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State transition function:
Xk = f(xp_1) + v
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Dynamic stream weights

Assumption: Xk, ¥, x, Yy K =1, ..., K fully observed, \x € [0, 1] and i.i.d.
P(Xks Yaks Yuor M) 0 PYa kXK P(yy il x)

& log{p(Xk; Yaks Yvir M)} = M log{p(yaxlxi)} + (1 — M) log{p(yylXxk)} + ¢

Problem: Direct optimization not feasible.
Solution: Impose prior on Ay, e.g. Gaussian or symmetric Beta3 distribution.

J(Ak) = A log{p(¥aklxi)} + (1 — Ak) log{p(yy ilxk)} + log{p(Ak)}

3C. Schymura et al.: Audiovisual speaker tracking using nonlinear dynamical systems with dynamic stream weights, arXiv, 2019
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Symmetric Beta prior

J(Ak) = Ak log{p(yaxlxk)} + (1 — Ak) log{p(yy k|xk)} + log{p(\k)}

with
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JBeta(Ak) = Ak log{p(ya x|xk)} + (1 — Ai) log{p(yy k|xk)}
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Symmetric Beta prior

— P(yaxlxk) = 05, plyy ilxi) = 0.5, ay = 1.5
—057 —— p(YarlxE) =01, p(yy ilxi) = 0.6, ay = 1.1

Jgeta(Ak) is a concave function:
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4T. Gehrig et al.: Kalman filters for audio-video source localization, WASPAA, 2005
55. Gerlach et al.: 2D audio-visual localization in home environments using a particle filter, ITG Symp., 2012

6X. Qian et al.: 3D audio-visual speaker tracking with an adaptive particle filter, ICASSP, 2017
8/12



Learning dynamic stream weights

Supervised learning approach

Oracle DSW serve as targets
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Evolutionary’ learning approach

Direct optimization of localization error

.YA,k —
)’v,k —
X —>

Zy —>

Black-box
optimization
g(zk|w)

- > W

7 . . . A a
D. Wierstra et al.: Natural evolution strategies, Journal of machine learning research, vol. 15, 2014
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Learning dynamic stream weights

Training procedure®
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Results I
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Ongoing work (in collaboration with NTT)

End-to-end optimization in a deep learning framework:
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Thank you for your attention!




