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Branching random walk
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Finding near - minimal States
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CREM and its minima

Setting : continuous random energy model ( CREM )
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CREM and its minima : Examples Speed - a Gaussian BRW

Standard( binary ) Gaussian BRW
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CREM : The minimum position

Proposition ( Bovier - Kurkova : Malle in ; LAB - Mallard )
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CREM and its minima : The algorithmicbarrier

Def ( Malkin ) : The natural speed path for A
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Proof Idea :

1) In the inhomogeneous setting ,
the renormalization search follows the natural speed path .

2) For every node vetn with Xv ← xn
,

there is a linear - size subsection of the ancestral trajectory
of v along which the slope is unnatural ( different from the slope of the natural speed path)
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The branching property + Gaussian tail estimates

⇒ exponentially unlikely to find such a segment on any single query , even conditionally given past queries .
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