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Abstract

 Real-time nonlinear Bayesian filtering algorithms are overwhelmed by data volume,
velocity and increasing complexity of computational models.

* Novel ensemble based nonlinear Bayesian filtering requires a small number of
simulations and can be applied to high-dimensional systems in the presence of

intractable likelihood functions.

* |t uses linear latent projections to estimate the joint probability distribution between
states, parameters, and observables using a mixture of Gaussian components
generated by the reconstruction error for each ensemble member.
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However Ensemble LLVM
capture higher order statistics as
| compared with LLVM.
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- Table 1. EnKF vs EnPPCA: RMSE statistics of 100 trials
Numerical Results - Lorenz 96 a ‘;[d‘;E vs EnPPCA: RUISE statistics of 100 rials
OCGCLEITOT  Nfean STD Mean STD

Linear Measurement Model

dIJ(t)/dt — (:I:jJrl — il?j_g)ilfj_l — XLy —|—8 J = 1...40

No err. 2.71 0.61 2.92 0.23
MI1: 9 3.71 0.63 2.99 0.23
¢ , M2: 10 4.63 0.71  3.07 0.22
Data generation process: M3: 11 5.31 0.81 3.18 0.21
o . g e N Nonlinear Measurement Model (I)
M2 dzj(t)/dt = (zj41 — Tj-2)Tj-1 — %; + 10 No err. 1.87 053 285  0.26
M3 dx;(t)/dt = (vj41 —xj—2)xrj—1 —x; + 11 MI1: 9 3.3 0.63 291  0.22
M4 de:()/dt = (Ti1q1 — Ts o) 1 — 75 412 M2: 10 4.37 047 3.02 0.21
; i)/ (T = 2j2)Tjm1 = T M3: 11 501 044 317 0.17
Linear measurement model: M4: 12 551 049 332  0.17
d;(t) = xoj_1(t) +v;(t), wvj(t) ~ N (0, I50) Nonlinear Measurement Model (II)
Nonl; dels: No err. 2.87 0.76 2.84 0.24
onlinear measurement models: Ml1: 9 378 0.75 2 94 0.22
(I) : dj(t) — L’L‘Qj_1(t)2132j (IL) + U, (t): U, (IL) ~ N(O IQ[)) M2: 10 478 0.56 3.03 0.20
T () — e (4)2 | (4) : M3: 11 5.43 0.53 3.16 0.19
| (D) = dj(t) = 22j1 ()" +vi(8), v;(t) ~ N (0, I20) M4: 12 6.1 055 337  0.17

Joint space is 60 dimensional, only 30 samples are used and a latent space of dimension of 5.
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EnKF - Model Error (forcing = 12) EnPPCA - Model Error (forcing = 12)

 Model error - lazy approach - model uncertainty pushed into parameter/state uncertainty
* Model error - intractable likelihood - requires just simulations of forward model




