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ABSTRACT

This paper proposes POLAR, a framework for the optimisation of
loudspeaker signals using end-to-end differentiable perceptual loss
functions. The framework optimises multiple perceptual attributes
across multiple listeners, offering a versatile method for a range
of problems. This versatility stems from the ability to customise
the number of loudspeakers, listeners, and the weighting applied to
different perceptual attributes. Here, we apply the method to four
problems: (a) source panning for a single listener in stereo repro-
duction, (b) single-listener colouration matching in stereo repro-
duction, (c) extended sweet spot using stereo pairs beamforming,
and (d) multi-attribute perceptually driven panning in stereo repro-
duction. The first three problems are evaluated against solutions
traditionally used for these tasks: solutions of (a) are shown to be
similar to those obtained with tangent panning law and vector-base
amplitude panning (VBAP), solutions of (b) are shown to be sim-
ilar to those obtained for cross-talk cancellation, and solutions of
(c) are shown to be similar to those obtained in earlier work on
directivity pattern optimisation for sweet spot widening. Each of
these solutions was previously obtained using fundamentally dif-
ferent methodologies, demonstrating the flexibility and broad ap-
plicability of the proposed framework.

1. INTRODUCTION

Spatial audio reproduction comprises a wide range of techniques
and methodologies that aim to recreate sound fields to maintain
or enhance the listener’s perception of immersion. Applications
span VR/AR, gaming, cinema, teleconferencing, and architectural
acoustics, all demanding accurate and predictable spatial sound
reproduction over loudspeakers. While some spatial audio tech-
niques, such as higher order ambisonics (HOA) [1/|2] or wave-field
synthesis (WFS) |3] can recreate a sound field with great accuracy,
they are often difficult to use in practice due to practical constraints
|4], including a limited number of loudspeakers, the assumption of
a perfect environment, listener position, or computational cost.
Trying to circumvent the practical limitations, recent progress
in spatial audio research has focused on optimising towards per-
ceptual attributes [5)6]. Such perceptually-motivated optimisation
strategies leverage current theories of psychoacoustics to minimise
the perceptual degradation caused by the inevitable physical er-
rors |7/ 8)9.(10]. Historically, this type of optimisation was largely
restricted to simple perceptual metrics. Ambisonic design often
relied on criteria such as Gerzon’s velocity and energy vectors,
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considered proxies for perceived localisation at low and high fre-
quencies, respectively [11], and later the rE vector [12]. Although
widely used, these metrics do not capture all aspects of auditory
perception; for example they do not account for listener orienta-
tion, even though localisation depends on source direction rela-
tive to the listener’s head [13]. More recently, perceptually mo-
tivated optimisation of loudspeaker signals has been formulated
using monaural auditory models [8]. This paper extends this line
of research to more complex models, including binaural ones.

We present POLAR, a differentiablframework for Percep-
tual Optimisation of Loudspeaker-based Audio Reproduction. PO-
LAR aims to optimise loudspeaker signals to yield a desired au-
ditory experience for one or more listeners in different positions.
This is done using perceptual loss functions derived from differ-
entiable auditory models [14/|15], combined with loss functions
that induce certain properties of the desired loudspeaker signals.
We demonstrate the versatility of the framework by applying it to
three use cases with established solutions in the literature: ampli-
tude panning filters for stereo [16.17]/18], cross-talk cancellation
filters [19] and stereo loudspeaker beamforming for a wider sweet
spot [20]. Finally, we show the ability of the framework-derived
solutions to trade-off or balance between multiple attributes.

2. METHOD

Fig‘illustrates the proposed framework, which consists of three
end-to-end differentiable stages. The first is the rendering stage
(Section, generating the loudspeaker signals, which are then
fed to the propagation stage (Section, producing the ear sig-
nals. These signals are subsequently passed to the loss stage (Sec-
tion, in which a weighted loss is built by combining differen-
tiable perceptual loss functions. The framework and the perceptual
loss functions are implemented using PyTorc

2.1. Rendering

We formulate the problem in the time domain and we seek to find
optimal loudspeaker signals, y;(n), where n is the discrete-time
variable and [ = 1, ..., Ny, is the loudspeaker index. For simplic-
ity, we focus on the case of reproducing a single virtual sound
source and assume that multiple virtual sources can be rendered
via superposition. We consider the optimisation independent of
the input signal, and thus, instead of optimising the loudspeaker
signals y;(n), we aim to find optimal loudspeaker Finite Impulse
Response (FIR) filters, h;(n) such that y;(n) s(n) * hi(n),

'Here, “differentiable” refers to the use of automatic differentiation for
optimisation through the full processing chain, rather than to the use of
neural networks.

2Github: https://github.com/ToSR-Surrey/POLAR.
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Figure 1: Illustration of the optimisation framework. All stages are end-to-end differentiable.

where s(n) is the input signal and x denotes convolution. The
optimisation problem thus becomes:

(e))

where Liota1 is an appropriate (differentiable) loss function de-
fined in Sec. h = [hy,...,hy; ] is an Nyaps X Np, matrix
formed of the column vectors, h; = [hi(1), ..., hy(Neaps)]”» and
Niaps is the filter length. Filters are optimised using gradient de-
scent and automatic differentiation, which is efficient and scales
very favourably with the number of parameters, i.e., N, Niaps fil-
ter coefficients. All convolutions in the pipeline are causal and use
no zero-padding which preserves the input tensor shape.

hepe = arg m}in Liota1(h),

2.2. Propagation

Consider Ny, Virtual Listeners (VLs), at given positions and with
given orientations. The signal reaching the left (L) and the right
(R) ears of the k-th listener is

% (yz * glL;/cR) (n),

=1

L/R
Ly,

(n) @)

where glL,éR(n) is the impulse response between the [-th loud-

speaker and the ears of the k-th VL, including the loudspeaker
response, the propagation path between loudspeaker and listener
(e.g., delay, attenuation, and room reflections), and the listener’s
Head-Related Impulse Response (HRIR).

2.3. Loss

We consider two types of losses, which we refer to as “listener-
based losses” and “source-based losses”. Listener-based losses
take the ear signals xI,;/ R(n) as input and output a scalar value rep-
resenting a deviation of specific perceptual attributes (e.g. locali-
sation or colouration) from a specific target. Source-based losses
take the loudspeaker filters, h, as input, and output a scalar value
representing a penalty associated with a desired property of the
loudspeaker filters. The overall loss function is the combination of
the listener-based and loudspeaker-based loss functions:

ﬁtotal = ﬁlistener + Elspk7 (3)

where Liistener and Lispi are the listener- and loudspeaker-based
loss, respectively, defined in Section and[2.3.2] and where
the dependency on h is omitted.
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2.3.1. Listener-based losses

Consider a perceptual loss function that translates the ear signals
of the k-th VL, xk/ R, into an estimated value ® A,k of a percep-
tual attribute A (e.g. estimated lateral localisation, apparent source
width or colouration). Let ® 4 ;, denote the target value associated
with this attribute. We define the corresponding loss as

1 Ny, )
La= Nor ; fa(@ak, Pak), (€]

where f4 is the loss function associated with the attribute A (e.g.,
{2 or /1 norm). Losses associated with different attributes can be
combined. For controlling the weighting between the different loss
functions, it is convenient to normalise the losses between 0 and 1
using what we call the Expected Maximum Loss (EML), i.e. the
maximum loss that is expected from the given setup, problem and
perceptual attribute. For example, in a stereo loudspeaker configu-
ration with horizontal-plane localisation, the EML corresponds to
the loss associated with an angular error equal to the span of the
stereo setup. Since this is only an expected maximum, the nor-
malised loss may exceed 1 in some cases.
The combined loss function Liistener i defined as
ﬁlistener - ZA: QA 1’3‘1\6/[7?4147 (5)
where a4 is the weighting factor for the attribute A. Specific

listener-based losses used in the validation of the framework are
detailed in Sec[2.4]

2.3.2. Loudspeaker-based losses

Loudspeaker-based losses are introduced to control certain prop-
erties of the solutions, and can serve as regularisation. The regu-
larisation loss L£p is computed as

Ny
1
Ls(h) = — h 6
s (h) NLl:ZIfB( 1) ©)
where fg(-) is the loss applied to the [-th filter (e.g., ¢2 or ¢y
norm). The regularisation losses can be combined through the
same scheme as in Eq. We define Lispk as

L
Liop = D_ BB it — @)
B
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having once again omitted the dependency on h. The loudspeaker-
based loss used in the evaluation is detailed in Sec2.4]

2.4. Examples of losses

We introduce here example loss functions, all of which are end-to-
end differentiable.

Lateral localisation loss

The perceptually-motivated lateral localisation loss is built upon a
differentiable perceptual localisation model, introduced by Lladé
et al. [21!/22], that estimates the perceived lateral angle of the in-
coming sound source based on binaural signals at the ears. The
model computes frequency-dependent interaural time and level dif-
ferences (ITDs and ILDs) as the delay that maximises the cross-
correlation and the energy ratio, respectively, between the left and
right ears. The localisation estimates are then determined from
minimising the distance between the target binaural sound and a
set of templates, which consist of the interaural cues computed
for different directions in a given set of HRIRs [22]. The relative
contribution of the ITD and ILD cues is controlled by frequency-
dependent weights, which reflect the perceptual importance of these
cues across different frequency regions. This model was selected
due to the availability of a differentiable implementation [21], its
interpretability, and its close agreement with perceptual data (R? =
0.88) [22], including in off-centre listening positions—a key aspect
in further validation steps of this study. The loss is defined as

Ny,

1 N 2
oc — 7 O — 0 s
Ly Now kg:l( k k)

(€

where 0 and 6y, are predicted and target lateral angles within
(—90°,90°) for the k-th VL, respectively. The EMLj,. depends
on the use case, e.g. for a stereo setup with a spanning angle of 60°,
this corresponds to an EMLj,. = 607 (i.e., the desired localisation
is towards one of the loudspeakers and the estimated localisation
points at the other loudspeaker).

Localisation uncertainty loss

A localisation uncertainty loss is introduced based on the model by
De Sena et al. [23]. This attribute quantifies how easily a listener
can determine where a sound source is located. It is related to ap-
parent source width and is therefore relevant in assessing the qual-
ity of loudspeaker reproduction methods [23]. The model shares
most of the processing stages with the localisation model in [22].
To compute the uncertainty, it relies on the spread of the estimates
for the localisation cues. The model presents the same advantages
as the localisation model, i.e. an available differentiable implemen-
tation, interpretability and generalisability to off-centre listening.
The associated loss is defined as

NvL

5 (00 )’

where Uy, and Uy, the predicted and target localisation uncertainty
for the k-th VL, respectively. The estimates from the localisa-
tion uncertainty model are already within O and 1, thus we set
EMLunc = 1. For all the simulations in this paper, we set Ux = 0,
i.e., optimising for minimal uncertainty.

1

Acunc = xr
Nvi

)
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Colouration loss

The colouration loss is constructed via a modification of the log-
spectral distortion (LSD) [24]:

Ln ! X )\
LSD/® = Z W | 20108 — e ., (10)
m=1 ‘Xk,targct [m]l
where X ,I:/ ®lm] and X A /tl:rget [m] are the discrete Fourier Trans-

form (FT) coefficients of the ear signals and target ear signals, re-
spectively, for the k-th VL, m € 1, ..., M is the frequency bin and
Wy, = 24.7(4.37-1073 - f,, + 1) [25] are Equivalent Rectangu-
lar Bandwidth (ERB)-based weights that compensate for the linear
spacing of Fast Fourier Transform (FFT) bins to better reflect the
cochlea’s logarithmic frequency resolution, with f,,, the frequency
of the m-th bin in Hertz. The loss is defined as

Ny,

LS Lsp + Lo,

Loo = ——
col NVL £ )

(1)

where we assumed the target colouration to be 0. EML.,, is chosen
as the loss between the reference signal and the same signal low-
pass filtered with a cutoff at 7kHz (adopted from the mid-quality
anchor described in [26]). For white noise or impulses, this results
in an EML., = 4.87dB.

Interaural phase difference (IPD) loss

The IPDs are defined as IPDx[m] = Z(Xy[m]/X[m]) and
IPDp ret[m] = Z (X5 ret[m]/ X res [m]) respectively, where /()
denotes the principal phase in the interval [—m, 7). The associated
loss, a commonly used metric for spatial perception [27!|28], is
defined as

Ny, M

> ) (PDi[m

k=1 m=1

Lipp = — IPDyret[m])?, (12)

NM

where we assumed the target IPD loss to be 0. The EML for this
loss is EMLipp = 7 rad. The same ERB-weighting scheme as in

Eq.is applied here.
Signal spread loss

As a loudspeaker-based loss, we use a measure of the temporal
spread of the energy of the filters [29]:

(n—p)* [ha(n)|*
spread ) (13)
Mo 121 >, ha(n)?
2
where p; = % is the centroid of the energy of the [-th

filter. The EML for this loss is assumed to be the one obtained
with white noise, its value depends on the number of taps in the
filters.

3. EVALUATION

The proposed method is validated against different problems with
known solutions. We hypothesise that by replicating the respec-
tive setup of those problems and choosing the right set of losses,
the framework would derive optimal filters that are comparable to
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accepted existing solutions from the literature. Then, the flexibil-
ity of the framework is analysed by combining multiple perceptual
losses, showing its ability to trade off several perceptual attributes.

The simulation setup is as follows. The sampling frequency is
set to 48 kHz. Sound propagation is simulated in the free field (no
room reflections) with ideal, omnidirectional, point-source loud-
speakers. The propagation to the VLs is modelled as a delay intro-
duced by the distance between the loudspeaker and the listener,
r, and attenuation of the signal amplitude proportional to 1/r.
The delay is applied in the time domain, assuming the speed of
sound of 343 m/s, without fractional delays (maximal quantisa-
tion error = 11 us at a sampling rate of 48 kHz). Once delayed
and attenuated, the signals are filtered using the appropriate HRIR
from the KU 100 dummy head from the SADIE II database [30].
The HRIRs are made symmetric such that the left and right ear
responses at an angle 6 are equal to the right and left responses,
respectively, at the opposite angle —f. In all simulations below,
we use the Adaptive Moment Estimation (ADAM) optimiser. We
initialise the loudspeaker filters with an impulse in the centre of
the window. Most simulations presented here take a few seconds
to complete (Macbook Pro M3 Max; CPU-based processing).

3.1. Validation against amplitude panning

Amplitude panning is the most widely used solution for sound
source panning [16/17}18]. Different frequency-independent gains
are applied to the two loudspeakers, whose energy ratio defines the
Inter-Channel Level Difference (ICLD). We hypothesise that the
framework would derive filters with energy ratios of the left and
right loudspeakers that resemble amplitude panning when they are
optimised for localisation of a single virtual listener in the centre
of the sweet spot.

3.1.1. Simulation setup

We simulate a stereo setup, N1, = 2, with a spanning angle of 60°
at 2m from a single VL oriented towards the direction between
the two loudspeakers. The input signal, s(n), is a white noise
burst Ngamples = 480 samples long. We set the FIR filter length
to Niaps = 21, learning rate [, = 1 - 1072, and the number of
gradient-descent steps to 600.

As we are aiming to control the perceived location of a sound
source, we utilise the perceptual lateral localisation loss introduced
in Eq Furthermore, to regularise the optimisation problem, the
spread of the filter (Eq is combined with the localisation loss.
We set agoc = 1 - 10% and Bspreaa = 1 - 10,

3.1.2. Results and Discussion

Since the framework estimates FIR filters, in this setup, we com-
pare the energy ratio of the filters estimated using the proposed
method and the ICLD values prescribed by Vector Base Ampli-
tude Panning (VBAP) [18]. Figure2]shows the ICLD of the opti-
mised filters. The results show a strong correlation (R? = 0.97)
between the ICLDs obtained using the two methods. Due to the
relatively high weighting of the signal spread loss and initialisa-
tion scheme, the filters are aligned in phase. These results extend
the findings of [21], which presented a model for finding the opti-
mal individual ICLD values (i.e. Niaps = 1). Here, finding 21-tap
FIR filters with similar energy ratios indicates method robustness
beyond producing single output values and could pave the way for
frequency-dependent panning curves.

107

20/R2=0.97 | ~

o «© 20

2 10] P

o o 107

- e

S ol // < o

> Q

o +H —101

9 -10+ 5

5 8 20|
o ’

—201~. ‘ | -0
-20 0 20 -20 0 20
Target Angle (6 °) Target Angle (6 °)

—— Proposed Method ---- Target

VBAP

Figure 2: Energy ratios between the left and the right loudspeak-
ers (left) and predicted angle using the localisation model [22]
(right) across different panning angles for the proposed method
and VBAP.

3.2. Validation against cross-talk cancellation

Cross-Talk Cancellation (CTC) is a method to deliver binaural
sound via loudspeakers [31]. In its simplest form, the method
involves collecting a 2 X 2 plant matrix with the transfer func-
tions between left/right loudspeakers and left/right ears, which is
then inverted, producing the 2 x 2 inverse matrix, Horc (2). We
hypothesise here that the proposed method will estimate similar
solutions to that of CTC given the proper optimisation setup. To
render a single sound source in a specific direction on the horizon-
tal plane, Otarget, the desired ear signal is given by

XL(Z) _ HL(Z§ Orarget)
|:XR(Z):| - |:HR(Z§ etarget)] S(z)’ (14)
where X1/ R (2) are the z-transforms of the left/right ear signals,
v/ R(z; Orarget) are the target Head-Related Transfer Functions
(HRTFs) of the left/right ears for the azimuth O¢arget, S(2) is the
z-transform of the input signal s(n), and where we omitted the
subscript k since there is a single VL. By multiplying the target
HRTF vector with Horc(z), we obtain the equivalent left and
right loudspeaker filters:

E;(é))} = Hero(2) {));8]
H"(2; 0sarget)

15)
HR(Z, 9target):| S Z)

— Herel(2) [

equivalent filters

These equivalent filters derived using the CTC matrix inversion
can be compared to the ones estimated using our proposed method.

3.2.1. Simulation setup

The propagation setup follows Section with the listener po-
sitioned at the centre of the sweet spot. The input signal s(n) is
an impulse zero-padded to Ngamples = 480. The filter length is
chosen to match the number of frequency bins in the equivalent
CTC filters, which is determined by the HRTF length, yielding
Niaps = 256. We employ a learning rate of I, = 5 - 10~* and
5000 gradient-descent steps. We set Otarget = 45°, i.e., a target
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angle outside the span of the stereo loudspeakers, and X ifcR(Z) =

HYR(2; Otarget ) S (2), the reference binauralised signal.

To optimise the filters, we considered two cases—one with the
LSD loss alone, and the second with both the LSD and the IPD
losses (apsp = 1, arpp = 5).

3.2.2. Results and Discussion

Figureshows the magnitude spectra obtained at the left and the
right ear, indicating a near exact match for all methods against
the target HRTFE, H™/® (f1arget). Since the proposed method min-
imises the distance with the target HRTF via the colouration (Log
Spectral Distortion (LSD)) loss, this result is expected. Impor-
tantly, however, it demonstrates convergence of the proposed method
to desired solutions.

The figure also shows the magnitude response of the filters
optimised with the proposed method using the two loss models,
compared to the equivalent CTC filters in Eq. Here, it can be
observed that the optimisation using the colouration loss leads to a
dissimilar solution to CTC for both loudspeakers. This is due to the
fact that phase relations are left uncontrolled. Once the IPD loss is
included, the optimised loudspeaker filters closely match the CTC
filters, with an RMSE of only 0.57 dB. If one assumes invertibility
of the plant matrix, this result is also expected. Imposing a good
match with the magnitude spectra at the two ears and of the phase
relation at the ears, leaves the only degree of freedom to be a com-
mon phase term for the loudspeakers filters, which is not shown
here and is less relevant perceptually.

Nevertheless, this result shows the framework’s flexibility, pos-
sibly paving the way for hybrids involving CTC-like solutions in
the future. Also, the two methods arrive at closely similar solutions
through fundamentally different procedures. One is frequency-
domain matrix inversion followed by an inverse FFT, which may
produce non-causal solutions, while the proposed framework di-
rectly optimises finite-length causal FIR filters in the time domain
using gradient descent and automatic differentiation.

3.3. Validation against stereo pair beamforming

The use cases presented so far are limited to only one listener;
however, the versatility of the proposed method allows optimisa-
tion of the filters for multiple listeners simultaneously, making it
possible to optimise the size of the listening area.

Figuredepicts a classic problem in loudspeaker-based re-
production. Two loudspeakers with an omnidirectional directivity
pattern are positioned at a distance of 2.5 m and with a base angle
of 60° and are playing back identical signals. The arrows repre-
sent the perceived direction as predicted by the model of Lladé
et al. [22] for virtual listeners oriented such that they are facing
the direction of the positive x-axis. While a virtual listener in the
centre of the sweet spot perceives a sound in the desired direction
(directly ahead, in between the two loudspeakers), as soon as they
move to the side, the perceived auditory image collapses in the di-
rection of the closest loudspeaker. This is due to the fact that the
closer loudspeaker becomes louder than the other and its signal
arrives earlier, dominating spatial perception.

In [20], Rodenas et al. introduced a method to increase the
size of the listening area without explicitly tracking the listener/s,
through optimisation of loudspeaker directivity pattern. The idea
is to design the directivity pattern in such a way that for off-centre
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Figure 3: Comparison between the proposed methods and CTC.
The first row presents the magnitude spectrum of the loudspeaker
filters obtained by the CTC and the proposed method with and
without IPD loss. The filters were estimated for a sound coming
from @¢arger = 45° (i.e. outside the range of the two loudspeak-
ers at £30°). The second row represents the corresponding ear
signals (all lines, including the proposed method, are essentially
overlapping). The dashed black curve represents the reference log
magnitude response of H L/ R(Qtarget).

listeners, the effect of the signal of the closer loudspeaker arriving
earlier is counterbalanced by the other loudspeaker being louder.

They derive an optimal directivity pattern from existing psy-
choacoustics time/intensity trading curves indicating what is the
ICLD necessary to counterbalance an ICTD in opposite direction.
Loudspeaker beamforming is then achieved via appropriate de-
sign of the FIR filters applied to a pair of close loudspeakers, via
mean squared error optimisation. Using the same loudspeaker ar-
ray setup as in [20], we postulate that the proposed method can
estimate similar solutions.

3.3.1. Simulation setup

For this simulation, we set up the same loudspeaker configuration
as in [20]. Rodenas et al. mention the distance between pairs to
be between 1 cm and 10 cm [20], but they provide neither specific
distance values they used to obtain their results, nor the type of
loudspeaker used for their real-world measurements. We set the
distance to 10cm. The filter length is set to Nsgmpies = 40, as
in [20]. To optimise the beamforming pattern over an area, we
position Nyi, = 51 VLs equally spaced virtual listeners along
the line in the figure. The learning rate [, is set to 0.05 and the
optimisation is performed over 200 gradient-descent steps. We
employ the localisation loss described in Eq. The target angles
0y, are set such that the direction from the k-th listener is towards a
source located at equal distance in between the loudspeaker arrays.

3.3.2. Results and Discussion

Fig.presents the directivity pattern resulting from the FIR fil-
ter optimisation for each pair of loudspeaker and averaged over
octave bands between 250 Hz and 8000 Hz. This is compared to
two directivity patterns proposed by [20]: the optimal one derived
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directly from the psychoacoustic panning curves, and the one that
can practically be obtained through mean squared error optimisa-
tion for two loudspeakers in each pair (only the 1kHz curve is
shown here, with the others being similar [20]). The figure shows
that the loudspeaker directivity pattern resulting from our proposed
method is very similar to the one obtained in [20], and is, in fact,
closer in certain directions to the directivity pattern that they de-
fine as optimal. Overall, the estimated directivity pattern has a
mean absolute distance to the optimal and 1000 Hertz curves of
2.68 and 1.75 dB within the target region, respectively. After op-
timisation, the mean absolute localisation angle error is of only
6.4°.

This is a noteworthy result. It shows that the proposed method,
only relying on a binaural localisation model as loss function, can
generate FIR filters that together yield an appropriate loudspeaker
beamformer. This is notable because beamforming is not imposed
explicitly. It also implies that the localisation model of Llado et
al. [22] embeds information similar to the psychoacoustic curves
used in [20]. This result could pave the way to broader applications
of the proposed framework, for example in-situ soundbar optimi-
sation in reflective environments.

3.4. Analysis of trade-off between attributes

One of the main advantages of the proposed method is that it al-
lows for the optimisation of multiple attributes simultaneously. In
this section, we show the result of trading off lateral localisation,
localisation uncertainty and colouration.

3.4.1. Simulation setup

We set up the same loudspeaker configuration as in For the
VLs we define a 1 m line centred on the sweet spot and oriented
parallel to the axis connecting the two loudspeakers. In order to
assess how the method generalises to positions that the filters have
not been explicitly optimised for, Ny, = 30 VLs are distributed
on the line with the exception of three 10 cm segments centred
around y = 0,£25cm, i.e., the only points shown in Figur
The 10 cm gap was chosen as a trade-off between keeping the VLs
within a reasonable area, and a large enough gap such that nearby
optimised positions do not also effectively optimise the evaluation
locations. At low frequencies, however, some overlap is still ex-
pected due to the smoother spatial variation of the sound field.

During the optimisation, the VLs are processed in batches of
five listeners. The optimisation is performed over 300 gradient-
descent steps with the learning rate I, set to 1-10~*. The target for
the localisation and colouration loss is defined by placing a target
source in the far-field at Ggarger = 10° to the left of each VL. The
HRTF of the same angle serves as the colouration reference.

For this trade off analysis, the lateral localisation loss (Eq/8),
localisation uncertainty loss (Eq.@ and colouration loss (Eq{11]
are combined. Tablepresents the different o weightings applied
for the different optimisations. SBspreaa is setto 1- 107",

3.4.2. Results and Discussion

The first three rows of Fig.show results for optimising localisa-
tion, uncertainty, and colouration individually; the last row com-
bines all three losses. Tablemshows the corresponding weights
and errors. All results here only consider the three positions that
haven’t been explicitly optimised for.
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(b) Proposed method with two pairs of loudspeakers.

Figure 4: Figure (a) shows the perceived directions as estimated
by the localisation model [22] with no optimisation applied and
omnidirectional stereo loudspeakers. Figure (b) shows the per-
ceived directions obtained with the proposed method with two
pairs of loudspeakers, along with the resulting directivity pattern of
each loudspeaker pair, compared to results from [20]. The dashed
lines indicate the target perceived direction.
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Table 1: Summary of the results for the trade-off assessment intro-
duced in Sec. The first three columns show the loss weights.
The last three columns show the model-based errors for locali-
sation, uncertainty and colouration for the corresponding simula-
tions in the three evaluation positions. The spread loss weight is
Bspreaa = 1 for all simulations. Values in bold indicate best per-
forming ones. The colouration loss is computed as in

l sim. # H Qloc [ Qiunc [ Qcol H Eloc(o) [ €unc [ 6col(dB) ‘
Loc. only || 1e3 0 0 3.43 | 048 9.33
Unc. only 0 |lel| O 18.68 | 0.25 14.0
Col. only 0 0 le-2 || 10.09 | 0.42 3.16
Combined || 2e2 | le-2 | Se-2 4.03 | 0.28 3.21

As shown in Fig.and Table optimising for a single loss
results in that loss having lowest error, which is expected. When
using localisation uncertainty only, the method yields a solution
where essentially only one loudspeaker is active, as one would ex-
pect. The combined simulations shows results comparable to when
optimising for the single attributes only. This is a surprising results
as trying to localise a source in between two loudspeakers should
increase localisation uncertainty. Further analysis could determine
whether these attributes are complementary or reveal inconsisten-
cies between the different models. These results are achievable
through the careful selection of the weights associated to the per-
ceptual attributes. As of now, this choice stems from trial and er-
ror; however, we are currently looking into a more systematic way
to choose these parameters. Future work will also involve incor-
porating a more advanced colouration model like the one in [25],
which has been shown to have a stronger correlation with percep-
tual data, and, as noted in [10], is differentiable.

As opposed to the three use cases presented above, the results
here have only been evaluated with the same perceptual models
used for optimisation, which makes the evaluation circular. Given
the promising results in the previous use cases, one may hypothe-
sise that the trends shown in these plots might also hold perceptu-
ally, but that remains to be tested in formal listening experiments.

4. CONCLUSIONS

The optimisation of loudspeaker reproduction on the basis of per-
ceptual models has been an aim of many researchers for many
decades. This paper demonstrated that what was previously only
possible for simple models like Gerzon’s velocity and energy vec-
tors is now possible for more complex models, including full-
fledged binaural ones. We owe this advance to (a) the fact that
some of these models can be expressed in an end-to-end differ-
entiable form, making gradient-based optimisation over a larger
number of parameters computationally practical via automatic dif-
ferentiation, and (b) the availability of parallelised and accelerated
optimisation frameworks such as PyTorch.

The paper demonstrated the potential of the proposed frame-
work, POLAR, through a selection of fundamental scenarios. Us-
ing a classic stereo setup, we showed that the framework yields
filters comparable to VBAP or similar to CTC, if optimised for lo-
calisation or colouration and IPD, respectively. In a scenario opti-
mising localisation with two pairs of closely spaced loudspeakers,
the proposed method generated FIR filters that resulted in an ap-
propriate loudspeaker beamformer [20], even though beamform-
ing was not imposed explicitly.
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Figure 5: Effect of the optimisation using different weightings.
Each row corresponds to one set of weights given in Table The
first column shows the IRs of the left (blue) and right (orange)
loudspeaker filters. The middle column shows the magnitude spec-
trum at the left (blue), centre (green), and right (red) listening po-
sitions, with the black curve as the reference. The right column
shows, for three positions not considered in the optimisation, ar-
row direction, length, and colour indicating estimated localisation,
localisation certainty, and colouration respectively. Black crosses
mark the loudspeakers and dashed black lines the target localisa-
tion directions.

These results pave the way for optimisation beyond what is
currently possible with traditional spatial audio methods, e.g., hy-
brids of cross-talk cancellation and other reproduction methods, or
in-situ optimisation of soundbar reproduction.

POLAR was also used for reproduction based on a combi-
nation of perceptual attributes, including localisation, localisation
uncertainty and colouration. Future work will involve formal lis-
tening experiments. Furthermore, understanding the relative im-
portance and role of each quality attribute and their interaction in
overall quality perception is necessary for deriving efficient per-
ceptual multi-attribute models.
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