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Extremal Dependen
e:A Few Ideas for Where to StartExtreme Dependen
e: A Few IdeasFour Half-baked IdeasOur subgroup might 
onsider:1. Building testbed multivariate extreme examples for whi
hinferen
e is tra
table, and 
onsidering their theoreti
alproperties2. Thinking harder about the \inbetween" range for dependentbut extremally independent random variables (e.g. 
orrelatedGaussians)3. Exploring various measures of dependen
e in the literature4. Thinking harder about threshold models for multivariateextremes



Extremal Dependen
e:A Few Ideas for Where to StartExtreme Dependen
e: A Few IdeasI. Some expli
it examples of MV dependent RVsHalf-baked Idea I: A Few Testbed ExamplesIf fXig � Ca(
i ) have independent 
entered Cau
hy distributionsf (x j 
) = 
=�
2 + x2and if a 2 R
n thenY :=X aiXi � Ca�X jai j
i�and, for large u, X � Ca(
) satis�esP[X > u℄ = 1� ar
tan�
u� � 
� u ;while the Unit Fr�e
het Y hasP[Y > u℄ = 1� e�1=u � 1u ;so �
 X has Unit Fr�e
het tails.



Extremal Dependen
e:A Few Ideas for Where to StartExtreme Dependen
e: A Few IdeasI. Some expli
it examples of MV dependent RVsLinear Combinations of Cau
hysIf f�ig iid� Ca (
 = �) and a; b 2 Sn, thenX =X ai�i and Y =X bi�ihave unit Fr�e
het tails and u � 1)� � limP[Y > u j X > u℄�XP[bi�i > u j ai�i > u℄ P[ai�i > u j X > u℄�X�1 ^ biai � aiP aj =X (ai ^ bi )Extremally Dependent if any (ai ^ bi) > 0.



Extremal Dependen
e:A Few Ideas for Where to StartExtreme Dependen
e: A Few IdeasI. Some expli
it examples of MV dependent RVsLinear Combinations of Cau
hysIf f�ig iid� Ca (
 = �) and a; b 2 Sn, thenX =X ai�i and Y =X bi�ihave unit Fr�e
het tails and u � 1)� � limP[Y > u j X > u℄�XP[bi�i > u j ai�i > u℄ P[ai�i > u j X > u℄�X�1 ^ biai � aiP aj =X (ai ^ bi )Extremally Dependent if any (ai ^ bi) > 0.



Extremal Dependen
e:A Few Ideas for Where to StartExtreme Dependen
e: A Few IdeasI. Some expli
it examples of MV dependent RVsCau
hys (
ont)X =X ai�i Y =X bi�i a; b 2 Sn; f�ig iid� Ca(�)P[X + Y > u℄ �X(ai + bi)=u = 2=uP �(X ;Y )X + Y = (ai ; bi )ai + bi � � P[ �i is huge j X + Y is huge ℄� (ai + bi )=u2=u = (ai + bi )=2SO, 
an a
hieve any dis
rete Spe
tral Measure w/mean ( 12 ; 12):H(d�) =X pi Æ�i (d�); �i = (xi ; 1� xi ) 2 S1on the one-simplex S1 by linear 
ombinations of Cau
hys, withai = 2xipi pi = (ai + bi)=2bi = 2xi (1� pi) xi = ai=(ai + bi)
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e:A Few Ideas for Where to StartExtreme Dependen
e: A Few IdeasI. Some expli
it examples of MV dependent RVsBivariate Spe
trumExample with n = 3:
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e: A Few IdeasI. Some expli
it examples of MV dependent RVsHalf-baked Ideas I: A few extensionsI Multivariate 
ase is no harder:Xi =Xj Aij�j ; Xj Aij = 1I In�nite 
olle
tions (e.g., AR(1) time series) are okay tooI Arbitrary (\spatial") dependen
e okayI The general �-stable StA(�; �; 
; Æ) isn't mu
h harder thanthe Cau
hy It's not mu
h more interesting, either.
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ations x ; y likely exhibitextremal dependen
e, be
ause their biggest storms 
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ide.I As the distan
e between lo
ations x ; y in
reases, thisgradually 
eases to be true.I Most well-studied models are di
hotomous: All lo
ations aretail-dependent, or all are tail-independent.I Perhaps we 
an over
ome this with �nite-range 
ovarian
estru
tures (like spheri
al 
ovarian
e) in models of Smith(1990, unp.), S
hlather (2002 Extremes), et
.I Or a 
onvex threshold like xp + yp � up for 0 < p < 1 or evenpu ! 0, ex
luding areas near the axes.
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hlather/de Haan (2009 AoP)I realisti
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anos)|with a view of going beyond existing measures to 
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h for Threshold Ex
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e data.We have some preliminary ideas... but are open to yourSuggestions?
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