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EnRTS

With Jt = At‘tAt-i-l‘t'

Eyr = Ey + J; [Et+1|T - Et+1|t} )

for decreasing t.

EnKS
With X® from Evensen'2003
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for increasing T'.




Theorem: Equivalence




Lemma: The EnRTS on-line

Unconditionally,

T k—1
Eyr = Ey; + Z (H j‘r) [Exjx — Egjp—1]

k=t+1 \7=t

Theorem: Equivalence




Proof

Lemma: The EnRTS on-line

Unconditionally,

T k—1
Eyr = Ey; + Z (H j‘r) [Exjx — Egjp—1]

k=t+1 \7=t

Lemma: J, recursively

Providing N < m (or linear dynamics),
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Theorem: Equivalence

KS
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Lorenz-96 system
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m Both smoothers can be formulated on- and off- line

m If N < m: equivalence

Equivalence broken by ad-hoc tuning

But capability remains equal
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Summary

m Less dogmatic assumptions =—> EnKF-N
m Posterior variance depends on innovation
m Better than “unbiased”
m Sequential feedback
m Careful about parameterization
and implicit assumptions
m Dual perspective: scale mixture
m Adaptive inflation
m Good performance, no additional cost
m Future: estimate model error inflation
m Primal perspective: Student ¢ prior

m More general
m Future: include localization
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