(x;,.) € F( are Cauchy, since

M
N,M—seo
Ifw =l = Y aajk(x,x;) =0,
i =N+

and they converge to f. As a consequence, .%) is included in the completion .%# of
Zo and the scalar product (.,.) # restricted to . coincides with (.,.) 7

Remark 2. The norm of a function f in an RKHS .% is strongly linked to its smooth-
ness. This appears clearly in the inequality

[f() = FQ) = [(f k() = k() z| < I f |7 lIk(x, ) — k()

Let us illustrate this point by describing the RKHS associated to the histogram and
Gaussian kernels.

7. (ES)

Example 1: RKHS associated to the histogram kernel.
The Sobolev space

F ={feC([0,1,R): f is ae. differentiable, with ' € L*([0,1]) and £(0) =0}

endowed with the scalar product (f,g) sz = jol f'¢’ is an RKHS with reproducing
kernel k(x,y) = min(x,y) on [0, 1]. Actually, k(x,.) € # for all x € [0,1] and

10)= [ FOMyerdy= (1K)} forall f€ 7 andxe [0,1].

In this case the norm || f|| # corresponds simply to the L?-norm of the derivative of
f. The smaller is this norm, the smoother is f.

Example 2: RKHS associated to the Gaussian kernel.
Let us write F[f] for the Fourier transform in R with normalization

1

Q)72 Jaa f0)e @0 for f e L'(R?)NL*(RY) and o € RY.

Flfl(®) =
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For any o > 0, the functional space

Fo = {f € Co(RY) N L' (RY) such that /Rd Ff) (@) e?1F 2 do < +m}7

endowed with the scalar product
(1.8)7, = (226%) | FIFT@)¥lg](0)e” " do,
R

is an RKHS associated with the Gaussian kernel k(x,y) = exp(—||y —x||*/26?). Ac-
tually, for all x € R? the function k(x,.) belongs to %, and straightforward compu-
tations give

(k(x,.),f)7; =F '[F[f]] (x) = f(x) forall f€.Z andall x € R".

The space %, gathers very regular functions, and the norm || f|| &, directly controls
the smoothness of f. We note that when o increases, the space %5 shrinks and
contains smoother and smoother functions.

We refer to Aronszajn [10] and Scholkopf and Smola [140] for more details on
RKHS.



Notations

Iy

div(F)

VF
JdF (x)
0j(A)

|Alop

A«

1AlF

1Al (2.9)

max(0,x)
) )
min(x,y)

xTy = ijyj

J
Y18
J
max [B;| or max|B;;| if B is a matrix
J i
{j: B #0}
card(supp(B))
[Bjljes
card(S)

identity matrix on R"

max (x,y

partial derivative of F' according to variable i
Z&,-F (divergence of F)
i

gradient of F'

subdifferential of F' at point x
Jj-th largest singular value of A
01(A) = sup [|Ax]|

[lxlI<1
2 0;(4)
J
Y A% = Y oi(A)?
i i
q
Y oi(A)?
k=1
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A1 0

Aj
A;
Projg
S

sign(x)
o

argmin F ()
Be€

P(E)
E=FQDG
Ja,b]

var(X)

sdev(X)

NOTATIONS

mjax Z |A,’j|
i
Jj-th row of matrix A

Jj-th column of matrix A

orthogonal projector onto the linear span §

p!
dl(n—d)!
Loo—1i<o

transpose of vector or matrix x

set of the minimizers in € of F

set gathering all the subsets of £

decomposition E = F + G with F orthogonal to G
{xeR:a<x<b}

imaginary unit

E|(x — E[X])’]

var(X)
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