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Introduction Dirichlet process prior Experimental results
* Objective: Source counting with microphone array * Prior over infinitely many mixture components e Simulated anechoic speech mixtures of 5s at 16 kHz
> Input: Direction of arrival estimates (DOAs) * Chinese restaurant process representation: * Maximum number of speakers/minimal speaker spacing
» Goal: Automatically estimate number of speakers > Probabillity for assignment to existing mixture component > Top to bottom: 4/90°, 6/60°, 6/45°
- P(z, = l|2\,) o So, * Number of active speakers

> Left to right or bluetored: 0, 1, 2, 3,4, 5,6

> Probability for assignment to new mixture component
* Input SNRs 10dB, 20dB, 30dB
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4m | . . . . e Comparison with Dirichlet distribution prior
* Sp./: SUM over observation weights belonging to mixture / N o -
e v: concentration parameter controls weight of new mixture o Pirichlet distribution o_m_%_mwnaomjmm
_ Bayesian inference: Gibbs TR 1
* Problem: Model DOA histogram as mixture model . . .. L 2 sw S F I
- Model selection: Determine number of mixtures e Sequential sampling from conditional distributions £ | l 1l
> Circular distribution: 27 periodicity in observations *Step 1: Sample mixture indicator from m > : ::_ :_ __
e Approach: Nonparametric Bayesian modeling P(zn = 1|dn, d\ 1, 2\ 1, Ky p, @) g o o
» Mixture of wrapped Gaussian distributions B _ (0) S ] l Wy
_. Each speaker represented by one mixture component < P(zn=112\n)  p(nl\n, Zn = |, 2\, K\, © ) " s 7 = = __ = :
> Dirichlet process prior over mixture components Collapsed Gibbs sampling - Integrate out prior: ) - m:m- w % 5_. o
- Automatically determine number of mixture components K (0) Input SNR/dB
> Weighting of observations by their power MU \RQ:,@: Kn)P(O/|d\n, Zn = 1,2\, K\, ©)dO; . . . .
ki=—K * Low sensitivity over wide range of variance floor scaling
. K 100
Mixture of <<8.UU®Q Gauss —=Student’s t-distributions MU T(dn + 27Ky, my, &, my, 1) 90
* Shift conditional Gaussian distribution kn=—K o 80
p (chlu of. k) — ——exp (2T ) »For zn = hew use mO. <010 8
o 52 2072 * Step 2: Decide for that shift k, where summand is maximal g 6ot )
I | | ol [/ |~ ~20dBM45° ——20dB/60" -~ 20dB/90°| T —
» Mixture of wrapped Gaussian distributions Step 3: Weighted update of parameters m, & . 1, So, | |- sodmes ——30dse0 - - 30dB90
N50 w A_o A_m m_o 25
L 00 " Scaling factor
NCITE T ol PR SR PR PARI SOUICe counting |
I=1 Kn=—0c e Consolidate mixture components: Conclusions
* Normal gamma prior for precision QNN and mean » Reduce ~ after burn-in period . . .
p 0 2O 2 (0) O] ~ Remove, if probability of mean higher in other mixture * Lirichlet process prior delivers better result
O ={mo "y ~N AF m, 0% /¢ v g Aq T v > Remove, if variance 10x higher than lowest variance * Adaptive variance thresholding
» Hyper parameters: @© — {m(©) ¢(0) ;0 0} - Remaining number of mixtures is number of speakers * Dirichlet process prior for other mixture models

> Infinite complex Watson mixture model?
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