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I ntrOd UCtion Hosing + noise

. . "
m AMOC in a bi-stable state * Southern

= (On-state: current circulation Atlantic
= Off-state: no downwelling

South Tropics Northern
Tropics Atlantic

m Collapse: rare event!

m Rare-event algorithm: TAMS

TAMS requires a score function
" . Deep ocean
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Committor function estimation

® Optimal score function : committor function

® Objective: Data-driven estimation

| q(x) = P[Tg(x) < TA(¥)] |
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Analogues Markov
Chain (AMC)

= Random transitions in long trajectory
= K analogues for each point
=  Committor function from the transition matrix

D. Lucente, J. Rolland, C. Herbert, F. Bouchet, Coupling rare event algorithms
with data-based learned committor functions using the analogue Markov chain
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Analogues Markov
Chain (AMC)

= Random transitions in long trajectory .‘
= K analogues for each point N\ 4 .
=  Committor function from the transition matrix ntl

K-Nearest
Neighbours (KNN)

= Requires training with AMC
= Compute the committor on any point
=  Weighted average of nearest neighbours

K
1
q(x) = Ez q(X;)
=1
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= Random transitions in long trajectory
= K analogues for each point
=  Committor function from the transition matrix

K-Nearest Dense Neural
Neighbours (KNN) Networks
= Requires training with AMC ‘“‘

= Compute the committor on any point
=  Weighted average of nearest neighbours
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Truth/AMC/ML comparison, 500-year-long test trajectories
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