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Audiovisual speaker tracking

Prediction step

System dynamics:

X = AXy_1 + Vg,

vk = N(0, Q)
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Observation

Observation model:
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Audiovisual speaker tracking

Update step (standard Kalman filter)

Observation model:
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Audiovisual speaker tracking

Update step (Kalman filter with dynamic stream weights?)

Observation model:

Yak = Caxx +Wak, Wax=N(0, Raa)

Yk = Cvxx +wyy, Wyx=N(0, Ry)
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Learning dynamic stream weights

Standard approach: Supervised training with oracle dynamic stream weights
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Learning dynamic stream weights

Proposed approach: Training with natural evolution strategies

Audio features ———|  Black-box
Video features ——|
Speaker positions ——
Realiability measures ——

optimization
h(zx |w)

» No oracle information required.

» Flexible choice of loss/fitness function.
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Learning dynamic stream weights

Implementation

> Reliability measures: instantaneous estimated a-priori SNR, acoustic and visual
observation log-likelihoodsZ.
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Implementation
> Reliability measures: instantaneous estimated a-priori SNR, acoustic and visual
observation log-likelihoodsZ.
» Evaluation of two different DSW prediction models: logistic function and
fully-connected feed-forward neural network.

» Separable natural evolution strategies (SNES) as optimizer:
pw|8) = N (w| py, diag(ow))

> Fitness function allowing direct optimization of instantaneous localization error:

~(m 2
fw) = — Sy & Sk (4 - 6" w))
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Evaluation

Experimental setup

» Front-end: DPD-MUSIC? for acoustic localization,
Viola-Jones* algorithm for visual localization.

g Nadiri et al.: Localization of multiple speakers under high reverberation using a spherical microphone array and the direct-path dominance test, 2014
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» Front-end: DPD-MUSIC? for acoustic localization,
Viola-Jones* algorithm for visual localization.

» Dataset of audiovisual recordings in an office
environment (Tgg ~ 350 ms) using the Kinect.

» Constant velocity dynamics model.

» Baseline: Stream weight prediction models
trained on oracle DSWs with SGD (same

architecture)
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Evaluation

Results
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