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A Class of Pareto Optimal Binaural Beamformers

Elior Hadad ¥, Simon Doclo

Abstract—The objective of binaural multi-microphone speech
enhancement algorithms can be viewed as a multi-criteria design
problem as there are several requirements to be met. The objective
is not only to extract the target speaker without distortion, but
also to suppress interfering sources (e.g., competing speakers) and
ambient background noise, while preserving the auditory impres-
sion of the complete acoustic scene. Such a multi-objective prob-
lem (MOP) can be solved using a Pareto frontier, which provides
a useful trade-off between the different criteria. In this paper,
we propose a unified Pareto optimization framework, which is
achieved by defining a generalized mean squared error (MSE) cost
function, derived from a MOP. The solution to the multi-criteria
problem is grounded on a solid mathematical foundation. The
MSE cost function consists of a weighted sum of speech distor-
tion (SD), partial interference reduction (IR), and partial noise
reduction (NR) terms with scaling parameters that control the
amount of IR and NR. The filter minimizing this generalized cost
function, denoted Pareto optimal binaural multichannel Wiener
filter (Pareto-BMWF), constitutes a generalization of various bin-
aural MWF-based and binaural MVDR-based beamformers. This
solution is optimal for any set of parameters. The improved speech
enhancement capabilities are experimentally demonstrated using
real-signal recordings when estimation errors are present and the
binaural cue preservation capabilities are analyzed.

Index Terms—Beamforming, binaural cue preservation, hearing
aids, LCMV, multi-microphone noise reduction, MVDR, MWF,
Pareto optimization.

I. INTRODUCTION

HE objective of binaural noise reduction algorithms is
T not only to selectively extract the target speaker and to
suppress interfering sources and ambient background noise, but
also to preserve the auditory impression for the hearing aid
user. This can be achieved by preserving the binaural cues of
all sound sources, i.e., the interaural level difference (ILD) and
the interaural time difference (ITD) for coherent sources (target
and interfering sources) and the interaural coherence (IC) for
incoherent sound fields (background noise) [1]. These binaural
cues play a major role in spatial perception, i.e., the ability to
localize sound sources and to determine the spatial width or
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diffuseness of a sound field [2], and are very important for speech
intelligibility because of the so-called, binaural unmasking ef-
fect [3], [4].

Unlike monaural noise reduction algorithms, binaural noise
reduction algorithms need to generate two output signals (i.e.,
one for each ear), hence typically processing all available micro-
phone signals from both devices by using two different spatial
filters [5]-[27]. In [8], [14] the binaural minimum variance
distortionless response (MVDR) beamformer was proposed,
which extracts the target speech component in both hearing aids
without distortion while minimizing the overall noise power.
In [8], [11], the binaural multichannel Wiener filtering (MWF)
was proposed, which provides a minimum MSE estimate of
the target speech component in both hearing aids, providing a
trade-off between SD and NR. It was also shown that by setting
the trade-off parameter to zero, the obtained binaural MWF is
equivalent to the binaural MVDR beamformer.

In [28], it was shown that the (monaural) MWF problem
can be viewed as a multi-objective problem (MOP), as two
competing requirements need to be met, i.e., the minimization
of the residual noise power and the SD power [29]. Hence,
only non-inferior solutions can be obtained, which are known
as Pareto optimal solutions [30].

It was shown that both the binaural MVDR and the binaural
MWEF preserve the binaural cues of the target speech source
but typically distort the binaural cues of the overall noise (i.e.,
interfering sources and background noise), since all sources are
perceived as arriving from the target direction. To preserve the
spatial perception for the hearing aid user, several extensions
of these binaural beamformers were proposed. In [7], [24],
the binaural MWF with partial noise estimation was proposed,
which is aimed to preserve the binaural cues of the overall noise
while sacrificing noise reduction. Other extensions proposed
in [12]-[17], [21] focus on the interfering sources by adding
a (hard) interference reduction constraint to the cost function of
the binaural MVDR and the binaural MWF, thereby preserving
the binaural cues of the interfering sources.

In this paper, we propose a unified Pareto optimization
framework for multi-microphone speech enhancement, which is
achieved by defining a MOP that consists of SD, partial IR, and
NR objective terms. This solution is optimal for any set of pa-
rameters. The solution to the multi-criteria problem is grounded
on a solid mathematical foundation. Using the scalarization
method, we unify the MOP into one single scalar function, i.e.,
a generalized cost function that consists of a weighted sum of
SD, partial IR, and partial NR MSE cost function terms. The
filter that minimizes the generalized cost function, denoted as
the Pareto-BMWEF, defines a Pareto solution to the problem. The
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proposed binaural beamformer constitutes a generalization of
several binaural MWF-based and binaural MVDR-based beam-
formers. We show that several known binaural beamformers are
special cases for specific settings of the trade-off parameters
such that the filters are part of the respective Pareto solution set.

A well-known procedure in the literature (cf. [8]) states that
setting the trade-off parameter (between SD and NR) to zero, the
binaural MWF reduces to the binaural MVDR beamformer. We
claim that such a procedure is not mathematically founded, since
the cost function of the binaural MWF becomes ill-posed. The
formulated Pareto-BMWF beamformer circumvents these prob-
lems by showing that both the binaural MWF and the binaural
MVDR beamformer lie on a Pareto frontier of the same MOP.

Our contribution is five-fold. First, we introduce a new formu-
lation for the binaural noise reduction problem that is based on
a MOP. Under this new formulation, a set of equally acceptable
Pareto optimal solutions is provided, rather than a single solution
that optimizes a specific objective. We can distinguish between
two tasks, namely, i) finding a set of Pareto optimal solutions,
and ii) choosing the most preferred solution out of this set in
a decision-making procedure. Second, we provide two types of
trade-off parameters, namely, scaling and weighting parameters.
The scaling parameters define a family of MOPs (i.e., Pareto-
2(SD,ONR) and Pareto-3(SD,IR,NR) MOPs). These parameters
determine the respective MOP to be optimized. The weighting
parameters are used to select a preferred solution out of a set
of Pareto solutions in a decision-making procedure. Third, we
provide a list of considerations for the designer to control the
binaural cue preservation, the speech distortion (SD), and the
noise reduction (NR). Fourth, we show that a wide range of
well-known binaural beamformers are all sub-sets of the pro-
posed framework, namely, they all lie on the respective Pareto
frontier. Fifth, we establish a link between two well-known
beamforming families, namely, the binaural MVDR-based and
the MWF-based beamformers, as an example of the usage of the
Pareto formulation.

The paper structure follows. In Section II, we define the con-
sidered signal model, the interaural criteria, the MSE cost func-
tions, and the performance measures. In Section III, the Pareto
MOP formulation is introduced, a multi-criteria is proposed for
the binaural problem, and the binaural beamformer satisfying
the MOP, referred to as the Pareto-BMWF beamformer, is de-
rived. The binaural cue preservation properties of the proposed
Pareto-BMWEF are analyzed in Section I'V. In Section V, several
known binaural MWF-based and MVDR-based beamformers
are shown to be special cases of the proposed beamformer,
and insights into the relation between the binaural MWF and
the binaural MVDR beamformer are given. In Section VI, ex-
periments with real signals that demonstrate the performance
of the proposed Pareto-BMWEF beamformer when estimation
errors are present are described. In Section VII, a discussion is
provided and we conclude the paper.

II. PROBLEM FORMULATION

In this section, we introduce the considered signal model
(Section II-A), define the binaural cues (Section II-B), present
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the MSE cost functions (Section II-C) and the performance
measures (Section II-D).

A. Microphone and Output Signals

1) General Case: Consider an acoustic scenario consisting
of target and interfering sources in a noisy and reverberant
environment. The sources are received by two fully connected
hearing aid devices consisting of a microphone array
with Mj microphones on the left hearing aid and Mg
microphones on the right hearing aid, where M = My, + Mp
denotes the total number of microphones. The received
signal in the short-time Fourier transform (STFT) domain
can be formulated as an M-dimensional vector y(t,k) =
et k), yoa, (6 K), yra(t k), - yrag (8 F)]T,
which can be written as

y(t, k) = z(t, k) + u(t, k) + n(t, k)
=x(t, k) +v(t, k), (D

where k denotes the frequency index and ¢ the frame index,
and x(t, k), u(t, k), and n(t, k) denote the received target
source component, the received directional interfering (unde-
sired) source component, and the received background noise
component, respectively. v(¢, k) = u(t, k) + n(t, k) is defined
as the overall noise component as received by the microphones,
i.e., the directional interfering source component plus the back-
ground noise component. The spatial correlation matrices of the
target source, interfering source, and background noise compo-
nents’ Ry, Ry and Ry, are defined as

Rx(t, k) = &{x(t, k)x (t, k)},
Ry (t,k) = &{u(t, k)u (t,k)},
Ry (t, k) = & {n(t,k)n" (t,k)}, (2)

where £{-} denotes the expectation operator. Assuming statis-
tical independence between the components in (1), the spatial
correlation matrix of the microphone signals Ry can be written
as

Ry (tv k) =& {y(t7 k)yH (ta k)}
= RX(ta k) +RU(t’k) +RN(ta k)? (3)

Ry (t,k)

with Ry the spatial correlation matrix of the overall noise
component.

Let my, and mp be the indices of the left and right reference
microphones, respectively (usually selected as the microphones
closest to the ears in order to best reflect the binaural cues). The
respective reference microphone signals at the left and the right
hearing aids are given by

yL(ta k) = egy(ta k)v yR(ta k) = egy(tv k)a (4)

where e, and e are M-dimensional vectors with ‘1’ in the
mrth and mprth component, respectively, and ‘0’ elsewhere.
The output signals on the left and the right hearing aids, z7, and
zR respectively, are obtained by applying the left and the right
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beamformers to all microphone signals from both hearing aids,
i.e.,

ZL(t’ k) = wIL{(t’ k)y(tv k)7 ZR(ta k) = wg(t’ k)y(tv k)7 ()

where wy,(t,k) and wgr(t, k) are M-dimensional complex-
valued weight vectors for the left and the right hearing
aid, respectively. Furthermore, we define the 2)/-dimensional
complex-valued stacked weight vector w(t, k) as

_|wgL (t7 k )
w(t, k) = {'wR(t,k)} . (6)
Henceforth, ¢ and k are omitted for the sake of brevity.

2) Special Case: Dual Source Scenario: In this section, we
consider acommon scenario consisting of one target source, one
interfering source (e.g., competing speakers), and background
noise, which can be directional, non-directional, or a combina-
tion thereof (although commonly a diffuse noise).

We assume a deterministic characterization of acoustic im-
pulse responses (AIRs). The M-dimensional vectors a and b
denote the acoustic transfer function (ATF) vectors from the
(point) sources to the microphones. We note that the AIRs vary
in time due to the movements of the sources, the microphones,
or other objects in the environment. Nevertheless, we assume
such movements are small, and hence, the ATFs a and b can be
approximated as deterministic time-invariant.

Under the above assumptions, the target and the interfering
source components can be modeled as

T =sxa, u=Ssyb, @)

where s x and sy denote the target and interfering source signals,
respectively. In this case, the correlation matrices Rx and Ry
are rank-1 matrices, i.e.,

Rx = Pxaa®, Ry = Pybb. (8)

with Px = &{|sx|?} and Py = &{|sy|*} denoting the power
spectral density (PSD) of the target and interfering source com-
ponents, respectively.

The relative transfer functions (RTFs) of the target source and
the interfering source between the reference microphones on the
left and the right hearing aids are defined as the ratio of the ATFs,
ie.,

b
RTFxux = =,  RTFymn = = ©)
aRr bR

B. Binaural Cues

1) General Case: The input and output interaural transfer
function (ITF) of the target and interfering source components
are defined as the ratio of the components at the left and right
hearing aids [11], i.e.,

H H
r, elzx wizx
ITFX,IN = = H . .° ITFX,OUT = 2R
rrp  ellx whz
H H
u,  efu whu
ITFyn = — = —%—, IMFyour = —F% (10)
up  efu whu

The ITF is a complex-valued frequency-dependent scalar, from
which the ILD and the ITD binaural cues can be computed
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as [11]!

1o - 20T
w

ILD = 201log,,(|ITF|), (11)

with Z denoting the unwrapped phase and w the radian fre-
quency. The interaural phase difference (IPD) is defined as the
phase of the ITF, i.e.,

IPD = /(ITF). (12)

In the following, because of the relation in (11), we consider
that the ITF preservation capabilities of the examined filters are
equivalent to their binaural cue preservation capabilities for the
sake of brevity.

2) Special Case: Dual Source Scenario: For a specific single
source, the input ITF of either the target or the interfering source
is independent of the actual input signal and equals the RTF
between the reference microphones at the left and the right
hearing aids as defined in (9), i.e.,

ITFy N = b—L

’ bR
Similarly, the output ITFs of the target and the interfering sources
are equal to the output RTFs of the target and the interfering
sources, which are defined as the ratio of the filtered components
at the left and the right hearing aids, i.e.,

ITFyn = <L, (13)
agR

wfa Hy
ITF =L ITF =L~ 14
X,0UT wila’ U,0UT wil (14)

For practical implementations, for a single source, the input and
output ITFs of the target and interfering sources can be estimated
from the spatial correlation matrix [11], ie.?

H H
e Ryer w; Rxwy,
ITFx v = 7eéR o ITFx our = 710?{1% o
RAVXEL pitxwp
H H
e? Ryey, w; Rywp,
ITFy N = = ———, ITFyour = ————. (15)
eRRUeL wRRUwL

For example, using (15), and since the spatial correlation ma-
trices are rank-1, the input ITFs of the target and interfering
sources are equal to the respective input RTFs, i.e.,

H

efPXaa ey aray, ar,

ITF = = - =
XN e’ Pxaa’e;, agraj ag’
H *
ITFUAIN _ efPUbeeL _ bLbL _ biL (16)
l egPUbb er, bsz bR

Hence, the ITF is equivalent to the RTF. Henceforth, the ITF is
referred to as the RTF for the sake of clarity.

C. Mean Square Error Objectives

In this study, we aim at minimizing three criteria: the target
SD, (partial) IR, and (partial) NR terms. In this section, useful
definitions related to these criteria are provided.

IPlease note that in some publications the ITD is defined as derived from
the phase of the ITF [31], i.e., [TD = — %Z(ITF). We use the ITD as defined
in[11].

2Note that (15) is also used in this study in the general case where the rank
of correlation matrices is larger than one.
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We define the signal-based cost function .J,, (w) for the target
SD term as the MSE between the target source component in the
reference microphone signals and the output signals, i.e.,

xr —wle 2
Jo(w) =& HxR_w%m} . (17)

In addition, we define an equivalent transfer function (TF)-based
cost function T, (w) for the SD term using the ATF vector of

the target source, i.e.,
2
oL~ wya (18)
aR — wR ’

Note that, while MWF-based beamformers require signal-based
cost functions for the SD term, distortionless beamformers re-
quire a TF-based cost function of the target source for the SD
term (Section V).

For a single source case, the target source is modeled in (7)
as © = sxa, and hence, the correlation matrix Ry in (8) is
a rank-1 matrix. Substituting (7) in (17), the signal-based cost
function .J, (w) can be written as

_ sxarp — stxa
- sxap —whlsxa
ar —wHalll’
) _
S{WX}{’LZ_U%G}‘}.

Since Px = £{|sx|*}, the signal-based cost function J,(w) is
equivalent to the TF-based cost function T, (w), except for a
scaling factor, which is equal to the PSD of the signal source,
ie.,

19)

Jz(w)

We define the signal-based cost function J,, ,,, (w) for the IR

term as
_¢ NuUL — wLu
NuUR — wRu

where 0 < n,, < 1 denotes the interference scaling parameter,
which controls the amount of IR. Further, we define an equivalent
TF-based cost function T}, ,,, (w) for the IR term using the ATF
vector of the interfering source, i.e.,

2

} . (22)

Ty (1) = {] s =]

Nubr — wg b
For the single source case, the relation between the signal-
based cost function J, ,,, (w) and the TF-based cost function
Ty, (w) for the interfering source is, similar to the above
relation for the target source, given by,

Juﬂlu (w) N (w)a

such that the signal-based cost function J,, ,,, (w) is equivalent
to the TF-based cost function T, ,,, (w), up to a scaling factor,
which is equal to the PSD of the interfering source.

— PyT (w). (20)

Jum, (W) 21

= PyT,, (23)
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We define the signal-based cost function J,, ,,, (w) for the NR

term as
n n 2
=eillmm el e
TIhMR — TL

where 0 < 7,, < 1denotes the background noise scaling param-
eter, which controls the amount of noise reduction.

Furthermore, we define the cost function J, ,,, (w) for the
overall noise reduction (ONR) as

_e [nva
TWwVUR — ’U)R

where 0 < 7, < 1 denotes the overall noise scaling parameter,
which controls the amount of overall noise reduction (i.e., inter-
fering source plus background noise).

Remark 1: When setting the scaling parameters n,, 1n,, and
7., different important aspects should be considered, e.g., those
based on the desired SIR and SNR improvement and the ef-
fect of RTF estimation errors. This may improve situational
awareness and, consequently, enhance the preservation of the
spatial cues. This set of parameters can be determined by the
user based on personal perceptual preferences rather than tuned
by an optimization process maximizing a particular measure of
performance.

Remark 2: All the proposed MSE cost functions are, by
definition, non-negative values.

Remark 3: When the cost function for the target source .J,, (w)
(or equivalently, T,.(w)) is equal to zero, the filters must satisfy
a constraint set, namely, w € H,(w), with

H,(w) =

Jnﬂ?n

J

v,7y (w

(25)

{wE(CM:wfa:aL,wga:aR}. (26)

This leads to a family of distortionless beamformers, as elabo-
rated in Section V-B.

Similarly, when the cost function for the interfering source
Ju,n, (w) (or equivalently, T, ,, (w)) is equal to zero, the filters
must satisfy a constraint set, w € H, ., (w) with

Hyp, (w) = {w e CM :wib=n,br, wib=n,br}.

27)

This leads to a family of null-steering beamformers, as elabo-
rated in Section V-A-3 and Section V-B.

D. Performance Measures

In this section, useful performance measures, which are used
in Section VI, are defined.

The narrow-band binaural SD is defined as the average of the
left and right target SD terms (cf. Eq. (17)) normalized by the
average input PSD of the left and right target component on the
reference microphones, i.e.,

E{llzr —wiiw|?} + £ {|lzr — wiz|?}

SD = (28)
E{llzcl?} + E{llzrll*}
The binaural SD can be rewritten as
sp_ Edller —wiw?} + € {len —whal?}

H H
eLRXeL +eRRXeR
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The narrow-band binaural input signal-to-interference-and-
noise ratio (SINR) is defined as the ratio of the average input
PSDs of the target source and the overall noise components
(interfering source plus background noise) in the reference
microphones, i.e.,

SINR™ — efRXeL + engeR

. 30
efRVeL—FegRVeR (30)
The narrow-band binaural output SINR is defined as the ratio
of the average output PSDs of the target source and the overall
noise components (interfering source plus background noise) in
the left and the right hearing aid, i.e., [14]

H H
wLRXwL +wRRX'wR

SINR®™ = 31)

H H .
wy, Rywiy, +wRRVwR

III. THE MULTI OPTIMIZATION PROBLEM

In this section, the multi-objective problem (MOP) is intro-
duced. First, the mathematical foundations of the MOP are laid
(Section III-A). Second, the considered binaural problem is ex-
pressed in a MOP formulation, and a novel binaural beamformer
denoted Pareto-BMWF is derived, constituting a Pareto optimal
set of filters solving the MOP (Section III-B).

A. Mathematical Formulation

MOP is a field of multiple criteria decision making that
involves the simultaneous optimization of more than one ob-
jective function. This section provides a brief description of the
MOP that is used in the next sections, following the description
in [32]—[34]. The interested reader is referred to [30], [35], [36].

A single-objective problem (SOP) for the binaural system
considered in this study is given by finding the binaural filter
solution w that minimizes a single cost function J(w), i.e.,

min J(w).

w

(32)

The optimization technique leads to a unique optimal filter.
The general MOP can be described as a simultaneous opti-
mization of multiple cost functions, i.e.,

minPareto C(w) (33)

with

C(w) = [J1(w), Jo(w),. .., Jr(w)], (34)

where [ is the number of cost functions. The binaural filter w
is a vector of design variables. C(w) is a vector-valued global
objective function, or the generalized cost function, such that it
represents a set of criteria. Each .J;(w) denotes an objective as-
sociated with a different cost function. wy is a filter solution that
minimizes the cost function .J;(w). The feasible design space
W (frequently called the feasible decision space) is defined as
the set of all possible solutions w. The feasible criterion space Z
(also called the feasible cost space or the attainable set) is defined
as the set Z = {C(w)|w € W}. Each point in the design space
maps to a point (vector-valued) in the criterion space, but the
reverse may not be true. We attribute attainability to a point
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(vector-valued) in the criterion space that maps to a point in the
design space.

If there is a feasible solution that minimizes all criteria, then
a single solution is obtained, similar to the SOP. However, it
is typically impossible to find a unique solution that minimizes
all criteria. In these situations, the notion of Pareto optimality
becomes of paramount importance. A set of Pareto-optimal
solutions comprises all solutions that minimize each cost func-
tion individually and also the solutions that trade off these cost
functions. The Pareto optimality is defined as follows.

Definition 1: A filter solution w* dominates another filter
solution w if i) w* is no worse than w in all objectives and ii)
w” is strictly better than w in at least one objective.

Definition 2: A filter solution w* € YV is Pareto optimal
solution iff there does not exist another filter solution w € W,
such that J;(w) < J;(w*) foralli =1,2,...,] and J;(w) <
J;j(w*) for at least one index j (cost function). In other words, a
filter solution w* is Pareto optimal if it is not dominated by any
other filter solution.

Definition 3: All the Pareto optimal filter solutions solve the
MOP and lie on the boundary of the feasible criterion space
Z [37]. The set of Pareto solutions constitutes the Pareto frontier.

This means that a filter is a Pareto solution if no other filter
exists that improves at least one cost function without leading
to a degradation in another cost function. We note that for any
given MOP, there may be an infinite number of Pareto optimal
solutions constituting the Pareto optimal set.

The Pareto frontier is the optimal trade-off between multiple
objectives. As in our study, all cost functions are convex by
definition (see Section II-C Remark 2), the local Pareto solution
is also global Pareto optimal. Then, one does not need to discuss
particular cases because all the solutions on the frontier are
optimal. As the “operator” of the optimization process that
determines a specific solution, it is guaranteed that any selected
point on the frontier gives an optimal trade-off between the cost
functions. In that sense, every Pareto optimal point is an equally
acceptable solution of the MOP.

We use the so-called weighted-sum or scalarization method,
as described in [33], to compute the Pareto set. The MOP is
solved by combining its multiple objectives into one single-
objective generalized cost function. This is defined as

I
S.t. Z)\Z = ].,
i=1

where A;, © = 1,2, ..., I are defined as the weighting parame-
ters that provide a trade-off between the cost function terms.

We note that the minimization of the single-objective general-
ized cost function J (w) is sufficient for finding a Pareto optimal
solution if J(w) increases monotonically with respect to each
cost function [32]. That is, any filter that solves the generalized
cost function belongs to the Pareto frontier.

It is generally desirable to obtain one point as a solution out
of the Pareto optimal set. This can be accomplished using a
decision-making procedure [34], based on considerations that

(35)
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are independent of the MOP (this can be accomplished by, e.g.,
by setting the weighting parameters). Hence, a second stage in
the MOP framework is to define a decision-making procedure
that selects a preferred solution from the Pareto frontier based on
a list of considerations (e.g., required SD, SIR, NR, or binaural
cue preservation requirements).

B. Binaural Multiple Objective Problem

In this section, we apply the MOP formulation to the binaural
problems at hand.

1) Pareto Three-Objectives Problem: In Section II-C, we de-
fined the MSE cost functions for SD, IR, and NR. The objective
of the examined problem is to minimize simultaneously the three
cost functions. The MOP can be described in mathematical terms
as

minPareto Cpyreto3 (W) (36)

with
Cpareto3(w) = [z (w), Jun., (w), o, (w)].

Since the problem optimizes three cost functions, it is referred
to as a Pareto-3 problem.

To calculate the Pareto frontier, we use the scalarization
method. The generalized MSE cost function consists of a
weighted sum of the three cost functions (17), (21), and (24),
ie.,

(37

JPareto—S(nu,ﬁn) (’LU) = )‘JUJZ (’LU) + )\uJu,nu (’UJ) + )"nJ’ﬂﬂln (’UJ)

St Ay + Au 4 A =1, (38)

where the target, interference, and background noise weighting
parameters 0 < A, < 1,0 <A, <1,and 0 < A,, <1 provide
a trade-off between SD, IR, and NR MSE terms. The optimal set
of solutions can be found by seeking minima through varying
the weighting parameters A, and A,,, where A, = 1 — A, — Ay.
This is possible, since the solution of the generalized cost
function for any X, and X, corresponds to a particular filter,
which forms the Pareto frontier. In the second stage, the decision-
making procedure will select the preferred optimal solution from
the Pareto frontier, by determining the weighting parameters.
2) Pareto Twwo-Objectives Problem: Letus examine a setting
where A, = A, = A, andn, = n, = 1, suchthatthe interfering
source and the background noise are similarly treated. The
generalized MSE cost function in (38) is then equal to

JParelo—3(nu,nn)(w) = )"IJZL’(w> + )"U<Ju,nu (’LU) + Jn,'r]n (’LU))

St.Agy + A, =1. (39)

Assuming statistical independence between v and n, it can be
shown that the cost function J, ,, (w) for the ONR is equal to
the sum of the signal-based cost function .J,, ,,, (w) for the IR
term and the signal-based cost function J,, ,, (w) for the NR
term, i.e.,

JU777v (w) = Ju:'r]u (w) —+ Jn777n (w)

Hence, the objective of the examined problem is to simultane-
ously minimize two cost functions (referred to as a Pareto-2

(40)
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problem):
minlfjlreto Cpareto2 (W) 41)
with
Crureto2(w) = [Jo(w), Ju 1, (w)] . 42)
The generalized cost function is equal to
Tparetoa(n,) (W) = A Ju(w) + (1 = Az) Sy, (w),  (43)

where L, = 1 — A,.
3) Pareto Three-Objectives Filter Decomposition: The fil-
ters minimizing the cost function in (38) can be computed as

wr =R,'R,er, wp = R, 'R, eg, (44)

with
R, =),Rx + Ry + 1, Ry (45)

and
R, = A Rx + ARy + Apnn Ry (46)

The filters are referred to as the Pareto-BMWF, with A,, = 1 —
Az — Aq. Further, the left and right filters for the Pareto-BMWF
can be written in a unified stacked vector as

w = Rg'rg, 47)
with
_|Ry O
RG - |: O RA:| b (48)
and
_ RneL
rg = {RT,ERJ . 49)

By substituting the rank-1 correlation matrices Rx and Ry
from (8) into (44), we obtain filters that can be decomposed as

wr = Wx, [ + MWy, + NWN,L,

WR = Wx R+ NuWyU,R + IhWN, R, (50)
with
wx, = AR, 'Pxaa)  wx g =R, Pxady
wy,r, = AR, P Pybb;, wy.r = AR, Pybby
wn, = AR, 'Ryer,  wngr=rR'Ryer. (51)

The obtained filters are decomposed into a sum of three filters,
related to the target, interference, and noise sources. This de-
composition can be interpreted as a source separation procedure
that first calculates three outputs and then, remixes the outputs
by the trade-off parameters.

Both (1, A,,) and (1,,, 7,,) control the Pareto-3(1,,n,) MOP.
The scaling parameters (1,,, 7,,) control the amount of interfer-
ence and noise reduction required (internally) in the IR and NR
MSE terms, respectively. Various Pareto-3(,,,1,,) frontiers are
obtained as a function of these scaling parameters. On the other
hand, the target and interference weighting parameters (A, Ay,)
provide a trade-off between the SD, IR, and NR MSE terms,
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such that they give us a tool for selecting a point on the specific
Pareto-3(1,,n,) frontier in the decision-making procedure.

From (50), it is evident that the Pareto-3 filters are a sum of
the target filters wx ;, and w x g, the interference filters wy, 1,
and wy, g (weighted with 7,,), and the noise filters w7, and
w N, g (weighted with 7,,). For n,, = 1, and 7,, = 1, using (44),
the filters are reduced to the identity filters (i.e., wy, = e, and
wpr = eg) since R,, = R,, such that the output of each filter is
equal to the respective noisy reference microphone signal.

4) Pareto Two-Objectives Filter Decomposition: The filters
minimizing the cost function in (43) are given by

__1 =

wr, = R)\ RneL, WRr = R;ll_%neg, (52)

with

Ry, = A, Rx + A Ry; R17 =M Rx + )‘UanVa (53)

and a stacked vector can be written by substituting R; and R,,
with R, and R, in (47), i.e.,

w = Ry ', (54)
with
= [Ry 0
Ro=|", RJ, (55)
and
— _RneL
TG = _RneR] . (56)

By substituting the rank-1 correlation matrix Rx from (8)
into (52), we obtain filters

wr = (1 —n,)Wx 1 +ner

wg = (1 —n,)Wx, R+ Nwer, (57)

where W x 1, and W x g are the Pareto-2(n, = 0) filters, i.e.,
_ =1
wx,[ = A.xR)L PXaa’,E,

u_)X’R = AmR);lPXaa}. (58)

The solution for this problem defines a Pareto frontier for the
Pareto-2(n,,) MOP.

Both A, and 7, control the Pareto-2(n,,) MOP. The target
weighting parameter A, provides a trade-off between SD and
ONR MSE terms. For 1, = 0, the MOP is optimal for both
speech distortion and overall noise reduction, i.e., Pareto-2(0).
As A, decreases, the relative importance of the ONR term be-
comes larger, hence a higher SD and a lower ONR are obtained.
The scaling parameter 7, controls the amount of overall noise
reduction required in the ONR MSE term, such that the output of
the filters is a sum of the output signals of the Pareto-2(n, = 0),
weighted with (1 — 7, ), and the noisy reference microphone
signals, weighted with 7,,. As 1,, increases, a larger component
of the noisy reference microphone signals leaks to the output.
In the following, it is shown that this binaural beamformer is
equivalent to the MWF-N proposed in [7].
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5) Signal-Based and TF-Based Pareto BUWF Variants: In
this section, variants of the Pareto-2 and Pareto-3 MOPs are
introduced. A variant of the generalized cost function for the
Pareto-2 MOP is given by substituting J,(w) with T, (w)
in (43), i.e.,

JParelo—Z,b(nv)(w) - )\x,bTx(w) + (1 - )\x,b)t]v,m, (w)

Since the signal-based cost function J,.(w) is equivalent to the
TF-based cost function T, (w), up to a scaling factor, which
is equal to the PSD of the signal source (20), we postulate
that the two variants of the Pareto-BMWF are equivalent, up
to a scaling factor between the weighting parameters such that
Agp = Px g, provided that the signals are non-zero.>
Similarly, three variants of the proposed Pareto-3 MOP can
be obtained by minimizing TF-based cost functions 7}, (w) and
Ty, (w), instead of the signal-based cost functions of the target
source and the interfering source J, (w) and J,, ,, (w), i.e.,

(59)

minPareto Cpyreto-3n (W) (60)
minPareto Cpyrero-3c (W) (61)
minPareto Cparero-3d (W) (62)

with
CPareto-3b('w) = [Tz (w)a Ju,nu (w), Jn,nn (w)] ) (63)
CPareto—Sc(w) = [Jx ('w); Tu,nu (w)7 Jnmn (w)] ’ (64)
Crareto-3d(w) = [T (w), T, (w), I (w)]. (65)

As a result, the generalized MSE cost functions for these three
variants are given by

JParet0—3,b(77u n) (w) =

Az p T (W) + Ay v Jun, (W) + Ap oI p, (W), (66)
St Ay Aup + Anp = 1.
Tpareto-3.c(n, 1) (W) =
ha,edz (W) + T, (W) + A eIy, (W), (67)
St Ag.e + Aue + Ane = 1.
Tpareto-3.d(nu mn) (W) =
Ao dTe(w) + Ad T, (W) + Anddnp, (W),
St Agd + hud + A = 1. (63)

Using the relation in (20) and (23), we postulate that the
four variants of the Pareto-3 MOP (38), (66), (67), and (68) are
equivalent, except for a scaling factor between the weighting
parameters, provided that the signals are non-zero.

IV. CUE PRESERVATION PROPERTIES

The preservation of the sources’ binaural cues plays an im-
portant role in speech intelligibility improvement. The proposed

3The PSD of the signal Px may be larger than % Since it is required that
0 < Agzp < 1, additional constraints on the Ay may%e required.
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binaural beamformer allows the binaural cues of the target
source and the interfering source to be controlled separately
using the weighting and scaling parameters. Since the binaural
cues can be computed from the ITF using (11), we examine the
ITF preservation of the target and the interference sources.

We note that, in general, the binaural cues of the sources
are distorted. The trade-off parameters control the amount of
distortion. In this section, we examine the impact of the scaling
and weighting parameters on the binaural cue preservation.

A. Pareto-3 Setting With Scaling Parameters Set to Zero

Setting both scaling parameters n, and 7, to zero in (36)
results with a reasonable requirement to reject the interference
and noise completely. By substituting the rank-1 correlation
matrix Rx (8) into (44), we obtain binaural filters that are equal
to

wy, = AR, ' Pxaa},
wp = A, R, ' Pxaad. (69)

For this case, the output RTF of the target component is equal
to the input RTF, i.e.,

'wHa: a
ITFx our = —&— = —% = ITFx . (70)
wRiE aRr

Hence, the binaural cues of the target source are preserved.
However, the output RTF of the interfering source is also equal
to the input RTF of the target source, since the binaural filters
are parallel, i.e., wy = ITF‘*X’IN'w R, such that all sources are
perceived as coming from the target source direction (cf. Sec-
tion V-A), i.e.,
H
ITFy our = —L = ITFx 1y 71)
wpiU
This is obtained for Pareto-3(n,, = 0,7,, = 0) MOP, for any (A,
Ay)s 1.€., for all points on the frontier.
Nevertheless, the filters of the Pareto-BMWF are in general
not parallel, thus allowing to separately control the binaural cues
of the target and the interfering sources.

B. Pareto-3 Setting With Interference Scaling Parameter
Larger Than Zero

Setting the scaling parameter n,, to a value larger than zero,
while the scaling parameter n,, is still set to zero, results in an
additional binaural filter that is added to (69), i.e.,

wr, = A, R, ' Pxaa} + n,h, R, Pybb,

wr = AR, ' Pxaa} + nui, R, ' Pybbl,. (72)

For this case, the output RTF of the target source is now equal
to

Pxva )Liz

Puvba Mu
PxYa e | br
Puvpa Au + ag T

ITnyoUT = ITFX,IN

br
aRnu
-

br ITFU,INv

Px s (73)

A
Puvpa Au ag 't
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and the output RTF of the interfering source is equal to

PxYab Ay

Pyvyp Au
PxYab Ay br
Pyvyy aRr

ITFy our = ITFx v

u

br

H.R,r]u
PxYab Ay br
Pyyy Au + ar T

ITFy v, (74)

with
Yab = aHRlilbv
Ya = aHRkilav

v =b" Ry, (75)

whereas v, and -y, defined as the generalized squared norms,
and v, defined as the generalized inner product between the
ATF vectors a and b, and vy, = 7},

The output RTFs of the target and interfering sources are now
two different weighted sums of the input RTFs of the target
and interfering sources. For 7, = 0, the output RTFs of both
the target and interfering sources are equal to the input RTF
of the target source ITFy v. For 7, larger than zero, as A,
becomes larger than A,,1,,, the output RTFs become “closer” to
ITFx v and vice versa. The output RTF of the target source
ITFx our is controlled by the ratio between the generalized
squared norm -y, and the generalized inner product ., whereas
the output RTF of the interfering source ITFy our is controlled
by the ratio between the generalized squared norm -, and the
generalized inner product 7,;. In addition, consider % is the
ratio between the powers of the target and interfering sources.
For larger 1;5 , the output RTFs of both target and interfering
sources are “closer” to the input RTF of the target ITF x v and
vice versa.

Letus consider a specific optimal set of solutions in the Pareto-
3 (1)u.1y) frontier, where both T),(w) = 0 and Ty, ,, (w) = 0.
Substituting (26) and (27) in (14) (as described in Section (II-C),
Remark 3) and comparing the results with (16), it is evident that,
both the binaural cues of the target and the interference sources
are preserved (for any 7,, > 0 and any 7,,), i.e.,

wla wib

ITEx our = —f— = ITFx v; ITFy0ur = —f = ITFy .
wga wpib

(76)

In the following, it is shown that this binaural beamformer is
equivalent to the BLCMV-N proposed in [21].

C. Fareto-2 Setting

If the interfering source and the background noise are treated
similarly, i.e., the Pareto-2 setting where A,, = A,, and n,, = 1,,,
an interesting phenomenon appears in relation to the binaural
cues. For this case, the output RTF of the target component is
equal to the input RTF for all trade-off parameters 17,,, i.e.,*

(1 — nv))‘mPX’?aaL + mar,
(1 =1v)re PxYaar + nvar

ITFx our = =ITFx . (77)

4No_te that 4, and 7, are defined similarly as v, and v, by substituting R;
with R, in (75), respectively.
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TABLE I
CONFIGURATION SETUP FOR PARETO-BMWF

MOP Target Interference Background Noise Overall Noise Nu  NMn Mo Ref
MWF Pareto-2  J,(w); Sig-based Ju,0(w);Sig-based - - 0 [8]
MWF-N Pareto-2  J,(w); Sig-based Ju,n, (w);Sig-based - - Ny [71
MWF-IR Pareto-3  J(w); Sig-based  Hy,p, (w);TF-based  J, 0(w):Sig-based T 0 - [40]
BMVDR Pareto-2  H,(w); TF-based Ju,0(w);Sig-based - - 0 [14]
BLCMV Pareto-3  H,(w); TF-based  Hy,p, (w);TF-based  J, o(w):Sig-based Nu 0 - [12]
BMVDR-N Pareto-2  H,(w); TF-based Ju,m, (w);Sig-based - - o [24]
BLCMV-N Pareto-3  H;(w); TF-based  Hy,y, (w);TF-based  Jy,g, (w):Sig-based Nu  Tn - [21]
By substituting (57) in (14), it can be shown that the output RTF  and the ONR term in (25), i.e.,
of the interfering source is equal to (compare with [38])
& 4 P Jiraditional Mwr (W) = Jp(w) + J, o(w), (80)

PX'Vab)"x(l - nv)

ITFy our = = ITFx v
PX’Yab)\:r(]- - 771)) + anv
by
+ — ap ITFyN.  (78)
PX’Yab)Vw(l - 77'0) + %ﬁnv

Equation (78) shows that the output RTF of the interfering source
is a weighted sum of the input RTF of the target and the input
RTF of the interfering source.

Both A, and 7, control the output RTF of the interfering
source. For A, — 0, a controllable null steering is obtained (i.e.,
Ju.m, (W) = 0), such that the output RTF of the interfering source
is equal to the input RTF of the interfering source. If 7, = 0, the
output RTF of the interfering source is equal to the input RTF
of the target (for any value of 1, > 0), whereas, if n,, = 1, the
output RTF of the interfering source is equal to the input RTF
of the interfering source (as the output filters signals are equal
to the noisy input reference microphone signals).

V. SPECIAL CASES OF PARETO-BMWF

In this section, we show that the criteria for several well-
known binaural beamformers are special cases of the Pareto-
BMWEF for specific settings of the scaling and weighting param-
eters (cf. Table 1), i.e., MWF-based beamformers (Section V-A)
and MVDR-based beamformers (Section V-B). In addition, we
give insight into the relation between the binaural MWF and the
binaural MVDR beamformer (Section V-C).

A. Multi-Channel Wiener Filter-Based Beamformers

In this section, we show that the binaural MWF and sev-
eral MWF-based binaural beamformers aimed at preserving
the binaural cues of the target source, the interfering source
and/or the background noise are special cases of the proposed
Pareto-BMWE.

1) Binaural MWF

The traditional MWF produces the minimum MSE estimate
of the target source component and the output signals, i.e.,

osgll) o
:I:R—wgy ’

Considering the target and the noise are statistically independent,
the cost function can be written as a sum of the SD term in (17)

Jtradilional MWF(w) =& {‘

where J,, o(w) is an abbreviation of .J,, ,, (w), where 7, = 0.
In [8], [11], and [39] an extension of the traditional MWF,
denoted the binaural MWF, minimizes a weighted sum of the
SD term in (17) and the ONR term in (25), i.e.,

Ivwe(w) = Jy(w) + pgJyo(w), (81)

where (i, trades off the speech distortion and noise reduction.
Note this beamformer is also referred to as speech distortion
weighted MWF (SDW-MWF). In [8], [11], it was shown that the
binaural MWF preserves the binaural cues of the target source
but distorts the binaural cues of the overall noise, i.e., interfering
source plus background noise.

In the following, we show that the binaural MWF is a spe-
cial case of the proposed Pareto-BMWF. In the Pareto-2 cost
function (41), we examine a configuration where the interfering
source and the background noise are treated similarly, i.e.,
Ay 2 Ay = A, and we set N £ Ny = Nn = 0. When we set
1, = 0, the generalized cost function in (43) is equal to

JParelo»Z(Wv:O) (’UJ) = )\xe(’UJ) + (1 - )\:c)J'u,O(w) (82)
where A, = 1 — A,,. Furthermore,
JPareto—Z(m,:O) (w) = )La: (Ja:(w) + M:vJv,O(w)); (83)

JMwE

with p,, = % . Clearly, (83) is equivalent to the binaural MWF
cost function, except for a constant scaling factor (cf. Table 1).

2) Binaural MWF with partial noise estimation (MWF-N)

In [7], [11], an extension of the binaural MWE, denoted as the
MWF with partial noise estimation (MWF-N), was introduced,
aiming at the preservation of the binaural cues of the overall
noise component, while sacrificing the overall noise reduction.
The cost function for the MWF-N is equal to [11]

JIvweN(w) = Jo(w) + prz Sy, (W) (84)

In [8], [11], it was shown that, while the binaural cues of the
target source are preserved, there is a trade-off between overall
noise reduction and the preservation of the binaural cues of the
overall noise component.

In the following, in a way similar to that for the binaural MWEF,
we show that the MWF-N is a special case of the proposed
Pareto-BMWF. We now examine a configuration where the
interfering source and the background noise are treated similarly,
ie., Ay £ Ay = A, and we set 0, = 1, = 1, (i.e., strictly larger
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than zero), i.e., (41). The solution for this problem defines a
Pareto frontier for the Pareto-2(n,, ) MOP. Using the scalarization
method, the generalized cost function is equal to (43). Further-
more,

JPareto—Z(m,) (’UJ) - )"x (Jx (w) + Mz Jv,nv (’LU)), (85)

JMWEN

with y1, = 2= Clearly, (85) is equivalent to the MWF-N cost

Ag
function, except for a constant scaling factor (cf. Table 1).

3) Binaural MWF with interference reduction (MWF-IR)

It was proposed in [40] that the amount of interference reduc-
tion can be controlled using the interference scaling parameter
7, leading to a novel binaural beamformer denoted as the MWF
with interference reduction (MWF-IR). The cost function of the
MWE-IR can be written as

JMWE-IR (’lU) = Jx(w) —+ ,usz’o(wL s.t.w € Hu,n“ (w) (86)

Since the interfering source component w is constrained by
H, ., (w), it can be shown that the solution minimizing (86)
is equivalent to the solution minimizing

JMWF_IR(w) = Jw('w) + M$Jn70(QU), s.t.w € Huﬂ]u (w), (87)

where J, o(w) is substituted by J,, o(w).> For 1, = 0, a null
is steered toward the interfering source, while the binaural cues
of the target source are preserved. For a higher value of 7, the
MWE-IR is able to preserve the binaural cues of the interfering
source (due to the hard constraint H, ,, (w)), whereas the
binaural cues of the target source may be distorted.

In the following, we show that the MWF-IR is a special case
of the proposed Pareto-BMWF such that the filter solving the
MWF-IR cost function lies on the Pareto frontier of the Pareto-3
(Nw»,nn = 0) MOP. Let us examine a configuration, where we set
1, = 0 for the Pareto-BMWEF (61). The MOP is equal to

minl:l?reto Chareto-3¢ (1, =0) (W) (88)

with

CPareto—3c(nu,nn=O) (w) = [Jx('w)a Tu,nu (w)7 Jn,[)(w)] . (89)

The solution for this problem defines a Pareto frontier for
the Pareto-3 (1,1, = 0) MOP. Now, let us examine (88) for
Ty, (w) =0, 1.,

Ci(w) = [Jzp(w), Jno(w)],s.t. Ty p, (w) = 0. (90)

Since Ty, (w) > 0, clearly, any filter that satisfies (90) lies on
the Pareto frontier of (88). Using the scalarization method, the
generalized cost function for (90) is equal to

Ji(w) = ApJyp(w) + Ay Jpo(w) st w € Hy,y, (w), (91)

SNote that (86) and (87) are theoretically equivalent. However, practically,
the obtained filters may be different when estimation errors of the correlation
matrices Ry and R exist.
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where A,, =1 — 4, and T, ,,, (w) = 0 is substituted with w €
H, ,, (w). Furthermore,

Ji(w) = Ay (Jo(w) + pgdno(w)) st w € Hy ,y, (w), (92)

JMWEIR

with p, = 1;“ . Clearly, (92) is equivalent to the MWF-IR cost

function, except for a constant scaling factor (cf. Table 1).

B. Distortionless Beamformers

In this section, we show that MVDR-based beamformers are
also special cases of the proposed Pareto-BMWF. These beam-
formers are able to extract the target source without distortion
and preserve the binaural cues of the target source. Moreover,
these beamformers require only an estimate of the RTF vectors
of the target source (and the interfering source), whereas the
MWE-based beamformers additionally require an estimate of
the target source PSD.

1) Binaural MVDR (BMVDR)

The binaural minimum variance distortionless response
(BMVDR) beamformer is a binaural extension of the well-
known MVDR beamformer [8], [14], [41], reproducing the
target source component at both reference microphones without
distortion, while minimizing the overall noise power, i.e.,

JBMVDR(w) = vao(’w), st.w € Hx(w) 93)

In the following, in a way similar to that for the MWF-based
beamformers, we show that the BMVDR is a special case of
the proposed Pareto-BMWE, such that the filter that solves the
BMVDR cost function lies on the Pareto frontier of the Pareto-
2(n, = 0) MOP defined in (41).

Let us examine the Pareto-2 configuration in (41), where the
interfering source and the background noise are treated sim-
ilarly, Ay = Ay = An, and 1, £ 1, = 1, = 0. For J,(w) =0
(or equivalently, T, (w) = 0), the problem in (41) is equal to

J(w) = Ty o(w), s.t. T(w) = 0. (94)

Since T, (w) > 0, clearly, any filter that solves (94) lies on the
Pareto frontier of the Pareto-2(n,, = 0) MOP (41). Furthermore,
using Section II-C Remark 3, by substituting 7, (w) = 0 with
w € H,(w), (94) is equivalent to the BMVDR cost function
in (93) (cf. Table 1).

2) Binaural LCMV (BLCMYV)

In order to control the amount of interference reduction, an ex-
tension of the BMVDR beamformer was proposed in [12], [16],
namely, the binaural linearly constrained minimum variance
(BLCMYV) beamformer. The BLCMV beamformer reproduces
the target source component at both reference microphones with-
out distortion, while minimizing the noise power and reducing
the interfering source by the interference scaling parameter 7,, in
both hearing devices. The BLCMYV cost function can be written
as

Jn70<1,U), s.t.w &€ Hg;(w)7 (VS Humu (’LU)
95)

JeLemy (w) =
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In the following, in a way similar to that for the MWF-IR, we
show that the BLCMV is a special case of the proposed Pareto-
BMWE, such that the filter that solves the BLCMYV cost function
lies on the Pareto frontier of the Pareto-BMWF (n,,,n, = 0)
MOP. Let us examine the configuration in (62) for n,, = 0, i.e,

min};areto CPareto-3d (1, =0) (W) (96)

with

CParelo—Sd(nu,nn:O) (w) = [Tx (w)7 Tu,nu (w)7 Jn,[)(w)] . (97)

For T;(w) = 0 and Ty, ,,, (w) = 0, the cost function is equal to

J3(w) = Jpo(w), st. Tp(w) =0,T, ,, (w) =0. (98)

Since T, (w) >0 and Ty, ,, (w) > 0, clearly, any filter that
solves (98) lies on the Pareto frontier of the Pareto-3 (1,1, = 0)
MOP (96). Furthermore, using Section II-C Remark 3, by sub-
stituting T (w) = 0 and T}, ,,, (w) = 0 with w € H,(w) and
w € H, ,, (w), respectively, (98) is equivalent to the BLCMV
cost function in (95) (cf. Table 1).

For 0, = 0, it was shown in [13] that a null is steered toward
the interfering source, while the binaural cues of the target source
are preserved. For a higher value of ), the BLCMV beamformer
is able to preserve the binaural cues of both the target and the
interfering sources, as shown in [12], [16].

3) Binaural MVDR and Binaural LCMV with partial noise
estimation (BMVDR-N/BLCMV-N)

Previously in this section, we referred to the MWE-N, which
is aimed at preserving the binaural cues of the overall noise
component, while sacrificing the overall noise reduction. The
disadvantage of this binaural beamformer is that a distorted
response for the target source may result. Two extensions of
the MWE-N, denoted as the BMVDR with partial noise esti-
mation (BMVDR-N) beamformer and the BLCMYV with partial
noise estimation (BLCMV-N) beamformer, are proposed, which
reproduce the target source component at both reference micro-
phones without distortion [21], [24].

The BMVDR-N cost function can be written as [24]

JBMVDR-N('UJ) = ']’U,’r]u (’LU)7 S.t.w € HL(UJ), 99)

while the BLCMV-N cost function can be written as [21]

JBLCMV—N(w) = Jv’nv (w), s.t.w € Hm(w),w < Hu’nu (w)
(100)

Itis straightforward to show that the BMVDR-N is a special case
of the proposed Pareto-BMWEF(1,) by substituting .J,, o (w) with
Jp.m, (W) in the derivation shown for the BMVDR, such that the
filter that solves the BMVDR-N cost function lies on the Pareto
frontier of the Pareto-2 (1,,) MOP (cf. Table 1). In addition, it
is straightforward to show that the BLCMV-N is a special case
of the proposed Pareto-BMWZFE(1,,,17,,) by substituting .J,, o(w)
with J,, , (w) in the derivation shown for the BLCMYV, such
that the filter that solves the BLCMV-N cost function lies on the
Pareto frontier of the Pareto-3(n,,,n,,) MOP (cf. Table 1). These
derivations are omitted for the sake of brevity.
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C. Insights Into the Relation Between the Binaural MWF and
Binaural MVDR Beamformer

Recall that the well-known binaural MWEF is controlled by a
weighting parameter u, that trades off the speech distortion and
noise reduction (81). It has been shown that the optimal filters
can be decomposed into a (spatial) binaural MVDR beamformer
followed by a single-channel (spectral) Wiener filter, i.e.,

PMVDR R)'a

*

wyr = a
1 L
pz + puvor e Ry a
~—
W, post WL, MVDR
-1
PMVDR Rya .
Wwpr = T 1R (101)
te + pmvDr Ry a
——
W R, post W R,MVDR

where pyrvpr = Pxaf R(/la is the output signal-to-noise
ratio (SNR) of the binaural MVDR beamformer [8]. Now, setting
1t = 0, the obtained binaural MWF filters become equivalent
to the binaural MVDR filters wr myvpr and wg mypr SOlv-
ing (94) [8], as can be straightforwardly deduced from (101).
However, careful examination of the generalized cost function
of the binaural MWF (i.e., Juwr(w) = Jz(w) + ppJy o(w))
shows that, if pu, = 0 (which corresponds with A, — 1), the
generalized cost function is reduced to Jywr(w) = J,(w), such
that it consists of only the SD term. Clearly, this cost function
differs from the generalized cost function of the binaural MVDR
beamformer (93). Moreover, the cost function of the binaural
MWF (81) varies as a function of x,, and consequently the
value of the cost function is unbounded.

The analyses in this paper clarify these two pitfalls. In Sec-
tions V-A and V-B, we proved that the binaural MWF and the bin-
aural MVDR beamformer are two optimal solutions belonging to
the same Pareto set of solutions, namely, Pareto-2(n,, = 0). Both
SD and ONR terms are non-negative values (cf. Section II-C,
Remark 2). Hence, applying the decision-making procedure on
the Pareto-2(n, = 0) frontier, we are free to select any feasible
optimal solution. Two such solutions are 1) SD term equal to
zero leading to the binaural MVDR, and 2) the binaural MWE,
which is continuously controlled by A,.

Following, are a few relevant observations that can shed more
light on the relations between the two beamformers: 1) a solution
satisfying J,(w) = 0 (or equivalently, T,.(w) = 0) exists on
the Pareto-2(n,, = 0) frontier; 2) for this setting, the filters must
satisfy the constraint set (26) (cf. Section II-C, Remark 3); 3)
the optimal solution for this setting is equivalent to the binaural
MVDR; 4) the parameter setting for that case corresponds with
Ay = 1,A, =0, hence u, = % = 0. We conclude that sub-
stituting the original binaural MWF cost function (81) with the
generalized cost function (82) is a required step for solving the
MOP using the scalarization procedure to clarify the procedure
and limit and balance the generalized cost function.

To summarize, under the Pareto formulation we can easily
deduce that the MVDR is a proper member in the family of
solutions satisfying the same Pareto frontier as the MWF. This
observation also shed some light on the relations between these
two widely-used beamformers.
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VI. SIMULATIONS WITH NOISY SPEECH SIGNALS

In this section, we validate the analytical expressions for the
binaural Pareto-2 and Pareto-3 MOPs derived in Section III, and
we compare the performance of the considered MOP solutions
for various trade-off parameter settings using simulated signals
in a noisy and reverberant environment. First, in Section VI-A,
the simulation setup and the algorithm parameters are intro-
duced. In Section VI-B, the Pareto-2 MOP derivation is validated
demonstrating the single cost function terms for various settings
(e.g., the Pareto L-curve is provided). In Section VI-C, the
experimental performance evaluation is given, demonstrating
the impact of the trade-off parameters on various performance
measures, i.e., in terms of binaural SD and the binaural SINR
improvement and the target and interference binaural cue preser-
vation capabilities. Similarly, Section VI-D and Section VI-E
are dedicated to the Pareto-3 MOP discussing validation and
performance evaluation, respectively.

Note that Section VI-B and Section VI-D verify the theoretical
MOP derivation using real data, whereas Section VI-C and
Section VI-E demonstrate the performance outcomes of the
selected settings.

A. Simulation Setup and Algorithm Parameters

In this section, we compare the performance of the considered
algorithm using simulated signals in a noisy and reverberant
environment using Behind-The-Ear hearing aids From Olden-
burg database [31]. Each of the hearing aids is equipped with
2 microphones. Binaural Behind-the-Ear Impulse Responses
(BTE-IRs) measured on an artificial head in a cafeteria were used
to generate the signal components. The target speech source was
located at —35° and a distance of 117.5 cm, while the interfering
speech source was located at 0° and a distance of 102cm.
Recorded ambient noise from the cafeteria was added to the
speech components. The signals were processed at f; = 16 kHz
using a weighted overlap-add framework with a block size of
1024 samples and an overlap of 50% between successive blocks.
The input signal-to-interference ratio (SIR) with respect to the
interference speaker and the SNR with respect to the background
noise were set to 10 dB and 0 dB, respectively. For the estimation
procedure, three training sections were used. The first training
section consisted of a 2's segment in which none of the speech
sources was active. This segment was used to estimate the covari-
ance matrix of the noise component Ry . The second training
section consisted of a 2.5 s segment in which the target source
was active, but the interfering source was inactive. This segment
was used to estimate the noisy target source covariance matrix
Ry . The third training section consisted of a 2.5 s segment in
which the interfering source was active, but the target source
was inactive. This segment was used to estimate the overall
noise covariance matrix Ry . The covariance matrix of the target
speech component was estimated as Rx = Ry — Ry, where
arank-1 approximation of Ry was used.

Several performance measures were used for evaluating the
performance of the considered algorithm, i.e., the global binaural
SD, the global binaural SINR improvement, the global ILD error,
and the global ITD error. The global binaural SD is defined
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as the narrow-band binaural SD averaged over all frequencies.
The global binaural output/input SINR is defined as the average
of the narrow-band binaural output/input SINR in dB over all
frequencies. The global SINR improvement is obviously defined
as the difference between the global binaural output SINR and
global binaural input SINR. The narrow-band ILD/ITD error
is defined as the absolute value of the difference between the
input ILD/ITD and the output ILD/ITD as defined in (11). The
global ILD/ITD error is defined as the narrow-band ILD/ITD
error averaged over all frequencies.

In the following, we discuss the effects of the weighting and
scaling parameters on the binaural SD, binaural SINR, and the
binaural cue error for the target and the interfering sources.
It is shown that different parameter settings lead to different
trade-offs between binaural SD, binaural SINR, and binaural
cue errors.

B. Pareto-2 MOP Verification

In the first setting, we examine a configuration where the
interfering source and the background noise are treated similarly,
i, Ay = Ay = Ay, and we set 7, = 1, = 7, (i.e., higher than
zero), i.e.,

CPareto-Z(nU)(w) = H’HJH{JI(U})? Jv,n,, (w)} (102)
Recall the solution for this problem defines a Pareto frontier for
the Pareto-2(n, ) MOP such that the generalized cost function is
equal to

JPareto—Z(nv)(w) = )‘me(w) + (1 - )\x)Jvmu (’LU)7 (103)

where A,, = 1 — A,. This setting corresponds to the MWF-N (cf.
Sec. V-A).

Fig. 1 depicts the cost functions for the SD term J,,(w) and
for the ONR term J,, ,,, (w), as functions of the target weighting
parameter A, for various overall noise scaling parameter values
Ny. As the target weighting parameter A, increases, the cost
function for the SD term J, (w) decreases, whereas the cost
function for the ONR term J,, ,,, (w) increases. As the overall
noise scaling parameter 7, increases, both the cost function for
the SD term J,(w) and the cost function for the ONR term
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Jyn, (w) decrease, since the MOP requirement is more easily
met.

Fig. 2 depicts the cost function for the ONR term J,, ,, (w)
as a function of the cost function for the SD term J,(w),
for various target weighting parameter values A, and various
overall noise scaling parameter values 7),,. The Pareto L-curve is
clearly seen for various 7, values, where A, provides a trade-off
between the cost function terms. Clearly, as the overall noise
scaling parameter 7,, increases, both the cost function for the SD
term .J, (w) and the cost function for the ONR term J,, ,,, (w)
decrease. We emphasize that as shown in Fig. 1-2, as J,, ,,, (w)
decreases, wHv and wHwv are closer to n,v; and 71,vg,
respectively.

C. Performance Evaluation for Pareto 2 MOP

First, we examine the relation between two common perfor-
mance measures for various settings, i.e., noise reduction versus
speech distortion. The amount of noise reduction is evaluated
using the output (overall) noise PSD J, o(w), i.e.,
wiov]|]?

H

va} (104)

awr=e{|

The amount of speech distortion is evaluated using the signal-
based cost function J, (w) for the target SD term (17). Fig. 3(a)
and Fig. 3(b) depict the noise reduction performance by substi-
tuting J, ,,, (w) in Fig. 1 and Fig. 2 with J,, o(w), respectively.
It is observed that the target weighting parameter X, trades off
the SD term J,,(w) and the output noise PSD term J,, o(w) for
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Fig. 4. Dependence of binaural speech distortion (a) and binaural signal-
interference-noise ratio improvement (b) on target weighting parameter A .

all various overall noise scaling parameter values 7,, such that,
as the relative importance of the SD term is higher, the target
weighting parameter A, increases, and the cost function for the
SD term J,(w) decreases, while the output noise PSD term
Jy,0(w) increases.

As the overall noise scaling parameter 7, increases, while
the cost function for the SD term J,, (w) decreases, the output
noise PSD term J, o(w) increases. Interestingly, as A, — 1,
J(w) — 0 such that no speech distortion is obtained, whereas
as A, decreases, the output noise PSD term J,, o(w) decreases
up to a minimum value (higher than zero for 7, > 0) obtained
for A, — 0. The minimum value increases as 7, increases (e.g.,
the L-curve in Fig. 3 is higher). In addition, for this setting (i.e.,
hz = 0), J(w) decreases as 7, increases (e.g., the L-curve in
Fig. 3(a) is shorter).

Fig. 4(a) and Fig. 4(b) depict the binaural SD and the binaural
SINR improvement performance measures, respectively, as a
function of the target weighting parameter A, for various overall
noise scaling parameter values 7,. As the target weighting
parameter X, increases, the relative importance of the SD term
is higher such that a lower binaural SD is obtained. For n,, = 0,
as the target weighting parameter A, increases, the SINR im-
provement decreases. However, for 7,, # 0, this trend does not
hold, since A, controls the importance of J, ,(w) rather than
of J, o(w). In general, as the overall noise scaling parameter
7, increases, both the binaural SD and the SINR improvement
decrease, since the MOP requirement can be more easily met.

Fig. 5 depicts the target and interference binaural cue errors
as functions of the target weighting parameter A, for various
overall noise scaling parameter values 7,,. The binaural cues of
the target are preserved for any X, values, as expected (cf. (77)).
As the target weighting parameter A, increases, the interference
binaural cue errors increase, while as the overall noise scaling
parameter 7, increases, the interference binaural cue errors
decrease. These trends correspond to Eq. (78). Note that, as the
target weighting parameter A, — 1, the cost function for the SD
term .J,, (w) goes to zero, such that the BMVDR-N is obtained
(cf. Sec. V-B).

D. Pareto-3 MOP Verification

In the second setting, we examine a more generalized con-
figuration. The objective now is to minimize simultaneously the
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three cost functions, i.e.,

minPareto Cpyreo-3 (W) (105)
w

with

Cpareto-3 (w) = [Ja: (w)u Ju,n“ (w)7 Jn,nn (w)] s (106)

such that the generalized MSE cost function consists of a
weighted sum of the three cost functions (17), (21), and (24),
ie.,

JPa.reto—S(nu,nn) (’LU) = )Vsz (’LU) + )\uJu,nu (’UJ) + )"an,nn (’LU)

St Ay 4 Ay + Ay = L. (107)

For this setting the background noise scaling parameter 7, is set
to zero, in order to emphasize the noise reduction task, while the
interference scaling parameter 7,, is set to 0.1. The performance
measures are now examined as functions of target weighting
parameter A, for various values of interference weighting pa-
rameter A,,.

Fig. 6(a) depicts the cost functions for the SD term J,(w)
and the NR term J,, o(w), as functions of the target weighting

(a) Binaural SD (b) SINR improvement

Fig. 7. Dependence of binaural SD (a) and binaural signal-interference-noise
ratio improvement (b) on target weighting parameter A, for various interference
weighting parameter values A, .
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Fig. 8. Dependence of target binaural cues [ILD (a) and ITD (b)] and inter-
ference binaural cues [ILD (c) and ITD (d)] on target weighting parameter A,
for various interference weighting parameter values X, .

parameter A, for various interference weighting parameter
values A,,. Fig. 6(b) depicts the cost function for the NR term
Jno(w) as a function of the cost function for the SD term
J(w), for various target weighting parameter A, and for various
interference weighting parameter values X,. As expected, as
the target weighting parameter A, increases, the cost function
for the SD term .J,,(w) decreases, while the cost function for
the NR term J,, o(w) decreases. In addition, as the interference
weighting parameter A, increases, the cost function for the SD
term J, (w) decreases, while the cost function for the NR term
Jno(w) decreases. This indicates that, as 1,, increases for any
specific 1., A,, decreases such that the relative importance of
the SD term J,, (w) is higher than that of the NR term .J,, o (w).
The Pareto L-curve is clearly observed in Fig. 6(b) for various
various A, values, where X, provides a trade-off between the
cost function terms.

E. Performance Evaluation for Pareto 3 MOP

Fig. 7 depicts binaural SD and the binaural SINR improve-
ment performance measures as functions of the target weighting
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parameter A, for various interference weighting parameter A,,.
As the target weighting parameter A, increases, the relative
importance of the SD term is higher such that the binaural SD
decreases. The same SINR trends as obtained in Fig. 4b for the
Pareto-2 case, can also be observed in Fig. 7.

Fig. 8 depicts the target and interference binaural cues as
functions of the target weighting parameter X, for various inter-
ference weighting parameter A,,. As the target weighting param-
eter A, increases, clearly the target binaural cue errors decrease.
However, up to the middle of the range, the interference binaural
cue errors increase, while from the middle to the end of the
range of the target weighting parameter values the interference
binaural cue errors decrease. As the interference weighting
parameter A, increrases, as expected, the interference binaural
cues errors decrease. The interference binaural cue errors are
limited with a maximum value that depends on the weighting
parameter value A,. As the interference weighting parameter
A increases, the interference binaural cue errors decrease (this
phenomenon corresponds to that mentioned in Section III-D-2).

VII. DISCUSSION AND CONCLUSION

In this paper, we proposed a unified Pareto optimization
framework for multi-microphone speech enhancement in binau-
ral hearing aid applications, by defining a generalized MSE cost
function, derived from a MOP. As we focused on the dual source
scenario, the discussion was restricted to the case of a single tar-
get source and a single interfering source, with the corresponding
cost functions. We stress, however, that this discussion can be
easily extended to cover the multi-target and multi-interference
case by introducing additional cost functions to the respective
Pareto MOP. An analysis of a specific multi-speaker scenario is
provided in [16].

Multiple cost functions can be introduced into the MOP
framework. Specifically, an explicit cost function for preserving
the binaural cues (e.g., the ITFs of the target and the interfering
sources) can be introduced. In the current contribution, we
focus only on cost functions addressing signal distortion,
interference suppression, and noise reduction, leading to Pareto
optimal binaural beamformers. Consequently, the interaural
cue preservation can only be implicitly achieved. Nevertheless,
we carefully analyzed the binaural cue preservation capabilities
of the obtained beamformers. We note that while the binaural
cue preservation of the target and interference sources are not
an explicit part of the optimization procedure, they are heavily
impacted by the application of the optimal beamformers. Three
beamformers with explicit binaural cue preservation constraints
were presented in [11], [42] and [14]. It can be shown that
these beamformers fit the MOP framework and are Pareto
optimal.

Two sets of trade-off parameters are provided. The first
set, denoted the scaling parameters set, 7, and (7y, 7,), is
responsible for the level of the overall, interference, and noise
reduction in the respective ONR, IR, and NR cost functions.
The Pareto-2(n,) and Pareto-3(n,,n,) frontiers are directly
determined by these scaling parameters. The scaling parameters
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can be set by the user based on perceptual preferences without
resorting to a tedious optimization procedure of a specific
performance measure. The scaling parameters may differ in the
left and right beamformers and can also be frequency-dependent.
In the current contribution, we used, for simplicity, identical
values for all frequencies and devices.

The second set of parameters, denoted the weighting param-
eters (A., Ay ), play a different role in the optimization process.
These parameters are used to select a specific beamformer that
lies on the the Pareto-2(n,) and Pareto-3(7,,n,) frontiers, thus
providing the desired trade-off between the SD and ONR, or the
SD, IR, and NR cost functions.

The user may use Fig. 8 to determine the weighting parameters
that satisfy the permissible level of binaural cue distortion. From
these values, the obtained binaural SD, and binaural SINR can
be evalauted by using Fig. 7. Note that the experimental study
in Section VI is based on real data recordings from Oldenburg
database [31] and can therefore facilitate practical design of
hearing aids.

Finally, another contribution of the paper is the establishment
of the mathematical links between the MVDR and the MWF
beamformers. We show in Section V-C that both solutions are
specific points on the respective Pareto frontier.
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