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> g=g(B,2): a known real-valued function on Q x R?, Q C RP fixed
subset
> Goal: determine the unknown true parameter 3, € €2 from

observations {X,;, zps, i =1,-+- ,n}

> An extremely important and general statistical model
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e The fact that each of these estimators estimates a different scale parameter
is not a point of concern if our goal is only to use them in arriving at scale
invariant robust estimators of 3.
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large class of regression models with i.i.d. and finite variance long
memory moving average errors {&;}

e In the i.i.d. error case Koul (2002) proved that the limit (Gaussian)
distribution of sy does not depend on [Ai regardless of whether f = F' is
symmetric around zero or not. N

The limit Gaussian distribution of s; in general depends of 3 unless the error
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e In the finite variance long memory moving average error case Koul (2002)
proved that/\the limit distribution of sy is degenerate at zero and does not
depend on S.

For s similar conclusions hold if errors are symmetric around zero

e The limit distribution of scale estimator being free of the initial estimator 3 is

desirable
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e Assumption E(a, d) is satisfied by ARFIMA(p, d, ¢) with a-stable innovations
(Kokoszka and Taqqu, 1995)
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Rosenblatt (1962), Taqqu (1975, 1979), Dobrushin and Major (1979), ..., Ho and Hsing (1996), ..
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e ¢y (z),z € R are deterministic functions written as
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e In contrast, asymptotic expansion of Ho and Hsing (1996) of EP under finite
4th moment of (o contains only integer derivatives F“")(ar:)7 k=1,2,---, see
(12)
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e The problem is completely open for H s.t. the integrals fH Y+ (x) d
not exist

e The case of power functions H(z) = |z|” is of particular interest

e The problem of the limit distribution of " | |e;|” for LM infinite variance
moving averages {e;} is related to that of the limit distributions of power
variations of semi-stationary Lévy process discussed in Basse-O'Connor,
Lachiéze-Rey and Podolskij (2015)
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s<n



and use moment inequality due to Esseen and von Bahr (1965):

ERwu(w ) < 2) E|Uns(a,y)"

s<n

e Furthermore, Uy,1,5(x,y) needs one more time expanded in martingale
differences w.r.t. F, V {(s}, v < s



and use moment inequality due to Esseen and von Bahr (1965):

ERwu(w ) < 2) E|Uns(a,y)"

s<n

e Furthermore, Uy,1,5(x,y) needs one more time expanded in martingale
differences w.r.t. F, V {(s}, v < s

Un,l,s($7 y) = Z (E[Unl,s,ﬂ(my y)‘]:m Ce] - E[U?’l,l(l:y y)'fv—h Ce])

v<s




and use moment inequality due to Esseen and von Bahr (1965):

ERwu(w ) < 2) E|Uns(a,y)"

s<n

e Furthermore, Uy,1,5(x,y) needs one more time expanded in martingale
differences w.r.t. F, V {(s}, v < s

Un,l,s($7 y) = Z (E[Unl,s,ﬂ(my y)‘]:m Ce] - E[U?’l,l(l:y y)'fv—h Cg])

v<s

=:Wn,s,0(z,9)



and use moment inequality due to Esseen and von Bahr (1965):

ERwu(w ) < 2) E|Uns(a,y)"

s<n

e Furthermore, Uy,1,5(x,y) needs one more time expanded in martingale
differences w.r.t. F, V {(s}, v < s

Un,l,s($7 y) = Z (E[Unl,s,ﬂ(my y)‘]:m Ce] - E[U?’l,l(l:y y)'fv—h Cg])

v<s

=:Wn,s,0(z,9)

and estimated E|Un1 s(z, y)|" <2 E|Waso(z,y)|" as above.



and use moment inequality due to Esseen and von Bahr (1965):

ERu(z,y)l" < 2 B|Uis(zy)|"

s<n

e Furthermore, Uy,1,5(x,y) needs one more time expanded in martingale
differences w.r.t. F, V {(s}, v < s

Un,l,s($7 y) = Z (E[Unl,s,ﬂ(my y)‘]:m Ce] - E[U?’l,l(l:y y)'fv—h Cg])

v<s

=:Wn s,0(2,y)
and estimated E|Un1,s(z,y)|" <2
Step 3. Proof of

E| W s,(z,y)|" as above.

v<s

E|Wnsv(x y S 37 y Z |b7, s‘ |b1 v

i=1Vs
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