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The model
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(") »iia: F

general problem: recoverthesequence! )

our problem: forl- 1 - n,test: “l, = 0"vs. “1; 6 0,
andestimatahe numberof non-zeraneancoefcients.
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Cumulative sums

Letyq; Vo; :i:; Yn beasequencef positvel.l.d. randomvariables.
Letm = E (y;) and¥% = Var(y;).
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Forary1- k- n,letS.= ., vi.
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Cumulative sums

Letyq; Vo; :i:; Yn beasequencef positvel.l.d. randomvariables.
Letm = E (y;) and¥% = Var(y;).

P
Foraryl- k- n,letS,= . v;. Then,

E(S) = km
Var(S,) = k3%

Model :

Sk = E(Sk) + &
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cumulative sum of ordered exponential random variables




Exponential distrib ution

X
E(T) = k+k = ( k+ klog(n=K))
=+ J
. K+ K jn= K+1 l
E(TkJTK) = P = J 1 TK

K+K j=K+1 j




Exponential distrib ution

(' k+ klog(n=K))

X
E(Ty) = k+Kk —
j:Pk+1J

E(T.iT k"'kpjn:kﬂl

X
Tk - k+k ._+ek;]_
J'=F|)<+1J
AL
T, = Pjn +1 ]

.—p.10



cumulative sum of ordered exponential random variables
500 T T T T T T T T T




cumulative sum of ordered exponential random variables
500 T T T T T T T T T

450




Uniform distrib ution

We show that
k(k
=T = ki Zgn: B
E(T(Te) = K(K j k) N k(k + 1)

K+1 KK=+1) °




Uniform distrib ution

We shaw that
k(k
) = g e
E(T\iTe) = K(K i k) . k(k + 1)

K+1 K(K+1) ¢

We canconsiderthetwo following regressiommodels:

2n + 1 1

Tk = K i k® + e
k 2N+ 1) ' 2n+ 1) ¢ Xl
K2+TK Ki Tk 5
T, = K i ke + e.
. KK+ 1) KK=+1) - X2
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Hypothesistesting

Themodel:
yi=ti+"% 5 1-1-n

("i) »iia: F

Hypotheses:
Ho : 1,=1,=¢¢¢=1,=20
Hi(k) : thereexistsly = fiq;lp;:::1kg¥%f1;2,:::;ng s:t:

1. = ifi21,
1.6 0 elsavhere
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The algorithm

) Ordertheobserationsyay , Yo . :iiYm)

P .
i) Forl- j - n,letTo; = ', x;and®yy = E(TojjTon).

IV) De ne theteststatisticD, = max; |To; | 'bo;jj:p n.

rejectthe null hypothesis,
estimatehe numberof signi cant coefcients.
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A limiting theorem

i ¢
Fort 2 [O, 1], let dn(t) = TO;[nt] | E TO;[nt]JTO;n :

Thestochastigprocessl, (t):p n corvergesin distributionto azeromean
Gaussiarprocesst with covariancefunctionde ned by

lel
E(C(t)¢(s)) = [(Li W @i v)i 1i uw@i v)]

0 0
E[1pq(u)i t+ tlog(t)][Ajs(v) i s+ slog(s)]

dG' Y(u)dG' (v);

whereG(x) is thedistribution functionof anexponentialr.v.
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i ¢
Fort 2 [O, 1], let dn(t) = TO;[nt] | E TO;[nt]JTO;n :

Thestochastigprocessl, (t):p n corvergesin distributionto azeromean
Gaussiarprocesst with covariancefunctionde ned by

lel
E(C(t)¢(s)) = [(Li W @i v)i 1i uw@i v)]

0 0
E[1pq(u)i t+ tlog(t)][Ajs(v) i s+ slog(s)]

dG' Y(u)dG' (v);
whereG(x) is thedistribution functionof anexponentialr.v.

D, de nedin thetestprocedurecorvergesweaklyto ¢ ; = sup, ¢( t)
de Is de ned asthe® quantileof ¢ ; .
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Numerical experiments

1. Testing the null hypothesis Hg

Thedistributionof D, = maxy | To:k | 'bo;kj:p n underH, is estimatedy
Monte-Carlo(using5000simulatedsamples).

Here,the(yi;1- 1 - n) areli.i.d. E(1) r.v.

nNn®
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0.29

0.55

0.65

0.82

500

0.29

0.56

0.65

0.83

5000

0.30

0.55

0.64

0.79

Estimated percentiles of D, under Hg obtained with different values of n

Usingalevel ® = 5%, the null hypothesiH is rejectedf D, > 0:65.
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Numerical experiments

2. Estimating the power of the test

Here,the(y;;1- 1 - n)arel.i.d. N (%; 1)r.v.
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Estimating the number of signi cant coef cients

) Forl- k-
i) Forl- k-
i) Let

ni landk+ 1- | - n,let

X
Ty = X; and -h<;j = En,a0(Tk;):

i=k+1

ni 1,let

_ T | -hcjj
K~ k+r1n-aj)-(n " n

R=Arg min ~
g1-k-ni1 K
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Consistencyof the estimator K,




Consistencyof the estimator K,

yi=ti+"% 5 1-1-n

Asymptoticframenork AF :

AF1 Thereexistst’ 2 (0; 1) andasubsel . of f1;2;:::; ngwith k? = [t*n],
suchthat!; 6 Oif I 2 Iy2. Forall otherindex,?; = 0.

AF2 Forarnyi 2 Iz, ]'i], ®,,where®, ! 1 accordingto thedistribution
of the("i). Let©y bethedistribution of max;. i. , "] and(a,; )
suchthat©g)(a, + byx) ! W(x) for some x eddistribution W. Then
(®),) satis es

®hi 280

1:
o
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Consistencyof the estimator K,

gheorem 0.0 Let(u,) beanypositiveanddecreasingsequencsud that
nu,! 1 .Then,undertheasymptotidramevorkAF,
A— —
X =
PHl(kn?) _Fnl t? "> u, ! O

Moreover, for a > 0there existconstants;; ¢, sud that, If
o
@, logn  ¢c,& log(n)
n b}

Un = TP 2n

then

~

A ! p f

—p=21



Numerical experiments

3. A simulated example

yi=t+" ;;1-1- 500

" i E(D)

1 6j 0003 forl- i1 - 100
1.=0 for101- i1 - 500
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The observations




The observations in a decreasing order
12 T T T T T T T T T

10}




The cumulative sums
1000 T T T T T T T T T




The cumulative sums
1000 T T T T T T T T T




Testing H1(70)
1000 T T T T T T T T T

900 .

800 .

700 7]




Testing H1(70)
1000 T T T T T T T T T

900 .

800 .

700 7]




Testing H1(100)
1000 T T T T T T T T

900 .

800 .

700 7]




Testing H1(100)
1000 T T T T T T T T

900 .

800 .

700 7]




Testing H1(130)
1000 T T T T T T T T T

900 .

800 .

700 7]




Testing H1(130)
1000 T T T T T T T T T

900 .

800 .

700 7]




10 _




Estimating the distrib ution F

Assumethatthedistribution F = F (¢; i°) of "; depend®nanunknovn
parametefl’.



Estimating the distrib ution F

Assumethatthedistribution F = F (¢; i°) of "; depend®nanunknovn
parametefl’.

De ne
>Q N\
Tkj = i log(1i F (Y ten))

1= k+1

.—p34



Estimating the distrib ution F

Assumethatthedistribution F = F (¢; i°) of "; depend®nanunknovn
parametefl’.

De ne
>Q N\
Tkj = i log(1i F (Y ten))

1= k+1

Assumethat,underH ,(k), ﬁk;n convergesto |’. Then,

. 9. P—
ikni k2= 0p( n)

.—p34
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