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Abstract

Regular variation provides a convenient theoretical framework for studying large events.
In the multivariate setting, the spectral measure characterizes the dependence structure of
the extremes. This measure gathers information on the localization of extreme events and
often has sparse support since severe events do not simultaneously occur in all directions.
However, it is defined through weak convergence, which does not provide a natural way
to capture this sparsity structure. In this paper, we introduce the notion of sparse regular
variation, which makes it possible to better learn the dependence structure of extreme
events. This concept is based on the Euclidean projection onto the simplex, for which
efficient algorithms are known. We prove that under mild assumptions sparse regular
variation and regular variation are equivalent notions, and we establish several results
for sparsely regularly varying random vectors.
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1. Introduction

Estimating the dependence structure of extreme events has proven to be a major issue in
many applications. The standard framework in multivariate extreme value theory (EVT) is
based on the concept of regularly varying random vectors. Regular variation was first defined
in terms of vague convergence on the compactified space [—oc, co]?, and several characteriza-
tions have subsequently been established; see e.g. [27], [1], [28], or [15]. Alternatively, it can
also be defined via the convergence of the polar coordinates of a random vector (see Proposition
5.17 and Corollary 5.18 in [27] or Theorem 6.1 in [28]). Following this approach, a random
vector X € Ri is said to be regularly varying with tail index « > 0 and spectral measure S on
the positive orthant Sﬁir_l of the unit sphere if

P(X|> tx, X/|IX| € B| [X| > ) = x “S(B), t— 00, (1.1)

for all x > 0 and for all continuity sets B of S. This means that the limit of the radial component
|X]/t follows a Pareto distribution with parameter & > 0, while the angular component X/|X]|
has limit measure S. Moreover, both components of the limit are independent. The measure S,
called the spectral measure, summarizes the tail-dependence of the regularly varying random
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1116 N. MEYER AND O. WINTENBERGER

vector X. It puts mass in a direction of Sﬁ_l if and only if extreme events appear in this
direction. Note that the choice of the norm in (1.1) is arbitrary. In this paper, |-| will always
denote the ¢!-norm, for reasons explained later.

Based on the convergence (1.1), several nonparametric estimation techniques have been
proposed to estimate S. These approaches tackle nonstandard regular variation for which o =1
and all marginals are tail-equivalent (possibly after a standardization). Some useful represen-
tations of the spectral measure have been introduced in the bivariate case [11, 12, 13, 14] and
in moderate dimensions [7, 31]. Inference on the spectral measure has also been studied in
a Bayesian framework, for instance by [19]. In higher dimensions, mixtures of Dirichlet dis-
tributions are often used to model the spectral densities [3, 30]. Some alternative approaches
based on grid estimators [24] and principal component analysis [9, 29] have also recently been
proposed.

More recently, the study of the spectral measure’s support has become an active area of
research. In high dimensions, it is likely that this measure only places mass on low-dimensional
subspaces. The measure is then said to be sparse. Sparsity arises all the more for standard reg-
ular variation. There, it is possible that the marginals of X are not tail-equivalent and therefore
that the support of the spectral measure is included in Sf[l for r < d. This is the approach
we use in this article. Furthermore, identifying low-dimensional subspaces on which the spec-
tral measure puts mass allows one to capture clusters of directions which are likely to be
extreme together [4, 21]. However, for such subspaces the convergence in (1.1) often fails for
topological reasons, which makes the identification of these subsets challenging.

Several algorithms have recently been proposed to identify the extremal directions of X.
[18] considered e-thickened rectangles to estimate the directions on which the spectral mea-
sure concentrates. This estimation is based on a tolerance parameter € > 0 and brings out a
sparse representation of the dependence structure. The authors provided an algorithm called
DAMEX (which stands for ‘detecting anomalies among multivariate extremes’), of complexity
O(dnlog n), where n corresponds to the number of data points. Subsequently, [5] proposed an
incremental-type algorithm (CLEF, for ‘clustering extreme features’) to group together compo-
nents which may be large. This algorithm is based on the DAMEX algorithm and also requires
a hyperparameter kmin. Several variants of the CLEF algorithm were then proposed by [6].
These approaches differ in the stopping criteria, which are based on asymptotic results on the
coefficient of tail-dependence. A complexity of O(dn log n) has also been reached by [34], who
base their method on hidden regular variation.

Since the self-normalized vector X/|X| fails to capture the support of a sparse spectral
measure S, we replace it by another angular component based on the Euclidean projection
onto the simplex S‘fl ={xe R‘i :X1 + ...+ xg = 1}. This projection has been widely studied
in learning theory (see e.g. [10], [25], or [22]). Many different efficient algorithms have been
proposed, for instance by [10] and [8]. Based on this projection, we define the concept of sparse
regular variation. With this approach we obtain a new angular limit vector Z whose distribution
slightly differs from the spectral measure and which is more likely to be sparse. We prove that
under mild conditions the two concepts of regular variation are equivalent, and we give the
relation between the two limit vectors. In addition, we study this new angular limit and show
that it allows one to capture the extremal directions of X. The numerical results we provide
emphasize the efficiency of our method in detecting directions which may be large together.
These results also highlight how the new vector Z provides an interpretation of the relative
importance of a coordinate j in a cluster of extremal directions.
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Outline. The structure of this paper is as follows. We introduce in Section 2 the concept of
sparse regular variation based on the Euclidean projection onto the simplex. This notion gives
rise to a new angular vector, for which we study the distribution and compare it with the
spectral measure. In the main theorem of this section we establish the equivalence under mild
conditions between sparse regular variation and standard regular variation. In Section 3 we
discuss to what extent the Euclidean projection allows us to better capture the extremal direc-
tions of X. We use a natural partition of the simplex to address this issue, and we prove that ©
and Z behave similarly on so-called maximal directions. Finally, in Section 4 we illustrate the
performance of our method on simulated data and briefly discuss it together with the approach
of [18].

Notation. We introduce some standard notation that is used throughout the paper. Symbols in
bold such as x € R? are vectors, with components denoted by xj,j€{l, ..., d}. Operations and
relationships involving such vectors are meant componentwise. We define 0= (0, ...,0) €
RY RY ={xeR?:x>0}, and BLO, )={xeRL:x; +...+xs<1}. Forj=1,...,d, ¢
denotes the jth vector of the canonical basis of R?. For a € R, a. denotes the positive part of a;
thatis,a; =aifa>0and a4 =0 otherwise. If x € RY and B ={i1,..., iy} C{l,...,d}, then
xg denotes the vector (x;,, ..., x;,) of R". For p € [1, oc], we denote by ||, the £’-norm in R4,
except for p = 1, for which we just write |-|. We write = for weak convergence. For a set E, we
denote by P(E) its power set: P(E)={A, A C E}. We also use the notation P*(E) =P(E) \
(0}, fE={1, ..., r}, wesimply write P, =P({1, ..., r}) and P} =P{l, ..., r})\ {4}. For
a finite set £, we denote by |E]| its cardinality. Finally, if F is a subset of a set E, we denote by
F* the complementary set of F in E.

2. Sparse regular variation

2.1. From standard to sparse regular variation
We start from Equation (1.1), which we rephrase as follows:

P(X|/t, X/I1X]) €| IX] > 1) EP(y,®) e, t—o00, 2.1

where Y is a Pareto(w)-distributed random variable independent of ®@. We call the random
vector @ the spectral vector, its distribution being the spectral measure. If the convergence
(2.1) holds we write X € RV(«, ®). In many cases the spectral measure is sparse; that is, it
places mass on some lower-dimensional subspaces. The self-normalized vector X/|X]| then
fails to estimate the spectral vector ® on such subsets.

Remark 1. The notion of sparsity in EVT can be defined in two different ways. The first
concerns the number of subsets {x € R‘i :Xg >0and xgc =0}, B 77;1“, which gather the mass
of the spectral measure (see Section 3 for some insights on these subsets). ‘Sparse’ means
then that this number is much smaller than 2¢ — 1. This is for instance the device of [18]. Tt
corresponds to the assumption (S2.a) in [16]. The second notion deals with the number of null
coordinates in the spectral vector @. In this case, ‘sparse’ means that with high probability
|®|o < d, where |-|o denotes the £9-norm of @, thatis, |®|o=|{i=1, ..., d:6; #0}|. This is
denoted by (S2.b) in [16]. Throughout this article we refer to this second notion.

In order to better capture this sparsity, we replace the quantity X/|X| by the vector 71(X/?),
where .(v) denotes the Euclidean projection of the vector v in R‘i onto the positive sphere
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FIGURE 1. The Euclidean projection onto the simplex SL_.

S‘fl(z) = {xe R‘j_ 1xX1+ ...+ x4 =2z}, 2> 0. The projected vector m,(v) is defined as the
unique solution of the following optimization problem (see [10] and the references therein):

1
minimize 5|w —vj5 st |wi=z. (2.2)
w

The Euclidean projection onto the positive sphere S‘fl (z) is then defined as the application
m  RL - sty
V. o W=V —Avo)y,

where Ay ; is the unique constant satisfying the relation Z?:l (vi — Ay,z)+ = z. Several algo-
rithms which compute 7;(v) have been introduced [10, 8]. We present two of them in Appendix
A: first one that gives an intuitive way to compute 7,(v), and then one based on a median-search
procedure whose expected time complexity is O(d).

The projection satisfies the relation ,(v) =z (v/z) forall v € Ri and z > 0. This is why
we mainly focus on the projection m; onto the simplex S‘jfl. In this case we write m as
shorthand for mry. An illustration of m for d =2 is given in Figure 1. We list below some
straightforward results satisfied by the projection:

P1. The projection preserves the order of the coordinates: if vo(1)>...> Vs for a
permutation o, then 7 (V) (1) > . . . > 7(V)s(q) for the same permutation.

P2. If 7(v); > 0, then v; > 0. Equivalently, v; = 0 implies 7 (v); = 0.

P3. The projection i is continuous, as is every projection on a convex, closed set in a Hilbert
space.

The substitution of the self-normalized vector X/|X| by the projected vector 7w (X/f)
motivates the following definition.

Definition 1. (Sparse regular variation.) A random vector X € R‘i is sparsely regularly vary-

ing if there exist a random vector Z defined on the simplex Si_l and a nondegenerate random
variable Y such that

P(X|/t, t(X/t)) € - | |X]| > 1) = P((Y,Z)e"), t— 0. (2.3)
If X satisfies (2.3), we write X € SRV («, Z).

In this case, standard results on regularly varying random variables state that there exists & > 0
such that Y follows a Pareto distribution with parameter «. The continuity of 7 ensures that
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regular variation with limit (Y, @) implies sparse regular variation with limit (Y, 7(Y®)). In
contrast to the limit in (2.1), here we lose independence between the radial component Y and
the angular component Z of the limit. The dependence relation between the two components
is given by the following proposition.

Proposition 1. If X € SRV(«, Z), then for all r > 1 we have

P(Ze-|Y>nNLPrGZ)e).

For g € P; we denote by e(B) the vector with 1 in position j if j € 8 and 0 otherwise.
Then the vector e(f)/|B]| belongs to the simplex. We consider the following class of discrete
distributions on the simplex:

Y P(B)Seipyyifl 24
BeP;

where (p(B))g is a (2d — 1)-vector with nonnegative components summing to 1. This is the
device developed by [32]. The family of distributions (2.4) is stable under multiplication by
a positive random variable and Euclidean projection onto the simplex. Hence, if ® has a dis-
tribution of type (2.4), then Z = ® almost surely (a.s.). The following corollary states that
distributions of this kind are the only possible discrete distributions for Z.

Corollary 1. If the distribution of Z is discrete, then it is of the form (2.4).

The family of distributions given in (2.4) forms an accurate model for the angular vec-
tor Z. Indeed, the distributions of this class place mass on some particular points of the
simplex on which extremes values often concentrate in practice. They include the case of

complete dependence, which corresponds to the case p({1, . . ., d}) = 1, and the case of asymp-
totic independence, which corresponds to the case p({j}) =1/d for all j=1, ..., d (see also
Example 2).

2.2. Main result

We establish in this section some relations between the vectors ®@ and Z. We start
by introducing some notation which will be useful throughout the article. We consider
the sets

Ax={uestu>x), xeBl,1),
Xg={xeBL(0,1):xg>0p, xpc =0pc}, PP},

X0 ={xeBLO, 1):xpe =0pc}, PP,

and we define A4 as the Lebesgue measure on the set X. For 8, y € P; such that y D 8 we
also consider the functions

Gp(x)=P(Zg > xp, Zpc <xpc), x5BP10, 1), xpc BP0, 1),

and
Hp.y(u, v, w) = ]P(¢y (Z)g >u, min ¢, (Z); > v, max ¢, (Z); < w) ,
Jjev\B jeye ’
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forue B0, 1), v, we [0, 11, and with ¢,, : X' — R, ur> ¢, (u) defined as

|I.ch‘

3 uj+ 75 forjey,
Py, = w - anl g e e
T Ty JEVs

see Lemma 3 for more insights on this function.
We consider the following assumption:

(A) Forall B, y € P} such that y D B and for Ag-almost every x € X the function Hpg,,, is
continuously differentiable in (x4, 0, 0).

Remark 2. (On Assumption (A).) Suppose that the distribution of Z is a mixture of a discrete
part ) ; aidu, and a continuous part Y s p asfp with P C {# € Pj: |f| > 2} and with continu-
ous densities fg. Then so is the distribution of ¢, (Z), since ¢, (Z) is a linear transformation of
Z.. In this case, Assumption (A) is satisfied.

We are now able to state the main result of this paper.

Theorem 1. (Equivalence of regular variation and sparse regular variation) Under Assumption
(A) we have equivalence between regular variation and sparse regular variation. More
precisely, we have the following:

1. If X e RV(a, ©), then X € SRV(«, Z), with Gg(X) equal to
O — |0 \“ O — 0] \“
E[(l A min <M> Amin(|®g| — |B1©,)% — max <M> ) ]
jeBy Bl —1 ), jepe jeB- Bly—1 /),
(2.5)

forallx e Xg such thatfor all j € B, xj # 1/|B|, and where B = {j € B, x; > 1/|B|} and
B-={i€B, xj<1/IBl}.

2. If X € SRV(a, Z) with Z satisfying (A), then X € RV(a, ®) with O satisfying

1 I 1
P(@cAy)=P(ZeA)+a™' ) dyﬁ,y(xﬁ,o,o)(x L )
. vl vl Ivl+1

yeP;yDp

(2.6)
for B € Pj and Lg-almost every x € Xjp.

Remark 3. (Discrete distributions.) Note that if the angular vector Z has a discrete distribution,
then Assumption (A) is satisfied and we have dH(xg, 0, 0) =0 for all 8 C y and Ag-almost
every x € Xg. Hence Theorem 1 ensures that there exists a spectral vector © such that P(® €

Ax) =P(Z € Ay),i.e. © 2. Actually, using Corollary 1 and arguments similar to those above,
we obtain @ =Z a.s.

Equation (2.5) gives a relation between the distribution of Z and that of ®@. While its com-
plexity makes it difficult to use in full generality, specific choices for x lead to useful results.
A convenient special case is the one with 8 ={1,...,d} and x < 1/d, which provides the

relation
1/d — ®;\*
Gzx)=E| (1 — max Q .
I<j=d \ 1/d — xj X
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In particular, for x = 0 we obtain

Gz(0)=1— E[ max (1 - d@,»)“] . 2.7)

Thus, the probability that Z has a null component is

P(Z =0 for some j < d) = E[ max (1 —d)“]. 2.8)
1<j<d
This quantity is null if and only if forallj=1,...,d, ®;=1/d a.s., and is equal to 1 if and

only if minj<j<4 ®; =0 a.s. This implies that the new angular vector Z is more likely to be
sparse in the sense of Remark 1. In particular, all of the usual spectral models on © that are
not supported on the axis are unsuitable for Z. More insights into the sparsity of the vector Z
are given in Section 3.

Example 1. We consider a spectral vector @ in Sﬂr with a first component ®; uniformly dis-
tributed (and then ® =1 — ® is also uniformly distributed). This fits into the framework of
Remark 2. We also assume « = 1 for simplicity. The probability that Z belongs to the first axis
is equal to

PZ=1)=PYO; —YO,>1)=PR2O; —1>1/Y)

(see Lemma 3). Since the random variable 1/Y follows a uniform distribution on (0,1) and is
independent of @ we obtain

1 1 1 11_
P(lel):/ P(Z@l—lzu)du:/ P(@lzu+ )du:/ Ydu=1/4. 2.9)
0 0 2 0 2

Furthermore, if x € (0, 1), Lemma 3 implies that
PO<Z <x)=P0<Y®; —(Y—-1)/2<x)

1
=/ P[(1 —uw)/2 <O <(14Q2x—Du)/2]du=x/2.
0

The distribution of Z; is thus given by §p/4 4 §1/4 + U/2, where U denotes a uniform distri-
bution on (0,1) and §, a Dirac measure at the point a. We check in Appendix B that this vector
Z satisfies Equations (2.5) and (2.6).

3. Detection of extremal directions with sparse regular variation

3.1. Sparsity in extremes

This section tackles the issue of detecting extremal directions for a regularly varying random
vector X. In such a context it is helpful to partition the underlying space, in our case S‘fl, into
understandable subsets [4, 18, 34]. In this article we consider the subsets

Cp={xeSt:x;>0foriep, x;=0fori¢ B}, PePj, (3.1)

which form a partition of the simplex. An illustration of these subsets in dimension 3 is given
in Figure 2. This partition is helpful for studying the tail structure of X. Indeed, for 8 € P the
inequality P(® € Cg) > 0 means that one is likely to simultaneously observe large values in the
directions i €  and small values in the directions i € 8. Then identifying the subsets Cg which

https://doi.org/10.1017/apr.2021.14 Published online by Cambridge University Press


https://doi.org/10.1017/apr.2021.14

1122 N. MEYER AND O. WINTENBERGER

FIGURE 2. The subsets Cg in dimension 3 for the £'-norm. The subsets Ci1y, Cp2;, and Cyz) correspond
to the unit vectors e, e, and e3, respectively. The dashed lines indicate the subsets Cyj ), Cy1 3}, and
C/2,3). Finally, the subset Cyj 2 3 corresponds to the interior of the simplex.

concentrate the mass of the spectral measure allows us to bring out clusters of coordinates
which can be simultaneously large.

Remark 4. Our approach aims to detect sparse directions that are aligned with the standard
coordinate system. For X Ri it allows us to understand how a marginal affects the extremal
behavior of X. In applications, if X represents a phenomenon, the goal is to understand which
groups of marginals are the main causes of the extremal behavior of this phenomenon. This is
why we do not focus on what happens if the directions do not align with the standard coordinate
system.

Example 2. A standard example of sparsity is asymptotic independence, for which the spectral
measure only puts mass on the axis: P(® € Uj<j<q {€;}) =P(® € Lj<j<q Cyj;) = 1. This means
that there is never more than one direction which contributes to the extremal behavior of the
vector. This concept has been studied by many authors; see for instance [23] or [26].

As for any low-dimensional subspaces, topological issues may arise for the subsets Cg in the
convergence (2.1). Indeed, for B8 # {1, .. ., d}, the subset Cg is included in its boundary (with
respect to the topology of the simplex), and the convergence (2.1) fails for such a set. This kind
of problem appears because the spectral measure may put mass on low-dimensional subspaces,
while the data generally do not concentrate on such subspaces. This issue can be circumvented
with sparse regular variation. We replace the study of the sets {x € R‘j_ (x| > 1, x/|x] € Cg} by
the study of the sets {x € Rﬁ x| > 1, m(x/1t) € Cg}, which enjoy better topological properties.

In this context, many other sets have recently been proposed. [17] defined the truncated
€-cones as

{XeRi X|oo > 1, Xi > €|X|oo forie B, xj <€|X|xo fori ¢ ,8} .
Subsequently, [18] introduced the notion of e-thickened rectangles:
{xeR‘fr:|x|oo >1, xi>eforiep, x;<efori¢p}.
[5] relaxed the condition on 8¢ and defined the rectangles

{xeR‘i:xi>1forie,3},

to focus on groups of variables that may be large together. Similarly to [5], we relax the
condition on B in the definition of the Cg, which leads to the study of the subsets

(xeST ! :x;=0fori¢ ) =ST" N Vect(e;, j € B).
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We gather in the following proposition some results regarding the behavior of 7 (X/f) and
Z on the subsets Cg and Si_l N Vect(e;, j € B). In all of what follows, we write ©g_; (resp.
Op,j,+) for 3 5 (O — ©)) (resp. D x5 (O — ©))4).

Proposition 2. Let X € RV(a, ®) and set Z.=nr(Y®), where Y is a Pareto(o)-distributed
random variable independent of ©.

1. Forany B € P; we have

Pr(X/)eCs | IX|>H—P(ZeCg), t— 00, 3.2)
and
P(r(X/Dge =0 [X| = 1) = P(Zge =0), 1— 0. (3.3)
2. Forany p € P} we have
P(ZeC,g)zlE[(lrlellisrg Of .+ — max 9%+, (3.4)
and
P(Zge =0) = E[/rg/isrg 0% 1] (3.5)

Regarding the behavior of 7 (X/?), the convergence (2.3) holds for any pair of Borel sets A x
Be (1, 00) x S‘fl such that P(Y® € 9~ (B)) = 0, where 97 ~'(B) denotes the boundary of

the set 7 ~!(B). The first part of Proposition 2 states that the subsets Cp and S‘fl N Vect(e;, j €
B) satisfy this condition. This implies in particular that the sparsity of Z can be studied through
the projected vector 7 (X/¢). This will be illustrated in Section 4.

The second part of Proposition 2 provides some interesting relations between the sparsity
of Z and that of ©. If we consider 8 ={1, ..., d}, then we obtain the probability that all
coordinates are positive, which has already been computed in (2.7). It is equal to Gz(0) =
1—-E [maxli,sd (11— d®j)"‘]. Another special case of Equations (3.4) and (3.5) is the one
where B corresponds to a single coordinate {jo}. In this case, since Z belongs to the simplex,
the two probabilities P(Zge = 0) and P(Z € Cp) are equal. Their common value corresponds to
the probability that Z concentrates on the joth axis, which is equal to

P(Zj, = 1) = E[min ©j, — @,-)‘3;] . (3.6)
J#Jo
Then Equation (3.6) can be developed in the following way:
P(Zj, =D = E[ﬁ%ﬂ (®jy — ®/)111{@,-0:1}] + ]E[ﬁij{)l (®j, — @/)‘111{@,04}]
= P(©;,= )+ E[ min (), — ) Loy 1] = PO}, = 1.
p 0

This shows that the vector Z is more likely to be sparse than the spectral vector ©.

Remark 5. Following Equation (3.5), we write

P(Zge =0) > E[}B;‘E Of....ap.J. +11{9ﬂf=0}]

- E[( Z ®k) ]l{eﬁc=0}} =P(@p=0). (3.7)

k=<d
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This can also be seen as a direct consequence of Property P2; see Section 2.1. This property
also gives

P(Zg > 0) <P(@p > 0), (3.8)

an inequality which will be useful in some proofs.

3.2. Maximal directions

We focus in this section on the subsets Cg. A positive value for P(® € Cg) implies that the
marginals X; for j € B take simultaneously large values while the ones in f¢ do not [4, 34, 18].
Our aim is to use Proposition 2 to compare the nullity or not of the probabilities P(® € Cg)
and IP(Z € Cg). To this end, it is relevant to focus on the largest group of variables g € P} such
that P(® € Cp) > 0. This motivates the notion of maximal direction.

Definition 2. (Maximal direction.) Let B € P}. We say that a direction 8 is maximal for © if
P(@eCg)>0 and P(@eCﬁ/)zo, forall B’ 2 8.

We define maximal directions for Z similarly.

Remark 6. A straightforward but useful consequence of Definition 2 is that each direction S
such that P(® € Cg) > 0 is included in a maximal direction of @®. Indeed, if there exists no
B’ 2 B such that P(® € Cp)= 0, then B is maximal itself. If not, we consider 8’ 2 B such

that P(® € Cﬂ/) > 0. If B’ is not maximal, then we repeat this procedure with B’. Since the

length of the direction B is finite, the procedure stops and provides y € P} such that 8 C y,
P(®eCy)>0,and (@ € C /) =0 forall Y Dy.

The notion of maximal directions is justified by the following theorem.

Theorem 2. Let € Pj.

1. If P(® € Cg) > 0, then P(Z € Cg) > 0.
2. The direction B is maximal for © if and only if it is maximal for Z.

Theorem 2 implies that we do not lose any information on the extremal directions of
by studying Z instead of @. But it is possible that the distribution of Z puts some mass on a
subset Cg while that of ® does not. In such a case, the associated direction 8 is necessarily
non-maximal.

Example 3. In Example 1 we proved that if ®; follows a uniform distribution on (0,1), then
P(Z € C1y) = 1/4 while P(®1 = 1) = 0. This proves that the direction g = {1} is non-maximal
for Z.

Example 3 shows there may exist g € P such that P(Z € Cg) > 0 and P(® € C) =0. In
this case, Theorem 2 states that the direction 8 is not maximal for Z since it is not maximal
for @. Following Remark 6, we consider a maximal direction y of Z such that 8 C y. Then
Theorem 2 states that P(® € C), ) > 0. This means that even if the direction 8 does not itself
gather coordinates on which extreme values simultaneously occur, there exists a superset of
which actually contains extremes. Thus, f still gives information on the study of large events.

A natural procedure to capture the extremal directions of X is then the following one. Based
on the Euclidean projection 77 we identify the subsets Cg on which the distribution of Z places
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mass. Hopefully, the selected subsets are low-dimensional. Among these subsets we select the
maximal ones which also correspond to the maximal direction for the spectral vector ©.

What happens on non-maximal directions? While the study of maximal directions is the
same for Z and ®, we develop here some ideas which highlight the use of Z for non-maximal
directions. We consider a direction 8 € P} and assume that the associated subset Cg satisfies
P(Z € Cg) > 0 and P(® € Cg) = 0. Then the direction § is necessary non-maximal for Z and
satisfies the following inequalities:

0<P(ZeCp)=P(ZLs>0,Zgc=0)<P(Zpgc =0) =P (YO)gc =0).
Following Equation (C.20) we obtain that

0 <P(n(Y®)pe =0)=P(187!|©p| > max O +1v1). (3.9)
i€epBe¢

This implies that with positive probability |8]~! Y ke g Or=0;forallie BC. If we consider
for instance B = {j}, then we obtain that with positive probability ®; > ©; for all i # j. More
generally, regarding the vector X, Equation (3.9) yields

-1 ) -1\ _ 1 -1 .
0 <P(IB| IGﬂIZriI;%§®,+Y )—tl_l)r&]P’(lﬁl IXﬂIZrirellag)LsX,+tIIXI>t)-

This means that the extreme values of Xg are likely to be larger than the extreme values of Xge.
This does not contradict the fact that P(®@ € Cg) =0, which only implies that it is unlikely
that one will simultaneously observe large values in the direction 8 and small values in the
direction €.

Hence, if we detect a maximal direction y, we first infer that it is likely that the directions in
y are large together while those in y ¢ take small values. The marginals in y form a cluster of
extremal directions for which the relative importance of each direction can be studied via the
identification of non-maximal directions 8 C y such that P(Z € Cg) > 0. Indeed, if we detect
such a subset it means that in the cluster y the directions in B are likely to be larger than the
ones in y \ B. A deeper interpretation of non-maximal directions is deferred to future work.

Example 4. We consider a regularly random variable X in Ry with tail index o >0 and a
vector a € Ri. We assume that the coordinates of a satisfy the inequality a1 >az > ... >
ag >0, and we also assume for simplicity that a € Sﬁ_l. We define the vector X by setting
X=Xa=(a1X,...,a4X) € Ri. Then the vector X is regularly varying with tail index o and
a spectral vector given by ® = a a.s. This means that the direction {1, ..., d} is the only one
on which the spectral measure places mass, and it is a maximal one. Hence, the angular vector
Z satisfies P(Z € Cyy, ... qy) > 0. However, it is possible that the distribution of Z also puts mass
on lower-dimensional subsets. Since the Euclidean projection keeps the order of the marginals,
the only possible groups of directions are {1}, {1, 2}, {1,2,3},...,{l,...,d—1}.

We first consider the direction {1} and compute the probability that Z belongs to the subset
C(1y. Following Equation (C.3), we obtain that

P(Z € C{l}) = P(

min (Y01~ Y6)) > 1)=p(re, > max Y6 + ).

Then we use the relation @ = a a.s., which implies that

]P)(Z IS C{l}) Z]P)(Yal > Yar + 1) =]P)(Y > (a1 — (12)_1) =(a; —a)"*.
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Hence, the probability that Z belongs to the first axis depends on the difference between the
first and the second coordinate of a.

More generally, for 1 <r <d — 1, Equation (C.4) implies that Z belongs to the subset
Cy1,...,ry if and only if

I<izr © r+l1<i<d

r r
max Z (YO, —YO®) <1 and  min Z (YO, —Y0)>1.
j=1 j=1
Thus, the probability that Z belongs to the subset Cy; .., is equal to

r r
P(ZeCp...n) =IP>( Y (Ma—Ya) <1, ) (YO, —YO,1) > 1)
j=1 j=1
:P((&, — ra,_H)_1 <Y< (a— a,)_l) where a, =a; +...+a,

=(ar —ra41)* — (@, —ray)” .

If we take o = 1 for the sake of simplicity, then we obtain P(Z € Cy;
thus the probability that Z belongs to the subset Cy;
ay and ay41.

This example emphasizes the use of the vector Z on non-maximal directions. It highlights
the relative importance of a coordinate in relation to the extreme values of a group of directions
this coordinate belongs to.

,...,r}) =r(a, — ar+1), and
r} depends only on the distance between

.....

4. Numerical results

This section is devoted to a statistical illustration of sparse regular variation. We highlight
how our approach manages to detect sparsity in the tail-dependence. We provide a method to
approximate the probabilities IP(Z € Cg) and apply it to several numerical results.

4.1. The framework

We consider an independent and identically distributed (i.i.d.) sequence of regularly vary-
ing random vectors X1, ..., X, with generic distribution X € RV(«, ®). We set Z = (Y ®),
where Y follows a Pareto(«) distribution independent of ®. Our aim is to capture the direc-
tions B € P such that P(Z € Cg) > 0. Thanks to Proposition 2, the latter probability is defined
through the limit

P(r(X/t) € Cg, |X]| >1)

P(Z e Cp)= tl_l)rgo Pr(X/H)e Cg | IX|>1)= tl_l)rgo P(X| > 1) 4.1)
The goal is then to approximate this probability with the sample X1, ..., X,,. We define the
quantity
" r(X;/t) € Cg, |Xi| > 1}
Th(t) = 2 / P t>0, BePr, 4.2)

o WX > 1) '
which corresponds to the proportion of data X; whose projected vector 7(X;/t) belongs to
Cp among the data whose ¢'-norm is above . Intuitively, the larger the variable Tp(1), the
more likely the direction 8 gathers extreme values. The law of large numbers then implies the
following approximation:

P(r(X/t) € Cg, |X]|>1)

T~ (x> 1)

~P(ZeCp),
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where the first approximation holds for n large and the second one for ¢ large. This approxi-
mation allows one to classify the directions 8 depending on the nullity or not of the associated
quantity Tg(?). Actually, once ¢ is fixed, we can get rid of the denominator in (4.2) and focus
only on Z;:l 1{m (X;/1) € Cg, |X;| > t}. The selection of the largest vectors X; whose norm is
above ¢ then boils down to keeping only a proportion, say k, of vectors. It is customary in EVT
to choose a level k which satisfies k — oo and k/n — 0 when n — oo.

Remark 7. (The approach proposed by [18].) In order to detect anomalies among multivari-
ate extremes, [18] propose a similar approach with the £°°-norm based on the e-thickened

rectangles

={xeRL:|x|c> 1, xj>eforalljep, xj<eforallje Y, BePi.
Starting from the sample X1, ..., X, with generic random vector X = (X!, , X%) with
marginal distribution F, ..., Fy, the authors define the vectors V; = (1/(1 — F (Xj N)j=1,...,
fori=1,...,n, where

12
Fi:x Z 21X[<x
=

is the empirical counterpart of F;. This rank transformation provides standardized marginals to

the vectors V;. Denoting by O the nonstandard spectral vector with respect to the £°°-norm
and by Cg oo = {X S S+ oo Xi>0foriep, x;=0"fori¢ ,8} the associated subsets, [18] use
the approximation

l -
Tgk, €)= p Z Lvicm/mry ¥ ¢ P(@c € Cp0),  ¢>0,
i1

for k large and € close to zero (the ratio n/k plays the role of the large threshold 7; see [20]).
The authors propose an algorithm called DAMEX whose goal is to identify the subsets Cg

such that ]P’((:)oo € Cp,00) > 0.

Remark 8. (On the choice of the norm.) After some calculations we observe that if the spectral

vectors @ and @, correspond to nonstandard regular variation (with o = 1), then they satisfy

the relation

E[10x/li6/6.0/cs)]
E[1Oxl]

PO € B)= (4.3)

for all Be S‘fl. Since @oo/léool € Cg if and only if O € Cp, 0, We obtain the equivalence

PO e Cg) >0 if and only if ]P’((:)OO €Cp,00)>0.

Hence, the directions in which extremes gather are the same regardless the choice of the norm.
This means that after a standardization of the marginals we can compare the performance of
our method with that of [18]. This is what we do in the first numerical example below.

Note that if X is regularly varying with tail index 1, then X7 is regularly varying with tail
index 1/q and Equation (4.3) implies that the corresponding spectral measures concentrate on
the same subsets Cg (see also Remark 11).
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Remark 9. At the end of the procedure we obtain a group of directions B such that Tz(f) > 0.
Since we deal with non-asymptotic data, we obtain a bias which provides a difference between
some directions B for which T4 (¢) takes small values while the theoretical quantities P(Z € Cp)
are null. We follow the idea of Remark 4 in [18] to deal with this issue. We define a threshold
value under which the empirical quantities 7g(?) are set to 0. We use a threshold of the form
p/IC|, where C ={B, Tg(¢) > 0} and where the hyperparameter p > 0 is fixed by the user. It
is of course possible to set p to 0, which boils down to selecting all directions 8 such that
Tp(t) > 0. In this case the number of selected B is still much smaller than the total number
2¢ — 1. We do not detail further the choice of p, deferring this issue to future work.

Taking this hyperparameter p into account, we are now able to introduce the algorithm used
to study the dependence structure of sparsely regularly varying random vectors.

Algorithm 1: Extremal dependence structure of sparsely regularly varying random vectors.

Data:X;, ..., X, €R%,1>0,p>0

Result: A list C of directions

Compute 7 (X;/1),j=1,...,n;

Assign to each (X /1) the subsets Cg it belongs to;
Compute T(?);

Set to 0 the Tg(7) below the threshold discussed in Remark 9;
Define C = {8, Ts(t) > 0}.

4.2. Experimental results

In this section we consider two different cases of numerical data for which we apply
Algorithm 1. For each case we generate data sets of size n € {10%, 5-10%, 10°}, we compute
the quantities Tg(7), and we repeat this procedure over N =100 simulations. Regarding the
outcome C = {B, Tg(t) > 0} of our procedure, two different types of errors could arise. The
first one corresponds to the occurrence of a direction B that theoretically should not appear.
Such an error will be called an error of type 1. The second type of error corresponds to the
absence of a direction S that theoretically should appear. Such an error will be called an error
of type 2. The results correspond to the average number of each error among the N simulations.
The code can be found at https://github.com/meyernicolas/projection_extremes.

The purpose of the experiments is to study the procedure given in Algorithm 1 and see
how it manages to detect the sparsity in the extremes. We also analyze the influence of the
tail index o by choosing different values for this parameter. This is done by considering the
random vector X* = (X}, ..., XJ) whose tail index is 1/ for X e RV(1, ©).

Remark 10. (Choice of the parameters.) It is common in EVT to define a level of exceedances
k =nP(|X| > 1) and to work with k instead of . For our simulations, we choose k = \/n, fol-
lowing [18], who also suggest choosing € of order k~!/4, that is, of order n~!/3. This choice
of € is based on theoretical results [18, Theorem 1], but the authors then recommend instead
choosing € = 0.01, which gives better results in their simulations. In order to have a large scale
of comparison, we consider € € {0.05, 0.1, 0.5}. Finally we consider p = 0.3, which is larger
than the value chosen in [18] but leads to better results for both methods.
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Remark 11. Assume that 77 (X/#) € Cg. This implies that for all j € 8 we have X; > max;cge X;
and |Xg| — max;ege X; > t; see (C.4). Hence for k € # and g > 1 we obtain

q q_ya_ N\ q
X — max X' = X — (max Xi)" + X, |

q
l —I-1
= (- (Iirel/as)"(Xi)) ;X"(Eﬁ%’f"”q + Xy
= X — (max Xi) + [Xp\ | = [Xp] — (maxXi) > 1.

as soon as we assume that all marginals satisfy X; > 1. The relation IX?| — max;e B¢ X? implies
that 77(X?/1)ge = 0; see (C.3). In other words, it means that 77 (X?/r) belongs to C,, for y C .

In particular, if the spectral measure of X only concentrates on the axis, these directions
can be more easily detected through the study of 7(X9/t), ¢ > 1, than through that of 7 (X/1).

Asymptotic independence. Let Ny, ..., N, be an i.i.d. sequence of random vectors in R*"
with generic random vector N whose distribution is a multivariate Gaussian distribution with all
marginals following a univariate standard Gaussian distribution and the correlations less than
1: E[NIN'1< 1 forall 1 <i #j <d. We transform the marginals with a rank transform which
consists in considering the vectors X1, . . ., X, such that the marginals X? of X; = (Xil, e, de)

are defined as
1

Xf = 1<j=<d,

1 — Fi(Ny)
where I:"] is the empirical version of the cumulative distribution function of N; ~N(0, 1). This
provides a sample of regularly varying random vectors X, ..., X, and the assumption on
the correlation leads to asymptotic independence, i.e. P(® € Cg) =P(Z € Cg) =1/d for all B
such that |8| =1 (see [33]). The aim of our procedure is to recover these 40 directions from
among the 249 — 1 ~ 10!? directions.

Regarding the multivariate Gaussian random vectors Ny, ..., N, the simulation of these
vectors depends only on their covariance matrix. We proceed as follows. We generate a matrix
X' with entries o/ ; following independent uniform distributions on ( — 1, 1). Then we define
the matrix X as

. ~1/2 ~1/2 T . —1/2 —1/2
¥ :Dlag(o’l,1 , ""U/d,d ) .Y .Z’.Dlag<a’h1 , ~--’6/d,d ) ,
where Diag(al_ll/z, e, a;é;/z) denotes the diagonal matrix of M 4(R) whose diagonal is given
by the vector (o’ 1_%/ 20 ;(11/ %), This provides a covariance matrix with diagonal entries

equal to 1 and off-diagonal entries less than 1. A given matrix X then provides a depen-
dence structure for N and thus for X. We generate Npodel = 20 different matrices X, and for

each of these dependence structures we generate N = 100 sample Ny, ..., N,. We summa-
rize in Table 1 and in Table 2 the two types of errors averaged among the N - Npodel = 2000
simulations.

In this case, the standard spectral vector ® and the non-standard one © coincide. Hence it
is possible to compare ® and O (see Remark 8), which is done by computing the quantities
Tp(k, €) as well as the two types of errors for the DAMEX algorithm. We only study the effect
of « for our approach, since the DAMEX algorithm is not sensitive to marginals.
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TABLE 1. Average number of errors of type 1 in an asymptotic independence case (d = 40).

Errors of Eucl. proj.  Eucl. proj.  Eucl. proj. DAMEX DAMEX DAMEX

type 1 a=1 a=1/2 a=2 €=0.05 e=0.1 €=0.5
n=10* 22.62 21.76 2.50 3034.70  2899.05 987.63
n=>5-10* 19.43 6.49 69.9 6972.52  4646.43 271.87
n=10° 1.83 0.65 99.79 8401.21  4813.46 235.80

TABLE 2. Average number of errors of type 2 in an asymptotic independence case (d = 40).

Errors of Eucl. proj.  Eucl. proj.  Eucl. proj. DAMEX DAMEX DAMEX

type 2 a=1 a=1/2 a=2 €=0.05 e=0.1 €=0.5
n=10* 0.07 0.02 40.00 39.43 13.76 0.00
n=>5-10* 0.00 0.00 4.89 3.69 0.01 0.00
n=10° 0.00 0.00 0.41 0.07 0.00 0.00

For the Euclidean projection with @« =1 we observe that our algorithm manages to cap-
ture almost all d =40 directions regardless the value of n, and the number of errors of type
2 decreases when n increases. On the other hand, our algorithm still captures some extra direc-
tions, especially for n=10* and n =15 - 10*. This may be a consequence of the choice of p
in Remark 9, which is probably too high and for which a deeper study should be conducted.
The number of errors of type 1 is then much lower for n = 10°. We observe that for o« = 1/2
we obtain better results, while the number of errors is higher for « = 2. Since the extremal
directions are in this case only one-dimensional, this numerically confirms the observations of
Remark 11.

Regarding the DAMEX algorithm, a large € theoretically leads to more mass assigned on
the axis. This explains why in our simulations choosing a large € reduces the number of errors
of type 2. With € = 0.5 the algorithm manages to capture all d = 40 axes; however, the number
of errors of type 1 is quite large, regardless of the choice of n. Hence it seems that our procedure
leads to the best compromise between the two types of errors.

A dependent case. We now consider a dependent case where extremes occur on lower-
dimensional directions. In order to include dependence we recall that a vector P(k) = (P, P1 +
Py, ...,P1+Py)e R’j_ with P; following Pareto(e;), a1 < «; for all 2 <j <k, is regularly
varying with tail index o1 and spectral vector @ = (1/k, ..., 1/k). For our simulations we con-
sider s; = 10 independentcopies Py, ..., Py, of P(2) € R%r witha; =1landay =2 and sp =10
independent copies Ry, ..., Ry, of P(3) e Ri with o1 =1 and ap =3 =2. We aggregate
these vectors and form a vector X in Rio which is then regularly varying with a discrete spec-
tral measure placing mass on the points (e; + €j11)/2forj=1, 3, ..., 17, 19 and on the points
(ej +ej11+e2)/3 for j=21,24,...,45,48. As discussed after Proposition 1, in this case
the angular vector Z and the spectral vector @ are equal a.s. Our aim is to recover the s; = 10
two-dimensional directions (e¢; +€;41)/2 for j=1,3,..., 17,19 and also the s, = 10 three-
dimensional directions (e; + €;y1 + €;42)/3 for j=21,24, ..., 45,48, based on a sample of
1.1.d. random vectors Xy, ..., X,, with the same distribution as X. Hence we would like to
recover s = 51 + 52 = 20 directions from among the total of 2%0 — 1 ~ 10 directions.
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TABLE 3. Average number of errors of type 1 and 2 in a dependent case (d = 50).

Errors of type 1 Errors of type 2
a=1 a=1/2 a=2 a=1 a=1/2 a=2
n=10* 8.22 0.01 26.23 0.76 0.74 7.78
n=>5-10* 0.32 0.00 59.31 0.04 0.08 1.11
n=10 0.04 0.00 78.97 0.03 0.01 0.35

TABLE 4. Average number of directions recovered by Algorithm 1 (d = 60).

Three-dim. Two-dim. One-dim. Other

directions directions directions directions
n=10* 13.16 12.28 17.92 14.96
n=5-10% 18.40 18.04 19.91 17.35
n=10> 17.95 17.39 19.92 0.68

As for asymptotic independence, we remark that the number of errors decreases when n
increases for almost all cases. For o« = 1 and o = 1/2 our algorithm not only is able to detect
all s =20 directions on which the distribution of Z puts mass, but also does not identify any
extra directions. These results are all the more accurate since the identification of the s =
20 directions is done among a very large number of directions, in this case 2°° — 1~ 10!3,
However, the fact that we obtain better results for the errors of type 1 in the case « = 1/2 than
in the case @ = 1 cannot be explained by Remark 11. We defer this question to future work.

4.3. Sparse regular variation and non-maximal directions

In this section we illustrate some interpretations of the vector Z in relation to extremal
directions in non-maximal directions (see the discussion in Section 3.2). We consider a vec-
torae S’:l as in Example 4 and a Pareto(«)-distributed random variable P, and define Pa =
(a1P, ..., arP) e RV(x, a). Then, combining this device with that of the dependent case, we
consider P = (a1P, aP+ P>, ..., aP+ P,) € RV(x, a), where P>, ..., P, are i.i.d. random
variables following a Pareto distribution with parameter o’ > . Hence the degenerate spectral
vector @ = a places mass only in the direction {1, ..., r}, which is thus maximal, while the
vector Z places mass in all non-maximal directions {1}, {1, 2}, {1,2,3},...,{1,...,d—1};
see Example. In our simulations, we choose o =1, @’ =2, and r =3, and we consider a
vector a= (7, 6,4)/|(7, 6,4)|. We then aggregate s = 20 i.i.d. copies Py of the vector P and
obtain X = (P, ..., Py) € RV(1, ®) with ® placing mass on the three-dimensional maximal
directions {j,j+ 1,j+ 2} forje J={1,4,7, ..., 58}, while the angular vector Z places mass
on the aforementioned maximal directions but also on s =20 two-dimensional and s =20
one-dimensional directions.

The aim of the simulations is to see to what extent our procedure manages to recover the
40 non-maximal directions aforementioned. The columns of Table 4 give the average number
of directions recovered by our algorithm, depending on their size. Recall that for each type of
direction, the theoretical number of these directions that should appear is s = 20. Finally, the
last column deals with the number of directions that theoretically should not appear. All the
results are averaged across the N = 100 simulations.
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For n = 10* we observe that the procedure manages to identify most of the one-dimensional
directions, while the average number of two-dimensional directions is much smaller than the
theoretical one. The same occurs for the maximal directions, for which we only manage to
recover two-thirds of the theoretical ones. We also obtain a non-negligible number of extra
directions which should not be identified. For n =5 - 104, the three types of directions are quite
well recovered by our algorithm, with once again very good results for the one-dimensional
ones. The number of extra directions is still relatively high. For n = 10°, we keep a high level
of accuracy in identifying all three types of directions, while the number of extra directions
drastically decreases.

This example highlights the relevance of our approach not only to identifying clusters of
directions that are simultaneously large, but also to studying the relative importance of the
coordinates in a given cluster. This second aspect provides a deeper interpretation of Z in
terms of extremes.

5. Conclusion

The notion of sparse regular variation that is introduced in this paper is a way to tackle the
issues that arise in the study of tail-dependence with the standard concept of regular variation.
Replacing the self-normalized vector X/|X| by the projected one 7 (X/¢) allows us to capture
the extremal directions of X. Our main result is the equivalence between the two concepts of
regular variation under mild assumptions.

Regarding extremes values, the vector Z enjoys many useful properties. This vector is
sparser than the spectral vector @, which means that it seems more suitable to identify extremal
directions, especially in high dimensions. Indeed, large events often appear due to simultane-
ous extreme behavior of a small number of coordinates. This similarity between extreme values
and the vector Z appears even more with the subsets Cg, which highlight the tail-dependence
of X. Proposition 3.1 provides a natural way to capture the behavior of Z on these subsets and
proves that the Euclidean projection manages to circumvent the weak convergence issue which
arises in the standard definition of regularly varying random vectors.

Practically speaking, Section 4 illustrates the advantages of our approach for the study of
large events. First, using the Euclidean projection allows us to study tail-dependence without
introducing a hyperparameter. By contrast, the introduction of e-thickened rectangles in [18]
requires one to identify a suitable €. Hence, our procedure reduces algorithmic complexity by
avoiding the need to run the given code for different values of €. Since the projection can be
computed in expected linear time, the study of extreme events can then be done in reason-
able time in high dimensions. More generally, the numerical results we obtain highlight the
efficiency of our method to detect extremal directions. Future work should address the ques-
tion of the threshold ¢, or equivalently the level k, and the bias issue introduced in Remark 9.
Moreover, a comparison between Z and ©® on non-maximal directions is also a crucial point
to tackle. To this end, a deeper study of the behavior of Z on these kinds of subsets should be
conducted.

Appendix A. Algorithms

We introduce here two algorithms which compute the Euclidean projection m,(v) given
ve Ri and z > 0.

Algorithm 2 emphasizes the number of positive coordinates py ; of the projected vector
7 (V):

1
pv,zzmax{j:l,...,d:w——,(Zlh-Z)>0}, (A.1)
Nz
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Algorithm 2: Euclidean projection onto the simplex.

Data: A vectorv € R‘j_ and a scalar z > 0
Result: The projected vector w = m;(v)
Sortvinpw:puy>...> ug

Find py ; asin (A.1);

Define Ay,; = L - ( iy —-2);
Output: w s.t. wl =max (v — Ay,z, 0).

where 1 > ... > ug denote the order coordinates of v; see Lemma 2 of [10]. In other words,
a coordinate j satisfies m;(v); > 0 if and only if

Vi — vily, > ) >0. (A.2)
J Zk<d ﬂvk>v, ( Z ViZVj

The integer py ; corresponds to the £9-norm of 7.(v) and thus indicates the sparsity of this
projected vector. For z =1 we simply write py.

A major remark is that Algorithm 2 allows us to compute 7,(v) as soon as we know the
set B of positive coordinates of this vector. Indeed, if B = {j < d : m,(v); > 0}, then m,(v); =
vj = (Ivg — 2)/|B| forj € B.

Algorithm 3 is an expected linear time algorithm based on a median-search procedure.

Algorithm 3: Expected linear time projection onto the positive sphere Sﬁ_l(z).

Data: A vectorv € Ri and a scalar z > 0

Result: The projected vector w = 7 (v)

Initialize U={1,...,d},s=0, p =0;

while U # () do

Pick k € U at random;

Partition U: G={je U:vj>w}and L={je U :v; < v};
Calculate Ap = |G|, As= ZjeG v

if (s + As) — (p + Ap)vi < z then

s=s5+ As;
p=p+Ap;
U<L;
else
| UG\ {k;
end
end

Setn=(s—2)/p;
Output: w s.t. w; =v; — 1.
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Appendix B. Continuation of Example 1

Recall that ®; is uniformly distributed on (0,1) and that the distribution of Z; is given by
8o/4+61/4+ U0, 1)/2.

We first check that Equation (2.5) holds for g = {1} and 8 = {1, 2}. For g = {1} we have
Gp(x,0)=P(Z = 1) = 1/4 while E[(®] — ©2)]1= f;/* (1 — 2u)du=1/4. For f=1{1,2},
consider xi, x2 in (0,1) such that x; + x2 < 1. On the one hand the quantity Gg(x1, x2) corre-
sponds to P(Z) > x1,Z2 > x2) =P(x1 <Z1 <1 —x2)=1/2 — (x1 +x2)/2. On the other hand,
if we assume that x1, x» < 1/2, then a calculation similar to that of Example 1 leads to

20, —1 20, — 1
(- (5 =1), v (5 =)
2x1—1/+ 2x0 — 1 /4+/+
1 —26 20, —
—=[(1- (2. v (25, ]
1—2x1/+ 1—-2x/+/+
172 1—2u 1 2u—1
- (1— ) du+ (1— ) du
0 1—2x1/+ 1/2 1—2x1/+

1/2 _ 1—xo 1— _

=/ B du—i—/ e udu

o 1/2—x 12 1/2—-x
A=+ aq1/2  [(0—x)? — (1 —x2) +1/41/2
N 1/2 —x 1/2—x;

1/2—x1  1/2—x
=T T
=1/2—(x1 +x2)/2.

This proves that Equation (2.5) holds.

Moving on to Equation (2.6), we first consider g = {1, 2} and x = (x1, x2) with x1, x > 0.
Since © is uniformly distributed on (0,1) we obtain that P(@ € Ax) =P(x; <©® <1 —x) =
1 — (x1 + x2). On the other hand we already proved that P(Z € Ax) = 1/2 — (x1 + x2)/2. We
now have to compute the differential of Hg g(x) = Gg(x). For € > 0 we obtain

Gp(x1 +€,x2) — Gp(x1, x2) = —P(x1 <Zy <x1+€, 2 > x2)
=—Pxi<Z1<x1+€6,Z <1—xp)
=—P(x; <Z; <x1+¢€) fore small enough
=—€/2.

Thus the differential of G4 satisfies the relation
dGg(xi, x2) - (x1 —1/2,x0 = 1/2)=(1/2 —x1 + 1/2 = x2)/2=1/2 — (x1 + x2)/2.

Hence the relation (2.6) is satisfied. Now for 8 = {1} and for x € (0, 1) we have P(®; >
x)=1l—xand P(Z; >x)=P(Z >x,Z,=0)+P(Z, >x,7Z, >0)=1/4+ (1 —x)/2. Hence
we have to prove that the sum in (2.6) adds up to —1/4 + (1 —x)/2. For y = 8 we obtain
that Hg g(x, u) =IP(Z) + Z > x, Z» < u) =P(Z, < u), which is constant with respect to x and
satisfies

Hg g(x,e)—Hg p(x,0)=P(0<Zr <e€)=¢€/2.
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This implies that dHg g(x, 0)(x— 1, —1/2)=—1/4. For y ={1,2} we have the relation
Hg ,(x, u) =P(Zy > x, Z, > u) = G, (x, u), which has already been studied above for the case
B =1{1, 2}. This found that dG, (x, u) = (— 1/2, —1/2), and thus dG,, (x, O)(x — 1/2, —=1/2) =
(1 — x)/2. Hence we proved that

dHg g(x,0)- (x — 1, =1/2) +dHg (1,2)(x, 0) - (x = 1/2, =1/2) =—1/4+ (1 —x)/2.
Appendix C. Proofs

C.1 Some results on the projection

We start with this section with three lemmas which gather some useful properties satisfied
by the projection 7.

Lemma 1. (Iteration of the projection.) If 0 < z < 7/, then ;o T =T

Proof of Lemma 1. The proof of this result relies on the relation m,(v) = zw (v/z) and on the
characterization (A.2).
First we simplify the problem via the equivalences

VO<z<Z, VVveR], m(r (V) =m,(v)
—V0<z<7, VveR%, Z7T(Z717TZ/(V))=Z7T(V/Z)
== V0<z<Z, VveRy, 7@z 'n(v/Z) =n(v/2)
&=Va>1,VueRy, n(ar(w)=r(au).

Sowefixa>1landuce Ri, and we prove this last equality by proving first that o4z ) = Pau
and second that the positive coordinates of the two vectors 7 (arr (u)) and 7 (au) coincide.

STEP 1: We prove that puz(u) = Pau-
The characterization (A.2) entails that a coordinate j satisfies 7z (amr (u)); > 0 if and only if

d

1
ar (w); > > am@ilaryzarmy; — 1) - (C.1)

Zkgd Lar yzan(wy k=1

Since a > 1 this assumption holds only if 7 (u); =u — Ay > 0. Hence, since 7 preserves the
order of the coordinates, we obtain that (C.1) is equivalent to

d

<Z a(uy — Au)]laukzauj - 1) . (C.2)

a(uj — Ag) >
Zkfd ]laukZauj k=1

The terms with Ay vanish and (C.2) is then equivalent to 7 (au); > 0. Hence the vectors
7 (am (u)) and 7 (ar (w)) have the same positive coordinates, i.e. Puz(u) = Pau-

STEP 2: We prove that 7 (ar (u)) = 7 (au).
Let us denote by y the set of coordinates j such that 7 (az(u)); > 0. Step 1 ensures that
this corresponds to the set of coordinates j such that 7 (au); > 0. We prove that these two
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components coincide. Recall that for k € y we have m(w); = ux — Ay > 0. Then the result
follows from the equalities

lamr (u), | — 1 lau, | — aiyly| —1
n(ar (W) = amw(u)] — ———L—— = a(uj — hy) — —% -
g Iyl
lau, | —1
=au; — =m(aun);,
Tyl :
forjey. 0

In the following lemma we compare the behavior of the vectors u/|u| and 7 (u/7) on the
sets Ay.

Lemma 2. (Euclidean projection and self-normalization.) Let t > 0, € > 0 small enough, y €
P, and x € BL(0, 1). We consider u e RY. such that [ul|/t € (1, 1 + €] and w(u/t) € Cy.
1. Ifu/|u| € Ay, then m(u/t) € Ax_¢j|y|- In particular, this holds only for {j : x; > 0} C y.
2. If m(u/t) € Ax(1te), then u/|u| € Ay.
Proof of Lemma 2.
1. The assumption 7 (u/?) € C, implies that Ay;; = (lu, |/t —1)/|y|, so that for any j < d
we have
w_lwli=t w eli=l o €
t 171 [ul 1yl lul Iyl

where we used that 1 < |u|/f <1+ €. Then the assumption u/|u| € Ax concludes the
proof.

(u/t); = max (u;/t — Ausr, 0) >

2. If w(u/t) € Ax(1+e), then we have the inequality

o LY ! (u/1); > 1<j<d O
— =—-=>——m(u/t); >x;, <j<d.
| Julf - 1+e =% /

For y € P} recall that the function ¢y, : S‘fl — Ri is defined by

|“y“

u)j =
e ._,_l“yC\ml . ¢
YT THmr e JEY

Also, we have defined the quantities vg ;=3 ;g (vj —vi) and vg i + =} ;g (vj — vi)4 for
veS‘fl,,BEP;,and 1<i<d.

Lemma 3. (Euclidean projection and sparsity.) Let B € P}.
1. Forve R‘_{_ we have the equivalences

7(v)ge =0 ifandonlyif 1< lnelllglg VB, i, + (C.3)

and
max;eg vg.i < 1,
A()eCs ifandonlyit | 0 (C.4)
minjege Vg, i = 1.
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2. ForxeXg, y DB, ue Si_l, and a > 1 we have the equivalence

¢ywy=Lly+ 1), jeB,
w(au) € AxNC, ifandonlyif {minjey\pdy(u);> 4,

a—1
maxjeye ¢y (W) < Zry -

Proof of Lemma 3.1.

1. The characterization (A.2) ensures that 7 (v); = 0 if and only if

g
Vi vkllrzi—l)go,
l Zkfd ﬂkaVi kfzd =

which can be rephrased as
d
1<) k= v lysy -
k=1

This proves (C.3).
For (C.4) the assumption 7 (v) € Cg can be rephrased as follows:

Vie B, vi=a Wi+ (Ivgl —1)/1Bl and Vi€ B, vi<(vgl —1)/18I.

1137

(C.5)

On the one hand, since m(v); >0 for i€ B, the first equality is equivalent to
maxjeg i g (vj —vi) < 1. On the other hand, the second equality is equivalent to

minjege Z/jeﬂ (vj —v;) = 1. This proves (C.4).

2. By definition of the projection & the following equivalence holds:

) lauy, |—1 .
n(aw);>xj, jeEPB, auj — —— =%, JEB,
T(awy >0, jey\p, = Qay—"2L50. jey\p.
mw(aw);=0, jey, aujf‘au‘;“_l, jevye.

Then, if we write alug| = a — aluge|, the former conditions are equivalent to

(lluyc| a—1 .
. > v
auj+ =X+ Tr. JEB,

aluyc| a—1

ag+ > Hre JEVAE,
14

aluycl a—1 . ¢
au; < T .
T IR A

We conclude the proof by writing uge = |uge\(;;| 4 u; for j € y©.
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C.2. Proof of Proposition 1
This proof is a consequence of Lemma 1. Indeed for r > 1,1 > 0,and A C S‘fl we have
P(r(X/n €A, [X|/t>r|[X]|>1)

P(X]| > tr)
P(X| > 1)

(
(m(rX/(tr) € A| X/t > r)P(X]| > tr | |X] > 1)
(
(

P(r(X/D€A|IX|/t > )

P
P(rmy/(X/(tr) €A | X] > tr)IP(|X| > tr||X] >1)
P

rmy X/ (tr) € Al X] > tr)IP’(|X| >tr||X|>1),

where the last equality results from Lemma 1. Then, when # — oo, the continuity of 71/, and
7 implies that
P(ZecA, Y>r)=P(rmy (Z) e APY > 1),

and again applying Lemma 8.1 concludes the proof.

C.3. Proof of Corollary 1

Letae Si_l be such that P(Z = a) > 0, and define 8 = {j : a; > 0}. The goal is to prove that
a=e(B)/|Bl.

Since P(Z=a|Y > r) - P(Z = a) when r — 1, there exists ryp > 1 suchthat P(Z =a|Y >
r) > 0 for all r € (1, rg). Proposition 1 and Lemma 3 then imply that for all » < ry we have

Z i— 1 Z -1
0<IP(7T(rZ)=a)=]P’<Zj—Mzwforjeﬂ, Zj—ﬂf—forjeﬂc).
1Bl 1Bl — IBlr
If there exists j such that a; # 1/| 8], then the quantities
aj — 1/1p]
P

are all distinct when r varies in (1, rg). This contradicts the fact that Z has a discrete
distribution. Hence we have a; = 1/|8| for all j € B.

C.4. Proof of Theorem 1
C.4.1. The distribution of Z in terms of ©® We consider f € Py andx € Xg such that x; # 1/|B|
for all j € B. We define the quantities B; = [(|8|®; — |®gl)/(|B]x; — 1)]+ for j € B. Then we
obtain that
Gg(x)=P(r(YO)s > X, 1(YO)pge =0p¢)
=P(Y®; — (Y|®p| — 1)/|B| > xj forje B, YO; < (Y|®g| — 1)/|B] for j € ).
For j € B4+ the condition Y®; — (Y|®g| — 1)/|B| > x; is equivalent to B; > 1/Y, whereas for

J € B— itis equivalent to B; < 1/Y. Moreover, for j € 8¢ the condition Y®; < (Y[®g| — 1)/|B|
is equivalent to [@g| — |B|®; > 1/Y. All in all we obtain that Gg(x) is equal to

P(Y™ <BYforjefy, Y™ >BY forje fo, Y™ <(1@p| — |B|O)Y forje p).
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Since the random variable Y~ follows a uniform distribution on (0,1) and is independent of
®, we obtain the desired result:

1
G,g(x):/ <u<m1nBj, u>maxB , u<min (|@g| — |,3|®j)i) du
0 JjeB+ jep- jepe

1
= P(maxB"‘<u<mmB°‘/\mm(|® | —| |®-)°‘>du
/0 jep- jeby 7 P PO

:E[(l A min BO‘ Amln(|®5| 1B1©)T — mng )+]

JjeB+

C.4.2. Equivalence of regular variation and sparse regular variation. The proof of this result is
divided into two steps. The first one consists in characterizing regular variation via the conver-
gence of P(|X|/t<1+¢€, X/IX]|€Ax||X|>t) when t — oo and € — 0. This result is stated
in the following lemma.

Lemma 4. Let X be a random vector on R‘j_ and a > 0. The following assumptions are
equivalent:

(1) Xis regularly varying with tail index c.

(2) a. |X| is regularly varying with tail index .

b. Forall B € Py and )g-almost every X € Xp the quantities

(ote)_1 lim sup ]P’(|X|/t§ 1+¢€, X/|X|€Ax|IX] > t) (C.6)
11— 00
and
(ote)f1 litm ianP’(|X|/t§ 1 +¢€ X/|X|€Ax | IX] > t) (C.7
—> 00

have a common limit [(Ax) when € > 0 converges to 0, and the function X — [(Ax) is
continuous at X.

In this case, / extends to a unique probability measure on B(S‘fl) which coincides with the
spectral measure of X.

The second step then consists in proving that under Assumption (A) of Theorem 1 the
second assumption of Lemma 4 holds.

Proof of Lemma 4. We first prove that (1) implies (2). If X € RV(«, ©), then |X] is regularly
varying with index «, and the portmanteau theorem ensures that

lim P(IXI|/t<1+e€ X/IX| €Ax| [X|> 1) =B(Y < 1+ )P(® € Ay) (C.8)
=1 -4+ "P(O cAy),

fore >0, B e 73;, and x € A such that P(® € 0Ax) =0. Since P(® € 0Ay) < Zieﬁ P(®; =
x;), the set of all x € Xg for which the convergence (C.8) does not hold is at most countable
and thus is Ag-negligible. After dividing both sides of (C.8) by e and taking the limit when €
converges to 0 we obtain the convergence to P(® € Ay).

We now prove that (2) implies (1). We consider 8 € 73;1“ and denote by 23,3 the set of all
x € X such that the common limit /(Ax) of (C.6) and (C.7) exists and is continuous. We also
define X = {x € B4 (0, 1): (xg, 0pc) € X for all B}.
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For € > 0 and u > 1 we decompose the interval (u, co) as follows:

o0

(u, 00)=| | (u(l + &), u(1 + )],

k=0

where |_| denotes a disjoint union. Then we obtain, for x € X andt> 0,

IP(|X|/t> u, X/|X| eAx | |X]| > t) <o)
_yp (X
_Zp(mm +op €L THel X/IX| €A X] >;)

k=0
o0

Z =1+ X/|X P(|X k
(t (1+€ )k <l+e X/|X] €A (1X] > tu(1 + €)*)
u +

P(X]| > 1)

X| > fu(l + e)k)

Fatou’s lemma and the fact that |X]| is regularly varying with tail index o« together imply the
two following inequalities:

lim inf]P’(|X|/t > u, X/|X| € Ax | [X] > 1)

- e 1X] IX|
> 2 (u(1+e)%)™ htrgégfp (r1+ )k_1+e X/|X| € Ax 7”(1+€)k>t
o
(u(1 4+ &F) " lim inf P(X|/t < 1 +€, X/IX| € Ax | [X] > 1)
—0 11— 00

M—Ol

"1 _(+eo = htrgégflP’(le/tsHe, X/IX| €Ax | 1X] > 1),

and

lim sup P(|X|/ > u, X/|X]| € Ax | [X| > 1)

—00
i(u(l—i—e)) a]imsupP<i_l+e X/|X| € Ax &w)
—~ 00 (1 + )k u(l 4 ek

M T

(u(1+ ") “limsup P(X|/r < 1 +€, X/IX| € Ax | [X] > 1)
— 00

~
Il
o

M—Ol

=——limsupP(|X|/t <1 +¢€, X/|X|€Ax||X]|>1).
(o imsup P(X/ /IX| € Ax| 1X| > 1)

Finally, we use Equations (C.6) and (C.7) and the relation 1 — (1 4 €)™ ~ ae, which imply
that
u %l(Ax) < limianP(|X|/t >u, X/|X| eAx | I1X| > t)
11— 00

<limsup P(IX|/t > u, X/|X| € Ax | [X| > 1) <u"“I(Ay).
— 00

This proves that
lim ]P’(|X|/t >u, X/|X|€A|X]|> t) =u %I(A) (C.10)
—00
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for all A=Ay such that x e X. The convergence also holds for A =Si_l (resp. A=0)
with I(Sﬁ_l) =1 (resp. [(#) =0). Then, by inclusion—exclusion we obtain the convergence
of IP(X/ X <x||X] > t) for all x € X, and we denote by F(x) this limit, which is continu-
ous at any point X € X.In particular this implies the convergence P(X;/|X| <x||X|> ) —
1 — I(Aye;) =: Lj(x) for almost every x € (0, 1]. The functions L; are non-decreasing and con-
tinuous at almost every x € (0, 1]; thus we extend it to a right-continuous function on [0,1].
Then F is continuous from above (see the definition on page 177 in [2]). Fora <b e X we
have the inequality P(a <X/IX| <b||X|> t) > 0, which implies that

AapFi= Y signF(u)>0, (C.11)
ucV(a,b)

where V(a, b) denotes all the vertices of (a, b], sign(v) = 1 if uy = ay for an even number of
values of k, and sign(v) = —1 if uy = ay for an odd number of values of k. Since F is continuous
from above, the inequality (C.11) holds for all a<b e Bﬁ(O, 1). Theorem 12.5 of [2] then
ensures that there exists a measure S on R such that S((a, b]) = A, F. It is straightforward

to see that S is a probability measure with support in Sff__l and that its restriction to Si_l
coincides with /. Thus Equation (C.10) can be rewritten as

P(le/t>u, X/ X e-]X] >t)—d>u_°‘l(-), t—>o00, u>l1,
and therefore proves that X is regularly varying with tail index « and spectral measure I( - ). []

Our aim is now to prove that the condition (2) holds for a sparsely regularly varying random
vector which satisfies Assumption (A).

Proof of Theorem 1.
We consider a random vector X € SRV(«, Z) which satisfies Assumption (A). For g € P(}‘
and x € Xg we decompose the probability P(|X|/t <l+4e X/|IX|€Ax|IX] > t) as follows:

Z IP’(|X|/t§ 1 +e, X/IX]€eAx, n(X/1) e Cy | IX] > t) ,
y2PB

where the restriction of the sum to the directions y D 8 is a consequence of the first part
of Lemma 2. Moreover, for y D B, Lemma 8.1 then ensures that the probability P(le/ 1<
I+e X/IX| €Ay, n(X/1) e C) | |X]| > t) is bounded above by

P(IXI/1 < 1+e, n(X/1) €Ax—esiyNCy | 1X|>1), (C.12)

assuming that € > 0 is small enough so that the vector x — €/|y| has positive coordinates, and
bounded below by

]P’(|X|/t§ l+e, m(X/1) €Ax1+6NCy | IX]| > t) . (C.13)
In order to deal simultaneously with both probabilities in (C.12) and (C.13), we write
]P’(|X|/t <l+4e a7 X/D)eAy.x NCy|IX] > t) , (C.14)

where V¢ (X) is equal either to x — €/|y| or to x(1 + €).
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The proof is then divided into two steps. The first step consists in proving that these two
probabilities (C.12) and (C.13) converge when t — oo for Ag-almost every x € Xg. Then the
goal is to prove that after division by € these two limits converge to the same quantity when
€ — 0. We extract the first step as a separate lemma.

Lemma 5. For all B Cy € P}, for Lg-almost every x € Xp, for almost every € >0 we have
the following convergence:

tlim ]P’(n(X/t) €Ay xNCy, IX|/t>1+€]|[X]> t) =PZecAyxNCy, Y>14¢€).
—00
(C.15)
Proof. We use Proposition 1, which implies that the right-hand side in (C.15) is equal to
PZecAyxNCy, Y>1+6)=P(ZcAyxNCy|Y>1+PY >1+¢€)
=Pr((14+€)Z) Ay xNCy)( + €)%,
The left-hand side in (C.15) can be rewritten as follows:
P(m(X/1) €Ay ) N Cy, IXI/1>1+€|[X] >1)

P(X| > t(1+€))

=P(aX/1) €Ay N Cy [1X] > 11 + €)= o

The ratio P(|X| > #(1 + €))/P(]X]| > £) converges to (1 + €)™ when t — oo since |X] is reg-
ularly varying with tail index «. Furthermore, the probability ]P’(n X/ eAy.xNCy|IX]>
1(1 + ¢€)) converges when 7 — oo if and only if P(r((1 + €)X/1) € Ay, x) N Cy, | [X| > 1) con-
verges when r — 0o, and then both probabilities have the same limit. We use Lemma 8.1 and
the relation ,(v) =z (v/z) for v e R‘i and z > 0, which imply that

(1 +e)X/H=(1+ 6)7‘[1/(1+€)(X/t) =1+ 6)711/(1+€)(7T(X/t)) =n((1+e)n(X/1).
Hence the convergence in Equation (C.15) holds if and only if

]P’(rr((l +en(X/1) €Ay, x NCy | IX] > t) = Pr((1+e)Z)cAy.xNCy), t— 0.

(C.16)
The equivalence (C.5) then implies that the former convergence holds if and only if the
probability
Ye(x) € . €
Pl ¢y (m(X/1))p = + , min ¢, (m(X/0); > ————,
(d)y I8 25 T arant ST gy

€
s 0 = )

converges to

Ve (x) € - <
P( ¢, (Z Di= ot
(d)y( e T arant SN G e

Z .
max gy (£); = <1+e)<|y|+1>>

when t — o0.
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For y D B, the set of all € > 0 for which

. €
P min 0, @)= = 500) 0

or for which

€
?(maxs, = Tour+ 5)=0

is at most countable, so that for almost every € > 0 we have

IP( min ¢, (Z); =

o <1+e>|y|):P<?éi’f‘¢y(Z)’:

wi+D)
(I+elyl+1
for all y D B. Let us denote by &g the set of all these € > 0. The same argument implies that
for Ag-almost every x € X we have

I/IG(X)/ €
1+e€ + (I4+e)y|

P(qby(Z)j: ):O foralljef, yDp, andeec&p.

Let us denote by X the set of all these x. We have proved that for all € € &5 and x € X we
have the convergence

lim P(w(X/1) € Ay, N Gy XI/1> 14+ | X|> 1) =PZEAy,mNCy, Y>1+6).
—00

This concludes the proof of the Lemma 5. O

End of the proof of Theorem 1.
We use the same notation X and £g as in the proof of Lemma. We start with the following
decomposition:

P(n(X/0) € Ay N Cy, IXI/t < 1+€||X]>1)
=P(n(X/1) €Ay ) N Cy, IXI/t<1+€* | [X] >1)
+P(m(X/1) €Ay N Cy, IXI/te(1+€% 146l 1X]|>1).

The introduction of the term with €2 on the right-hand side follows from the fact that the proba-
bility ]P’(n(X/ HDeAy.xNCy | IX]> t) may not converge. The latter probability is bounded by

P(IX|/t<1+€*||X] > 1) = 1 — (1 +€) ™ = o(e).
Moreover, Lemma 5 ensures that

P((X/1) € Ay, N Cy, IXI/1€(1+ €% 1+€]|[X]>1)
—P(ZeAy,xNCy, Y+ 1+¢€]),

when ¢ — oo fore, €2 € Epandx e /'?ﬁ. Hence we obtain
tlim ]P’(n(X/t) €Ay NGy, IX|/t<1+e€]|X]> t)
—> 00
:tlim ]P’(n(X/t) €Ay xNCy, IXl/te(l +€e%,1+€] X > t) + o(€)
— 00

=P(ZeAyxNCy, Y+, 1+€])+o(e)
=P(Ze€AyxNCy, Y<1+4¢€)+o0(e).
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Then Proposition 1 implies that

P(Zg €Ay, x) NCy, Y <1+¢)
=P(ZeAy.xNCy))—P(ZeAyxNCy|Y>1+€)1+€e)
=P(ZeAy.xNCy)—P(r((14+6)Z) €Ay xNCy)(1+€)"
=[1-0+e) *|P(ZcAy.xNCy) (C.17)
+(1+e) “P(ZeAyxNCy) —P(r((1+6Z)eAy.xNC,)]. (C.18)

The sets Ay, (x) decrease when € — 0 and satisfy N¢~0Ay,(x) =Ax. Hence the term in (C.17)
divided by € converges to alP(Z € Ax N C) ). For the term in (C.18) we use (C.5), which states
that the event {7 ((1 + €)Z) € Ay, (x) N C} } corresponds to

Ve (X)) .
by = Bt b B,
minjey\p ¢y (L)j > ey -

N . €
maxjeye ¢y (L); < miaTe -

Hence the difference of probabilities in (C.18) corresponds to the difference

Hﬁ,y(l/fe(x), 0, O)_Hﬁ,y( we(x) + € € € )

(I+e)  lyld+e  [yi(l+e) (yl+ D +e)

After a division by e this difference converges to
dHg y(xp,0,0)- (xg — 1/ly[, =1/lyl, =1/(ly|+ 1)), €—0,

for Ye(x) =x/(1 + €) and Ye(x) =x — €/|y|.
All in all, we have proved that for Ag-almost every x € Xg, both limits

lim lim inf e "'P(1X|/7 < 1 + ¢, X/|X| € Ax | X] > 1)

e—~>(0 1—>00

and
lim limsup e 'P(IX|/r < 1 +€, X/|X| € Ax | [X] > 1)

e~>0 >0

exist and are equal to

1 1
) =) aPZEeANCy)+ Y dHpy (x4, 0.0)- (xg — oy = = )
vl vl vl
yDB yDB
1 1
—aP(ZeA)+ Y dHg ,(x5,0,0) (xp— —, ——, — ,
" gﬁ o0 0.0 (8 = )

Then Assumption (A) ensures that for Ag-almost every x € X, the function x> I(Ay) is
continuous at x, and Lemma 4 allows us to conclude.
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C.5. Proof of Proposition 2

Recall that we have defined the quantities 6g,; =} ;.5 (6 — 0;) and 0p i 4 = ;c5 (6 —
0+ for§ €SI pePiand 1 <i<d.

1. We prove only the convergence (3.2) (the proof of (3.3) is similar). For 8 € P}, Lemma 3
ensures that m(Y®) € Cg if and only if max;eg ©g, ; < 1/Y and min;ege ®g ; > 1/Y. Hence
(3.2) is equivalent to

P((le/t, X/IX|) e Dg | IX]| > t) — P((Y, ®) e Dg), (C.19)
with
Dp={(r,0)e(l,00)x ST 105 ;< 1/rforiep, andp ;> 1/rforie ),

and this convergence holds if P((Y, ®) € dDg) = 0. The boundary dDjg satisfies the inequality

d

P((Y.©)€dDg) <> P(Op ;=Y.
i=1

and all the terms of the sum are null since Y is a continuous random variable independent of
©. Thus P((Y, ®) € 0Dg) =0, which implies that the convergence (C.19) holds and then that
the convergence (3.2) holds as well.

2. Following Lemma 3, the probability that Z belongs to Cg is equal to
P(Z e Cg) =P (max (YO, — Y©,) < 1, min (YOk—YO)>1)
D=3 mn ’

P(maxO <Y ,mmO >y )
ich B.J. + jepe B.j. +

1
= ]P’(maxO < u < min O% )du
/0 ich B.J,+ jepe B.J.+

=]E[(mm0 — max 0% ) ]
jepe Phtjeg ThAT)

Similarly, Equation (3.5) is also a consequence of Lemma 3 since we have the relations

d

P(Zpe =0)=P(1 < min k; (YO, = Y6));) =P(Y * <min©f ; .) (C.20)

1
=/0 Plu<min©F ; ;) du=E[min®F ; ,].

This proves (3.5) and concludes the proof of the proposition.

C.6. Proof of Theorem 2

We first state an inequality which will be used to prove both results of Theorem 2.

Lemma 6. For 8 € P} we have the inequality

PO e Cp) < ]P’( me;}x Opj + < 1) . (C.21)
JE
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Proof of Lemma 6. The relation in (C.21) is equivalent to

P(ma;}x Op,j.+=1)<P(O¢Cp).
Jj€
The probability on the left-hand side can be rewritten as

P(max O 4 = 1 :IP’( (@k—min@)-):l):P( Or=1+] |min@-).
(jeﬂ B.j.+ ) ; iep ! ; ﬁjeﬁ J

Since O € S‘fl, the equality Zkeﬂ O =1+ |B|minjcg ®; holds only if there exists k € B
such that ®; = 0. Thus we obtain the inequality

]P’(maﬁx Opj+ =1) PO =0 for some k € f) < PO ¢ Cp),
je

which concludes the proof. (|

We now move on to the proof of Theorem 2. The proof of these results relies on Equation
(3.4) and Lemma 6 above.
1.If B € P is such that P(® € Cp) > 0, then Equation (3.4) implies that

[ 1 Ha J— Ha
P(Zecﬁ)zE_(;gbg ©f .+ — max oﬂ,j,+)+]1gecﬁ]

= E_(l — rjneallsx @%,j! +)]19€cﬁ]

=E_(1—r}1€a}3x @%,H) | @ecﬂ]m@ecﬂ). (C.22)
The expectation is positive by Lemma 6, and the probability P(® € Cg) is positive by
assumption. This shows that P(Z € Cg) > 0.

2. We prove the two implications separately.

We first consider a maximal direction S of ®@. The first part of the theorem ensures that
P(Z € Cp) > 0. In addition, if ' D B, then Equation (3.8) gives

P(ZeCy)<P(Zy>0)<P@Oy >0),

and this last probability equals zero since § is a maximal direction for @. This proves that § is
a maximal direction for Z.

We now consider a maximal direction 8 of Z. We claim that for 8’ 2 8, P(® € Cﬂ/) =0.1If
not, the first part of the theorem implies that P(Z € C ﬂ/) > 0, which contradicts the maximality
of B for Z.

Secondly, Equation (3.4) implies that

P(ZeCp)=E[(min©f ;  —maxef ;) |

Jjepe JjeB
—_ 1 )Y — )Y
_E[(gkg Of .+ — max 0%5.+), locc, | (C.23)
+ E[( fg;}rcl OF ;4 — rjneaﬁx Cy +)+11®¢C5]
—E +E. (C.24)
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The first term E] has already been calculated in (C.22). It is equal to
E =K1 - max ©f ; 1O ¢ Cs|P@eCh).

For the second term E;, the assumption @ ¢ Cg implies that there exists / € 8 such that ©®; =0,
or that there exists r € 8¢ such that ®, > 0. We then decompose E> into two terms:

. o o
E[(}Q}J} O,j+ ~max O ; +)+]1®¢Cﬁ]

<E[( in©®% . —max O )]1 .:]
= jneljlﬁr‘l B.j. + IJI}E%X B.j. + N JleB, ©,=0

+E[(min®“ .. —max 0% . ) 1 ]
jepe Bt T dg TRt T3 28 occy
The first expectation is then equal to

E[(}g}}r} OF ; +— ( Z (®k)+)a)+]laleﬂ, (-),:0]

kep

and thus vanishes. The second expectation is smaller than P(® € C P for some B’ 2 B), which
is equal to zero. Indeed, if P(® € Cﬁ/ for some 8’ 2 B) > 0, then by Equation (3.4), we also
have P(Z e C P for some B’ 2 B) > 0, which contradicts the maximality of 8 for Z. All in all

this proves that £, = 0.
Going back to Equation (C.23), we have proved that

P(Z € Cp) = E :]E[l ~max @ ;1O Cﬁ][P’(@ €Cp).

By Lemma 6 we know that the expectation is positive. Hence, the assumption P(Z € Cg) > 0
implies that P(® € Cg) > 0, which proves that 8 is a maximal direction of ©.
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