REGULARIZED STATEESTIMATION AND

MOTIVATION

State estimation and parameter learning in
linear dynamic systems is an important prob-
lem that arises in many applications.

(1) Memory requirements and computation
of learning algorithms are generally pro-
hibitive when the dimensionality of state
or parameters are large;

(i1) Itis hard to promote sparsity using prob-
abilistic approaches.
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CONTRIBUTION

We present an efficient method for regular-
ized state estimation and parameter learning
from noisy measurements. The main contri-
butions are to:

(i) Build the generalized L;-regularized
model for jointly estimating of the state
and learning of the parameters;

(i) Propose a new augmented Lagrangian
Kalman smoother method.
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I Varlable splitting

AUGMENTED LAGRANGIAN KALMAN SMOOTHER (ALKS)

The main idea here is to build the augmented Lagrangian function and to decompose the
objective into an iterative sequence of much easier subproblems. Based on our article [1], the
subproblems are solved by applying Kalman smoother.

(1) Build the augmented Lagrangian function

L(x1.7,Q, R, wi.7;m1.7)
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(i) Solving the x;.7-subproblem
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which is solved by Kalman smoother (see [2] for details).

(ii1)) Solving the QQ, R-subproblems
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(iv) Solving the w;.r-subproblem
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EXPERIMENTAL RESULTS

(1) Simulated estimation scenario
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Table: Average CPU time for large-scale datasets

T 103 10* 109 109 107
SBM 421 86286 - - -
FOPD 199 42643 - - -
b-ALM 302 74286 @ - - -
KS 1.1 11.6 100 535 6520

ALKS 156 133 134 767 12714

(i) Sparse spectro-temporal estimation
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Figure: From left-top to right-bottom, comparison of the
spectro-temporal estimation of noisy sinusoidal data, esti-
mation results by using KS, ALKS with A = 0.01, A = 0.2,
A=1,and A = 0.01.

(iii)) Automatic music transcription
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Figure: The musical note recognition using spectro-
temporal estimation. The seven notes are B4, F4¢ A4,
G4, A4, B4, and F4f with parameters A = 0.01, p = 100,
and 10 epochs by using Kalman smoother and the ALKS
solver.
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