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Audiovisual localization: Problem statement
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State transition function:
xi = f(xk—1) + vk

Observation functions:
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Audiovisual localization: Recursive state estimation
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2C. Schymura et al.: Extending linear dynamical systems with dynamic stream weights for audiovisual speaker localization, IWAENC, 2018 4/16
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Audiovisual localization: Oracle dynamic stream weights

Assumption: Xk, ¥ o Yok k=1, ..., K fully observed, A € [0, 1] and i.i.d.
P(Xk, Ya ko W, ko Ak) X p(yA,k‘xk)/\kp<yv,k’Xk)1_)\k

& og{p(Xk; Ya k> Yoko M) T = A l0g{p(¥a lXi)} + (1 — Ag) log{p(yy klxx)} + ¢

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

JAk) = Ak log{p(ya klxk) } + (1 — Ak) Log{p(yy klxk) } + log{p(Ax)}

3C. Schymura et al.: Audiovisual speaker tracking using nonlinear dynamical systems with dynamic stream weights, arXiv, 2019
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Audiovisual localization: Results |
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4T. Gehrig et al.: Kalman filters for audio-video source localization, WASPAA, 2005
S. 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
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Audiovisual localization: Learning dynamic stream weights

Supervised learning approach Evolutionary’ learning approach
Oracle DSW serve as targets Direct optimization of localization error
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7D. Wierstra et al.: Natural evolution strategies, Journal of machine learning research, vol. 15, 2014
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Audiovisual localization: Learning dynamic stream weights

Training procedure®
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Audiovisual localization: Learning dynamic stream weights

Training procedure®

Dataset
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Audiovisual localization: Results Il
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Causal models: Problem statement

Task: Sound source localization in reverberant
rooms using spherical microphone arrays®.
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Causal models: Problem statement

Task: Sound source localization in reverberant
rooms using spherical microphone arrays®.

) » Direct-path dominance test-based

direction-of-arrival estimation.

» Clustering of estimated DoAs using

Gaussian mixture models.

» Speaker DoA determined by selecting the
dominant Gaussian component(s) of the

Gaussian mixture model.

QOA Nadiri, B. Rafaely: Localization of multiple speakers under high reverberation using a spherical microphone array and the direct-path
dominance test, IEEE Trans. on Audio, Speech, and Language Processing, vol. 22, 2014
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Causal models: GMM-based DoA clustering

Reverberation time: Tgp = 0.55
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Causal models: GMM-based DoA clustering

Reverberation time: Tg) = 2.0s
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Causal models:
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Causal models: Granger causality test!°
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Causal models: Granger causality test!°
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Granger causality: Does y, significantly contribute to predicting x,?
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Causal models: Granger causality test!°
E | ] S | T
k k
Granger causality: Does y, significantly contribute to predicting x,?

1. Fit autoregressive models

m m
2
X = E A, ki Xk— 1 + E Axy,kYk—k + €k, €~ N(O, o )

rr=ll k=1
m
- . 2
Xk = Z Ax,xXk—r T €ky €k~ N(07 g )
k=1

2. Evaluate null hypothesis Hy : axy. = 0 Vk via the F-test statistic

5.2

Fyox=—
(o

IOC. W. J. Granger: Investigating causal relations by econometric models and cross-spectral methods, Econometrica, vol. 37, 1969 ,
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Causal models: Causal graph and root node selection

Constructing Granger matrix and causal graph via pair-wise Granger causality test:
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Causal models: Results

’ Dominant GMM component selection Causal graph

o 06— T T T 2 20— T T T

S S

S £ 15+ |

s 4 I:

5 s 10 .

£ 2f - S

= 9 5L N

; : =

N (]

< 0 I I I I w 0 | |
05 1 15 2 25 05 1 15 2 25

Teo in' S Tgo in' s

15/16



Conclusions



Conclusions

» Dynamic stream weights can benefit audiovisual speaker localization performance
and provide an additional notion of uncertainty.




Conclusions

» Dynamic stream weights can benefit audiovisual speaker localization performance
and provide an additional notion of uncertainty.

» Causal reasoning helps localizing sound sources in highly

reverberant environments and allows to depict reflection
patterns via a causal graph.



Conclusions

» Dynamic stream weights can benefit audiovisual speaker localization performance
and provide an additional notion of uncertainty.

» Causal reasoning helps localizing sound sources in highly

reverberant environments and allows to depict reflection
patterns via a causal graph.

» Cognitive models in general yield valuable insights into
model behavior.



Conclusions

» Dynamic stream weights can benefit audiovisual speaker localization performance
and provide an additional notion of uncertainty.

» Causal reasoning helps localizing sound sources in highly

reverberant environments and allows to depict reflection
patterns via a causal graph.

» Cognitive models in general yield valuable insights into

model behavior.

» Promising direction for future research: How to
integrate modern deep learning techniques without
sacrificing model interpretability?



Conclusions

» Dynamic stream weights can benefit audiovisual speaker localization performance
and provide an additional notion of uncertainty.

» Causal reasoning helps localizing sound sources in highly

reverberant environments and allows to depict reflection
patterns via a causal graph.

» Cognitive models in general yield valuable insights into
model behavior.

» Promising direction for future research: How to
integrate modern deep learning techniques without

sacrificing model interpretability? |

Thank you for your attention! w
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DSW-EKF: Derivation |

Prediction step
f(xk—1) ~ f(Xk—1) + F(Xk—1)(Xk—1 — X—1)

= P(Xk | Xk-1) = N(Xk| f(xk—1) + F(Xk—1)(Xk—1 — Xk—1), Q)

= p(xk| Yak—1, Yvk—1) = N(Xk‘&kfla 2k71>

Prediction step (identical to standard EKF)

X1 = F(Xk—1)
Of (xk—1)

Sike1 = Fc1Zkc1Fo1 + Q. Fre1 = F(luor) = .
OXk—1 Ix—1=%k—1




DSW-EKF: Derivation Il
Update step

8h{A,v} (Xk)

h{A,v} (xk) ~ h{A,v} (Xk) + H{A,v},k(xk — Xk), H{A,v},k = o

Xk:)A(k

= p(.Y{A,v},k | xk) = N(.V{A,V},k? | h{A,v} (Xk) + H{A,V},k) (Xk — Xk), R{A,V})

Update step

K;k _
KV,k
= gt + MeRak(Yak — maGn)) + (1= MKy (W — (30 )

Skt = (l— MK kHa x — (1 — Ak)Kv,kHv,k)2k|k—1

~ ~ =1
Ra + McHa k2ii—1 Hj « (1= M) Ha (k-1 MY Ha «
AkHy kS Hy Ry + (1 = M) Hy 1 Zp—1 HY Hy «

} S




DSW-EKF: Inference

A 2 =i
K Ry + McHa i -1 Hy (1 = M) Ha k-1 Hy H, « o
: g =1
KI,k AeHy kX1 HAT,k Ry + (1 = M) Hy kX i1 H\T,k H, |
can be expressed as
T T T T -1 T .
(K K| = [R+ UMW [Hoe Hoi| Sien with
. . A 11— X ~
R = blkd|ag(RA, RV), Uk = blkdlag(H&k, Hv,k), Wk = \ 1\ (029 2k|k—1
kL= Ak

11

Modified Kalman gain computation using the binomial inverse theorem

[ K\T,’k]T = [R1 = R UTWUIR ] [Ha Hv,k]Tﬁ:k‘k_l, Ty = Wi (1+ u{:l;'—lukwk)_1

Complexity w.r.t. matrix inversions: O(SDi) vs. O((DyA + Dyv)3)

11D. Harville: Extension of the Gauss-Markov theorem to include the estimation of random effects, Ann. Statist. vol.4, no. 2, 1976



Audiovisual localization: Dynamic stream weights
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ODSW estimation: Gaussian prior

JAk) = Ak log{p(ya ilxk)} + (1 — Ak) Log{p(yy «|xk) } + log{p(Ak)}

with
1 (Mg — 1y)?
log{p(Xk)} = 2(kQ/M) + const.
Oy

yields

dJ()\ 1

Q) _ Log{p(y, )} — Loa{p(¥e 1%} = — (e = 1)
d Mg oy

P(Ya il Xk) }

= )\*:/L,\—i-dzlog{
g A Up(yy alxe)



ODSW estimation: Symmetric Beta prior |

JAk) = Ak log{p(ya ilxk)} + (1 — Ak) Log{p(yy «|xk) } + log{p(Ak)}

with
1

) Vi ( I V4
B(Oz)\, a}\) k ( k)

p(Ak) =
yields

Jgeta(Ak) = Ak log{p(y, «|xk)} + (1 — Ak) Log{p(yy i|xk) }
+ (ay — 1) ( log{ ¢} + log{1 — Ak}) + const.

= A= r‘rj\ax JBeta()\k) s.t. O0< e
K



ODSW estimation: Symmetric Beta prior |l

Jgeta(Ak) is a concave function:

deera (M) _ 10 {p(yA,k!xo} +(aA_1>(i+ L )

d/\k p(yw(]xk) )\k Ak —1
JBeta()\k) 1 1
g Beta M) _ (ap — 1) (= + ——— %
dA\; (o )<A§ Mk — 1)2) <0Vay>1



ODSW examples
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Audiovisual localization: Experimental setup

Three audiovisual datasets.
Acoustic front-end: SRP-PHAT
Visual front-end: YOLOFace!?

vV v vy

Constant velocity linear dynamics model and
nonlinear rotating vector observation models.

P Leave-one-out cross-validation paradigm.

12J. Redmon, A. Farhadi: YOLOv3: An Incremental Improvement, arXiv, 2018



Audiovisual localization: Results (contd.)

Tabelle 1: Root mean squared errors in degrees.

Undistorted

Signal-to-noise ratio

Image rotation

0dB 15dB 30dB 10° 20° 30°
KAVLoC (N = 70)
EKF (Audio) 11.92 4 2.93 20.22 + 4.86 14.24 4 3.72 11.95 +2.93  11.92 4 2.93 11.92 + 2.93 11.92 + 2.93
EKF (Video) 6.78 & 3.16 6.78 £+ 3.16 6.78 & 3.16 6.78 & 3.16 6.94 £ 3.37 7.88 £ 3.95 9.32 £ 4.76
EKF (Audiovisual) 8.64 £ 2.43 11.27 + 2.57 9.04 £ 2.40 8.64 £ 2.53 7.48 £ 2.70 777 £2.45 8.05 £ 2.46
ODSW-EKF (Gaussian) ~ 5.87 + 2.79* 5.87 £ 2.77* 5.85 £ 2.79* 5.87 £ 2.79*  6.09 £ 2.99* 6.99 £ 3.47 7.95 £ 3.77
ODSW-EKF (Beta) 5.85 + 2.86* 5.84 + 2.79* 5.79 £ 2.85* 5.87 £ 2.87*  6.06 £ 3.04* 6.90 £ 3.49 7.86 £ 3.80
NAVLoC (N = 400)
EKF (Audio) 21.55 £ 0.53 21.60 + 0.54 21.59 + 0.54 21.59 £ 0.54  21.55 + 0.53 21.55 £ 0.53 21.55 £ 0.53
EKF (Video) 19.00 4 0.37 19.00 + 0.37 19.00 + 0.37 19.00 + 0.37  19.15 4 0.36 19.47 4+ 0.34 20.20 £ 0.72
EKF (Audiovisual) 21.36 £ 0.15 21.37 £ 0.16 21.37 £0.15 21.37 £0.16  21.42 +0.15 21.52 £ 0.15 21.72 £0.19
ODSW-EKF (Gaussian) 15.69 & 0.57*  15.69 + 0.64* 15.69 + 0.64* 15.69 & 0.64* 16.08 + 0.63* 16.84 + 0.57* 18.20 + 0.98*
ODSW-EKF (Beta) 15.69 & 0.57*  15.69 + 0.64* 15.69 & 0.64* 15.69 & 0.64* 16.08 + 0.63* 16.84 + 0.57* 18.21 + 0.98*
MVAD (N = 6)
EKF (Audio) 15.18 & 8.62  20.47 £ 11.96 19.61 + 12.13 15.53 & 7.45  15.18 £ 8.62 15.18 4 8.62 15.18 4 8.62
EKF (Video) 10.07 4 9.51 10.07 + 9.51 10.07 4 9.51 10.07 +9.51  10.61 £ 9.33 11.43 +9.24 12.36 4 8.99
EKF (Audiovisual) 12.77 +8.82  13.57 £ 10.55 13.87 4+ 9.67 13.13 £ 8.27  12.90 £ 8.50 13.23 4 8.70 13.68 4 8.73
ODSW-EKF (Gaussian) ~ 8.85 + 7.37 10.12 + 9.30 9.39 + 8.16 8.65 4 7.04 8.91 4 6.97 9.80 4 6.81 10.67 & 6.55
ODSW-EKF (Beta) 8.86 4 7.37 10.12 + 9.30 9.39 + 8.16 8.66 & 7.04 8.90 4 6.96 9.80 4 6.81 10.67 £ 6.55




Audiovisual localization: Results (contd.)
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NES: Gradient approximation

—Eo{flw)} = [ Aw)p(w|6)d

VoJ(0) :VQ/f(w)p(WH)dw
:/f(w)Vgp(w|0)dw
- p(w|6)
— [ fwVap(wl6) e W

— [ (fw)Valog{p(w|6)})plw|6) dw

<

= Eo{ Aw)Vy log{p(w|6)} } ~ Z win) Vo log{p(wi | 6)}



DoA-dependent time-series generation for GCT
Azimuth

>

§ 1. Generate DoA time-series for each
?',‘ frequency bin:
L

TNT
Elevation e, = { [¢TV wr V] }

i 3 ' ’ T=1

g T

g 2 oT,V

g 1
- 0 2. Evaluate component-wise posteriors:

Time :
1 9, = pl6rs | 1y B)
| |

yg,g t| = I \ j

ygg E I I 3. Generate time-series from posteriors:

¥ A I

Y, = {y’(rl,)l/}IZI



