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Background Motivation

Speech Processing

Noisy and reverberant Common applications
@ Train stations © Hands-free communications
@ Factories @ Teleconferencing (Skype)
@ Cars © Assisting hearing impaired
@ Home Q Robust automatic speech
© Busy offices recognition (ASR)
@ Cocktail parties © Eavesdropping

Speech enhancement tasks

@ Noise reduction

@ Speaker segregation, separation and
extraction

© Dereverberation

@ Echo cancellation
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Background Motivation

Speaker Localization

Why localizing? S

© An essential component in many

speech enhancement algorithms .
Front Path

@ Camera steering
© Robot audition
o

Simultaneous localization and
mapping (SLAM)

N & s
~---dU><,

N,
Robot Head far-field source

d.
Back Path oy 71

© Accuracy deteriorates in presence of noise

@ Reverberation severely degrades accuracy if not taken into account
(as in many speech processing tasks)

© Necessitates multi-microphone installations (single mic. [Talmon et al., 2011])
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Background Motivation

Devices Equipped with Multiple Microphones

© Cellular phones

© Laptops and tablets
© Hearing devices

@ Smart watches

© Smart glasses

@ Smart homes & cars
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Background Room Acoustics and Speech Processing

Room Acoustics Essentials

Acoustic propagation models

@ When sound propagates in an enclosure
it undergoes reflections from the room
surfaces

@ Reflections can be modeled as images
beyond room walls and hence impinging
the microphones from many

directions [Allen and Berkley, 1979, Peterson, 1986]

@ Statistical models for late

I’eﬂections [Polack, 1993, Schroeder, 1996, Jot et al., 1997] ':/Q‘

s

@ Late reflections tend to be diffused,
hence do not exhibit
directionality [pa-Degan and Prati, 1988,

Habets and Gannot, 2007]
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Background Room Acoustics and Speech Processing

Speech Processing in Acoustic Environments

@ Classical multi-microphone speech processing algorithms use time
difference of arrival (TDOA)-only model

@ Viable speech processing solutions can only be accomplished by an
accurate source propagation description, captured by the acoustic
impulse response (AIR)

@ Describing the wave propagation of any audio source in an arbitrary
acoustic environment is, however, a cumbersome task, since:

e No simple mathematical models exist
e The estimation of the vast number of parameters used to describe the
wave propagation suffers from large errors

Data-driven approach

To alleviate these limitations and to infer a mathematical model that is
accurate, simple to describe and simple to implement, we propose a
data-driven approach
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Background Room Acoustics and Speech Processing

How to model the Acoustic Environment?

P———
How to
model the
acoustic
path?

Entire
Impulse
Response

Manifold

e Learning

Too | Perfect but
simplified complicated
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Background  Talk Outline

Main Claims

@ The variability of the acoustic response in specific enclosures depends
only on a small number of parameters

@ The intrinsic degrees of freedom in acoustic responses are limited to a
small number of variables

= manifold learning approaches may improve localization ability

. Acsstic Irpulse Resporsz
' ntrolling Parameter
. RTeo | Controlling Parameters

= room dimensions

b & reverberation time

= microphone position

= source position
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Background  Talk Outline

Outline

@ Data model and acoustic features

© The Acoustic Manifold

© Data-Driven Source Localization: Microphone Pair
0 Bayesian Perspective

© Data-Driven Source Localization: Ad Hoc Array
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@ Data model and acoustic features

© The Acoustic Manifold
© Data-Driven Source Localization: Microphone Pair
@ Bayesian Perspective

© Data-Driven Source Localization: Ad Hoc Array



Data model and acoustic features

Data Model: The Two Microphone Case

Microphone signals:

The measured signals in the two microphones:

y1(n) = ai(n) x s(n) + u1(n)
y2(n) = ax(n) * s(n) + ua(n)

@ s(n) - the source signal

@ a;j(n), i = {1,2} - the acoustic impulse responses relating the source
and each of the microphones

e ui(n), i ={1,2} - noise signals, independent of the source
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Data model and acoustic features

Data Model: The Two Microphone Case

Microphone signals:

The measured signals in the two microphones:

@ s(n) - the source signal

@ aj(n), i ={1,2} - the acoustic impulse responses relating the source
and each of the microphones

e uij(n), i ={1,2} - noise signals, independent of the source

Find a feature vector representing the characteristics of the acoustic path
and independent of the source signal!
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Data model and acoustic features = The relative transfer function (RTF)

Relative Transfer Function (RTF) icanmerecsi. 2001

RTF:
@ Defined as the ratio between the transfer functions of the two mics:
Aax(k)
Hio(k) =
12(k) Av(k)

@ In the time domain: the relative impulse response (RIR) satisfies:

32(n) = h12(n) * al(n)
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Data model and acoustic features ~ The RTF

Relative Transfer Function (RTF) icanmerecsi. 2001

= room dimensions
= reverberation time
= microphone position

= source position

RTF:

@ Represents the acoustic paths and is independent of the source signal
@ Generalizes the TDOA

@ Depends on a small set of parameters related to the physical
characteristics of the environment
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Data model and acoustic features ~ The RTF

Relative Transfer Function (RTF) icanmerecsi. 2001

= room dimensions
= reverberation time
= microphone position

= source position

RTF:
@ Represents the acoustic paths and is independent of the source signal
@ Generalizes the TDOA

@ Depends on a small set of parameters related to the physical
characteristics of the environment

@ In a static environment the source position is the only varying degree
of freedom
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Data model and acoustic features

The RTF

Relative Transfer Function (RTF)

@ Estimated based on PSD and
cross-PSD
(alternatively [Markovich-Golan and Gannot, 2015,

Koldovsky et al., 2014]):

@ Define the feature vector:
. . T
h = |Hia(k), ..., Hiz2(kp)

@ D  length of the relative
impulse response (time domain)

S. Gannot (BIU)

Speaker Localization on Manifolds

High dimensional
representation -
due to reverberation

RTF — based

feature vector

Controlled by one
dominant factor -
source position
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@ Data model and acoustic features

© The Acoustic Manifold
© Data-Driven Source Localization: Microphone Pair
@ Bayesian Perspective

© Data-Driven Source Localization: Ad Hoc Array



The Acoustic Manifold

How to Measure the Affinity between

RT FS? [Laufer-Goldshtein et al., 2015, Laufer-Goldshtein et al., 2016b]

@ The RTFs are represented as points in a high dimensional space
@ Small Euclidean distance of high dimensional vectors implies proximity

@ Large Euclidean distance of high dimensional vectors is meaningless
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The Acoustic Manifold

How to Measure the Affinity between

RT FS? [Laufer-Goldshtein et al., 2015, Laufer-Goldshtein et al., 2016b]

@ The RTFs are represented as points in a high dimensional space
@ Small Euclidean distance of high dimensional vectors implies proximity

@ Large Euclidean distance of high dimensional vectors is meaningless

Acoustic manifold

@ They lie on a low dimensional nonlinear manifold M.

@ Linearity is preserved in small neighbourhoods.
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The Acoustic Manifold

How to Measure the Affinity between

RT FS? [Laufer-Goldshtein et al., 2015, Laufer-Goldshtein et al., 2016b]

@ The RTFs are represented as points in a high dimensional space
@ Small Euclidean distance of high dimensional vectors implies proximity

@ Large Euclidean distance of high dimensional vectors is meaningless

Acoustic manifold

@ They lie on a low dimensional nonlinear manifold M.
@ Linearity is preserved in small neighbourhoods.

@ Distances between RTFs should be measured along the manifold
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The Acoustic Manifold Affinity measures

n(myz(n) L g
ﬁﬁ e o

How to
measure
Affinity?

Euclidean | PCA-based
Distance Distance

Diffusion
Distance

Each distance measure relies on a different hidden assumption about the
underlying structure of the RTF samples
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The Acoustic Manifold Affinity measures

Euclidean Distance

The Euclidean distance between
RTFs

DEUC(hiv hj) = |h; — hj”

@ Compares two RTFs in their
original space

@ Does not assume an existence of
a manifold

@ Respects flat manifolds

A good affinity measure only when the RTFs are uniformly scattered all
over the space, or when they lie on a flat manifold
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The Acoustic Manifold Affinity measures

PCA-Based Distance
PCA algorithm

@ The principal components - the d dominant eigenvectors {v;}¢_; of
the covariance matrix of the data
@ The RTFs are linearly projected onto the principal components:

I/(h,’) = [Vl7 00 .Vd]T (h, — [J,) o
PCA-based distance between RTFs

Dpca(hish;) = [lv(hi) — v(hj)].

@ A global approach - extracts
principal directions of the entire
set

@ Linear projections - the manifold
is assumed to be linear/flat
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The Acoustic Manifold Affinity measures

Diffusion Maps

Discretization of the manifold

@ The manifold can be empirically represented by a graph:

e The RTF samples are the graph nodes.
e The weights of the edges are defined using a kernel function:

h; — hj?
Ky =kl by) = exp { - IR
€
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The Acoustic Manifold Affinity measures

Diffusion Maps

Discretization of the manifold

@ The manifold can be empirically represented by a graph:

e The RTF samples are the graph nodes.
e The weights of the edges are defined using a kernel function:

h; — hj?
Ky =kl by) = exp { - IR
€

@ Define a Markov process on the graph by the transition matrix:
p(hia hj) = PU = KU/ ZII’VZI Kir'
which is a discretization of a diffusion process on the manifold
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The Acoustic Manifold Affinity measures

Diffusion Maps

Diffusion mapping |

@ Apply eigenvalue decomposition (EVD) to the matrix P and obtain
the eigenvalues {);} and right eigenvectors {¢;}.

@ A nonlinear mapping into a new low-dimensional Euclidean space:
. A7 T
(Dd : h,' —> |:)\190:([l), aoog )\dtps):| .
|
T 90 00

2000

The mapping provides a parametrization of the manifold and represents
the latent variables - Here, the position of the source
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The Acoustic Manifold Affinity measures

Diffusion Distance

Diffusion distance between RTFs

The distance along the manifold is approximated by the diffusion distance:
N
Dig(hihy) = Y (p(hish,) = p(hj,h,))* /("
r=1
@ Two points are close if they are highly connected in the graph.

@ The diffusion distance can be well approximated by the Euclidian
distance in the embedded domain:

Dpigt(hi, hj) = ||®4(h;) — ®4(h))].
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The Acoustic Manifold Affinity measures

Diffusion Distance

lllustration
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The Acoustic Manifold Affinity measures

RTFsamples f__ 3 . .

No
processing

measure
Affinity?

Euclidean
Distance

Uniform

Scattering
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The Acoustic Manifold Affinity measures

I P
AGECLETEY —
How to

measure
Affinity?

Global
Processing

No
processing

Euclidean PCA-based

Distance

Uniform

Distance

Flat

Scattering Manifold
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The Acoustic Manifold Affinity measures

LRI — T

measure
No Affinity? Global

. Processing
processing
J.ocal & Global
Processmg

Diffusion
Distance

Euclidean
Distance

Flat

Nonlinear
Manifold

Uniform

Scattering
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PCA-based
Distance

Manifold
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The Acoustic Manifold Affinity measures

ETETY p—) T
measure
No Affinity? Global
Processing

processing
@.ocal & Global
Processing
Euclidean Diffusion PCA-based
Distance Distance Distance

Uniform Nonlinear Flat
Scattering Manifold Manifold

Which of the distance measures is proper?
What is the true underlying structure of the RTFs?
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The Acoustic Manifold Verification

Simulation Results

3

Simulate a reverberant room using the 60
image method [Alien and Berkiey, 1979]: o
@ Room dimension 6 x 6.2 x 3m ﬁV\NE
@ Microphones at: [3,3,1] and [3.2, 3, 1] = S
@ The source is positioned at 2m from the
mics, the azimuth angle in 10° = 60°. B o R

e Tgo = 150/300/500 ms
e SNR=20dB

Measure the distance between each of the RTFs and the RTF
corresponding to 10°:

@ If monotonic with respect to the angle - proper distance

@ If not monotonic with respect to the angle - improper distance

S. Gannot (BIU) Speaker Localization on Manifolds LVA/ICA, 21.2.2017 24 / 62



The Acoustic Manifold Verification

Euclidean Distance & PCA-based Distance (e colshein « ol 2015]

35 30
30 2
25
20
220 g
5 £ 15
815 8
— T, =150ms 10
10 w0 ] —T,=150ms
5 —T=300ms | | 5 ——T,,~300ms
Tg=500ms ——T,=500ms
0 ‘ . ‘ ‘ 0 ‘ ‘ ‘ ‘
10 20 30 40 50 60 10 20 30 40 50 60
Angle[] Angle[]
(a) Euclidean Distance (b) PCA-based Distance

For both distance measures:
@ Monotonic with respect to the angle only in a limited region

@ This region becomes smaller as the reverberation time increases

@ They are inappropriate for measuring angles’ proximity
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The Acoustic Manifold

Diffusion Maps

0.16

014 —TED=150ms

012 ——T=300ms
! —TED=500ms

10 20 30 40 50 60
Angle[]

(c) Diffusion Distance

The diffusion distance:

< 002

Verification

01

008
0.06

0.04

-0.02 \

004 \\

10 20 30 40 50 60
Angle[]

(d) Diffusion Mapping

@ Monotonic with respect to the angle for almost the entire range

@ It is an appropriate distance measure in terms of the source DOA

@ Mapping corresponds well with angles - recovers the latent parameter
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@ Data model and acoustic features

© The Acoustic Manifold
© Data-Driven Source Localization: Microphone Pair
@ Bayesian Perspective

© Data-Driven Source Localization: Ad Hoc Array



Data-Driven Source Localization: Microphone Pair

Semi-Supervised Learning

Mixed of supervised (attached with known locations as anchors) and
unsupervised (unknown locations) learning
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Data-Driven Source Localization: Microphone Pair

Semi-Supervised Learning

Mixed of supervised (attached with known locations as anchors) and
unsupervised (unknown locations) learning

Why using unlabeled data?

@ Localization - training should fit the specific environment of interest
e Cannot generate a general database for all possible acoustic scenarios
o Generating a large amount of labelled data is cumbersome/impractical
e Unlabelled data is freely available - whenever someone is speaking
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unsupervised (unknown locations) learning

Why using unlabeled data?

@ Localization - training should fit the specific environment of interest
e Cannot generate a general database for all possible acoustic scenarios
o Generating a large amount of labelled data is cumbersome/impractical
e Unlabelled data is freely available - whenever someone is speaking

@ Unlabelled data can be utilize to recover the manifold structure

!"uﬂ‘"\\u \:
]
k"‘-—-,——"j
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Data-Driven Source Localization: Microphone Pair

Semi-Supervised Learning

Mixed of supervised (attached with known locations as anchors) and
unsupervised (unknown locations) learning

Why using unlabeled data?

@ Localization - training should fit the specific environment of interest
e Cannot generate a general database for all possible acoustic scenarios
o Generating a large amount of labelled data is cumbersome/impractical
e Unlabelled data is freely available - whenever someone is speaking

@ Unlabelled data can be utilize to recover the manifold structure

© Semi-supervised learning is the natural setting for human learning

PN ==
K@ R 4
S
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Data-Driven Source Localization: Microphone Pair

Semi-Supervised Learning

Recover the Manifold

2
2
2 e 202
L, e
o .
/

¢ ¢
/ ¢ ¢
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Data-Driven Source Localization: Microphone Pair

Semi-Supervised Learning

@ H = {h,»}l'.’i1 - n, labelled samples
Py = {p;}-, - labels/positions

o
@ Hy= {h,—}l'.’i’nL+1 - ny unlabelled samples
o

Hp = H. U Hy - np = n; + ny training
samples

Hr = {hi}]_, .1 - n7 test samples

Test Set

Training Set
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Data-Driven Source Localization: Microphone Pair

Semi-Supervised Learning

@ H, = {h;}/}, - n labelled samples
@ P, = {pi}:L, - labels/positions
@ Hy= {h,—}l'.’i’nL+1 - ny unlabelled samples

@ Hp = H; UHy - np = ng + ny training
samples

@ Hr = {h,-}'f’:nDJr1 - nT test samples

Test Set

Training Set

Goal: Recover the function f which transforms an RTF to position J
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Data-Driven Source Localization: Microphone Pair Manifold Regularization

Optimization and Manifold Regularization

Optimization in a reproducing kernel Hilbert space (RKHS) (gelkin et al., 2006]:

X L
F* = argmin — > (5 — £(h,))> + vl I3, + vmllFl34
fer, NL i—1
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Data-Driven Source Localization: Microphone Pair Manifold Regularization

Optimization and Manifold Regularization

Optimization in a reproducing kernel Hilbert space (RKHS) [elkin et al., 2006]:

X =
F* = argmin — > (5 — £(h)))> + vl I3, + vmllFl34
fer, NL i—1

Cost function

e ik (i — f(hy))?

LN

S. Gannot (BIU) Speaker Localization on Manifolds LVA/ICA, 21.2.2017 31/ 62



Data-Driven Source Localization: Microphone Pair Manifold Regularization

Optimization and Manifold Regularization

Optimization in a reproducing kernel Hilbert space (RKHS) [elkin et al., 2006]:

ng

N .1 _
F* = argmin — > (5 — £(h;))* + Ykl f |3, + ymllf[134
fer, ML 5o

Cost function Tikhonov
Regularization
nr i (Bi — f(hy))? I£11%e,

(AAECI
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Data-Driven Source Localization: Microphone Pair Manifold Regularization

Optimization and Manifold Regularization

Optimization in a reproducing kernel Hilbert space (RKHS) [eikin et al. 2006]:

. 1
F* = argmin — > (i — £(h;))* + k| F 3, + ymllf[134
fer, NL i—1
Cost function Tikhonov Manifold
Regularization Regularization
nr i (Bi — f(hy))? (FAlE™ I £1134

- W
*
N °

® o0
\rlA/\f\ . ¢ N
[} g.
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Data-Driven Source Localization: Microphone Pair Manifold Regularization

Manifold Regularization

Discretization of the manifold

@ The manifold is empirically represented by a graph G, with weights:
LY R i ) :
Wij_{exp{ - }nchje/\/,orh,ej\/}
otherwise
where Nj is a set consisting of the d nearest-neighbours of h;.
@ The graph Laplacian of G: M =S — W, where S;; = zjgl W;;.
e Regularization: ||f||3, = fiMfp = 3 Z,J L W (F(h;) — f(h)))?
with 1 = [, h,. .., fn,] G

- f(hy) f(hy)
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Data-Driven Source Localization: Microphone Pair Manifold Regularization

Optimization and Manifold Regularization

The optimization problem can be recast as:
n

N 1 _
F* = argmin — Y (B — £(h)))* + k| f I3, + ymfLMFp
FEH ne i—1

S. Gannot (BIU) Speaker Localization on Manifolds LVA/ICA, 21.2.2017

33/ 62



Data-Driven Source Localization: Microphone Pair Manifold Regularization

Optimization and Manifold Regularization

The optimization problem can be recast as:

. 1,
f* = argmin — Z(p,- — 1"(h,~))2 + ’yk||f\|%.[k + ’YMfl-erfD
feH, NL =1l

The representer theorem:

The minimizer over Hy of the regularized optimization is represented by:
np
f*(h) =) _aik(h;,h)
i=1

where k : M x M — R is the reproducing kernel of H
- h:lI2
with Kj = k(h;, h;) = exp {_M}

€
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Data-Driven Source Localization: Microphone Pair Manifold Regularization

Optimization and Manifold Regularization

The optimization problem can be recast as:
n

. 1 _
f* = argmin — > (5 — £(h;))? + | I3, +ymf5Mfp
FEH ne -1

v

The representer theorem:

The minimizer over Hy of the regularized optimization is represented by:

np
f*(h) = Z aik(hj,h) = closed-form solution for a*
i=1

where k : M x M — R is the reproducing kernel of H

Mapping Add Optimization

f h S€ L Regularizations over a finite
rom to Control set of

top Smoothness parameters

=
e |

==
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Data-Driven Source Localization: Microphone Pair Block Diagram

Manifold Regularization for Localization (MRL)

[Laufer-Goldshtein et al., 2016c]

/" System Adaptation I prIJISigonS 0f|
abelled samples
B,
i labelled & ) / ~
‘unlabelled RTF Reproducing kernel K | Interpolation
. samples — eiffz:gtzzn —, & manifold learning weights
{yil(n)’yil(n)};]:u] e
: {as
" Localization

test RTE Affinity- new sample |, el
© sample —  feature —-» vs. training samples e b Position
AN HO) i via the kernel k  estimation |
: extraction

/(n,)

K :k(hi,h,)
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Data-Driven Source Localization: Microphone Pair Experimental Results

Recordings Setup

@ Real recordings carried out at Bar-llan acoustic lab
@ A6 x 6 x 2.4m room controllable reverberation time (set to 620ms)

@ Region of interest: a 4m long line at 2.5m distance from the mics

- - Nir-conditioner

Room RS ‘t Microphones
|

e

Loudspeaker
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I Window I
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<>
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Data-Driven Source Localization: Microphone Pair Experimental Results

EXpel’I mental ReSU ItS [Laufer-Goldshtein et al., 2016c]

@ Training: 5 labelled samples (1m resolution), 75 unlabelled samples

@ Test: 30 random samples in the defined region

@ Two noise types: air-conditioner noise and babble noise

O GCC(aircond.)
o GCC(babble)

. 07 o NN(aircond.)
Compare with: & N(abble)

0 -B-MRL(aircond.)
) Nearest—nelghbour (NN) -6-MRL(babble)

o o o 4

@ Generalized
cross-correlation (GCC)
method [Knapp and Carter, 1976]

5 10

15
SNR[dB]
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Data-Driven Source Localization: Microphone Pair Experimental Results

Experimental Results (aser-colshtein et al, 20164

@ Training: 5 labelled samples (1m resolution), 75 unlabelled samples

@ Test: 30 random samples in the defined region

@ Two noise types: air-conditioner noise and babble noise

08 o GCC(aircond.)
4 GCC(babble)
. ) 0.7 & NN(aircond.)
Compare with: v itetts
. 0.6 -8-MRL(aircond.)
) Nearest—nelgh bour (NN) : -6-MRL(babble)
o ¢
@ Generalized |
cross-correlation (GCC)
method [Knapp and Carter, 1976] &
hehbhbrE | SRR E
5 10 0 25

15
SNR [dB]

The MRL algorithm outperforms the two other methods
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Data-Driven Source Localization: Microphone Pair Experimental Results

Effect of Labelled & Unlabelled Samples

15 0.6

b - NN MRL (9 labelled)
-8-MRL 05 MRL (3 labelled)
EY w Eoa4
s >03
x 05 . [i2
[!--ﬂ____..ys_____-‘ 0.2
G- tissg
0, 0.1
2 4 6 8 0 20 40 60 80
No. of Labelled Samples No. of Unabelled Samples

Effect of increasing the amount of labelled/unlabelled samples

— As the size of the labelled set is reduced - performance gap increases

— Locate the source even with few labelled samples, using unlabelled
information
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Data-Driven Source Localization: Microphone Pair Experimental Results
Why does Nearest-Neighbour fail?

Compare distances before and after mapping )

@ Before mapping -
monotonic/ordered only in a
limited region

15

10

Distance

5 @ After mapping -
—— monotonic/ordered for
+(f{h1):f(h1))2 almost the entire range

0 1 2 3 4
Position [m]
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Data-Driven Source Localization: Microphone Pair Experimental Results

Why does Nearest-Neighbour fail?

Compare distances before and after mapping )

@ Before mapping -
monotonic/ordered only in a
limited region

15

10

Distance

5 @ After mapping -
T monotonic/ordered for
+(f{h,):f<hl>)2 almost the entire range

0 1 2 3 4
Position [m]

We conclude:
— RTFs lie on a nonlinear manifold - linear only for small patches

— NN ignores the manifold, MRL exploits the manifold structure
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@ Data model and acoustic features

© The Acoustic Manifold
© Data-Driven Source Localization: Microphone Pair
© Bayesian Perspective

© Data-Driven Source Localization: Ad Hoc Array



Bayesian Perspective

Manifold-Based Bayesian Inference (avercosicin et ar. 20164

Estimate the function f which transforms an RTF to position using a
Bayesian approach with a data-driven geometric model J

Update Belief

‘p(f|PL7HL)’ X ‘ p(Prlf, Hr) i p(flHL)
1 | | ||

Posterior Likelihood Prior

Correspondence
between the

A priori belief
on the behavior
function values

and the labels

of f- controls
smoothness
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Bayesian Perspective

Manifold-Based Bayesian Inference (avercosicin et ar. 20164

Estimate the function f which transforms an RTF to position using a
Bayesian approach with a data-driven geometric model J

Update Belief

p(f|PrL,Hr, Hir) O<‘p(PL|f, HL)"|p(f|HLaHU)'

| |
Posterior Likelihood Manifold-Based Prior

Correspondence
between the
function values

a priori belief on
the properties

of f- smoothness
with respect to
the manifold

and the labels

N
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Bayesian Perspective  Statistical Model

Statistical Model

The model: @

© An RTF is sampled from the
manifold M

@ The function f follows a
stochastic process

© The function receives an
RTF sample and returns the
position

© Measure a noisy position
due to imperfect calibration

S. Gannot (BIU) Speaker Localization on Manifolds LVA/ICA, 21.2.2017 41 / 62



Bayesian Perspective  Statistical Model

Statistical Model

The model: @

© An RTF is sampled from the
manifold M

@ The function f follows a
stochastic process

© The function receives an
RTF sample and returns the
position

© Measure a noisy position
due to imperfect calibration

— Likelihood function: p(P.|f, Hi) = =1 exp {— 5> X7t (B — f(h:))*}
— What about the prior? J
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Bayesian Perspective Prior Probability
Standard Prior Probability

Standard Gaussian process:

@ The function f follows a Gaussian process:

f(h) ~ GP (v(h), k(h, hi))

@ v is the mean function (choose v = 0).
@ k is the covariance function.
@ Ther.v. fy =[f(hy),...,f(h,)] has a joint Gaussian distribution:

fry ~ N(0,, Zyn)

where Xy is the covariance matrix with elements k(h;, h;)

e Common choice is a Gaussian kernel k(h;, h;) = exp{—|h; —h;||?/ex}
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Bayesian Perspective Prior Probability
Standard Prior Probability

Standard Gaussian process:

@ The function f follows a Gaussian process:

f(h) ~ GP (v(h), k(h, hi))

v is the mean function (choose v = 0).
k is the covariance function.
The r.v. fy = [f(h1),...,f(h,)] has a joint Gaussian distribution:

fry ~ N(0,, Zyn)

where Xy is the covariance matrix with elements k(h;, h;)

e Common choice is a Gaussian kernel k(h;, h;) = exp{—|h; —h;||?/ex}

>

The correlation for intermediate distances may be incorrectly assessed.

>

Does not exploit the available set of unlabelled data Hy
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Bayesian Perspective Prior Probability

Manifold-Based Prior Probability sidnan e 1. 2007

Discretization of the manifold

@ The manifold is empirically represented by a graph G, with weights:
V,/,,j_{zxp{ ! }.fh,e/\/,orh,e/\@

otherwise

@ The graph Laplacian of G: M =S — W, where S;; = Zf:l W;;.
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Bayesian Perspective Prior Probability
Manifold-Based Prior Probability sidnan e 1. 2007

Discretization of the manifold

@ The manifold is empirically represented by a graph G, with weights:
ij—{ZXp{ ! }lfhje/\/,orh,e/\@

otherwise

@ The graph Laplacian of G: M =S — W, where S;; = Zle W;;.

Statistical formulation

@ Geometry variables G - represent
the manifold structure

@ The likelihood of G: A\ Y

PGIfo) x exp { 2 (13 M) |
@ It can be shown:

1 np o
FEMEp = 2 % W (F(hy) — F(hy))? )—p 2Ll
ij=1 / f(hy) f(hy)

S. Gannot (BIU) Speaker Localization on Manifolds LVA/ICA, 21.2.2017 43 / 62



Bayesian Perspective Prior Probability

Manifold-Based Prior Probability sidnan e 1. 2007

Manifold-Based Likelihood of Standard GP
GP Prior Geometry Variables Prior
f | | | I | 1
p(fx|G) o p(Glfw) - p(frr)
The covariance is correspondence The covariance is
formed by a between the formed by a
manifold-based function values standard kernel &
kernel % and the manifold
structure

[P(fH|Q) = N(0;n, 2HH)] [P(Qlfn) o< exp{ - ’zﬁ(fEMfD) }][ p(fr) = N (0, 2HH)]

SHH = /;(h;,hj) J
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Bayesian Perspective Localization

Localization

MAP /MMSE estimator:

@ Goal: estimate the function value at some test sample hy € M .

@ The training positions p; = vec{P.} and f(h;) are jointly Gaussian:

PL Y402, 2,
o [ = (O, [P 7 )

Zz-t P
@ The posterior p(f(ht)|Pr, H, Hy) is a multivariate Gaussian with:

— 57 (B o) B
Meond = 21+ | 2&LL 071y, PL

~ ~ ~ 1.
o2 =%, 5] ():LL 4 a2|nL) ..

The MAP/MMSE estimator of f(h;) is given by:

T (¥ 2 o
F(he) = ttoona = £ (E1 +0%1) B
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Bayesian Perspective Localization

Analogy to Manifold Regularization for Localization

Formulate the estimation of f as a regularized optimization in a
reproducing kernel Hilbert space (RKHS) [Laufer-Goldshtein et al., 2016¢]
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reproducing kernel Hilbert space (RKHS) [Laufer-Goldshtein et al., 2016¢]

. . 1 n — 2 2 T
[r=argmingeqy, >0 00 — f(hi)* + el fllz, +ymEfp,MfEp
'] \ ) |\ J \ )
. . | | J
Search in RKHS defined Cost Function H norm Manifold
by the kernel k Regularization
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Analogy to Manifold Regularization for Localization

Formulate the estimation of f as a regularized optimization in a
reproducing kernel Hilbert space (RKHS) [Laufer-Goldshtein et al., 2016¢]

f*

f*

S. Gannot (BIU)

argmin gcqy % St (i — f(hy))? + 'Yk||f||%¢k + Y f5Mfp

'] | ) | J \ J

: : | | I

Search in RKHS defined Cost Function H norm Manifold
by the kernel &k

Regularization

argmin g, % Sk (e — f(hi)? + ’Yk“f”%{,;

Search in RKHS defined Cost Function Hpz, norm
by the kernel &k
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Bayesian Perspective Localization

Analogy to Manifold Regularization for Localization

Formulate the estimation of f as a regularized optimization in a
reproducing kernel Hilbert space (RKHS) [Laufer-Goldshtein et al., 2016¢]

f* = argmingey, 2 SO0 (i — F(0)2 + el Fl13,, + Y fBMED
3\ ) | )\ J

Search in RKHS defined ' Y Y
by the kernel &

Cost Function H}y norm Manifold
Regularization

J*=argmingcy, % Sk (P — f(hi)? + ’Yk“f”%{,;

'] \ ' ) \_Y_}

Search in RKHS defined

= Cost Function Hpz, norm
by the kernel &k
Gaussian Process with Likelihood Function Manifold-Based Prior

Covariance £k
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@ Data model and acoustic features

© The Acoustic Manifold
© Data-Driven Source Localization: Microphone Pair
@ Bayesian Perspective

© Data-Driven Source Localization: Ad Hoc Array



Data-Driven Source Localization: Ad Hoc Array

Source Localization with Ad Hoc Microphone Array

[Laufer-Goldshtein et al., 2016d]

|{ h
‘e

] )

1 .

b¥ £¥

m-th pair

.
‘e

m
(3
...

A

Can we extend the data-driven approach to localization with ad hoc arrayJ

of multiple pairs of microphones?

S. Gannot (BIU)
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Data-Driven Source Localization: Ad Hoc Array Multiple manifolds

Mapping RTFs to positions

Define f,, : M, — R - mapping the mth RTF to position )

Each node:

@ Represents a different view point on the same acoustic event

@ Induces relations between RTFs according to the associated manifold
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Data-Driven Source Localization: Ad Hoc Array Multiple manifolds

Mapping RTFs to positions

Let hy = [(h)7, (0)7,...,(BM)T]T € UM_ M, |

How to fuse the different views in a unified mapping f : Un"le./\/lm — R ?J
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Data-Driven Source Localization: Ad Hoc Array Localization with Distributed Microphones

Inta-Manifold Relations

The mapping follows a Gaussian process f™(h™) ~ GP(0, kn, (h™, h7)) J

¥y

m-th node

M,
Covariance function

Defined by a new manifold-based covariance function:

np
cov (F™(h]"), f(h]")) = k(7. h]") ka(hi",h,’-")km( 7">hi")

m(h™ h™) +Zk (h™, h™)kp(h, hT)

I#I r

v
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Data-Driven Source Localization: Ad Hoc Array Localization with Distributed Microphones

Inter-Manifold Relations

How to measure relations between RTFs from different nodes? J

E¥=

g-th node

E¥=

w-th node

Multi-node covariance

The covariance between f9(h}) and fW(hW)'

cov (F9(h9), f"(h")) Zk (h9, h?)k, (h}, hY)
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Data-Driven Source Localization: Ad Hoc Array Localization with Distributed Microphones

Multiple Manifold Gaussian Process (MMGP)

MMGP

@ Define f(h) as the mean of the M Gaussian
processes:

F(h) = % (F(h) + () + .+ (1))

o If the process are jointly Gaussian
—f(h) ~ GP(0, k (h, h;)).

The covariance function of p

. 1 M M
cov (F(h,), f(hy)) = k(hr, b)) = 75 cov > F9(hd), Y (hy)

g=1 w=1
1 M 1 np M
= 7 0 cov(FIND), FUB)) = D D ke(hd, )k, (Y, hY)
gps—l i=1 q,w=1
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Data-Driven Source Localization: Ad Hoc Array Localization with Distributed Microphones

Localization

MAP /MMSE estimator:

@ Goal: estimate the function value at some test sample
he = [(h))7,(W)T,....(W")7]" € UM_ My,
@ The training positions p; = vec{P} and f(h;) are jointly Gaussian:

i+ 02, th
I:f(ht):| HL,HUNN< nL+17|: })

S b8
@ The posterior P (f(h¢)|PL, H., Hy) is a multivariate Gaussian with:

=T [+ 2 -1
Heond = & r (ZLL +o InL> PL

)" i
f(ht) = eomd = iz—t (iLL + UzlnL>—1 _
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Data-Driven Source Localization: Ad Hoc Array Experimental Study

Recordings Setup

Real recordings carried out at Bar-llan acoustic lab
A 6 X 6 x 2.4m room controllable reverberation time (set to 620ms)

Region of interest: Source position is confined to a 2.8 x 2.1m area

3 microphone pairs with inter-distance of 0.2m (position unknown)

v

- s 'a -~ Nir-conditioner
}1 PINER l Microphones

TR,

Loudspeaker
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Recordings Setup

@ Real recordings carried out at Bar-llan acoustic lab
@ A 6 x 6 x 2.4m room controllable reverberation time (set to 620ms)
@ Region of interest: Source position is confined to a 2.8 x 2.1m area
@ 3 microphone pairs with inter-distance of 0.2m (position unknown)
T |
v
®®
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Data-Driven Source Localization: Ad Hoc Array Experimental Study

EXpel’I mental ReSU ItS [Laufer-Goldshtein et al., 2016d]

@ Training: 20 labelled samples (0.7m resolution), 50 unlabelled samples

@ Test: 25 random samples in the defined region

@ Two noise types: air-conditioner noise and babble noise

Compare with: 09
O SRP-PHAT (aircond.)

@ Concatenated 0.85 ¢ SRP-PHAT (babble)
o & Mean (aircond.)
independent 08 - Mean (babble)

0.75 -B-Kernel-mult (aircond.)
measurements = ‘ -¢-Kernel-mult (babble)
_ = 0.7, -E-MMGP (aircond.)
(Kernel mUIt) o 065“ """" e g 20" MMGP (babbie)
. = 0. ! LI =
@ Average of single-node N AN LGS S|
] : Ty
SR sagyan ]
estimates (Mean) oseh 8 B S 2

@ Beamformer scanning 08F g

(SRP B |
- 0455 10 15 20 25
PHAT [piBiase et al., 2001]) SNR [dB]

v
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Conclusions

Challenges and Perspectives

Summary

Manifold learning approach for source localization
Data-driven manifold inference

Location is the controlling variable of the RTF manifold

It's practical!

Active research field [Deleforge et al., 2015][Yu et al., 2016][Xiao et al., 2015]

Challenges

@ What happens if the source moves? = Source tracking special session
1 [Laufer-Goldshtein et al., 2017]
@ Can we apply the approach for multiple concurrent speakers?

@ Beamforming is more complicated as it targets enhanced speech
rather than its location. Can we extend the approach?

o A first attempt using projections to the inferred manifold
[Talmon and Gannot, 2013]
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Details

Manifold Regularization

Measuring smoothness over M:

@ The gradient sy A¢f(h) represents variations around h

@ A natural choice for intrinsic regularization:

1712, = /M | 7t F()]2p(h)

which is a global measure of smoothness for f

@ Stokes' theorem links gradient and Laplacian:

[ I o) = [ () 200 F(B)eo(h) = (F(8). (W)
where A, is the Laplace-Beltrami operator.

How to reconstruct the Laplace-Beltrami operator on M given the
training samples from the manifold?
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Details

Manifold Regularization

Graph Laplacian:

@ The manifold is empirically represented by a graph G, with weights:

ij

2
We — exp{—@} if h; € N, or h; E./\/}
0 otherwise

where Nj is a set consisting of the d nearest-neighbours of h;.

@ The graph Laplacian of G: M =S — W, where S;; = ZJ'-’ZI W;;.

@ Smoothness functional of G:
(fp, Mfp) = fJ Mfp
where fp = [f(h1), ..., f(hs,)].
@ It can be shown: @D

1 &
fAMfp = = > Wy (f(h) — f(hy))?
ij=1
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