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Proved via an extension of cumulant method CLT and for linear statistics of 

Pre-cursors for point processes and special cases - Malyshev (1975), Martin-Yalcin (1980), Nazarov-
Sodin (2012),  Błaszczyszyn, Y. and Yukich (2019),  Fenzl (2019).  

μn := ∑
x∈𝒫n

M(x) δn−1/dx
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Overview of our approach to general CLT

Marked point process  satisfies joint ‘fast’ mixing of correlations.𝒫̃ = {(x, M(x))}x∈𝒫

Score functions -     - score assigned to a point based on ‘neighbouring’ points and marks.                                                                                                                 ξ ξ(x̃, 𝒫̃)

Ex.  in IPS   ,  determined by initial state , other initial states and points - .   ξ(x̃, 𝒫̃) = M(x, T; 𝒫̃) M(x,0) 𝒫̃

APPROACH: Marked point process  satisfies joint ‘fast’ mixing of correlations w.r.t.  bounded functions  

                  &  satisfies “BL-STABILIZATION / LOCALIZATION” condition & “moment” conditions.

𝒫̃
ξ

New marked point process:                                                                                                                  𝒫′￼ = {(x, ξ(x̃, 𝒫̃))}x∈𝒫

 satisfies joint ‘fast’ mixing of correlations w.r.t. bdd. 1-Lipschitz functions.𝒫′￼ = {(x, ξ(x̃, 𝒫̃))}x∈𝒫

( uses factorial moment expansion by B. Błaszczyszyn, E. Merzbach, V. Schmidt, 1995 ) 

.     If  , then    Hn := ∑
x∈𝒫n

ξ(x̃, 𝒫̃n) 𝕍ar[Hn] = Ω(nν), ν > 0
Hn − 𝔼[Hn]

𝕍ar[Hn]
D

⟹ N(0,1)

(from the previous theorem )
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