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, , . . . e Problem: identifying the system parameters 8 online, where
We consider sequential Bayesian experimental design (BED)
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for partially observable st.ajoze.—space models (SSMs) with a destgn input measurements y,. These measurement (data acquisition) Pt Pz,t—1 C@(@—l)
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(transition) @, ~ f(@; | 21,0, &), (1) ¢ Proposed solution: choose designs &, by maximizing the o] -1 :
(observation) Y, ~ 9y, | ©1,0,&,). (2) expected information gain (EIG) about 8, marginalizing out where wy ~ N(0, Q) and 6 = (v,, v,) are unknown parameters.
latent states ;. Leverage a nested particle filters (NPF) to . N ; : |
e 0: static parameters - approximate the intractable posterior p(zy, @ | h:) online. Observation. Sensors fixed at positions {s;}7_; C R* return a noisy
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o x;: latent states — (partially observed) [T
e &£.: design variables — (online) Algorithm Design selection at time ¢ log y.i | s, £, ~ N | log b ) : (1 +COSZ ) o
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— The optimal design &7 is the one that maximizes EIGg(&;): 11 Set £ ng ). collect Y, > observe new data >
6: — arg maX :EIGH(gt) (5) 12 _]- | | | | | | | | | | | Q | | |
£,9 13 Jittering: 9%21 ~ k(- | 0}@%) S 10 20 3to 40 50 10 20 3to 40 50 10 20 3to 40 50
14: for m =1 to M do
| Coemen) e (man) p(m) ek
B Propagate states: mtlt—l( | (| @] ’Htlt—1’€t> Assessment. We report relative improvements,
16: Update state weights ww”j;’n and resample to obtain | | Lt — _ |
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Challenges: N (mn) s=1

18: Update parameter weights wi™ = w(m)_ St W - - ISURINE - .
(i) Intractability and latent-state marginalizations: o Pimb T against two baselines to highlight adaptive gains:

(likelihood) py, | 0,§) = ﬂp(mo;tw,ht—l)[g(yt 4, 0, ft”a
(evidence) p(Y; | &) = ﬂp(eyht_l)p(wo;t‘e,ht—l){g(yt 4, 6, ft)}
(i) Sequential inference bottleneck: p(xy;, 8| h;) changes every
step; naive recomputation would replay the entire history each time.

19: Resample to obtain e Random baseline: random designs sampled uniformly from (2.

e Static baseline: a non-adaptive version of our method where the full
sequence &,.7 is optimized offline.

—

e Oracle baseline: evaluates EIG on a dense discretisation of the space
(instead of gradient-based optimisation).

Theorem 1. Let Z(€,) denote the NMC estimator of the EIG, con-
structed using M parameter particles, IV state particles per parameter,

and L pseudo-observations. Under mild assumptions, for any ¢ and &,

Key idea:
Extend BED to partial observability by:
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