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Abstract The notion of a phantom distribution function (phdf) was introduced by
O’Brien (Ann. Probab. 15, 281-292 (1987)). We show that the existence of a phdf
is a quite common phenomenon for stationary weakly dependent sequences. It is
proved that any «-mixing stationary sequence with continuous marginals admits a
continuous phdf. Sufficient conditions are given for stationary sequences exhibiting
weak dependence, what allows the use of attractive models beyond mixing. The case
of discontinuous marginals is also discussed for e-mixing. Special attention is paid to
examples of processes which admit a continuous phantom distribution function while
their extremal index is zero. We show that Asmussen (Ann. Appl. Probab. 8, 354—
374 1998) and Roberts et al. (Extremes. 9, 213-229 2006) provide natural examples
of such processes. We also construct a non-ergodic stationary process of this type.
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1 Phantom distribution functions

The notion of a phantom distribution function was introduced in (O’Brien 1987). Let
{Xj} be a stationary sequence with partial maxima
M, = max X;
1<j<n
and the marginal distribution function F(x) = P(X| < x).
A stationary sequence {X,,} is said to admit a phantom distribution function G if

P(M, <u,)— G"(u,) - 0, asn — o0,
for every sequence {u,} C R. Since u, is arbitrary, the above can be written as

sup [P(M,, <u) — G"(u)| > 0, asn — oo. (1)
ueR

It is obvious that G is not uniquely determined for only the behavior of G at its
right end G, = sup{x; G(x) < 1} is of importance. On the other hand, any two
phantom distribution functions cannot be too different - we show in Theorem 1 below
that they must be tail equivalent.

When Eq. 1 is satisfied with G(x) = F?(x), for some 6 € (0, 1], then we
say that {X;} has the extremal index 6 in the sense of (Leadbetter 1983) (see also
(Leadbetter et al. 1983)). The notion of the extremal index is well-understood and
had been intensively investigated in 1980s and 1990s.

Another well-known area where phantom distribution functions naturally occur is
when {X ;} has a regenerative structure (see e.g. Asmussen 2003). For such processes
Theorem 3.1 of (Rootzén 1988) provides sufficient conditions for a suitable power
of the distribution function of the maximum over the regeneration cycle to be a phan-
tom distribution function of the original sequence. Using this result (Asmussen 1998)
exhibited an example of a Markov chain (in fact: the Lindley process with subex-
ponential step distribution) which admits a non-trivial phantom distribution function
and has the extremal index & = 0 in the sense of Leadbetter (1983), that is

P(Mn = un(f)) -1 2
whenever {u, (7)} is such that
n(l — F(u,(r)) — 7 € (0, +00). 3)

Intuitively this means that partial maxima M,, increase much slower comparing with
the independent case and that information on F cannot determine the limit behavior
of laws of M,,.
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Phantom distribution functions 699

It follows from Asmussen (1998) that the existence of a phantom distribution func-
tion can remain informative while the extremal index does not contribute anything.
In the present paper we develop the theory of phantom distribution functions by
showing that their existence is a quite common phenomenon among weakly depen-
dent sequences and that in practically all cases of interest we can find a continuous
phantom distribution function. We also find two further examples of sequences with
extremal index 8 = 0 and a continuous phantom distribution function.

In Section 2 we provide convenient necessary and sufficient conditions for the
existence of a continuous phantom distribution function. This is done in Theorem
2, which is an improvement of O’Brien (1987), Jakubowski (1991) and Jakubowski
(1993). According to this theorem we need only to find a single sequence {v,} of
levels such that P(M,, < vn) — v, for some y € (0, 1), and Condition B, (v;)
holds (see Eq. 10), which is a form of “mixing” specific for maxima. We demonstrate
how weak are these requirements by showing in Theorem 4 that there exists a non-
ergodic stationary sequence (in fact: exchangeable) with the extremal index 6 = 0
and admitting a continuous phantom distribution function.

Section 3 contains a result built upon the extra information we are given when
the process has a regenerative structure (Theorem 5), which is essentially a version
of the mentioned Theorem 3.1. in (Rootzén 1988). We then discuss the motivating
Assmussen’s example and derive the existence of a continuous phantom distribution
function for it.

In Section 4 we list all our results on existence of phantom distribution functions
obtained from information on mixing and properties of marginal distributions only.
Such conditions are usually not difficult to verify (as showed in Example 2) and
therefore widely applicable.

In Theorem 6 we prove a remarkable fact that every strongly (or «-) mix-
ing stationary sequence with continuous marginals admits a continuous phantom
distribution function. Applying this result we are able to show that the process con-
structed in Section 3 of Roberts et al. (2006) (random walk Metropolis algorithm
for distributions with heavy tails), which has the extremal index zero, also admits
a continuous phantom distribution function. Since Metropolis Markov chains are
easy in simulation, they can be considered as a class of reference processes for the
extremal index zero processes in the sense of the relative extremal index defined in
Jakubowski (1991).

Since the paper by Andrews (1984) it is known that some of time series considered
in econometric modeling are non-strong mixing (see also Dedecker et al. (2007),
Section 1.5). Taking this into account, the notion of “weak dependence coefficients”
has been developed during the last twenty years and the resulting theory is reach
enough to cover the most interesting cases. We refer to Dedecker et al. (2007) for a
comprehensive presentation of this trend in the analysis of time series.

In the present paper we show that the approach through “weak dependence coef-
ficients” is applicable to our problem, as well. The reasoning is not automatic, since
verification of Condition By, (v;) requires approximation of indicator functions by
functions exhibiting more “smoothness”. Therefore to cope efficiently with 8-, n-
, k- and A-weakly dependent sequences we need a bit more regularity than just
the continuity of F' (see Eq. 36). Moreover, in Theorems 7-9 we have to assume
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700 P. Doukhan et al.

that the corresponding weak dependence coefficient converges to zero at some rate.
This complies with the general philosophy of weak dependence coefficients, since
“weak dependence’ is preserved under sufficiently regular transformations of pro-
cesses, with possible change in the rate of decay of the corresponding coefficient (see
Dedecker et al. (2007), Propositions 2.1 and 2.2).

We conclude our considerations by proposing in Theorem 10 how to deal with
a discontinuous distribution function F, for the time being only for o-mixing
sequences. We show that m-dependent sequences admit a continuous phantom distri-
bution function if the marginal distribution function F satisfies only Eq. 4 (as in the
i.i.d. case), while the non-trivial ¢-mixing seems to require more regularity than (4),
even for exponential rate of «-mixing.

Section 5 contains proofs of all results involving mixing or weak dependence.
The proofs consist in using our basic Proposition 3 in order to deduce the rate of
convergence P(X| > v,) — 0, and then checking Condition By (vy,).

2 Existence of continuous phantom distribution functions

It is an observation made long time ago by (O’Brien 1974) (Theorem 2), that for a
given distribution function G there exists y € (0, 1) and a sequence {v, = v,(y)}
such that

G"(vp) = v,

if, and only if, G satisfies the relations

G(Gyim)=1 and lim =902 _
x=>Gi— 1 —G(x)

We will say that G is regular (in the sense of O’Brien) if Eq. 4 holds. Notice that
if G is regular then the sequence {v, (y)} exists for every y € (0, 1) and that {v,} can
always be chosen non-decreasing.

The tail equivalence is another very old notion, introduced by Resnick (1971) and
usually considered in the context of domains of attraction of extreme value distribu-
tions. We will modify it slightly, by saying that the tails of two distribution functions
G and H with right ends G, and H, are strictly tail-equivalent if

1 — H(x)
Gy=H, and —— — 1, asx —> G,—. ®))
1-G(x)

We have a nice characterization of strict tail-equivalence in terms of being mutual

phantom distribution function.

“4)

Proposition 1 Let G be a regular distribution function. Then for any distribution
function H the following conditions are equivalent:

(1) H is regular and strictly tail-equivalent to G.
(i) There exist y € (0, 1) and a non-decreasing sequence {v,} such that

Gn(vn) -V, Hn(vn) - Y. (6)
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(iii)

sup |G" (x) — H"(x)| = 0, asn — oo. (7)
xeR

Proof We shall prove (i) <= (ii) first and then (iii)) <= (i).
So assume (i). Since G is regular, there are y € (0, 1) and a non-decreasing
sequence {v,} such that G" (v,) — y. By the strict tail-equivalence

G"(vy) = exp (—n(l = G(vy))) +o(1)

= exp ( —n(l — H(vn))(I_G(v"))/(l_H(U")) +o(1) (8)
exp ( —n(l — H(vn))) + o(1)
= H"(vy) + o(1).

Hence H" (v,) — y and (ii) follows.
To prove that (ii) implies (i), take suitable y and {v,} and consider a sequence
xn /" G. Define numbers m, by

U, < Xp < Upp41-
Clearly, m,, — oo and we have
1 -Gpm,+1) <1 —=G(xy) <1 —Gvp,).
Consequently,
My (1= Gm,+1)) <mu(1 — G(xn)) < myu(1 = G(vm,))

and the first and the third terms go to — log y, hence also m, (1 - G(x,,)) — —logy.
The same sandwiching holds for expressions involving H and so

. 1 —G(xp) . mn(l - G(xn)) —logy
lim ———— = lim = =1
n>oo | — H(x,) n>om,(1—H(x,) —logy

Since x,, /' G, was arbitrary, the strict tail equivalence follows.

Now assume that Eq. 7 holds. By the regularity of G there exist a number y €
(0, 1) and a sequence of levels {v,(y)} such that G"(v,(y)) — y € (0, 1). Hence
also H" (v, (y)) — y € (0, 1) and the regularity of H follows.

Next suppose that G, < H,. Then there exists xo € R such that G(xp) = 1, while
H(xp) < 1and

G" (x0) — H" (x0) — 1,
what contradicts (7). Hence G, > H, and by the symmetry G, = H,.

Now let us take any sequence x, — G4—, some T > 0 and define
m, = min{m ; m(l — G(x,)) > 1}

Since 1 — G(x,) — 0, we have m,(1 — G(x;)) — T, hence also G (x;) —
exp(—7). By Eq. 7 H""(x,) — exp(—rt) and so m,(1 — H(x,)) — . Finally we
have
1—G(xy)  ma(1—Gxy))
1= H(x)  my(1— H(xy))

T
— — =1, asn — oo.
T
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702 P. Doukhan et al.

To prove (i) = (iii), let us assume that H is regular and strictly tail-equivalent to
G, but Eq. 7 does not hold, i.e. there is a subsequence {n;} C N, a sequence {x;} C R
and n > 0 such that

|G"™ (xx) — H™ (xp)| > n, k e N.

Suppose that along some further subsequence {ny,} we have G(xy,) < 1 —§, for
some § > 0. Then G™ (xr,) — 0 and H"* (xx,) > n for [ large enough. This gives
sup; nj, (1 — H(xy;)) < +oo, hence H (xy,) — 1and xy, > H,— = G,—. This in
contradiction with G (xg,) < 1 — 6.

So we may and do assume that x; — G,—. Then by the strict tail-equivalence

G" (xx) = exp (—ni(1 — G(x))) + o(1)
— oxp (= ni(1 — H(x))mOOA=HED) o)
= exp (= m(1 = H(x)) + o(1)
= H"™(x;) + o(1).

We have once again arrived to a contradiction, this time with the choice of {n;} and
{xk}. O

The above proposition yields immediately the following useful fact.

Theorem 1 Suppose that a stationary sequence {X ;} admits a regular phantom
distribution function G.

Let H be any other phantom distribution function for {X ;}. Then H is also regular
and G and H are strictly tail-equivalent.

Conversely, if H is regular and strictly tail-equivalent to G, then it is also a
phantom distribution function for {X ;}.

Somewhat surprisingly, it is possible to provide a complete description of station-
ary sequences admitting a phantom distribution function and the description is in
terms of natural and verifiable conditions. The following theorem slightly improves
the results of O’Brien (1987) and Jakubowski (1991, 1993), since we construct a
continuous phantom distribution function.

Theorem 2 Let {X ;} be stationary. The following are equivalent:

(i) The sequence {X j} admits a continuous phantom distribution function.
(ii)) The sequence {X ;} admits a regular phantom distribution function.
(iii) There exists a sequence {v,} and y € (0, 1) such that

P(M, <v,) = vy, ©)]
and the following Condition B, (vy,) holds:
sup |P(Mpiq < vn) —P(M, < v,)P(My <v,)| = 0, asn — oo. (10)

P.q€N
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(iv) There exists a sequence {v,} and y € (0, 1) such that Eq. 9 holds and for each
T > 0 the following Condition Bt (v,) is fulfilled:

sup |IP’(Mp+q < v,,) — ]P’(M,, < vn)IP’(Mq < vn)| — 0, asn — oo.

P.q€EN,
p+q<T-n
(11)
(v)  There exists a sequence {v,} and y € (0, 1) such that for some dense subset
QCR*"
IP>(1‘/I[m] = Un) g Vt: te Q (12)

If {v,} is strictly increasing, then a continuous phantom distribution function G can
be defined by

G(x) = y*©,
where
v —x+1, ifx <y,
—x+ n+ Dvggr —nv,
x) = v, <X < Upat, 13
g(x) P v s AT w1 (13)
0, if x > sup{v, : n € N}

If {v,} is not strictly increasing but non-decreasing only, than a slightly more
complicated formula for G is given in Eq. 15 below.

Proof Theorem 1.3 of Jakubowski (1991) establishes the equivalence of (ii) and
(iii). Proposition 2.5 of Jakubowski (1991) gives the equivalence of (iii) and (iv).
Finally, Theorem 2 and Corollary 5 of Jakubowski (1993) prove the equivalence
of (ii) an (v). In particular, Theorem 1.3 of Jakubowski (1991) or Corollary 5
of Jakubowski (1993) lead to a formula for a discontinuous phantom distribution
function

_ 0, ifx < vy,
Gx)={y'" ifv, <x < vup1, (14)
1, if x > sup{v, : n € N},

where v, is a non-decreasing sequence obtained in a simple way from the original
one (see Lemma 1 in Jakubowski (1993)). For non-decreasing {v, } we can have that

VI =02 =" =Up < Upi+l =VUp42 = """ =Up,
< Up2+1 = Up2+2 —_ ... = Up3
< Uptl S Vg2 = 00 = Upegyn < Upgi+l -
for some sequence p; < p < .... Notice that G jumps only at points vy, , k =
1,2, ... and the other elements of the sequence {v,} are not used in the construc-
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704 P. Doukhan et al.

tion of G. We then construct a confinuous phantom distribution function by setting
G(x) = y8™ where

Vp, —x +1/p1, ifx < vy,

) 1/px, if x = v,
) = linearly between vy, and vy, k=1,2,... (15)
0, if x > sup{v, : n € N}

By the very definition we have
5()6) =0<Gkx) < é(vm), ifx <wvp,
Gp) =G(x) < G) < Gup,,), ifvp <x<uvp,,,
5(x) =1=G(x), ifx > sup{v,; n € N}.
We have to prove that _
G" (un) — G"(un) — 0, (16)

for every sequence u, € R, such that u, < sup{v,; n € N}.
Set vy, = —oo and let k, € N be such that

Upy1 < Un < Vp,, n€N.
If k,» = 1 along a subsequence n’, then

|G" () = G ()| = G () < y"/P1 = 0.

Hence we can assume that k,, > 1, n € N. Then
|G" (un) — G™(un)| < G"(vp,,) — G"(vp,, ) = R(n).
Suppose that along some subsequence n” we have n’(l — é(v P, )) — 00. Then
R <G" (vl’kn/) — 0.
If, on the contrary, n(l — 5(v[,kn )) < K < o0, then

Rm) < n(Gup,) — Gy, ) =nAG(vp, )

AG(vp,) ~ AG(vp,)
= — Pl y(1-G K——s—"—
1 — G(vpkn)n( W) = 1-G(vy,)

’

for G is regular and therefore Eq. 4 holds. Hence Eq. 16 is always satisfied.
When {v,,} is strictly increasing, Eq. 15 simplifies to Eq. 13. The theorem has been
proved. O

Remark 1 The above theorem states that an i.i.d. sequence {X;} with regular
marginal distribution function F admits a continuous phantom distribution function
G. Thus from the point of view of limit theorems for maxima of i.i.d. sequences we
can assume that the marginal distributions are continuous. We do not know whether
such a reduction is always possible for weakly dependent stationary sequences.

The other consequence is that in every class of strict tail-equivalence of a regular
distribution function F' one can find a continuous representative G.
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Phantom distribution functions 705

Remark 2 Tt is important that F does not need to belong to the domain of attraction
of any extreme value distribution, while the corresponding sequence {v,} can have a
quite regular form and be suitable for estimation. To see this, let us consider an i.i.d.
sequence {X ;} with a super-heavy tail, e.g.

1 — F(x) = x/vlogx o 1

Since for any ¢ > 0 we have x ~¢/1— F(x) — 0 as x — 00, there are no normalizing
sequences a, and b, such that

]P’(max X; < anx+bn> — G,(x), x €R,
I<j=<n

where G, is the standardized extreme value distribution with the extreme value index
p € R (see (de Haan and Ferreira 2006), Theorem 1.1.3). On the other hand, if we

set v, = nl%8” then F"(v,) — e .

Remark 3 1t follows from (iii) or (iv) in the above theorem that the asymptotics of
maxima of weakly dependent stationary sequences is fully determined by the behav-

ior of IP’(Mn < v,,) along a single sequence of levels {v, }. In particular, if Eqs. 9 and
10 hold and

F"(v,) = exp ( —n(l — F(v,,))) +o(l) =y €(0,1), a7
then {X ;} admits a phantom distribution function G(x) = F ? (x), where

1
g — o8Y
logy’
is the extremal index. Notice the simplified (a single sequence!) form of our approach
to the extremal index.
In the next result we shall cover also the case # = 0 and obtain the final general-

ization of formula (4.2), p. 380 in Rootzén (1988), which was originally derived for
Markov chains with regenerative structure.

Theorem 3 Suppose that a stationary sequence {X ;} with a regular marginal distri-
bution function F admits a regular phantom distribution function G. The following
are equivalent:

(i) The sequence {X j} has the extremal index 6 € [0, 1].
(i1) There exists the limit
. 1=-G)
1 ——(=0). 18
Jm e & (18)
(iii) There exist: a sequence {v,}, v, /' Fy, and numbers y € (0, 1), ¥’ € [0, 1)
such that

lim G"(v,) — y, lim F'(v,) =y (19)
n—0oo n—0oo

If the limits in (iii) do exist, then = llggg;//, ify' >0and6 =0ify’ =0.
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706 P. Doukhan et al.

Proof First suppose that the extremal index exists and is equal 8 € (0, 1]. This means
that F9 is another phantom distribution function for {X j}. By Theorem 1 F % and G
are strictly tail-equivalent. Hence
1-Gx) . 1-Gx) 1-Fx)
im ——— = lim =
x—>F—1—F(x) x=F—-1—F/(x) 1—F(x)

Conversely, if the above limit is 6, then G and F f are strictly tail-equivalent. More-
over, by (ii) in Proposition 1 this is equivalent to the existence of y € (0, 1) and
a non-decreasing sequence {v,} such that G"(v,) — y and (FY'(v,) — y, or
equivalently F”(v,) — y'/? = y’. This proves the theorem in the case 6 € (0, 1].

Now suppose that the extremal index of {X} is 0. Since we assume that F is
regular, there is a nondecreasing sequence {u,} such that n(l — F (un)) — 17> 0.
By the definition of the extremal index 6 = O this implies G"(u,) — 1 or n(l -
G(un)) — 0. Now we follow the proof of Proposition 1. Take x,, ' F, and define
numbers m,, by

Um, = Xn < Um,+1-

Then mn(l - F(x,,)) — 7 while mn(l — G(un)) — 0 and so
1-G(x,) . ma(l = G(xp))

im —=lim ———— = =
n—oo 1 — F(x,) n—00 mn(l — F(xn))

Since x,, /' F was arbitrary, Eq. 18 follows.
Now assume Eq. 18 and suppose that G"(v,) — y € (0, 1) for some sequence
vy,. If along some subsequence {n;}

supnk(l — F(vnk)) <M < +o0,
k
then for 1 > § > y and large k
1 >8> G"™(vy) = exp ( —nr(1 — G(vnk))) + o(1)
= exp (= n(1 = F( )70 TE 0 o
exp (_M(l—G(vnk»/(l—F(vnk>))) +o(l) > 1.

v

This is a contradiction and so n(1 — F(v,)) — oo and Eq. 19 follows with " = 0.
It remains to show that Eq. 19 with given {v,}, y € (0, 1) and y’ = 0 implies that
the extremal index is 0. First notice that for each t > Q0 and as n — oo

G"(vy) = (G"(vy))" +o() = y' +o(D). (20)
Then observe that y’ = 0 gives

n(l = F(vy,)) = oo. (21)
Now suppose that for some 7 € (0, +00)
n(l — F(u,)) — t, (22)
and along a subsequence {ny}
Jim G" (un) = B < 1. (23)
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Phantom distribution functions 707

Take ¢ > 0 so small that y* > B. By Egs. 23 and 20
lim G™(uy) =B < y' = lim G™ (vju, 1)
k— 00 k— 00

It follows that eventually u,, < v[,, /], hence by Egs. 21 and 22

400 >717 = lim nk(l — F(unk)) > limsupnk(l — F(U[nk/z]))
k—o0 k—o00

v

li;nsup(l/l)[nk/f](l - F(U[nk/t])) = oo.

We thus obtained a contradiction and so lim,,_, o IP’(Mn < u,,) =G"(up)+o(l) =1
for any sequence satisfying Eq. 22. O

Remark 4 Condition By, (v,) is considered here for its elegance and concise form.
Theorem 2 shows that it is a synonym for the statement “Condition Bt (v,) holds
for each T > 0”. And it is the latter that is checkable in most models, as shown in
Section 5.

Remark 5 O’Brien (1987) introduced Condition AIM (v, ) which was the direct inspi-
ration for our Conditions By, (v,,) and By (vy). A stationary sequence {X ;} is said to
have asymptotic independence of maxima (AIM) relative to a sequence {v,} of real
numbers if there exists a sequence r,, of positive integers with r, = o(n) such that
max |]P’(M,, < Vs Mpgr ptrtq < vn,) — IP’(M,, < v,,)IP’(Mq < v,,)| — 0,

p-q.r=rn,
pt+r+q=<n

as n — oo, where M, , = max;;<j<n X;.

We prefer conditions like B, (v,;) and Br (v,,) for three reasons. First, as we could
see above, they are necessary and being independent of any separating sequence r,
are much more convenient in theoretical considerations. Second, finding the proper
length of the separating gap r,, does not need to be easy, as the proofs given in Section
5 show. And finally - the name AIM is misleading, for there might be no asymptotic
independence at all, as it is demonstrated by the following theorem.

Theorem 4 There exists a stationary sequence {X ;} which admits a continuous
phantom distribution function, has the extremal index 6 = 0 and is non-ergodic.

Proof We shall construct {X ;} as a mixture of i.i.d. sequences. Let £2 = N x R*®
and let IT((k, x1, x2,...)) =k, X;((k, x1,x2,...)) = xj,for j =1,2,.... Choose a
strictly increasing sequence {v,} € R and for k € N define a purely jump distribution
function Fj by

0 ifx<vkz,
Fk(x)_{l—l/n ifv, <x < vy, n> k%
Now set
1
PUI=k)=—, k=1,2,...,
( ) k(k +1)
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708 P. Doukhan et al.

and define the conditional distribution of (X1, X3, ...) given IT = k as a product
Wik X g X g X - - -, where the probability measure p; corresponds to the distribution
function Fy.

We have

o0
P(M, < v,) = ) PUT = ) F (va)
k=1
and for each k

Fy (vp) = exp(—n(1 — Fi(vp))) + o(1).
But

n(1 = Fi(vy)) = n([(k > i)+ (/) (k < ﬁ)) — 1if n is large enough,
and so

P(M, < v,) — exp(—1).
Similarly, for each t > 0

o0
P(Miy < va) = Y PUT =k F"(v,)
k=1

o0
= Y PUT = k)exp(~[nt](1 = Fr(u))) +o(1)  (24)
k=1
— exp(—1).
Hence it follows from Theorem 2 (v) that {X ;} admits a continuous phantom distri-
bution function G given by Eq. 13 with y = e~ !. In particular G" (v,) — y € (0, 1).
In view of (iii) in Theorem 3, {X ;} has the extremal index § = 0 provided n]P(X 1>
v,,) — 00. This is so, indeed.

nP(X1 > v,) = ZP(U =k)n(l — Fi(vp))
k=1

> 1
= n;m(u(k > )+ (1/m k< Vi)

00 1 [Vn] 1
D ST, S
- k(k+1) P k(k+1)

n

To complete the proof let us notice that any set {IT = k} is invariant for our
stationary sequence and so {X ;} is non-ergodic. O

3 Phantom distributions for regenerative processes

Stochastic processes with regenerative structure provide a natural framework for
comparison with some i.i.d. sequence. We refer to Chapters VI and VII in
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Asmussen (2003) for a general theory of regenerative processes. Here we shall adopt
a minimal formalism, corresponding to limit theorems for maxima. Suppose that
there exist integer-valued random variables 0 < Sp < S < S» < -- -, representing
“regeneration times”. Denote by

Wo = So, Wi = S1 — So, Wa = 82— S81,...,
the length of the consecutive regeneration cycle and by

Yo= max X;, Y= max X;, Y= max Xj,...
0<j<So So=<j<Si S1=j<$2

the maxima over the regeneration cycles. We assume that

(Wo. Yo), (W1, Y1), (W2, Y2), ..., are independent,

(Wl, Yl), (Wz, Yz), ..., are identically distributed. (26)

With this notation we have the following variant of Theorem 3.1 in Rootzén (1988).

Theorem 5 If u = EW| < 400 and

I<j=<n

IP’(YO > max Yj> — 0, asn —> o0, 27

then {X;} admits a continuous phantom distribution function if, and only if, the
distribution function of Y1 is regular.

In such a case G(x) = P/ “(Yl < x) is a regular phantom distribution function
Sfor {X;}.

Proof Rootzén (1988), p. 375, proves that

sup [P(M, <x) — G"(x)| = 0, asn — oo.

xeR
If P(Y) < x) is regular, so is G(x) = P/#(¥; < x), hence {X;} admits a regular
phantom distribution function and by Theorem 2 also a continuous phantom distribu-
tion function. Conversely, if {X;} admits a continuous phantom distribution G'(x),
then by Theorem 1 G(x) is regular and so IE”(Yl < x) = GH*(x) is also regular. [

It follows from the above theorem that even if we are given a regenerative struc-
ture and are able to check both Eq. 27 and EW; < 400, we still need additional
information in order to obtain the regularity of the distribution of the maximum over
the cycle. In formulas Eqgs. 28 and 29 below we show how to do that for Lindley’s
processes with subexponential steps.

Example 1 (Lindley process)
In general we follow (Asmussen 1998), but we have changed the notation to
comply with the rest of our paper. Let

X=X +2)", j=12...,
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where Z1, Z», ... are i.i.d. with a distribution function H and mean —m < 0 and X
is independent of {Z;} and distributed according to the unique stationary distribu-
tion F'. Suppose that H is subexponential, i.e. strictly tail-equivalent to a distribution
function B(x) concentrated on (0, o) and such that

1 — B*2(x)

— 2, as x — Q.
1 — B(x)

Then {X ;} is a stationary process with regenerative structure {(W;, Y;)} satisfying
Eq. 26 and u = EW; < oo. In particular, Theorem 5 applies to {X;}.
Moreover, Theorem 2.1 of Asmussen (1998) shows that

]P(Y 1> x)
n(l—H)
It follows, that G(x) = PV “(Y 1 < x) is strictly tail-equivalent with H (x). The

regularity of H is implied by the subexponentiality. Indeed, it is well-known (see e.g.
Lemma 1.3.5 in Embrechts et al. (1997)) that for each y > 0

— 1, asx — oo.

1ZHE =Y 1 x5 oo (28)
1 — H(x)

Hence we have for any y > 0

<1—H(x—)<l—H(X—y)
~ 1—Hkx ~— 1—H®

— 1, asx — oo. 29)

So far we have established that H is a regular phantom distribution function for
{X}. Notice that this means

]P’(max X; gx) —P(max Z; §x>
I<j<n I<j<n

In order to prove that {X;} has the extremal index 0, we can apply our Theorem 3
(ii). Following (Asmussen 1998) let us invoke the known asymptotics of the tail of
the stationary distribution F'. By Embrechts and Veraverbeke (1982) we have

sup — 0, asn — oo.

xeR

l—F(x)N%/oo(l—H(u))du, as x — oo,

what is heavier than 1 — H (x) for subexponential H:

1—H(x)

—— — 0, asx — oo.
1—-F(x)

Remark 6 Lindley’s process is a simple model which allows (almost) explicit calcu-
lations of basic characteristics. In general such situation is very seldom. Therefore the
indirect methods of construction of a phantom distribution function, presented in the
next section and based on mixing Condition By, (v;,) and properties of the marginals,
seem to be more applicable.
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4 Phantom distribution functions for weakly dependent sequences
4.1 Coefficients of weak dependence

The unified contemporary approach to the weak dependence, developed in
Dedecker et al. (2007), consists in establishing specific bounds on covariances
between classes of functions. The general framework is as follows.

Fors € N, let M® be the family of all bounded measurable non-constant functions
f on R’ satisfying

sup [f(x1,x2,...,x0)] < L.
(x1,%2,...,x5 )RS

Define also the Lipschitz coefficient M* 5 f + Lip f € Rt U {+00} as
Lip f = sup |f()’1,-.-,ys)—f(xl,---,xs)l.
(V15eens V) A (X1, Xs) ||Y1 — X1 ” +-+ ”ys - xs”
Finally, set M = Ugen M.

In general we will say that a time series {X ;} is e-weakly dependent, if there exists
a mapping

Y. Mx M—R"
such that
|Cov (f(Xiys ..o\ Xi)o g(Xjys -y X))
Ye(f, &)

where the supremum is taken over all pairs of functions f € M?*, g € M’ and sets
of indices

€(r) =sup

—> 0, asr — o0, (30)

i1<ib<-Sis<j1<jp<-=]
with a gap of size r:
J1—is >

By selecting a mapping W, we obtain various coefficients of dependence.

W (f.g) =4, e(r)y=a(r)  (a — mixing).
Yy(f,g) =tLipg, €(r) = 6(r) (6 — dependence).
v, (f,g) =sLip f+tlLipg, €(r) = n(r)(n — dependence).
Y (f,g) =stLip f -Lipg, €(r) = k(r)(x — dependence).

U, (f,g)=sLipf+tLipg+stLipf-Lipg, €(r)=A(r)(A— dependence).

Notice that «-mixing (often called also strong mixing) and 6-dependence
are causal, in the sense that they provide a bound for covariances with arbi-
trary measurable function f of the past, while n,k or A—dependencies are
non-causal.

4.2 Stationary o-mixing sequences with a continuous marginal distribution

Theorem 6 If {X;} is a stationary a-mixing sequence with continuous marginals,
then it admits a continuous phantom distribution function.
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Proof is given in Section 5.3. U

Example 2 (Random walk Metropolis algorithm with heavy-tailed marginals)

Let {Z;} is an ii.d. sequence with the marginal distribution function H given
by the proposal density h, which is symmetric about 0, and let {U;} be an i.i.d.
sequence distributed uniformly on [0, 1], independent of {Z;}. Choose and fix the
target probability density f(x).

Let us consider a Markov chain given by the recursive equation

Xjip1 =Xj+ZjmUjp < v (X, X+ Zj)} (31)
where ¥ (x, y) is defined as

_ [min{fG/feo, 1} if f(x) >0,
Y(x,y) = { 1 if F(x) = 0. (32)

Standard arguments based on the detailed balance equation f(x)¥(x,y) =
FO)Y(y, x) and the assumed symmetry of 4 show that f is the density of the
stationary distribution function F for {X;}. We refer to Roberts et al. (2006)
for discussion, references and a background relating such Markov chains to the
well-known random walk Metropolis algorithm and Markov Chain Monte Carlo
methods.

Here we focus on the problem of existence of a phantom distribution func-
tion for {X;}. Since the marginal distribution function F' is continuous (when we
run the process under the initial stationary distribution F) we can apply The-
orem 6 provided we can verify a-mixing of {X;}. In the literature on Markov
chains it is customary to assume that the chain is “y-irreducible and aperi-
odic” (see e.g. Jarner and Roberts (2007)). But this is almost like assuming
a-mixing itself. Since the transition function for the random walk Metropolis algo-
rithm is relatively simple we decided to provide a particular and suitable for
simulations set of sufficient conditions imposed on /4 and f, in order to con-
vince the reader that any target density exhibiting minimum regularity leads to
o-mixing.

Proposition 2 Suppose the proposal density h and the target density f satisfy the
following conditions.

(i) ThesetS ={x € R; f(x) > 0} is connected.
(i) In some interval [a,b), a < b,a,b € S, f is monotone and without intervals

of constancy of length greater than (b — a) /4.

(iii) & is symmetric around 0 and for some k, > 0

h(x) =z kn, if |x] < (b —a)/3. (33)

Then {X j} is Harris recurrent and aperiodic, and, in particular, a-mixing.
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Proof First we will prove that (ii) implies strong aperiodicity. Indeed,
P(Xj = Xjs1) = P(Uj1 > ¥(X;, X + Zj1))
=E(1 —y(X), Xj + Zj+1))

- FXj+2)) L, | |
= IE(] —f(—Xj)>1{f(X] +Zj) < fXHI{f(X;) > 0}

This expression will be positive if we are able to show that f(X; + Z;) < f(X;)
with positive probability. Assume that f is non-increasing on [a, b] (the other case
is completely analogous). Then f(a) > f(x) > f(b) > 0, x € [a, b], hence

Yx,y) = fD)/f@ >0, x,y €la,b]. (34)
Set for notational convenience n = (b — a)/3 and observe that we have
P(f(X;+Z)) < f(X))) = /dx f(x)/dzh(z) Hf(x+2) < f(x)}
b—n n
> [ dxre [dzhe it < fw)
a 0

2 1 1 5
> f(b)g(b —a)khﬁ(b —a)= Ef(b)kh(b —a)” > 0.

Next we shall choose a “small” set. Set C = [a@ + 1, b — n]. Notice that x € C and
z € [-n, n] imply x + z € [a, b] and by Eq. 34

Yx,x+2) > f(D)/f(a).

Denote by P(x, B) a regular version of the conditional distribution ]P’(X,,H €
B|X, = x). We have for B C Candx € C

P(x,B) SB(x)/dZ h(z)(1 = (x, x +2)) +/dz h(2) 1y (@)Y (x, x + 2)

IV

n
/dzh(z) 13, (DY (x,x+2z2) > kh/ dz1p_ (DY (x,x +2)

-n

v

n
kh(f(b)/f(a))/ dzlp_x(2) = kct(B —x) = kcAl(B),
-n

where £ is the Lebesgue measure and the next-to-last equality holds because B —x C
C—-C=[-nnl

It is then a routine (although not straight-forward) application of Theorem 13.3.4
(ii) from Meyn and Tweedie (2009) (with d = 1) or Theorems 21.5 and 21.6 from
Bradley (2007) that gives us o-mixing of {X;}. O]

We have proved that any random walk Metropolis algorithm built upon functions
h and f satisfying conditions (i)-(iii) of Proposition 2 admits a continuous phantom
distribution function.

It is interesting that in a wide class of target densities the extremal index of the
corresponding Metropolis Markov chain is zero. Theorem 3.1 of Roberts et al. (2006)
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asserts that this is the case when the target distribution function has the property that
for some m > 0 {_F
—Fu-+m

lim I-Flutm =1 (35)
u— 00 1 —F(u)
Remark 7 Random walk Metropolis algorithms are easy for simulation. Therefore
their partial maxima can be used as a natural reference for processes which admit
phantom distribution functions, but their extremal index is zero. To be more precise,
with each random walk Metropolis algorithm {X ;} we can associate all stationary
processes {X }} such that for some 6 € (0, c0)

sup|IP(max X’~§x>—}P’9(maX Xj§x>|—>0, asn — oo.

xeR \l=j=n ’ 1<j<n

Following Jakubowski (1991) we can say that {X ’l} has the relative extremal index

6 with respect to {X ;} and we can investigate asymptotic properties of {M,’l} through
those of {M,,}.

Remark 8 Our random walk Metropolis algorithms admit regenerative structures,
similarly to the Lindley process. The difference is that it is rather hopeless task to
provide a detailed description for the tail probabilities of the cycle maximum {Y;}.
We know, however, by Theorem 5 and Theorem 1 that pl/n (Y 1 < x) must be strictly
tail equivalent to the phantom distribution function obtained through our Theorem 6.
This distribution function can in turn be recovered form the driving sequence {v,}
(such that lim,—, oo P(M,, < v,) = y, see Eq. 13). Thus if we are able to estimate
the shape of the sequence {v,} we are also given some information on the tails of the
cycle maximum. Moreover, this relation brings some insight into the interpretation
of the phantom distribution function when the extremal index is zero.

4.3 Concentration assumption and weak dependence

The cases of other dependencies are not as simple as «-mixing and require an
additional assumption on the marginal distribution function F.

Concentration assumption There exist constants » > 0 and B > 0 such that

P(X € (x,x +ul) = F(x +u) — F(x) < Bu’, x e R,u > 0. (36)

Remark 9 The concentration assumption is not very restrictive in the class of abso-
lutely continuous distributions. For example, if F' has a bounded density p, then Eq.
36 holds with b = 1 and B = sup, p(x). Another example is provided by the Beta
density
xc—l(l —)C)d_l o1
px) = Be.d) , x €(0, 1),
with 0 < ¢,d < 1. In this case b = ¢ A d. Notice that only b < 1 is possible.

The following theorems are proved in Sections 5.4 — 5.6, respectively.
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Theorem 7 If {X;} is a stationary sequence with continuous marginals satisfying
Eq. 36, which is 0-weakly dependent and fulfills

l+2ﬁ<1+%>’

then it admits a continuous phantom distribution function.

o) =0 (r_’g) , forsome f >

Theorem 8 If (X} is a stationary sequence with continuous marginals satisfying
Eq. 36, which is n-weakly dependent and fulfills

1
n(r) =0¢P),  forsome B > 2(1 + Z)’
then it admits a continuous phantom distribution function.

Theorem 9 If {X;} is a stationary sequence with continuous marginals satisfying
Eq. 36, which is k-weakly dependent and fulfills

k(r)=0G"P),  forsomeB > (1+ \/§)<1 4 §>,

then it admits a continuous phantom distribution function.

Remark 10 An inspection of the proof of the above theorem shows that it remains
true if we replace «- with A-weak dependence.

4.4 Discontinuous marginals

Let us rewrite first a part of the regularity condition Eq. 4 in the form of
Condition A

AF(x)
im —— =
x—>F—1— F(x)
where AF(x) = F(x) — F(x—). We will also need a stronger version, defined for

&E>0.
Condition A¢

0, (37)

sup (x) <Mp +00 (38)
= < )
x<Fy— (] I (x))] § o

Theorem 10 Let {X;} be a stationary, a-mixing sequence with marginal distribu-
tion function F, which is continuous at Fy. Then it admits a continuous phantom
distribution function provided:

(1) (X} is m-dependent (i.e. a(m + 1) = 0) and F satisfies Ao;
(ii) For some constants C > Q0 and p € [0, 1) we have a(n) < Cp" and F satisfies
Ag for some & > 0;
(iii) For some constants C > 0 and B > 0 we have a(n) < Cn=P and F satisfies
Ag for some & > 1/B.
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Remark 11 See Jarner and Roberts (2007) for conditions giving the polynomial rate
of @-mixing in random walk Metropolis algorithms.

5 Proofs of Theorems 6 — 10

5.1 Basic computations involving covariances

Let {X;} be a stationary sequence of real valued random variables with a marginal
distribution function F. Take y € (0, 1) and define

vy = inf{x; P(M, <x) = y}. (39)
Clearly, {v,} is a non-decreasing sequence and we have
P(My <vp) = y. (40)
Lemma 1 Set
Zir(m) = max{X,,, Xom, - -, Xim}, k,m € N. 41)
Ifk -m < n then
y < P(My < v,) < P(Xy < 0,)" +KCp(m; ), 42)
where
Cnlem; k) = max. [P(Zj(m) < va) = P(X1 < va)P(Zj-1(m) < v,)|.

Proof If k - m < n, then

v = P(My < vy) < P(Mpn < vy) < P(Zi(m) < v,)

< P(Xim < vn)P(Zi—1(m) < vp)
+|P(Zr(m) < va) = P(Xim < va)P(Zr—1(m) < vy)|

< P(X1 < ) P(Zkoa(m) < va) + Cu(ms k)
+P(X1 < ) [P(Zi—1(m) < vp) = P(Xk—ym < va)P(Zr—2(m) < v,

< P(X1 < vn) P(Ze—2(m) < vy) +2C, (m: k)

< o <P(X) < 0,) +KCp(m; ).

This concludes the proof. O

Proposition 3 Ifk, — oo and m,, € N is such that k, - m,, < n and
knCp(my; ky) — 0, asn — oo, (43)

then
supk,P(X1 > vy) < +o0. (44)
n
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Proof For sufficiently large n we have k,,C,,(m,,; k) < y /2. For such n relation Eq.
42 gives
kn
Since {v,} is a non-decreasing sequence, ¢ = lim;,_, IP’(X 1 < v,,) exists, and
y/2 < c*, n e N. It follows that ¢ = 1 and for sufficiently large n

kn]P’(Xl > v,,) ~ —k,In (]P’(Xl < vn)) <In3 —Iny.

5.2 Checking Condition Bt (v,)

Proposition 4 Let {X ;} be a stationary sequence and {v,} be a sequence of levels.
Suppose {r,} is such that

rnIP’(Xl > vn) — 0. (45)
Then Condition Bt (vy,) holds iff for all sequences p, > ry, and qn, pn +qn < T - n,
Cov(hn (Mpfl_rn)’ hn (M[’nipn'l-%)) — O’ (46)

where h, (x) = 1(x < v,) and Mp.y = max,<j<4 X ;.

Proof Condition Bt (v,) is equivalent to the statement that for arbitrary sequences

{pn}, {gn} C N satisfying p, + g, < T - n we have
P(Mp,+q, < vn) =P(Mp, <va) P(Mg, <vy)+o0(1). (47)

Let {r,} satisfies Eq. 45. First let us prove that Eq. 46 implies Condition Br (vy).
Take any {p,} and {q,} satisfying p, + g, < T - n. Suppose that p,, < r,/ along
a subsequence {n'}. Then we have P(M,, , < vy) > P(M, , < v,) — 1as well as

0<P(My, <vy) — P(Mp,1q, <vw) <P(M,, > vy)
< P(M,n/ > vn/) < rn/IP’(Xl > vn/) — 0,
And so
P(Mp, +q, < vw) = P(Mg, <vw)+o(l)
= P(M,, < vy)P(My, <va)+o(D).

Hence along the subsequence {n'} Eq. 47 holds. So we may and do assume that
Pn > 1y, n € N. Similarly as above we obtain

P(Mp, < va) = P(Mp,—, < va) +o(1). (48)
P(Mp,1q, < vn) = P(Mp,—r, < Vn, Mp,:p,4q, < vn) + o(1). (49)
We have
P(Mp, gy < vn) = P(Mp, < vn) P(My, < vn)
=P(Mp,—r, < vn. Mp,:p,+q, < 0n) = P(Mp,—r, < va)P(My, <vy)+o0(1)
= Cov(hn(Mp,—r,), hn(Mp,.p, +4,)) —> O. by Eq. 46

A
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Thus under Eq. 45 Condition Bt (v,) is implied by Eq. 46.
To prove the converse implication take any p, > r, and g, such that p, + g, <
T - n and observe that by Egs. (48) and (49)

Cov(hn(Mp, 1), ha (M, p, 44,))
= (COV(hn (Mpn)v hn(MPn5pn+‘1n)) + 0(1) — 0. by (47)

O

Corollary 1 If{X;} is stationary and a-mixing and {v,} is such that ]P’(Xl > vn) —
0, then Condition B (vy,) holds.

Proof Take any {r,} C N, r, — oo such that r,’(X; > v,) — 0. Then
|(C0V(h"(MPn—Fn)’ hn(Mpn:pn+q,L))| <a(ym) — 0,
O]

Remark 12 Throughout this section the levels {v,} are given by formula (39). For
such sequences {v,} there is no a priori reason for IP’(X 1> v,,) — 0. Moreover,
it is also important to know how fast P(X; > v,) — 0. Proposition 3 shows
how to answer both questions if we are given estimates for covariances of suitable
functionals of {X ;}.

The next result demonstrates how Proposition 3 works in the simplest case of
o-mixing.

Proposition 5 If {X;} is stationary and o-mixing and {v,} are defined by Eq. 39,
then kyo(my) — 0 implies

supk, P(X| > v,) < +o00.
n

In particular, if a(r) = O P), for some B > 0, then for every § < /(1 + B) we
have
lim n°P(X; > v,) = 0. (50)

n—oo

Proof By stationarity, the very definition of a-mixing and with Z;(m) defined by
Eq. 41

[P(Zjm) = v2) = B(X1 = 0)P(Z-10m) < v,)| =
= ’P(Zj—l(m) =< Up, ij =< Un) - ]P(ij =< vn)P(Zj—l(m) = Un)
< a(m).

It follows that C,,(m; k) < a(m) and by Proposition 3 k,a(m,) — 0 implies the
boundedness of k,P(X| > v,).
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Now suppose that 0 < § < 8/(1 + B). Choose & satisfying § < &' < B/(1 + B).
Setk, = [n%] ~ n% and m,, = [n/k,] ~ n'~% . Then

kna(mn) = O(I’la/(l’lliy)iﬁ) = O(na/(l+/3)*ﬁ) —50.
Hence sup, ”S,P(X 1> v,,) < 400 and so Eq. 50 holds. 0

Remark 13 «-mixing gives direct estimates for both the covariances in Eq. 46 and
the quantities C, (m, k) in Proposition 3. The other coefficients of weak depen-
dence defined in Section 4.1 provide estimates for smooth (Lipschitz) functionals of
{X}. Therefore, similarly as in the proof in Lemma 4.1 page 68 in Dedecker et al.
(2007), we will consider a natural 1/u—Lipschitz approximation #, , of the function
hp(x) = 1{x<y,), Which is given by

1 if x < vy,
hpuy(x) =1 —(1/u)(x —v,) +1 ifv, <x < v, +u, (@28
0 if x > v, + u.

We have then two basic estimates for C, (m, k).

Lemma 2 Let (X ;} be stationary and F satisfies Eq. 36 with some constants B, b >
0.Set Yy ; =hy(Xp)--hy(X(j—1ym) = I(ijl(m) < vn), where Z j(m) is defined
by Eq. 41. Then

C,(m, k) < max
2<j<k

(Cov( n,js nu(X]m))‘ + Bub.

Proof We have

‘P(zj(m) < va) = P(Xjm < va)P(Zj10m) < v,)| = ‘@ov(yn,j,hn(xjm))‘
= |COV(Yas na X)) |+ [COV (Yoo (X j) = e X))
< |COV(Yaj Fin X)) | + Bl (X ) = s X )|
< |COV(Yajs X)) | + (F o+ ) = F(w)
< |Cov(Yu,j, hnu(Xjm))| + Bub.

O

Lemma 3 Let {X;} be stationary and F satisfies Eq. 36 with some constants B, b >
0. Then

‘(Cov(hn Mp,—r,)s hn(Mp,:p,+q, )) ‘

= ’COV(hn(Mp,,fr,,)a hn,u(Mpn:pn+q,,))’ + B‘]nub~
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Proof Similarly as before

‘(COV(hn(M ,L—r,l)7 hn(Mpn:pn-i-qn))‘ = ’(COV(hn(M n—r,l),hn,u(Mpn:pn+qn)))

o+ |Cov(t (M, 1) (M40, = e M )|

IA

COV(hn (Mpn_rn)’ h",M(MPniPn-Fqn))‘ + ]P(Un < Mpn:pn""qn S Unt M)

IA

COV(hn(M w—rn)s Ponu (M n:p,,Jrqn))‘ + anub.

Lemma 4 [In assumptions and notations of Lemma 2 we have

Coltm, k) = max. |Cov(lty(Z—10m). hu(Xjm)) | + Blu”.
=)=

Proof
|Cov(Yn.js hn(Xjm))|
< |Cov(Ya,j» huu(X jm))| + |COV(Yajs hn (X jm) = B (X jim)) |

< |Cov(Ya,j = huu(Zj—1(m)), by (X jm))|

(€0 (Zj1 0. I X)) | + i X jn) = X j)|
< E|Ynj — huu(Zj—1m)| + |Cov(hnu(Zj—1(m)). b (X jm))| + Bu”
<P(va < Zj-1(m) < v, +u)

+ |Cov(hnu(Zj—1(m)), hnu(Xjm))| + Bu®
<= DP(va < X1 < vy +u)

+ | Cov(hnu(Zj—1(m)), hn (X jm))| + Bu®
< |Cov(hnu(Zj-1(m)), hnu(X )| + j Bu?.

O]

Lemma 5 Let (X} be stationary and F satisfies Eq. 36 with some constants B, b >
0. Then

‘(Cov(hn(M u—rn)s i (M n:pn+qn))‘

< ‘Cov(hn,u(Mpnfrn)a hn,u(Mpn:pn+q,,))’ + B(Qn + Pn)ub-
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Proof
[Cov(a My, 1), M, 5)|
< ‘Cov(hn(M —rn)s B (M5 va,) — (M n3Pn+(1n)))’
+ [Cov(hn(Mp, 1) = hnu(Mp, 1), hn,u(M[?nIPn'H]n))‘

| Cov (M, 1), M p44,))|
<P(vn < Mp,.pytgy < Vn+u) +P(vy < Mp,—p, < vy +u)
+ COV(hn,u (Mpn—r,,)a hn,u(Mp,,:pn-‘rqn))’

< (o + a0 B + | CoV(hnuMp, 1), it (M )|

5.3 Proof of Theorem 6

Suppose that {X ;} has a continuous marginal distribution function F'. Let us define,
as in Eq. 39, v, = inf{x; P(M, < x) > y}, for some y € (0, 1). Since F(x) is
continuous, so is the distribution function of M,,, for each n € N. Hence

]P’(M,, < vn) =y, n €N, (52)

and relation Eq. 9 holds. Thus in view of Theorem 2 (iii) or (iv), if we want to find
a phantom distribution function for {X ;} we have to verify either Condition B (v;,)
or Condition By (v,), foreach T > 0.

Suppose that a(r) — 0, as r — 00, and let kK, — 00 be such that k, < /n
and kya(4/n) — 0. Then by Proposition 5 sup, k,,IP’(Xl > v,,) < 400, and so
IP’(X 1> vn) — 0. Hence to check Condition By, (v,) we can apply Corollary 1.

5.4 Proof of Theorem 7

Since F is continuous by the concentration assumption (36), we can define v, by Eq.
39 and then Eq. 52 holds. So it remains to verify Condition Br (v,) for any 7' > 0 or
by Proposition 4 to check Eq. 46 with {r,} such that rnIP’(X 1> vn) — 0.

The coefficient 6 is causal, so Lemmas 2 and 3 are applicable. By the latter and
the very definition of 8 we have

‘COV(hn(M nfr,l)y hn(M n5Pn+(1n))‘
S ‘(COV(hn (M ,l—r,,)a hn,u (Mpn:pn"'qﬂ))‘ + Bqnub
1 b 1 b
<dn (560 +Bu’ ) <T-n( - 6(u)+ Bu
u u

=T(1+ B)-n-0"00) ),
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where in the last equality we substituted u = 6 1/A+b) (.
We look for r,, of the form [n7] ~ nT, for some 0 < t < 1. From the above
estimate we need n - 0%/1+0) () = O(n!—7Bb/(1+b)y 5 ( or

A+b)y/bB) <.

We have to check whether for some t satisfying the above bound nT]P’(X 1> v,,) —
0. By Proposition 3 it is enough to check whether for some 1 — 7 > 6 > 0

nf+5cn <[n1—1’—5]; [nf-‘r(S]) - 0
By Lemma 2 and the trick with substitution u = 6 1/(1+b) (m) we have
1
Cn(m; k) < —=0(m) + Bu® = (1 + B)oY/ D) (my).
u

So in this case we need n* 19 (nl_r_s)_ﬁ(b/(prb)) = n((T+‘S)(l+b+ﬁb)_ﬁb)/(l+b) -0

or
Bb

< ———.
TSI bt b

For b fixed, T > 0 satisfying both required bounds does exist iff 8 > (1+ %)(p, where

1++/3
0= +2\/_%1.618...

is the Golden Ratio.
5.5 Proof of Theorem 8

First let us observe that A, , (x1 V x2 V - - -V x;) is a 1 /u-Lipschitz approximation of
hp(x1 VX2V Vxj) =1(x; < vy, X2 < Vp, ..., xj < vy,). Indeed, for each j > 1
the functionm ; : (x1,...,x;) = x1 Vx2 V---Vx;is 1—Lipschitz in the sense that
|mj(x) —m;(y)| < |x1 —y1|+---+|x; — y;|. Hence we have LLip (h, , om;) = %

Next we follow the proof of Theorem 7, using Lemmas 4 and 5 due to the non-
causality of the coefficient n. We have by Lemma 5, the definition of 7(r) and the
trick with substitution u = n'/(1+0) (1)

| CoV(n(Mp, 1) (M, 14,)|

)Cov(hn,u(Mpn—r,,)v hn,u(Mp,l:pn—&-qy,))‘ + B(gn + Pn)ub

Pnt4q
%n(m) + B(qn + p)u®

IA

IA

<T- n(—n(rn) + Bub) =T(1+B) -n- nb/(1+b)(rn).
u

Setting r, = [n*] ~ n", for some 0 < t < 1, we need, as for 6-dependence,
1+b)/bB) <.

@ Springer



Phantom distribution functions 723

By Lemma 4 and substituting u = n'/ (+40) (1m) we have

Calm. k) = max. |Cov(huu(Z;10m). b (X )| + Blad”

<j<
< max un(m) + Bku®
2<j<k u
—k (M + Bub> — (1 + BYkn?/ 1D ).
u

By Proposition 3 we need for some 1 — 7 > § > 0

nr+5nr+8 (nl—r—a)—ﬁb/(1+b) -0

ort+ 6 < Bb/(2+ 2b+ Bb). For b fixed, t > 0 satisfying both required bounds
does exist iff g > 2 (1 + %)

5.6 Proof of Theorem 9

We follow the proof of Theorem 8. By Lemma 5, the definition of x(r) and the
substitution u = 7'/ @9 (r,,) we have

‘(Cov(hn(Mp,,fr,,), (M p,:p,+,)) ‘

IA

‘(COV(hn,u(Mpn—rn)a hn,u(Mpn:pn—i-qn))‘ + B(Qn + pn)ub
Pn - CIn
u

K () + B(qn + pn)u®

IA

IA

72 (Kirn) + Bu ) — T2(1 + B) - n2 - /@O (1, ).

Setting r, = [n"] ~ n, for some 0 < t < 1, we need n? .k P/CHD )y =
On2TBb/C+E)y 5 0or2(2 + b)/(bB) < T.
By Lemma 4 and substituting u = « '/®*?) (m) we have

Cp(m, k) < max
2<J<

COV(ln(Zj-1 (m)), h (X j) | + Bhu”

D1
max %K(In) + Bku®
2<j<k u

- k(K( )+B ): (1 4+ B)kic?/ D) ).

IA

By Proposition 3 we need forsome 1 —t > § > 0

T, +e (nl—r—a)—ﬂb/(2+b) -0

ort+48 < Bb/(4+2b+ Bb). For b fixed required v > 0 exists iff 8 > 2¢ (1 + %)
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5.7 Proof of Theorem 10

Let us assume that the marginal distribution function F allows jumps. Then the dis-
tribution of M, is also discontinuous. Hence defining {v,} through Eq. 39 we have
only
P(Mn = Un) Y, (53)

and we cannot directly conclude that IP’(M,, < Un) — y.

On the other hand, Eq. 53 is enough for all results of Sections 5.1 and 5.2 to hold.
In particular, following the proof of Theorem 6, we obtain from Proposition 5 and
Corollary 1 that for a-mixing sequences Condition B, (vy,) is satisfied.

To guarantee that IP’(Mn < vn) — y (equivalently: IP’(M,, = vn) — 0), we need
additional assumptions.

By Proposition 5 we have that

knP(X1 > vy) < 400,

whenever k,a(m,) — 0 and k,, — o0, k,m, < n. In particular, if «(m + 1) = 0,
then
sup[n/(m + 1)]IP’(X1 > v,) =L < +o0.
n

If F satisfies Ag, then

P(X; =
P(My = vn) = nP(X1 = v,) =nP(X) > vn)H
n
]P)(Xl =Un)
DL ——L= ) .
<@m+1 ]IP’(XI ) -0

Next let us notice that (ii) is implied by (iii), for if £ is fixed, then the exponential
rate of mixing implies a polynomial rate with arbitrary g > 1/&.
So suppose that a(n) < Cn~#, F satisfies Agand1 < &B.Thenl+& <& 4§

and so ﬁ < IETE Let us choose § such that
1 &
<8< . (54)
1+ 1+¢&

Let m, = [n’] and let k,, = [n/m,]. Then we check that due to § > 1/(1 + f) that
knat(my) < Chymy, =P ~ Cn1=9p=% _ 0.
Hence by Proposition 5
supnl_‘SIP’(X] > v,,) < Ly < +o0.
n
Since § < £/(1 + &) is equivalent to 6/ < (1 — &), we obtain
P(X1 = vn)

IP’(Xl > v,,)H_S
Mrgn' P(X) > v)n’P(X1 > v,)°

P(My, =vy) < nP(X) =v,) = nP(X; > vn)H—S

IA

&
MF,,;’:Lz(n‘S/S]P’(Xl > v,,)) — 0, since n®/¢ = o(nl_‘s).

IA
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