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4. They form the hyperplane process

‣ .ηt,R := {H1, …, HN}
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Assume that . Then


.

and, for any ,


.

R = t− d
d + 1

conv Ξt,R
d conv ζ, t → ∞

k ∈ {0,…, d}
fk(conv Ξt,R) d fk(conv ζ), t → ∞

For a set , we denote :

‣  its convex hull 


For a polytope  we denote :

‣  the number of its -dimensional faces, .

X ⊂ ℝd

conv X
P ⊂ ℝd

fk(P) k k ∈ {0,…, d}



CONVEX HULL

COROLARRY (Convergence of the convex hull)

Assume that . Then


.

and, for any ,


.

R = t− d
d + 1

conv Ξt,R
d conv ζ, t → ∞

k ∈ {0,…, d}
fk(conv Ξt,R) d fk(conv ζ), t → ∞

For a set , we denote :

‣  its convex hull 


For a polytope  we denote :

‣  the number of its -dimensional faces, .

X ⊂ ℝd

conv X
P ⊂ ℝd

fk(P) k k ∈ {0,…, d}

COROLLARY (Disproval of a conjecture from [Devroye,Toussaint, J. Algorithms 1993] )

Assume that  and . Then


.

d = 2 R = t− d
d + 1

lim inf
t→∞

𝔼f0(conv Ξt,R) ≥ 𝔼f0(conv ζ) =
π2

2
> 4

With Fatou’s lemma and a result from [Kabluchko, Marynych, Temesvari and Thäle, PTRF 2019] we get



ZERO CELL OF A POISSON HYPERPLANE PROCESS

‣  : Zero cell of a stationary and isotropic Poisson hyperplane process of intensity,

‣  its dual.

Zγ
Z∘

γ = {x ∈ ℝd : ⟨x, y⟩ ≤ 1 for all y ∈ Zγ}

Cd :=
1

d! (ωd)d ∫[−1,1]d ∫((Sd−1∩e⊥
d )d

[u1 + z1ed, …, ud + zded]σ⊗d
d−2(d(u1, …, ud)) d(z1, …, zd) .



ZERO CELL OF A POISSON HYPERPLANE PROCESS

COROLARRY (Convergence of the convex hull to the polar of the zero cell)
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