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Abstract

Approximations of the critical values for change-point tests are obtained through
permutation methods. Both, abrupt and gradual changes are studied in models of
possibly dependent observations satisfying a strong invariance principle, as well as
gradual changes in an i.i.d. model. The theoretical results show that the original
test statistics and their corresponding permutation counterparts follow the same
distributional asymptotics. Some simulation studies illustrate that the permutation
tests behave better than the original tests if performance is measured by the a- and
[-error, respectively.
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1 Introduction

A series of papers has been published on the use of permutation principles for obtaining
reasonable approximations to the critical values of change-point tests. This approach
was first suggested by [I] and later pursued by other authors (cf. [7] for a recent survey).
But, so far, it has mostly been dealt with abrupt changes and independent observations.
In many practical applications, however, smooth (gradual) changes are more realistic,
so are dependent observations.
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1 Introduction

In this paper, we shall discuss the use of permutation principles in the three models
of a gradual change in the mean of i.i.d. observations, an abrupt change in the mean
or variance of a stochastic process resp. a gradual change in the mean of a stochastic
process under strong invariance.

1.1 Gradual change in the mean of independent, identically distributed
(i.i.d.) observations

[8] investigated the following model:

s v
Xz-:wrd<Z m> e, i=1,....m, (1.1)
noJ4

where x; = max(0,z); u, d = dp, and m = m,, < n are unknown parameters, and
el,...,€e, are i.i.d. random variables with

Fe; =0, 0<vare; =0’ (<o), Ele]*™ <oco for some § > 0. (1.2)
The parameter « is supposed to be known.

Note that — in contrast to abrupt changes — the biggest difference in the mean here is
not d, but d (%)'y, and thus depends on n, m and .

One is interested in testing the hypotheses
Hy:m=n vs. Hi:m<mn,d#0.

The following test statistic, which is based on the likelihood ratio approach in case of
normal errors {e;}, has been used:

71) — 1 max ‘Z?:l(l —k)L(X; — Yn)‘
on ISk (S - (S ))

where &, denotes a suitable estimator of o. Asymptotic critical values for the corre-
sponding test can be chosen according to the following null asymptotics (cf. [8]):

Theorem 1.1. Let X, Xo, ... be i.i.d. r.v.’s with var X; = ¢ > 0, and
E|X|>" < oo for some § > 0. Then, for all z € R, as n — oo,

P (anTr(Ll) — On < 1’) — exp (—26_96) ,

where a,, = /2loglogn and B, = Bn(7) is as follows:

1. for vy > %:

1 (2y+1)\"?
Bn = 2loglogn + log <47r (21_1> ;

2. fory= %:

1
On = 2loglogn + 3 log logloglogn — log(47);
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3. f0r0<'y<%:

B 1—2y C}//(27+1)H2'y+1
On = 2loglogn + m log log logn + log ( SR )

with Hy as in Remark 12.2.10 of [I1] (e.g. H1 =1, Hy =1/\/7), and

C :—(274—1)/ 27((x+1)7 — 27 — vz ) da.
0

Moreover, 6, is assumed to be an estimator of o satisfying 6, — 0 =
op((loglogn)™!) as n — oc.

1.2 Abrupt change in the mean or variance of a stochastic process under
strong invariance

This model has been considered by [6]. Suppose one observes a stochastic process {Z(t) :
0 < t < oo} having the following structure:

0 = {at +bY (1) L 0<t< T, 13)

Z(T*)+a*(t —=T*) +b*Y*(t —T*%) , T*<t<T,
where a,b,a*,b* are unknown parameters, and {Y(¢) : 0 < ¢ < oo} resp. {Y*(t) : 0 <

t < oo} are (unobserved) stochastic processes satisfying the following strong invariance
principles:

For every T' > 0, there exist two independent Wiener processes {Wr(t) : 0 < t < T%}
and {W}(t) : 0 <t < T —T*}, and some § > 0, such that, for T — oo,

sup |Y(t) — Wr(t)] = O (Tl/ <2+5>) a.s. (1.4)
0<t<T™
and
sup  [YVH(E) — Wi(t)| = O (Tl/ <2+5>) a.s. (1.5)
0t<T—T*

Moreover, we assume Y (0) = 0 and Y*(0) = 0. It should be noted that only weak
invariance has been assumed in [6], instead of the strong rates of and (L), which
are required for later use here. Moreover, the processes {Z(t)},{Y (¢)}, and {Y*(¢)}
could be replaced by a family of processes {Z7(t)},{Yr(t)}, and {Y;i(¢)}, T > 0, since
the asymptotic analysis is merely based on the approximating family of Wiener processes
{Wr(t)} and {W;(t)}, respectively.

One is interested in testing the hypothesis of "no change”, i.e.
Hy:T"=1T,
against the alternative of ”a change in the mean at T* € (0,7)”, i.e.

Hl(l):0<T*<T and a#a",
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resp. ”a change in the variance at T* € (0,7)”, i.e.
Hl(Q) :0<T*<T and b#Db*, but a=a".

Basic examples satisfying conditions (|1.3])-(1.5) are partial sums of i.i.d. random vari-
ables and renewal processes based on i.i.d. waiting times, but also sums of dependent
observations (for details we refer to [6]).

It is assumed, that the process {Z(¢) : ¢t > 0} has been observed at discrete time points
ti = ti,N = Z%, 1 < ) g N = N(T) Let AZi’T = Z(tz) - Z(tz;l) and AZi,T =
Z(t;) — Z(ti—1) — AZp. The following statistics will be used:

k
1 1 _
Mr = 1<mkEL<XN {\/T?)\T ;_1 (AZi,T - AZT) } ) (1.6)

where AZp = % Zf\il AZ; 7, and

e f =1
resp.
k -
—~ 1 1 —2 —2
Mr = —_— AZ.+— NZ 1
T 1I<I}ca<XN{\/T/c\T ;( T T) }7 (L.7)

—3 9
Where AZT — % Z’fil AZi,T’ and

N N 2
. 1 — 1 S
C% = T E ((AZi,T — AZT)Q — N E (AZI,T - AZT)2> .

i=1 =1

Remark 1.1. The statistic MT uses a slightly different variance estimator 5% than
the one given in [6]. It possesses, however, the same asymptotic behavior, since the
ratio of the two normalizations converges in probability to 1 under the null hypothesis,
and to some positive constant under the alternative (cf. Theorem 4.5.2 in [9]). This
modification is necessary for applying the permutation method below, since, under the
alternative, the permutation statistic (corresponding to the statistic used in [6]) does
not converge to supg<;< |B(t)|, but to ¢ supggiy [B(t)], ¢ > 0, ¢ # 1 in general, where
¢ is the asymptotic ratio of the two variance estimators. Here {B(¢) : 0 < t < 1} denotes
a Brownian bridge.

The following null asymptotics hold under the above conditions (cf. [6]):
Theorem 1.2. If N = N(T) — oo and N = o (T1_2/(2+5)) as T — oo, then, under Hy,

My = sup |B(1)],
0<t<1
where {B(t) : 0 <t < 1} is a Brownian bridge.
Theorem 1.3. If N = N(T) — oo and N = o (T1/2*1/(2+5)) as T — oo, then, under
H07
~ D
My = sup |B(t)],
0<t<1

where {B(t) : 0 <t < 1} is a Brownian bridge.
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1.3 Gradual change in the mean of a stochastic process under strong
invariance

This model has been considered by [14]. Suppose one observes a stochastic process
{S(t) : 0 <t < oo} having the following structure:
1) { O ,0<t< T, 18)
ST 4att—TH+ Yt —-T%) , T <t<T, '

where a, b, b* and {Y (¢)},{Y™*(¢)} are as in modelabove, a*(t—T*) = a(t—T*)+d(t—
)47, d = dp is unknown, ~ > 0 is known. Again, the biggest difference in the mean
here depends on T, T and +, similarly as in the first model . Note that, instead of
(L.4), [14] assumed the following weak invariance principle for the process {Y () : 0 <
t < oo}, namely that, for every T' > 0, there is a Wiener process {Wr(t) : 0 < t < T*}
such that

sup |Y(T*) = Y/(T* —t) — Wep(t)] /t/3F) = 0p(1) (T — ). (1.9)
1<t<T™

The reason is that small approximation rates were required near the change-point T,
but only in a weak sense, whereas we need strong approximations for our permutation
principles below. Here, too, the processes {Z(t)}, {Y (¢)}, and {Y*(¢)} could be replaced
by a family of processes {Zr(t)},{Yr(t)}, and {Y}(¢)}, T > 0.

One is now interested in testing the null hypothesis of "no change in the drift”, i.e.
Hy:T"=T

against the alternative of ”a smooth (gradual) change in the drift”, i.e.
H :0<T*<T, d+0.

Basic examples fulfilling the conditions above are again partial sums of i.i.d. random
variables and renewal processes based on i.i.d. waiting times (cf. [I4] for more details).
As in model we assume that we have observed {S(t) : t > 0} at discrete time points
t; = i%, and set AS; 7 = S(t;) — S(ti—1). The following test statistic is used:

N 72 EkaXN N—Fk . 1 N—k .~\2\1/2’ ’
TbT 1<k< (Z 227_7(2 Z"/) )

i=1 N =1

where AST = % Zf\il AS;r, and /52T = % Zf\il (ASLT — TST)z.

[14] assumed a slightly different weight, which is asymptotically equivalent to the one
used above. However, it turns out, that the above weight gives much better results for
the permutation statistic, which is due to the fact, that it is the maximum-likelihood
statistic under Gaussian errors.

The results obtained in [14] remain valid.

Remark 1.2. The magnitude of d is completely different from that of d in the first
= 1

model. However, d := d(1+ ’y)TTM is comparable to it, which can easily be seen via the

mean value theorem.
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Similar to Theorem the following null asymptotic applies (cf. [14]):

Theorem 1.4. If (1.9) holds, N = N(T) — oo and N = O(T) as T — oo, then, under
Hy, for allx € R:
P (aNT](VZ) — Oy < :c) — exp (—26733) ,

where an = +/2loglog N and By = Bn(7) is as in Theorem (with N replacing n).

2 Rank and permutation statistics in case of a gradual change
under i.i.d. errors

In order to derive distributional asymptotics for the permutation statistics, we shall
make use of the following theorem for the corresponding rank statistics. In the case
«v =1, it was proven by [13].

Theorem 2.1. Let R = (Ry,...,R,) be a random permutation of (1,...,n), and
an(1),...,an(n) be scores satisfying

1< N
- Z (an(i) —@n)* > D1, (2.1)
=1
and
1 n
~ > lan(i) = @n|*" < Dy, (2.2)
=1

where D1, Dy and § are some positive constants, and @, = %2?21 an(i). Then, for fized
v>0and allx € R, as n — o0

P (anTy (a) — By < x) — exp (—2¢77),

where
1 ?: i—k’yanRi —an
T, (a) = —— max ‘Z ;c(. il (713. 2 1)/}2;
opn(a) 1<k<n (i = 2 (X))

Here o2(a) = 1370 (an(4) —ap)?, the variance of an(Ry), an = /2loglogn and
Bn = Bn(7) is as in Theorem[1.1

In the proof of this theorem we apply the following weak embedding;:

Theorem 2.2. Let an(1),...,an(n) be scores satisfying (2.1) and (2.2). Then, on a rich
enough probability space, there is a sequence of stochastic processes ﬁn(kz) 1<k < n}
(n=1,2,...) with
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where (ﬂ'n(l) , (1)) is a random permutation of (1,2,...,n), o2(a) == = >0 (an(i)—
a,)?, @, = * ZZ 1 an (1), and there is a fired Brownian bmdge {B(t) : 0 < t < 1} such

that, for 0 < v < min (ﬁ@),
k(n —k)\" n 1 =~
—1II - B = 1).
s (K=H) s [T — B/ = 00 (1)

The proof goes along the lines of Theorem 1 of [4], by replacing the Hajek-Rényi in-
equality (cf. [4], p. 110) resp. Lemma 3 there with the following lemmas:

Lemma 2.1. Let M(0) =0, M(1),...,M(m), m > 1, be a mean 0, square-integrable
martingale, and a(1) > ... = a(m) >0 be const(mts Then, for 1 <s <2 and A > 0,

1
s—1 . s
P (&122}( a;| M (i)] > )\> 2 E a; E|M (i) — M@G—1)°.

<Is<m

Proof. Confer Lemma 1 in [5], or Lemma 5.1.2 in [9] together with [3]. m

Lemma 2.2. Let an(1),...,an(n) be scores with Y1 | ay (i) = 0, and
(mn (1), ...,m (n)) be a random permutation as in Theorem [2.2) . Then, for 1 <i < n
and 1 < s <2,

E‘Zan(ﬂ'n(])) < 2min (i,n — 1) Z|an
j=1

Proof. Confer Lemma 5.1.3. in [9] and [12]. =
Now we have the tools to prove Theorem

Proof Theorem 2.1 FII‘B’C note that
n—=k n—=k

2
n—~k
nZz%Y (Zﬂ) (n— )Z ﬂ—ﬁz‘f’ +k‘22’27

i=1 j=1 i=1 (2.3)

n—k 1
>k / 2dr =k
0 2y

— k)t
1=k

Now, from Theorem with v = 0, uniformly in & € [1, 5] :

e R (e
—van (&) + o (vA).

Since {\/nB (%) :k=0,...,n} L {W(k) - %W(n) :k=0,...,n}, where {W(t) : t >
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0} is a standard Wiener process, we conclude from the law of the iterated logarithm

o ISR (an(Ri) — @)
O‘n(a) n—logn<k<n (Zﬁflk 2y _ l(zn 1k 7)2) 1/2
= L max ‘ Zl 1 Z’Y _ (l — 1) )Zk H_l(an(RnfiJrl) - an)’

n k<logmn . ) 1/2

o (a) 1<k<log (Zf:l i2v — %(25:1 27)2>
_ | (0 = (= 1)) (W(k—l+1)—%W(n))\
=Or 1<rz?<%§n 2 1/2

) (Zf Kt 1( i= 1W
m—-(1-1 -1+
+0P<1Iﬁx S - -1y ﬁ\)
<k<logn (Zklz%f 1( Z 127

— op (ViogTozn).

Hence it suffices to investigate the maximum over k € [1,n — logn]. Let
~ (=KX, -1 X
Tn = max |Zz_1( )+( ? n Zl_l ll/)Q‘
st - (sto))

1<k<n—logn <

resp.
. S5 (= ] (THa() — Tt - )|
- lgkglna—xlog n 1/2
(Z?;f = (o) )

be the corresponding test statistics based on i.i.d. N(0,1) random variables X; resp.
on the distributionally equivalent versions of a,(R;). We choose X; such that B (f‘fbi
2.2

ﬁ (Zle Xi— % Yoy XZ-) , with {B(t)} denoting the Brownian bridge of Theorem .

n -

By the same application of the law of the iterated logarithm as above,

-k -y X,
lma§k< ‘Z“l ’ )+ (X 2z 1;3‘ =op < loglogn> .
n—logn<k<n k k
<Z?1 7 — 1(2?1" ) )
Since anTv n— On = (anf " — Bn) + ay, (fn — fn> , and since Theorem implies that
anfn — [, has a limiting Gumbel distribution, it suffices to show that o, (Tn -7 n) =
op(1). We set Vi, := I,(i) — I,(i — 1) — (X; — X,), where X, = 237 | X;, and
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Sp(l) :== 3!, Yip. Then,

~ ~

Tn - Tn

n

i=1

n

< max

1<k<n—1
P e (2t

< max }:ys (I+ k-1 = (1—-1))
2
1<k<n—logn nZn k iy — (E 7 Zy) =1
k(n —k)\"” n 1~ k
. _n(E
< jmax. ( - ) \/T ‘\/ﬁﬂn(k’) B <n>'

(I+k—=1)(n—1—-k+1))/2¥
ax n§j Th DR D) T gy,
1<Ic<n logn ek 2
J St — (Sis)

where 0 < v < min (2(2‘1 5y i) as in Theorem This theorem also implies

() T vt -2 (5)] =or0

which means, that it suffices to show

max
1<k<n

. z+k—1)(n_z_k+1))1/2—u(n_(l_m)

1<k<n—bgn V/ 22 27__<§:n 1kﬂ>2
=0 <(log log n)*l/Q) .

The latter rate can be obtained through a straightforward calculation, taking (2.3)) into
account together with the following estimate:

n—k n—k 2
ny i - (Z > > eyn(n — k)7 for all n > ny, (2.4)
=1 =1

where ¢, > 0 and n., depends only on . This completes the proof. For details we refer
o [9], Corollary 5.2.3. =

We are now ready to study the following permutation statistic:

1 " (i—-k))(Xg —-X
qul) (R) = < IIEI?JX ‘Z’Lil(z )+( R n)’1/27
0 <n —k . —k .A\2
" (Z?:l P27 — %(Zyzl W) )
where R = (Ry,..., R,) is a random permutation of (1,...,n). We consider now the

conditional distribution of T,(ll) (R) given the original observations Xi,..., Xy, i.e. the
randomness is only generated by the random permutation R = (Ry,..., Ry,).

The following theorem proves that this statistic conditionally on the given observations
has a.s. the same asymptotic behavior - both under the null hypothesis and under the
alternative - as that of T,sl) under the null hypothesis (cf. Theorem .
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Theorem 2.3. Let Xy,...,X, be observations satisfying (1.1)) and (1.2)). Moreover, let
|d| =|dn| < D. Then, for all z € R, as n — oo,

P(anTT(Ll)(R) — B < z| X1,...,Xpn) — exp(—2e7) a.s.,

where oy, Bn, = Bn(7y) are as in Theorem

Proof. It is sufficient to verify the assumptions of Theorem with a,(i) = X,
i=1,...,n. First we have

X, =p+e,+dyn 7t Z(l —my)].
=1

n—mn

%Z —€n) 2y 2dnwf'Y:l Z(z — mn)+ez 2d,n~ 71 Z - Zel

i=1 =1
It is enough to show that the second term converges to 0 a.s., because then, by the
strong law of large numbers,

.1
hnnigf - Z(XZ — Xn)2 > vare; a.s.

Now, by partial summation,

n

Z(z—mn)Jrel—S n—mn 25’1 z+1—mn) —(z—mn)l), (2.5)
i=1
where S; := 3¢ j=1¢;j, and, from the law of the iterated logarithm,
n—1

1 ) '
o 2o S (1= ma)} = 6 ma))
=1

n—1
- 0(ml+1 ;ﬁ“ ((i+1—mn)] — (i —mn)]) )

=o(1) a.s.,

where the last estimate follows via the mean value theorem. Using (2.5)) together with
the strong law of large numbers, we get indeed, as n — oo,

m+1 - mn)}e;

dn(n —mp)L S, dn
—+; i ZS (i+1—mp)] — (i —mp)7})

ny

— 0 a.s.

10
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On the other hand, for suitable constants ¢ and C, and n > ny,

1 _
EZ ’Xl _Xn‘2+5

1 <& 246
— tn dn 'y( - n - l - n )’
e +dyn 7 ((i —m - ; m

1 n n—mn
<c E Z ‘6i‘2+6 + C‘én‘2+5 + cd721+6n72776771 Z Z~2'y+'y§
i=1 i=1

n—mn 246
+ cd2+5n2'y§725< Z l'y)
n
=1

<C a.s.

An application of Theorem now completes the proof. m

3 Permutation statistics for changes of stochastic processes
under strong invariance

Next we study models and For model we first need to investigate the
asymptotic behavior of the corresponding rank statistic:

Theorem 3.1. Let (Ry, ..., Ry) be a random permutation of (1,...,n), and an(1),...,a,(n)
be scores satisfying the following conditions:

zn:an(i) =0, Tllzn:ai(i) 1, (3.1)
=1 i=1

and
1

J— 2 )
, ax ay (i) — 0. (3.2)

Then, as n — o0,

= sup |B(1)],
0<t<1

k
i, ] D en(t)
where {B(t) : 0 < t < 1} denotes a Brownian bridge.
Proof. It follows from Theorem 24.2 in [2]. m

Lemma 3.1. 1. Let Xipn,...,Xnn be independent r.v.’s with Ean < D < oo for all
i,n. Then

Z(Xm - EXn) —0 a.s. (n— 00).

11
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2. Let {W,(t): t > 0}, n € N, be Wiener processes and f be a function of n, then

Win(f(n)) =0 < f(n) logn) a.s. (n— o00).
Proof.

1. Tt follows immediately from Markov’s inequality.

2. Cf. [9], Theorem 10.0.2.

In the sequel we assume that there is a 1-1-correspondence between N and 7T, which is
necessary to get a countable triangular array in N, and, in turn, allows us to use the

preceding lemma.

Moreover, we assume T = 0T, 0 < § < 1, and N = o(T'~%/2+9)), Let N* = L%J =

ON(1+o(1)) and

b(Y (i) - Y (G- 1DF)) i<,
AY; = § bV (%) = Y(ARE)) + by (0T =T i =N* 41,
b (Y (i —T) —Y* (i —1)&-T%) , i>N"+2.

Lemma 3.2. 1. It holds, as N — oo,

N
~— 1 B v 1'log N
AY = N ;:1 AY; =0 ( N > a.s.

2. a) Fors=2,3,4, as N — oo,

N(s—2)/2 N
o Y (AY)T = EWQ) 0 + (10 as.
=1

where W (1) has a standard normal distribution.
b) Forv >0, as N — oo,
Nw-2/2 N .

i=1
3. Forv >0, as N — o0,

Nw=2)/2 y
————— max ‘AY; - AY} =o0(1) a.s.
Tv/2  1<i<N

(3.3)

Proof. The proof makes use of (1.3) — (1.5 in combination with Lemma (for details

confer [9], Theorem 10.0.1). m

12



3 Permutation statistics for changes of stochastic processes under strong invariance

We are now prepared to investigate the following permutation statistics

k
1 1 _
i) = s {2 0 =37}
and
Vir() = ma {2 | Z (8730~ 571}
Here again, R = (Ry,..., R,) denotes a random permutation of (1,...,n).

Theorem 3.2. Let {Z(t) : t > 0} be a process according to model (1.3)). Let T* = 0T,
0<0<1, N=o(T'""2/+)) and m@ also a = a*. Then, for allz € R, as T — oo,

P(Mp(R)<x|Z(t),0<t<T)— P( sup |B(t)| <) a.s.
0<t<1

P(Mr(R) <z|Z(t),0<t<T) — P( sup |B(t)| <z)  as,
0<t<1

where {B(t) : 0 <t < 1} is a Brownian bridge.

Proof. First note that, for the increments of {Z(t)}, we have

agy +AY; . i< N
AZir =S a(T* - N'L) +a* (N*+ 1)L —T*) + AYnsy1 , i=N*+1,
a* % + AY; , i=N*+2,

with AY; as in ({3.3]).

Now, for the proof of consider the scores ay (i) = L Q(AZ@T—AZLT), i=1,...,N.

bT

Obviously, SN, aN( ) =0 and % SN a3(i) = 1, which means that it is sufficient to
verify assumption (3.2)) of Theorem [3.1] .

In the sequel, ¢ and C' denote suitable constants which may be different in different

13



3 Permutation statistics for changes of stochastic processes under strong invariance

places. We first consider the case 6 < 1 and a # a*. Here, for sufficiently large T,

1 N 2
Z?F:TZAZZ%T—?ATZ
i=1
N N
1 N2 1 N
1 -
— 25 (aT" + (T = T")AY
2ab T (3.4)
Dy (N~
N < N)
2a*b* T
Y'(T-TY-Y*"|(N*+1)— —-T*
L2 (v v (g 1))
+T<a (T —N*N>+a <(N +1)N—T*>)AYN*+1
s oL
Z ey a.s.,
where
a% ) ZgN*?
Aai=Sa(T* = N*L)+a* (N*+ DL -T*) |, i=N*+1,
s . i N*+2,

and Aa = £ SN, Aa; = & (aT* +a*(T — T*)). The last inequality in (3.4) follows
from the fact that the first terms are the dominating ones. Indeed, since 6 < 1, a # a*,
for T sufficiently large,

N
1 N_—
T E Aa?— ?A(l2
i=1

T

> aQ%N*—i—a (N =N =1)
— Cﬁ@ —_ (a*)2w _ QGQ*M
TN TN TN
= (1+o0(1)) <a2§9(1 —0) + (a*)Q%H(l —0) — 2aa*%9(1 - 9)) (3.5)
(a*)’T
N2

— (1+0(1)) <N9(1 —0)(a— a*)2> (@) 5

T
= Cc— a.s.

N

Next we prove that the other terms are of smaller order and hence are negligible.
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3 Permutation statistics for changes of stochastic processes under strong invariance

Lemma [31][2] gives
2b. [ T\ 2a*b . . T
NY<N N)+ = (Y(T—T)—Y((N +1)N—T>>
2ab i 2a*b* . . . . T .
(3.6)

1/(2+6)

~0 <VT1gN )

N
Since T* — N*& < £ and (N*+ 1)L —T* < %, we also get

) oo
< 2 (ol +1a") (\b wir-w (v o))
16| | ((N* + 1)% - T*) D (3.7)

T1/(2+6)
0 (N

0 (VTlgN )

N
Lemma further implies

1 N 1
T > (AY;)? - ?(Wﬁ =25 (aT" +a™(T = T")AY
=1

logN /Tlog N
=0 <1 + Oif + ]\(;g ) a.s.,
which proves ([3.4]). Note that
(CL—CL*)T;VT* 7 zéN*,
Aa; — Aa = (a—a*)ﬁT&T* , 1=N*"+41,
(a*—a)% , 1= N*+2,

for some 0 < 9 < 1, hence
. 2
(ﬁ(a—a*)) , T*<T/2,

max (Aa; — Aa)? = *N 9
ISisN (Tw(a — a*)) , T*>1T/2.

On combining (3.4]), Lemma and Lemma we finally get (3.2]), since

1 1 —-_— 1 -
— max a%(i) < 2—— max (Ag; — Aa)? 42— max (AY; — AY)?
N 1<i<N Tb2T 1SN Tb2T 1<GEN
N
21 2N (1 N —
< - % 2 - = - 2 0 2

— 0 a.s.
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3 Permutation statistics for changes of stochastic processes under strong invariance

On the other hand, if 6 =1 or a = a*, we obtain from Lemma
N N

1 — 1 N
72 2 2 2
b == AZ;r— ArZ) = = AY;)” — = (AY
T =7 ;( T —ArZ)" = ;( )" = 7 (AY) (3.9)
S0+ (1-0)b*)=c>0 a.s.,
for T sufficiently large. Using Lemma we arrive at (3.2)), i.e.
1 1 —
— max ai (i) = ~— max (AY; — AY)?
N 1<i<N b2 T 1<i<N (3.10)

— 0 a.s.,

which completes the proof of

For the proof of [2] consider
an(i) = ﬁ& ((AYZ — W)Q — LN (AY — Wf) It suffices again to verify the
assumptions of Theorem

Since a = a*, we get SN a3(i) = 1. Similarly as above, Lemma gives

N N
2 (AYi-AY) =3 (0t + (1 -0 as,
=1

and

N 2
~ 1 N2 2
2 2 2 *\2
(br)” = (T '§_1(AY1-) - 7AY > — (667 + (1 - 0)(b%)?) a.s. (3.11)
From Jensen’s inequality we conclude

N o
hm TCT— lim (T2Z (AY; — AY) (bT)2>

T=o0 =1
= 3(60" + (1 — 0)(b")*) — (06 + (1 — 6)(b*)*)*
2000 + (1 —0)(b")*) > 0 a.s.
So, an application of Lemma results in

N 2
1 ) 1 1
N3 v (k) = T2 1<hen <(AY’“ -av)’ NZ; (AY; - AY) )
2

N 1 al i
< — —
<C T2 12}€a<xN(AYk AY)! E (AY; — AY) )

—0 a.s.,

which completes the proof of [

Finally we turn to model and investigate the permutation analogue of ([1.10)), i.e. the
statistic

TOR) = N ’Zz W=k (ASR.T—TSN)‘
N - Tb2 1<k<N (Z:NlchQW Jb(zf\;lk 7) )1/2

The following asymptotic applies:

16



3 Permutation statistics for changes of stochastic processes under strong invariance

Theorem 3.3. Let {S(t) : t > 0} be a process according to model (1.8)). Assume T* =
0T, 0 < 0 < 1, and Ny/Iog N = o(min(T'%/C+0) TY247)). Then, for all z € R, as
T — o0,

P(ozNT](VQ)(R) — AN <z ’ S(t),0 <t <T) — exp(—2e¢™%) a.s.,

where an, By = Bn(7) are as in Theorem[L1] (with N replacing n).

Proof. First note that, for the increments of {S(t)}, we have
AY; ; 1S NY,
~ * 1+~
AS,p — AYN*+1+d(W—T*) ,i=N*41,

~ ) - 1+~
In case of the null hypothesis, i.e. for # = 1, we can immediately verify the assumptions
of Theorem [2.1| for a,(i) := /2 AS; r by using Lemma

On the other hand, in case of § < 1, we use a,(i) := TT]LAS@T- First, via the mean
value theorem,

N1+5 N
T (14)(2+6) Z
i=N*+2

2+6

(E ) (oG-

(1+7)(2+5)>

T
+’(N*+1)N—T*

N1+9 T1+7)(2496)
- O(T(1+w)(2+5)N N2+ ) =0(1),
which, together with Lemma [3.2] gives
N 245
1 N _
DT ASir - A8, =0(1)  as.
i=1

In order to verify the second assumption of Theorem [2.1] we first realize, by using partial

17



3 Permutation statistics for changes of stochastic processes under strong invariance

summation, the mean value theorem and Lemmas [3.1] resp. that

T2+2y (2 ;ﬂ AY; (< B T*> . B <(1_NI)T a T*> HW)

N*+ 1T Iy
 A¥yers <<+>_T*> )

N
NQ *\ 14 N -1 * s
THZVAY((T—T) 7—<NT—T>
N-1
N * >k * T k
~ Tavey > <bY(T)+bY <l<:N—T>>
k=N*+2

- (((k + 1)% - T*)M

_a@;_wy“+ghﬂ;_wy”>
N

- <bY(T*) by <(N* 4 1)% - T>>

((orrag-r) " -2(ereng-r) )

1 N
()+O<T1+~/ Z )

k=N*+1

Ny/log N NT/(2+9)
=o(1)+0 <T1/2+V ) +0 <T1+’Y

(3.12)

T
bY (T* V'Y* k= —-T*
(T + (N )

Next we have

N 1+y 14 2
N T . . T %
W(E ((ZN—T> —<(2—1)N—T> )
i=N*+2
. T . 2(1+y)
+ <(N +1)5 -1 )

1 = 2
> 50+ X (5-9)
i=N*+1
N—-1

ot [ e

140 L g,
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4 Simulations

which shows that

. 2

dQN N T 1+~ T 1+v

W( > ((iN—T*> - ((i—l)N—T*)
i=N*+2

T 2(14+)
+ <(N* +1)— — T*)
N (3.13)
B2N? (1 T
~ vy (N(T_T ) +’y)
(1 _ 9)27—5—1
2v+1

On combining (3.12)), (3.13]) and Lemma we get indeed, for large T,

N
3 (ASir — A5,)” = ¢(6)

=1

> (14 0(1)) (V4027 +1)).

N
T2+2y

with some ¢(6) > 0, which completes the proof. m

4 Simulations

So far, we have only proven that the permutation principle is asymptotically applicable
for processes satisfying models to Now we want to describe the results of some
simulation studies to get an idea, how good the permutation method is in comparison to
the original method. However, we abstain from giving the results in the i.i.d. case here
due to limitation of space. The results are very similar to those of the gradual change,
in particular for the case of partial sums.

4.1 Change in the mean of a stochastic process under strong invariance

The following simulations are based on partial sums of normally distributed random
variables (with variance 1) (cf. [6], Example 1.1), and on a Poisson process (cf. [6],
Example 1.2). More specifically, we simulated the increments of the partial sums as
i.id. r.v.’s, and the increments of the Poisson process were taken at times 1,2,...
(instead of i%, i =1,...,N, since this means only a scaling of the underlying r.v.’s).
Other than that, we used the following parameters:

1. N =100, 200

* 1 1 3
2. N*=3N, 5N, 3N

3. d:=a"-a=0,1,2,3,4

Here N* is the change-point, and we are in the case of the null hypothesis for d = 0.

Due to similarity of results and limitation of space we present only a small part of
the simulation study in Figures and and just show some graphs for the sake
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4 Simulations
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Figure 4.1: QQ-Plots of My (under Hy) against Mp(R) for N =100, N* =75

of visualization. For Tables containing simulated critical values for the null hypothesis
as well as permutational quantiles, we refer the interested reader to [10]. In the latter
preprint, we also discuss the i.i.d. case and give simulated a— resp. [G—errors for both
methods, the asymptotic and the permutational one.

Since we were interested in getting a better impression of how well the permutational
distribution fits the real null distribution, we created quantile-quantile-plots of the one
against the other. More precisely, we did the following:

1. Exact distribution: Determine the empirical distribution function of My (under
Hj) based on 10000 samples of length N.

2. Permutation distribution: Determine the empiricaldistribution function of My (R)
(under particular realizations of Hy or H;) based on 10000 permutations.

3. Draw a QQ-plot of the null distribution from step [1| against the permutation dis-
tributions from step [2| Different colors represent different changes in the mean.

The results are to be found in Figure

We realize, that the permutation distribution fits the null distribution very well. More-
over, the result does not depend on the alternative.

Next we were interested in how well the test performs — and also how well it performs in
comparison to the asymptotic one. For this reason we created size-power-curves of both
methods under the null hypothesis and under alternatives.

We created these curves using the following algorithm:

1. Simulate process Z of length N according to model (1.3)).

2. Calculate the empirical distribution function of the permutation statistic M7 (R, X)
based on 10000 permutations.

3. Calculate M = Mp(Z), i.e. the values of the statistic for our sample Z.

4. Calculate the p-value of M with respect to the asymptotic distribution, i.e. P (supyci<; |B(t)] > M).
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4 Simulations
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Figure 4.2: Size-power-curves of My (R) with respect to the asymptotic distribution and
with respect to the permutation distribution for N = 100, N* = 75

5. Calculate the p-value of M with respect to the permutation distribution from step
ie. P(Mp(R)> M).

6. Plot the empirical distribution function of the p-values from step [ resp. [f] based
on 1000 repetitions in the interval (0,0.2).

We did this for samples under the null hypothesis and various alternatives, for partial
sums as well as Poisson processes.

What we get is a plot that shows the actual a—errors resp. 1 — (—errors) on the y-axis
for the chosen quantiles on the z-axis, i.e. a plot that demonstrates very well the power
of the test. So, the graph for the null hypothesis should be close to the diagonal (which
is given by the dotted line), and the alternatives should be as steep as possible.

The results are presented in Figure

On comparing the asymptotic quantiles with the simulated null quantiles we realize,
that they are too small. This is also confirmed by the size-power-curves. Even though
both methods apparently perform well, we do have a better fit under the permutation
method. Under the null hypothesis (d = a* —a = 0), the solid line (representing the
permutation method) fits better to the dotted line (the one we wish to get). Moreover,
under alternatives the lines representing the permutation method are also steeper, which
means that the power of this test is better than the power of the asymptotic one.

Moreover, we were interested in the standard deviation of the critical values obtained by
the permutation method. Under the null hypothesis (Poisson process, N=100), we got
a standard deviation of 0.01 for the 90%-quantile and of 0.019 for the 99%-quantile; for
the partial sums the standard deviation was even smaller. The results are comparable
for different parameters. As before, we used 1000 repetitions of step 1 to 4 of the first
simulation above.

Computing time is not a problem here. For example, the calculation of the permutation
quantiles for a series of length 100 takes approximately 3 seconds, and for length 200
approximately 5 seconds, using a Celeron with 466 MHz and 384 MB RAM and the
software package R, Version 1.2.3.
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4 Simulations

4.2 Gradual change in the mean of a stochastic process under strong
invariance

The following simulations are based on partial sums of normally distributed r.v. (with
variance 1) (cf. [I4], Example 1.1) and on a Poisson process (cf. [14], Example 1.2).
More precisely, we simulated the increments of the partial sums as i.i.d. r.v.’s, and

the increments of the Poisson process were taken at times 1,2,... (instead of i%, 1=
1,..., N, as above). The following parameters were chosen:
1. N =100, 200

* 1 1 3
2. N*=1N IN, 2N

3.d=0,%,%,1,2,4

Here N* is the change-point, and the null hypothesis is given for d = 0. The parameter
d has been rescaled as in Remark More precisely, the increments of the change were
chosen as 0

#)Nv ((1 — N*)ier —((i—1)— N*)_lpw). Note that the latter expression
depends on 1" only through N.

As in Section [4.1] we created QQ-Plots of the simulated null distribution vs. various
permutation distributions in order to get an idea on how well the approximation fits.
The results can be found in Figure 4.3

We realize that the matches (and thus the critical values) are quite good, but decline, if
v < 1, as the change becomes more obvious. On the other hand this leads to a greater
power of the test, since the critical values are only too small if we are already under an
alternative.

Moreover we have some kind of ”step behavior” for the Poisson process. Apparently
there are several permutations leading to the same maximal value (i.e. the value of the
statistic). This, however, does not seem to influence the accuracy of the quantiles as will
be shown by the size-power-curves below. Remember that there are 10000 points in the
plot.

Note that here (in contrast to the i.i.d case) the consistency of the test is not guar-
anteed, since the estimator for b is unbounded under the alternative (which violates
condition (2.4) of [14]).

This is why we were also interested in the power of the test. As in Section[4.1| we created
size-power-curves of the asymptotic method as well as the permutation method. Note
that for v = 0.25 we do not know the asymptotic quantiles, since Hy a5 is not known.

The results can be found in Figure [4.4]

First of all we realize, that the test gives good results for v = 0.25, where we do not
have the asymptotic test available. Also for v = 0.5 the permutation test performs
quite well, while the a-errors of the asymptotic one are far too high. For v > 1 both
methods perform well, although the power under the permutation method is always
greater than the power under the asymptotic method. The plot on (0,1) also shows,
that the asymptotic curve (in contrast to the permutational one) is too high between
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4 Simulations

0.15 and 1. However, this is not a problem for the test, since one would hardly choose
any critical value in that range.

We also notice that the power declines with increasing ; for v = 2 it is almost impossible
to distinguish between any alternatives. However this is not surprising, since for v = 2
(and N* = %N ) we have an effective mean difference of approximately 1%, which is not
very much.

When we used d, instead of d, and T = N (which changes d slightly), the critical values
decreased significantly. Nevertheless, this did not seem to affect the permutation method
at all — apparently the permutation quantiles were still smaller than the value of the test
statistic for the unpermuted observations. With the asymptotic method, however, we
only obtained good S-errors for smaller d’s, but observed a sudden jump in the S-errors
(up to 100%) as soon as d got larger. This jump, e.g., occurred at d = 2 for the
90%-quantile with v = 0.5, N = 100, 200.

Again, we were also interested in the standard deviation of the critical values obtained
by the permutation method. Under the null hypothesis (Poisson process, N = 100,
v = 1), we got a standard deviation of 0.28 for the 90%-quantile and of 0.96 for the
99%-quantile; for the partial sums the standard deviation was even smaller. As before,
we used 1,000 repetitions of step 1 to 4 from the first simulation.

For our simulations we used again the software package R, Version 1.2.3. On a Celeron
with 466 MHz and 384 MB RAM the calculation of the permutation quantiles takes
approximately 10 seconds in the case of 100 observations, and 30 seconds in the case of
200 (using 10,000 permutations).
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