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A formula for hidden regular variation behavior
for symmetric stable distributions

Malin Palo Forsstrom * Jeffrey E. Steif T

October 22, 2019

Abstract

We develop a formula for the power-law decay of various sets for sym-
metric stable random vectors in terms of how many vectors from the
support of the corresponding spectral measure are needed to enter the
set. One sees different decay rates in “different directions”, illustrating
the phenomenon of hidden reqular variation. We give several examples
and obtain quite varied behavior, including sets which do not have exact
power-law decay.

Keywords and phrases. Hidden regular variation, multivariate stable dis-
tributions.
MSC 2010 subject classifications. Primary 60E07, 60G70

1 Main result and remarks

Many distributions have tails that exhibit regular variation (see [2] and [8])
which means that they behave like a power-law times a slowly varying func-
tion. Examples are one-dimensional stable distributions where the slowly vary-
ing function is just constant. For stable random vectors, one also has this but
in addition, one can have more interesting behavior, so-called hidden regular
variation (see [9] and [10]), meaning that one has different power-law decay in
different directions. Ideally, one would like to capture the correct decay rate
in each such direction. Our main result, Theorem 1.1, describes such behavior
for symmetric stable distributions. Needed definitions and background will be
given in Section 2.

Let o € (0,2) and X be an n-dimensional symmetric a-stable random vector
with spectral measure A. Let £ C R™ be a Borel set with 0 ¢ E, where £ and
E° denote the closure and interior of F respectively. With d being the Euclidean
distance, define the §-neighborhood of E by

Es+ ={xeR": d(x,E) < d}.
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For any integer k£ > 1 and any FE as above, letting C, be a constant defined in
Section 2, define

k k
L(E, k) / / Ak<{x1,.. xp €S ) sixg € E}) .Has;“*“) ds;
=1 1=

)

(B, k,a) = / / Ak<{xl,.. ,xp € S"L: isp@éE}) f[ 0ty

and ?

I;(E k) —%1_%—/ / Ak<{x1,.. X, €SP ZSXzGEMr}) ﬁ —(1+a
6

We let Is(E, k, ) denote the expression inside the last limit in (3).

Theorem 1.1. For any X, E and k as above,

L(E ko)< h}mlnfhko‘P(X € hE) < limsup h**P(X € hE) < I3(E, k, a).
100 h—so00
(4)

Remarks 1.2.

e Clearly I1(E,k,a) < L(E,k,a) < I3(E,k,«). Also, by the Lebesgue
dominated convergence theorem, I1r(E, k,a) = I3(E, k,a) provided that
I5(E, k, ) is finite for some ¢ > 0.

e Since 0 ¢ E, for small § > 0 and s; > 0 we have that s;S" ' N Es . = (.
This implies in particular that the integrand in (3) is equal to zero for
small § and s1, removing the singularity at s; = 0, and hence I5(E, 1, a)
is always finite.

e Taking F to be the set {x € R™: minz; > 1} and k£ = 1, one obtains
Theorem 4.4.1 in [11] in the symmetric case (see equation (4.4.2) in [11]).

o If we let
E = Cone(A) = {x € R": ||x[[2 > 1 and x/||x]|2 € A}

for some A C S*~! with
A@A4) =0,

and then apply Theorem 1.1 to both F and to the complement of the unit
ball with k& = 1, we recover Corollary 6.20 in [1] in the symmetric case,
stating that

i P(X € Cone(A), || X2 > h) _ A(4)

T (X > h) S AEY) (5)



e When the spectral measure A of X is finitely supported, some asymptotic
behavior of the corresponding probability density function f(z) in differ-
ent directions is obtained in [7]. However, since the convergence in this
case is not known to be uniform, this cannot be used to get a version of
Theorem 1.1 for finitely supported A.

e Our motivation for looking at Theorem 1.1 and its consequences (see Sec-
tion 4) was to understand which threshold stable vectors can be obtained
as divide and color processes in the sense of [12]. These applications, as
well as a study of which threshold Gaussian vectors can be obtained as
divide and color processes, will be carried out in [5].

e Omne might guess that Theorem 1.1 would generalize to regularly varying
random vectors X € RV («, ©) (see e.g. Proposition 2.2.20 on p. 57 in [8]).
This is however not the case. To see this, let a € (0,2) and let X; be an
a-stable random vector in R? whose spectral measure A; has mass 1/4
at +(1,0) and £(0,1). Further, let o/ € («,2a) and let X5 be an o'-
stable random vector in R? with uniform spectral measure independent of
X1. Then it is easy to see that both X7 and X; + Xs are in RV («, Ay).
However, if we let E := Cone(n/8,3n/8), then using Theorem 1.1 one
easily obtains P(X; € hE) < h~2% while, letting £’ := Cone((7/8) +
.001, (37/8) — .001), we have for h large

2P(X1 + Xo € hE) > P(Xz € hE') < h™® > b2,

2 Background

We now give some relevant definitions. These will be very brief as we assume
the reader is familiar with the basics of stable vectors. For a more thorough
introduction to stable random vectors, we refer the reader to [11].

Definition 2.1. A random vector X = (X;)1<i<n in R™ has a symmetric stable
distribution if X is symmetric (invariant under x — —x) and if for all £ > 1,
there exists a > 0 so that if X1, ..., X* are k i.i.d. copies of X, then

i D
Z X' = q,X.
1<i<k

It is well known that for any symmetric stable vector X there exists « € (0, 2],
called the stability index, so that for all £ > 1, a;, = k'/®. The stability index
«a = 2 corresponds to Gaussian random vectors. If n = 1, then besides «, there
is only one parameter, the scale parameter o, and in this case the characteristic
function ¢x (6) is given by

ox(0)=e 1" geR.

(When a = 2, o corresponds to the standard deviation divided by /2, an
irrelevant scaling.) When o = 1, we denote this distribution by S,. For stable
vectors, the picture is somewhat more complicated. A random vector X in R™
has a symmetric stable distribution with stability exponent « if and only if its
characteristic function ¢x (#) has the form

dx(0) = exp(— /SH 10 x| dA(x)), f c R (6)



for some finite measure A on the unit sphere S*! which is invariant under
x — —x. A is called the spectral measure of X. If (6) holds for some o and
A, we write X ~ S,(A). For a € (0,2) fixed, different A’s yield different
distributions. This is not true for a = 2.

When S1, So, ..., S, are ii.d. random variables with distribution S, S =
(S1,...,5m), and A is an n X m matrix, then the vector X = (Xi,...,X,)
defined by

X =AS

is a symmetric a-stable random vector. To describe the spectral measure of X,
consider the columns of A as elements of R™, denoted by y1,...,¥m. Then A is
obtained by placing, for each i € [m], a mass of weight ||y;(|$/2 at £¥:/[|¥:ll2-
See p. 69 in [11].

Finally, we need the following facts. If X ~ S, then

Coh™@
2

P(X >h)~ as h — oo (7)
where there is an exact formula for C,; see e.g. page 17 in [11]. The exact formula
for this constant will not be relevant to us and so we will express quantities in
terms of C,. Moreover, if we let f denote the probability density function of
X, then

C, ah~(1+)
iy~ G0t

see [4]. Also, f(x) is decreasing in z for x > 0; see Theorem 2.7.4 on page 128
in [13].

as h — oo; (8)

3 Proof of Theorem 1.1

The proof of Theorem 1.1 is somewhat simpler in the case when the spectral
measure is finitely supported in addition to being symmetric. We therefore first
give a proof in this simpler setting, which is also sufficient for the examples
covered in Section 4.

Proof of Theorem 1.1 for symmetric and finitely supported spectral measures.
Suppose that A is symmetric and has support in +yi,...,+y, € S*~1. For
i=1,2,...m,let y; = (2A(y;))"/“y; and let Sy, Ss, ..., Sy ~ S, beiid. Then
we have (see Section 2) that

X = (X1,Xa,...,X0) 25181 + -+ FmSm.
The rest of the proof will be divided into two steps. In the first step, we give
a proof under the additional assumption that
V(s1,...,5m) € R™: Zs,-yi € E=|{icm]: s #0} >k 9)
i=1

In the second step, we show that this additional assumption can be removed.



Step 1. Assume that (9) holds. Given this assumption, we make the following
observations.

(O1) The assumption on E in (9) implies that there is gg > 0 such that if
$1,82,...,8m are such that > ", s;¥; € E, then there is a set I C [m],
with |I| > k, such that |s;| > g for all i € I.

(02) It follows from the previous observation and (7) that
P(X € hE) = O(h™*). (10)
(03) For any ¢’ > 0,

P[|{z‘ € [m]: |Si| > e'h| > k} = o(h=h).

For each § > 0, recall
Esy={xeR": d(x,E) <4}
and define
Es_ ={x€ E:d(z,0F) > 4}.
Using the observations above, it follows that for any &’ € (0,¢q)

P(XehE)= Y P[X € hE and Vi € [m]\I: |Si] < e’h} +o(h k),
IC[m]: |I|=k

Fix § > 0 arbitrarily and set &’ = oA (6/((m—k) sup;e( [I7ill2)). Note that for
each set I, the event in question implies that |S;| < dh/((m—Fk) SUD;¢ 1] [¥:ll2))
for all ¢ € [m]\I, which in turn implies that || > ;¢\ s Siflill2 < 6h. Hence the
previous equation can be bounded from below by

3 P[Z Si§: € hEs_, and Vi € [m]\I: |S;| < s’h] + o(h~k)
IC[m]: |I|=k i€l
> P[Zsiyi € hEs_| +o(hFe).

IC[m]: |I|=k i€l

Let f denote the common probability density function of Sy, So, ..., S;. By
(0O1), we have that for a fixed set I of size k,

P[Zsiyi c hE&_} - / . I(Z 5§ € hEg,_) 1 (i) dse.
i€l |s1ls.eslsg|>eqh i€l i€l
Using first (8) and then (O1), it follows that

en I(Z $iyi € hEg,_) H ozsi_(l—m) ds;

§15-0

P38y € hBs | ~ S—g/

il lsillsn>eoh i€l icl
_G [y §i € hE S0 g,
= 27 . z:szyZ S 5,— Hasi S;.
R iel icl



Making the change of variables (2A(y;))'/®s;/h — s;, we obtain

2_5 ) {H2A(Yi)h_a} / I(Z 8;yi € E(;’,) Has;(Ho‘) ds; =
]Rk

el el el
Ckh—ka Aly; / Vi B f(1+a)d ..
ke [TTawo)] [ 1(Sowse ) TLas s

Summing over all I C [m] with |I| = k, we get

Ckp—ke Z {HA(yi)} /Rk I(Z $;yi € E(;,_> Hasi—(lm) dsi]

IC[m]: |1|=k LLier il i€l
= C’ihika /Rk Z HHA(yz)] I(Z 8;yi € E57_) Hasi_(1+a) dsi].
IC[m]: |I|=k el el el

Now note that
(i) each pair of points, +y;, i = 1,2,...,m, is counted only once in the last
equation and
(ii) each set I of size k can be ordered exactly in k! ways.

Using this, it follows that the previous equation is equal to

Cah ™ k 1 - : (1+a)
[e] n—1. B N B
W/Rk/\ {xh...,xkES : ZSiXiEE57_} il;‘[asi ds; =

i=1
Ck hfka B k k _ a
GT/W Ak<{x1,...,xk es 1. ZSzXz € E57_} Hocsi 1+ )ds,-
+ i=1 i=1
and hence, by taking h to infinity and then ¢ to zero,
liminf h**P(X € hE)
h—o00

Ck k k B N
> gi_rf(l) k_?/ AF <{x1, xp e St g 8iX; € E(;,_}> Hasi (a+ )dsi.
. ler

i=1 i=1
Using the monotone convergence theorem, this implies in particular that

lim inf h**P(X € hE) > I,(E, k, )
— 00

and hence the lower bound in Theorem 1.1 holds. The proof of the upper bound
is completely analogous, slightly easier and hence omitted here.

Step 2. It now remains only to show that the assumption on E given in (9)
can be removed. So we now assume that

A(s1,...,5m) € R™: Zs,-yi € E and |{i € [m]: s; # 0} < k.
i=1
Then it is easy to see that the integral in (3) is infinite for every ¢ > 0 and
hence the upper bound holds without the assumption on F.

~ We now show that the lower bound holds also without the assumption on
E. To this end, assume first that there is t := (¢1,...,t;) € R™ such that



i) Y, tiy: € E°, and
(ii) {i € [m]: t; # 0} =L < k.

Assume further that ¢ is the smallest integer for which such a point t exists.
Then, for all sufficiently small 6 > 0 we have that > .~ t;y; € Es_, and

V(tr,. o tm) ER™: D t§; € By = |{i € [m]: t; # 0} > L.
i=1

Since by the first part of the proof, we have that
lim inf h**P(X € hE) > lim inf hWP(X € hEs_) = I,(Fs5_,0,a) >0
— 00 — 00

it follows that
lim inf h**P(X € hE) = oo
—00

and hence the lower bound is still valid in this case. If no such point t exists,
then we have that

V(t1, o otm) €ER™: D 1§ € E° = |{i € [m]: t; # 0} > k.

i=1
Using Step 1, this implies in particular that for all 6 > 0, we have that

lim inf h*P(X € hE) > lim inf h*P(X € hEs_) = I,(Fs_, k, ).
—00 —00

Since I (Ej5,—, k, o) is monotone in d, the desired conclusion follows by applying
the monotone convergence theorem. This concludes the proof.
O

Remark 3.1. We observe that we have shown that if there is a matrix A =
(¥1,¥2,---,¥m) such that X 2 A(S1,...,Sm), where S1,S5s,...,S, ~ S, are
ii.d. (or equivalently that the spectral measure is finitely supported), then, for
any set £ C R",

k k
1 [ & _
H/ / AF <{x1,...,xk esm 1. Zsixi € E}) Hasi (A+a) s
©J0 0 i=1 i=1
£ ( )
=27k //I< $i¥i €E> as,; o ds;.
> [ LI 1;[1

ICIm]: |I|=k i€l

Remark 3.2. With only small adjustments of the proof above, the assumption
that X is symmetric can be dropped. To do this, one replaces the matrix
representation used above with the corresponding representation for when X
is not symmetric (i.e. define A by A(-,7) = (A(y;))/*y; and S; is a so-called
totally skewed a-stable random variable with scale one, and then adjust the
proof accordingly. This is not as easy to do however when A is not finitely
supported.

Remark 3.3. By Theorem 1(ii) in [3], any multivariate stable distribution X ~
Sa(A) can be approximated by a multivariate stable distribution X, ~ S, (A)
which is such that



(i) A. is finitely supported, and
(ii) sup |P(X €E)-P(X.€E)|<e.

E: ECR™,
E is a Borel set
Here A is chosen by partitioning the unit sphere into a finite number of sets of
small diameter, and then concentrating all the mass of A in each such set at an
arbitrarily chosen point in the set.

This result, together with the proof for the finitely supported case, is however
not sufficient to be able to make the same conclusion for any spectral measure.
To see this, let F and A be as in Example 4.4, and let « € (0,1) so that
Example 4.4 gives that limj,_, o h?*P(X € hE) € (0,00). Then there are A. as
above which are arbitrarily close to A but for which the corresponding limit is
infinite by Theorem 1.1.

To be able to give the proof of Theorem 1.1 in the general setting, we will
first need the following lemma. The special case k = 2 was stated in [11] (see
Equation 1.4.8 on p. 27), but no proof is given there. A sketch of the proof
of this particular case was provided in private correspondence with one of the
authors.

Lemma 3.4. Let (W;);>1 be a sequence of i.i.d. random variables with 0 < W; <
1, (i)i>1 be a sequence of i.i.d. random variables with &; ~ unif({—1,1}) and
(T'i)i>1 be the arrival times of a Poisson process with rate one where we assume
that these three sequences are independent of each other. Next let o € (0,2),
k> 2 be an integer and £ € (0,min({e, (k —1)(2 — a)})). Then

o
El SerVew;
i=k

Proof of Lemma 8.4. To simplify notation, write 8 := (k — 1)a + ¢. We then

need to show that 5
ZEiF;l/aWi ‘| < 00.
i=k

To this end, note first that for any fixed m > k we have that

m m B m 8
doal w {Zri‘”awi] SIEHZF;”“} ]
i=k —k pa—

< E[((m —k+ 1)r,;1/“)5} =(m—k+ 1)B1E[r,;ﬂ/a].

< 0.

(k—l)a+6‘|

E

B

E <E

Since k > /a, we have that ]E{F,;ﬁ/a] < 00, and hence

i eiF;l/aWi
i=k

B
] <00 (11)

for any fixed m > k.



Now recall that for any real-valued random variables X and Y with E [|X | } <
0o and E [|Y|?] < oo we have that E[|X 4+ Y|?] < co. Using (11), the conclusion
of the lemma will thus follow if we can prove that

B
lzez 1/04 z ]<OO

for some m > k. To this end, fix m > §/a - k/(k —1). Then

00 o0 2(k=1) 5/(2(k=1))
E Z el oWy | =E [( Z sir;l/“wi> ]

((Zez e Z)2(1c1)>6/(2(/s—1)) \a((Wi)7 (D))H.

Since 8/(2(k—1)) = ((k — D)a+¢)/(2(k — 1)) < 1 by the assumption on &, we
can apply Jensen’s inequality to bound this expression from above by

E []E(gi) {(Z giri—l/aWi>2(k—l) (W), (Fi))]ﬁ/(z(kl))]

8/(2(k—1))
[(z(k—m! 3 Hr‘”awz} ]

i1
7‘n<71< <ip_q

Now we can again use the fact that 8/(2(k — 1)) < 1 and the so-called ¢;-
inequality (see e.g. Theorem 2.2 in [6]) to move this exponent into the summands
to bound the previous expression from above by

(20 = )Y/ -0 B

Z Fijﬁ/(a(kl))wg/(kl)]

i1yeen Vi1
m<ip <. <dp_q

[k—1
= ((2(k — 1))1)B/ k=1 Z E Hrijﬁ/(“(’“))wf/(“)]

pig—1:
m<11< i1

[ k—1
— a(k—1
< ((2(k — 1)) 6/(2(k 1)) Z E Hrijﬁ/(( ))1.

pik—1" Lj=1
'm.<1.1< <ip_1

In particular, this implies that it now only remains to show that

Z E HF "/"‘(’“] (12)

St
m<7,1< i

To do this, first fix v € Ry. If i € Z, then E[I'; 7] < oo if and only if i > .

Moreover, for such i and v we easily have that E [Fi—y] = Fgf(_z)'y )| By Stirling’s

formula, it follows that for a fixed v we have that E [F; 'Y] ~ 77 and hence
E [1";7] < C4i77 for some constant C,, > 1 and all > .



Now assume that 1 < i; < ... < i,p_1 is a sequence of integers. Then for
Jj=2,3,...,k—1we have that I';, > T';;, and I';; > T";, —T";,_,. The random
variables I';, — I';,_, are independent and equal in distribution to I';, —;,_, if
i; # i;—1 noting that I'y = 0. Using this, it follows that for any fixed integer
M > 0 we have that

k—1 -
_ —y=y kS 1 =i 1 <M)
El:HFijw] <E Fil = :| H E{ 1=l 1}
=1 L

i>2:
ij—ij_1>M

< E_F;’Y Iy, > 1) +F;(k*1)’y I, < 1) :| H E|: ij—ij_ 1:|

j>2:

ij—ij_1>M

<E[r+r070) | B|rot, )

j>2:

ij—ij_1 =M

If i1 > (k— 1)y and M > ~, then, using the above, this is bounded from above
by

(Cy + Clo—ryy) -1a ™7 Ck ? H ij—ij-1)" "
j>2:

i

J 1zM

In particular, if we let v = 8/(a(k—1)) = (a(k—1)+¢)/(a(k—1)) > 1 and
M = m, then for iy > m we have that

iv2m>fBla-k/(k—1)=ky>(k—1)y

and therefore, since k > 2, M = m > 7. Hence it follows that (12) is bounded
from above by

k—1 —B/(a(k—1)) a(k—
(Cs/atk-1)) + Cs/a) Ch tar—1y) Z Y H (i — dj) P/ (=)

P11t 7€{2,3,....k—1}:
m<ip<..<ip_g ij—ij_12>m

This implies in particular that it only remains to show that

S P/t [T G5 —is) /0D < o,

Bt j€{2,3,....,k—1}:
mSipS.Sig g ij—ij_1>m

To see this, we first change the order of summation as follows. First, we will
sum over all possible choices of i;. Then we sum over the number G of terms
in the product, which will range between 0 and k£ — 2. Finally, we sum also
over the possible choices of £; := i; —i;_1 in the product, which will range from
m to infinity. To sum over all possible sequences m < i1 < ... < ip_1, we
find an upper bound on the number of ways to choose the differences ¢; — 4,1
which are smaller than m and also, on the number of ways to choose which of
the differences are larger than or equal to m. The former of these quantities is

clearly bounded from above by m*~2 and the latter is equal to (’%2) < 2F=2,

10



Putting these observations together, we get

Z H (ZJ _ij_l)*ﬂ/(ﬂ(kfl))

D150 ip—1° J€{2,3,...,k—1}:
m<ip<...<ig_y  Gj—ij_i12m

o k—2 o G
< @m)f2 3 At ST N e et

i1=m G=0 £1,.....c=m j=1

oo k—2 00 G
_ (Qm)k72 Z ifﬁ/(a(k_l)) Z < Z gﬁ/(a(kl)))
G=0

i1=m l=m

k—1 0o G
— em)—2 Y ( 3 gﬁ/(a(km))
G=1

l=m

Since B/(a(k —1)) = (a(k — 1) +¢)/(a(k — 1)) > 1, the desired conclusion now
follows.
O

We now state the following lemma which will be used in the proof of Theo-
rem 1.1. For a proof of this lemma we refer the reader to [11].

Lemma 3.5 (Theorem 3.10.1 in [11]). Let A be a symmetric spectral measure
on S"7L. Furthermore, let Cy, be defined by P(Y > h) ~ Coh™%/2 for Y ~ S,,
let (T';)i>1 be the arrival times of a rate one Poisson process and let (W;);>1 be
i.i.d., each with distribution A := A/A(S"~Y) (the normalized spectral measure),
independent of the Poisson process. Then

C(ly/aA(Snfl)l/a Zl—\z—l/awz
i=1
converges almost surely to a random vector with distribution So(A).
We now give a proof of Theorem 1.1 using Lemmas 3.4 and 3.5.

Proof of Theorem 1.1. Let C,, (I';) and (W;) be as in Lemma 3.5. Define

X = (X1, Xz, X)) = CY/A (S ) VON T VoW,

i=1

Then Lemma 3.5 implies that X has distribution S, (A). By Markov’s inequality,
for any j =1,2,...,n and all h > 0 and € > 0 we have that

)| £ ool

(ka+e)/a . “1/a )
Zi:k.H r; / Wi (j)

) E [(CQA(Snl)) IMT

— hkoz+6

By picking ¢ sufficiently small and applying Lemma 3.4 using k+ 1 (noting that
by symmetry, W;(j) has the same distribution as €;|W;(j)| with the two factors

11



independent), it follows that

[(c A(S™Y) ) ‘ Z VoW, (5 ] h: < o(h™he)

i=k+1

and hence

Pl(eae )| 52 rew

=k+1

> h| < o(h™F).

This implies in particular that for any &’ > 0

l(ee )" 3 rew

=k+1

> a’h] < o(hke).

Now for any § > 0, let Es _ = {x € E:d(z,0F) > 6}. Setting § == y/née’,
we then have

P((X1,Xa,...,X,) € hE)

:P[(Xl,Xg,...,Xn)ehE, (c A(SmY) ) H Z r;Yow,
=k+1

< e'h] + o(h™F)

> P (CQA(S"*))I/Q (oW T VW) € s

< &'h| +o(h™F)

feurern) | 5 row

= P|(Car(s" ™)) e (P VoW T W) € B

+ o(h™F).

(13)
Similarly, we have that

P((X1,Xa,...,X,) € hE)

P[(X1,X2,...,Xn)€hE, (o A(S™) ) H Z rolew,

< 5'h] + o(h k)
i=k+1

1/«

< P|(Car(s"))

CRCE
< p[(caA(snl))

(P;”O‘W1 T P,;”“Wk) € hEs_,

—1/a < e'h _’_O(hfka)

l

i=k+1
1/« “1/a o B
(r Vow, 4. 41V Wk) ehE(H] + o(hF).
(14)

To be able to simplify these expressions, first recall that if (T'y,T,...,Tg11)
are the first k 4+ 1 arrivals of a mean one Poisson process and Uy, Us, ..., U ~
unif(0, 1) are independent,

{T1/Ths1, o, Te/Thgr | Tgr } 2 {U,...,U}.

12



Using this and now letting Uy, Us, . .., Uy be i.i.d. uniforms defined on the same
probability space as everything else but independent of them, we see that for
Es5. = FEs5 4 or E5. = E5 _, we have that

k
P{(CQA(S"—I))U ;r;”awi € hE(;,.]

[(c A(S”‘l))l/ kj{“ZU YW, € hE;, }

LI (e (80 o)) o

i=1

If, for each fixed x, we make the change of variables

n— 1/
e (G

hauz-

then this simplifies to

[y [ #{foee e

~I{miin S; > (w)l/a} Hasi_(Ha) ds; dx

hex
i=1

Ckhfak 0 o . . k 50 3 e
- ak! -/0 . /0 A {(wi)i_l : Z s € Ed’.} /CQA(gnfl) e " dz H as; ds;.
i=1 R ming 57 i=1

R min; &
i %5

Note that the integral above is increasing in h. Combining the previous equation
with (13) and (14) and applying the monotone convergence theorem, it follows
that for any § > 0,

k 00 0o k k
%/0 /o Ak({(w”ﬁ—l: D siwi € Eé;—}) [Tos;“dsi  (15)
. i=1 i=1

< liminf K**P((X1, Xo,...,X,) € hE)
h—o0

< limsup h**P((X1, X2, ..., X,,) € hE)

h—o0

k
< k;' / / Ak<{ wZ Zszwl €E5+}> Hasi—(1+a) ds;.
i=1

Noting that the integrand in (15) is monotone in ¢ and converges pointwise to
the integrand in I (E, k, «), the desired conclusion follows by letting § — 0 and
applying the monotone convergence theorem. O

4 Examples

We will now apply Theorem 1.1 to a few examples.

13



Example 4.1. Let a € (0,2) and let X; and X5 be i.i.d. with X; ~ S, and
let X = (X1, X5). The corresponding spectral measure A has four point masses
each of weight 271 at (1,0), (0,1), (—1,0) and (0, —1). With this example, we
will consider three different sets ' which will be our three different cases.

Case (i) Let B = {x € R*: x1, xp > 1}. Then it is easy to see that I (E,2) =
I5(E,2) and furthermore this common value is

ci/2- 2/ / (27H2. I(s1,82>1)- asl_(Ha)asQ_(Ho‘) dsy dsy = C2% - 272
o Jo

Applying Theorem 1.1 with k& = 2, we obtain
lim A**P(Xy,Xs >h) =C2 2772
h—o0

which is of course consistent with what independence yields.

Figure 1: The figure above shows the set E (gray area) considered in Case (i)
of Example 4.1 together with the four points (in red) at which A is supported.

Case (ii) Let A CS' N (g,00)? for some ¢ > 0 and define
Ca={x€R": x| >1and x/|[x|2 € A}
be the cone above A. Then we have the following.

Proposition 4.2. Let X, A and C4 be as above, and assume that in addition
to the above, the boundary of A has zero (one-dimensional) measure. Then

2
lim h**P(X € Cy4) = %/ a(cos O sin 0)~(1F) dp
A

h—o0

Proof. We begin with the following computation which is valid for any set A

14



contained in S' N (g, 00)?2.

02 o] 00 2
7“/ / A2 (Xl,Xz €S': 51X1 + S9%9 € C’A) ~Has;(1+o‘) ds;
o Jo

i=1

= 02 / / 51e1 + s9e9 € CA H O[S_(1+a) dSZ

=1

= ~a a’s] T+ _(1+a) dsy dss (16)
(s1,82)€CA

// 2(rcos @) (1+a)(rsin0)_(l+°‘)rd7‘d0

= =2 [ afcosfsin )~ dp.
8 A

For any set U, letting U° be the interior of U, one easily checks that
(CA)O = (40 and CA C CA C CAU81

keeping in mind that the interiors and closures are with respect to different
spaces, in one case R? and in one case S'. Therefore the above computation

shows that )

I,(Cy,2) = %/ a(cos O sin 0) =) 4
and

2
I,(Ca,2) = %/ a(cos sin ) =1+ dg
A

where for the latter equation, we also used the fact that the S!' piece adds
nothing to the relevant integral.

Now, using the fact the boundary of A has measure zero, we conclude that
I(Cy4,2) = I5(Ca,2). Since ¢ is fixed, it is easy to see that I5(Cy,2) is fi-
nite for sufficiently small ¢ allowing us to conclude that I1(Cy,2) = I3(Ca,2).
Theorem 1.1 with k£ = 2 now yields the result. O

Remark 4.3. This improves on (5) in this case since it yields the correct decay
rate and demonstrates the hidden regular variation behavior. The former result
would only give limy_, oo h*P(X € Cy4) = 0. Not surprisingly, when A is as
large as possible with ¢ fixed, the integral tends to infinity as € goes to 0; this
is because we are getting closer to the support of the spectral measure.

Case (iii) This example, while fairly simple, has three different values arising
in (4) when k£ = 1 and, in particular, Theorem 1.1 yields nonmatching upper
and lower bounds. We let

E={xecR* x; >1,x; <0}
It is easy to check that for any o € (0,2), we have that I1(F,1,a) = 0,

L(E,1,a) = I3(F,1,a) = C,/2 while using the independence of the com-
ponents, it is immediate that the middle terms in (4) when k£ =1 are C, /4.

15



X2

Figure 2: The figure above shows the set C4 (gray) considered in Case (ii) of
Example 4.1, together with the four points (in red) at which A has support.

X2

L

Figure 3: The figure above shows the set E (gray) considered in Case (iii) of
Example 4.1 together with the four points (in red) at which A has support.

Our next example illustrates a number of interesting phenomena which we
summarize in Proposition 4.5 after giving the example. This provides an exam-
ple where (i) the decay rate has three possible behaviors depending on «, (ii)
Li(E,k,a) # I3(E, k,«) and (iii) where the tail behavior can drastically change
due to a modification in the set E in an arbitrarily small neighborhood of one
point, namely (1,1). It is also a “baby version” of the example following it which
will be crucially used in [5].

Example 4.4. Let a € (0,2) and S; and Sy be i.i.d. with distribution S, and
let
X = (1,1)S; — (0,1)55.

Then X is a symmetric a-stable random vector and the spectral measure A of
X has mass 2°/2/2 at +(1,1)/v/2 and mass 1/2 at (0,1). Let

E = {x eR?: x; > 1,x5 < 1}.
We mention that it is straightforward to show that for all «, I5(E, 1, ) = 0.

Proposition 4.5. Let A, X and E be as above.

16



X2

Figure 4: The figure above shows the set F (gray) considered in Example 4.4
together with the four points (in red) at which A has support.

(i) * Fora<l1,

C2al'(20)T(1 — a)

3 2a o [e%
hlirr;oh P(X € hE) = T+ a) < 00. (17)
* Fora=1,
2 012
li P(X E)y=—. 1
hggologh (X € hE) 4 (18)
x Fora>1,
CaoE[|51]]

lim W'T*P(X € hE) =

1
h— 00 4 ( 9)
(ii) For all a € (0,2), I3(E,2,a) = co. Moreover, I(E,2,a) = I(E,2,a) is
equal to oo if a € [1,2) and is equal to % ifa e (0,1).
(iii) Let B. = Buo((1,1),€) be the ball around (1,1) of radius € in the Lo
metric. For anye >0 and a € (0,1),
g (a,e) =L(EUB.),1,a) = I3(EUB:,1,a) € (0,00)
implying by Theorem 1.1 that

lim h*P(X € h(EU B.)) = g* (a,¢)

h—o0

and
g (a,e) =L (E\B:),2,a) = I3(E\Be,2,a) € (0,00)

implying by Theorem 1.1 that

lim h**P(X € h(E\B.)) = g (a, ).

h—o0

(iv) For all o € (0,2), gt (v, ) is increasing in € with lime_0 g% (a,e) = 0
while g~ (e, €) is decreasing in & with lim._,0 g (a,e) = 0o for a € [1,2)

Clal o)l (1—a
and G20 for o € (0,1).
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Proof. We only prove (i) and (ii). (iii) and (iv) are fairly straightforward and
left to the reader. We start with the proof of (ii).

It is easy to see that I (F,2,a) = I(F,2,«) and that their common value
is

29002751/, / / o257 () —0e) o g
V2 J(s1/V2)—-1
2 o0 [ee]
= % / / 042t1_(1+a)52_(1+a) dso dtq
4 1 t1—1
[ee]

ng (14« —a] @
:T/1 oy 4 [—s79)%_ aty

2 o0
= %/ O[tl_(1+a)(t1 - ].)70[ dtl
1
G

1
= / ar?* (1 — z)"*dux.
4 Jo

This integral is easily verified to be infinite if and only if & > 1 and strictly
positive for all « € (0,1). Recognizing the integrand as the probability density
function (up to a constant) of a Beta distribution with parameters 2« and 1 —«,
we see that the last expression is equal to

C2al'(20)I (1 — )
AT(1+a)

The fact that I5(FE,2,a) is co is seen by noting that for any fixed 6 > 0, the
term

A2 (Xl,X2 S Sll $1X1 + S9Xa € E57+)
is uniformly bounded away from 0 for arbitrarily small s5 and hence the integral
diverges. This finishes the proof of (ii).
We now move to (i). Since X = (1,1)S; — (0,1)S3, we have

{XGhE}Z{h<Sl<h+SQ}

and so for any «, we have
P(X € hE) = / f@&)P(h < S1 < h+t)dt.
0

We now proceed with the oo € (0,1) case. It is not hard to show that for
every € > 0,
Il(E\BE? 2,0{) = I3(E\B€a 2,05) € (07 OO)

and hence by Theorem 1.1
lim h**P(X € h(E\B.)) = I,(E\B:, 2, a).

h—o00
Letting ¢ — 0, we can apply the monotone convergence theorem to both sides
(using the fact that F is open) and conclude (17) as desired.
Now instead let « = 1. It is not hard to show that for every € > 0, by
breaking up the following integral into [0, k] and [h, o0) and using the fact that
f is decreasing, we have

h? h?
P(X e hE) =
log h (X € hE)

logh/o f@®)P(h< S1 < h+t)dt

18



h2
log h

h
< [f(h)/ FOtdt + P(Sy > h)2].
0
Noting that (7) implies the second term goes to 0 as h — oo and the fact that
that (8) easily implies that

i pwyede
B o A Y (20)

as well as applying (8) directly, we get

li U P(X € hE) < i

1m sup —— —.

h—>oop log h - 4

For the lower bound, we fix € > 0, integrate only over [0,¢h] and use f is
decreasing to obtain

2 h2
P(X € hE) >
log h (X €hE) > log

eh
hf((l +¢)h) /O f(t)tdt.

Using (8) and (20), the limit of the last term is, as h — oo, equal to C?/4(1+4¢)2.
Hence for every € > 0, we have
h? C?

lim inf P(XehE)> ——
minf R PXERE) 2 10— =

and we can then let ¢ — 0 to complete the proof.
Finally, we now do the case o € (1,2). Using the fact that f is decreasing
and using (8), we have

P(X € hE) = /OO J)P(h < Sy <h+t)dt < f(h) /OO f(t)tat (21)
0 0

_ CaaE[5:]] §-(14a)
4

establishing the upper bound in (19). For the lower bound, fixing £ > 0, we
have

[%S) eh
P(X € hE) = / FOP(h< Sy < h+t)dt > / FOP(h< Sy < h+1)dt
0 0

eh E
> 0 +e)) [ e~ (1 ey 00 OB e,
0
(22)
It follows that

liminf O+ P(X € hE) > (1 4+ ¢)~ 0+ CaElS1]

h—o0 4

One can now let ¢ — 0, obtaining the lower bound in (19), completing the
proof. O
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Remark 4.6. If X is as in our first example where we have independent compo-
nents, one can construct a set, namely

E={xcR* x; >1,x3>a(r—1)}

for a € (0,1), which exhibits similar behavior to that in the above proposition.
However, the above example, when generalized to three variables, is what we
need in another context and so we proceeded in this way.

Figure 5: The figure above shows the set F (gray) considered in Example 4.4
together with the four points (in red) at which A has support.

Remark 4.7. With the previous result in mind, one might wonder if any thresh-
old for events of the type {X € hE} will occur at o = 1. To show that this is
not the case, fix a € (0,2) and o > 0, and define

E, = {x€R2:1<X1<1+xg}.

Further, let S1,S2 ~ S, be i.i.d and consider the decay rate of P(X € hE,) as
h — oo. Then, using a very similar argument to the argument in the proof of
Proposition 4.5, one can show that we get a phase transition in the behavior of
the decay rate of P(X € hE,) at a = 0, and in fact

p(ato) ifa>o
P(X € hE,,) < {h 2%ogh ifa=o0
h—32e ifa<o.

In our next, and final, example we study one of the simplest three-dimensional
permutation invariant multivariate stable distributions, and show that it ex-
hibits the same behavior as our previous example. Here we only study the case
a € (0,1) in detail, but the cases &« = 1 and « > 1 can be done similarly as in
the the proof of Proposition 4.5.

Example 4.8. Let a € (0,2) and let Sy, S1, Sz and S5 be i.i.d. with Sy ~ S,.
Furthermore, let a € (0,1) and define X, X5 and X3 by

X; =aSo + (1 —a™)'/*8;, i=1,2,3.
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N

—_ 1

(a) c=0.5 (b) 0 =1.8

Figure 6: The figures above shows the set E, in Remark 4.7, for two different
values of o, together with the four points (in red) at which the spectral measure
A from the same remark has support.

Clearly (X;,Xo2,X3) is a three-dimensional symmetric a-stable random vec-
tor whose marginals are S,. The corresponding spectral measure A has mass
a®3%/2/2 at +(1,1,1)/v/3 and mass (1 — a®)/2 at +e; for i = 1,2,3. Consider
the set

E={xecR® xj,xy>1,x3<1}.

The proof of the following proposition follows the proof of Proposition 17
exactly, and therefore we only give a sketch of the proof here.

Proposition 4.9. Let A, X and E be as above. Then for all o € (0,1), we
have that

. o2 al'(2a)T(1 — «)
20 _ Ya o2 (e —aq®) —7 7
lim A2 P(X € hE) = = <(1 @) +a*(1=a%) —Fa7

(23)
Moreover, for all a € (0,2), Is(E,2,a) = oo, and I1(E,2,a) = I2(E,2,«) is
equal to oo if o € [1,2) and is equal to the right hand side of (23) if o € (0,1).

Proof sketch. 1t is easy to see that I (E,2,a) = I5(F,2,«) and that their com-
mon value is

Aler)A(e2) - C3 / / a2sy g0 g ds,
1 N
+ A((la la 1)/\/§)A(_63) ! Cc2u / / a235(1+a)5;(1+a) ng dS()
V3 Jsosva -1
1

= %3‘ <(1 —a®)? +a%(1 - ao‘)/ az? (1 —x)™ dx) .

0

The rest of the proof follows the lines of the proof of Proposition 17 exactly,
and is hence omitted here.
O
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Figure 7: The figure above shows the set E (gray) considered in Example 4.8
together with the eight points (in red) at which A has support.
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