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HRTF Interpolation Using a Spherical
Neural Process Meta-Learner

Etienne Thuillier”, Member, IEEE, Craig T. Jin

Abstract—Several individualization methods have recently been
proposed to estimate a subject’s Head-Related Transfer Function
(HRTF) using convenient input modalities such as anthropometric
measurements or pinnae photographs. There exists a need for adap-
tively correcting the estimation error committed by such methods
using a few data point samples from the subject’s HRTF, acquired
using acoustic measurements or perceptual feedback. To facilitate
this, we introduce a Convolutional Conditional Neural Process
meta-learner specialized in HRTF error interpolation. In particu-
lar, the model includes a Spherical Convolutional Neural Network
component to accommodate the spherical geometry of HRTF data.
It also exploits potential symmetries between the HRTF’s left and
right channels about the median plane. In this work, we evaluate the
proposed model’s performance purely on time-aligned spectrum
interpolation grounds under a simplified setup where a generic
population-mean HRTF forms the initial estimates prior to correc-
tions instead of individualized ones. The trained model achieves
up to 3 dB relative error reduction compared to state-of-the-art
interpolation methods despite being trained using only 85 subjects.
This improvement translates up to nearly a halving of the data point
count required to achieve comparable accuracy, in particular from
50 to 28 points to reach an average of —20 dB relative error per
interpolated feature. Moreover, we show that the trained model
provides well-calibrated uncertainty estimates. Accordingly, such
estimates could inform the sequential decision problem of acquiring
as few correcting HRTF data points as needed to meet a desired level
of HRTF individualization accuracy.

Index Terms—Audio systems, representation learning, spatial
audio, uncertainty.

I. INTRODUCTION

ECENT adoption of augmented and virtual reality inter-

faces has pushed the need for immersive spatial audio
rendering solutions that scale to mass market [1], [2], [3], [4].
The Head Related Transfer Function (HRTF) is a key component
of current systems: it simulates the effect of the subject’s body
on the acoustic transmission channels between the subject’s ears
and sound sources as a function of their locations raround the
subject [5]. Crucially, the HRTF is a function of the subject’s
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morphology and is specific to each individual. Studies have
shown that spatial audio percepts deteriorate when a generic
HRTF is used for all subjects in a population compared to using
individualized HRTF estimates [5], [6]. Models of this phe-
nomenon are actively being developed [7], [8]. In this work, we
propose the first HRTF interpolation method that provides well-
calibrated uncertainty estimates. The method also demonstrates
significantly improved interpolation accuracy with regards to the
state of the art.

A. Prior Art

A recent review paper classifies HRTF individualization tech-
niques into four categories defined by the source of HRTF
information: acoustic measurements, numerical simulation, an-
thropometric data, and perceptual feedback [6]. As an alternative
approach useful to our discussion, we classify below the indi-
vidualization techniques into two broad classes according to the
way in which the subject’s individualized HRTF is represented.

A first class of methods represents the subject’s individualized
HRTF using a sparse set of observed HRTF data points. In such
approaches, interpolation methods are applied downstream to
provide HRTF filter estimates at specified directions of arrival
between the observed locations. Typically, the observations are
collected using acoustic measurements [9], but recommender
systems have also been proposed for composing the sparse set
with HRTF filters derived from a pre-existing database and
according to perceptual feedback obtained from the user [10].

Improvements in interpolation methods result in sparser sets
of observations becoming sufficient for meeting a required ac-
curacy threshold, thereby accelerating the individualized HRTF
acquisition process. Early methods include barycentric inter-
polation [11], bilinear interpolation [12], natural neighbour in-
terpolation [13], interpolation using spherical harmonics [14],
thin-plate spherical spline interpolation [15] and Gaussian pro-
cess regression [16]. In particular, use of a learned spherical
harmonic subspace allows for recovering the full HRTF from
a significantly reduced set of data points [17]. More recently,
pre-processing has been shown to significantly reduce the re-
quired density of HRTF measurements needed to meet a given
interpolation accuracy requirement [ 18], [19], [20], [21]. Neural-
network regressor models have also been proposed [22], [23],
including a spherical convolutional neural network performing
interpolation from a relatively dense equiangular grid counting
120 data points [24]. Related works includes HRTF upsampling
approaches using generative models [25]. However, such models
currently provide improvements in the sparsest regimes only.

© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
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A second class of methods parametrizes individualized
HRTFs using low-dimensional latent-space representations
embodied by fixed-length vectors of adjustable coefficients.
Various approaches have been proposed to predict the
coefficients of the representation including the use of anthropo-
metric measurements [26], [27], pinnae photographs [28], HRTF
observations [22], perceptual feedback [29] or combinations
thereof [30]. This provides a convenient means for promptly
estimating a subject’s HRTF from one or several input modali-
ties. However, a common design compromise facing techniques
in this class lies in providing a representation that is compact
enough that prediction is facilitated, while retaining sufficient
expressiveness that HRTF variability across the population is
faithfully represented. Due to the fixed dimensionality of latent
representations in particular, and unlike non-parametric interpo-
lation methods, the expressiveness of the model does not scale
with additional data points provided to it. More importantly,
any resulting change to the HRTF representation is in this case
global, such that any resulting local improvement is suscepti-
ble, at least in principle, to adversely affect the representation
elsewhere. This contrasts with interpolation methods providing
strictly local representations of HRTFs, for example barycentric
interpolation.

B. Problem

There is a need for adaptively refining the individualized
HRTF estimate provided by a parametric method until a pre-
defined criterion of suitability is achieved, for example a user
performance metric threshold under a listening test experiment.
To this end, we advocate for a hybrid approach to HRTF indi-
vidualization in which the parametric estimate is corrected by
integrating a few observations of the subject’s HRTF using an
interpolation method. Under this approach, the HRTF refinement
problem can be framed as a sequential decision problem: that of
acquiring as few correcting HRTF data points as needed to meet
the performance requirement, using measurements or perceptual
feedback. Such a problem would benefit from using an accurate
interpolation method that also provides well-calibrated uncer-
tainty estimates. When suitably calibrated, uncertainty estimates
can indeed be used to inform the choice of the next location to
observe. Under a perceptual feedback acquisition scheme, they
can additionally inform the selection of proposal HRTF filters
to be submitted as queries to the subject. Finally, there also
exists a need within augmented reality settings, for matching
the rendered sound field with the user’s surrounding acoustic
environment. Such a problem could also be addressed using the
suggested approach by adaptively refining the Binaural Room
Transfer Function instead of the HRTF.

C. Solution

To facilitate the hybrid approach mentioned above, we in-
troduce a novel model that we name Spherical Convolutional
Conditional Neural Process (SConvCNP). The proposed model
is a Convolutional Conditional Neural Process (ConvCNP)
meta-learner [31] specialized in HRTF error interpolation. It
accommodates the spherical geometry of HRTF data. To this
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end, it includes a Spherical Convolutional Neural Network com-
ponent [32], [33] which executes rotation-equivariant feature
transforms. It also exploits the approximate symmetry between
the HRTF’s left and right channels about the median plane. To
the authors’ best knowledge, this work is the first application of
a Neural Process model to spherical data.

The proposed model learns a functional representation of
the set of observed HRTF data points that preserves spatial
structure and can be addressed at any location on the unit
sphere. Furthermore, the representation is learned using rotation
equivariant mappings which ensures the same transformation
is applied with shared parameters everywhere on the sphere,
irrespective of feature location. These aspects allow for learning
local interpolations of the HRTF features in a sample-effective
fashion. Moreover, the possibility, afforded by the model, to
address any location on the unit sphere provides native compati-
bility for training on any HRTF databases irrespective of its data
point grid layout.

This work implements and tests the SConvCNP model in
a simplified experimental setup. Firstly, the interpolation is
applied on the HRTF spectrum after time-alignment [18], [20],
[21], leaving pure delay interpolation as future work for brevity.
Secondly, a generic population-mean time-aligned spectrum
is used as generic estimate for all subjects before correction,
instead of individualized time-aligned spectra. This allows to
evaluate the merits of the model purely from an interpolation per-
formance standpoint, leaving the application to individualized
HRTF correction as future work. The model is shown to achieve
up to 3 dB of relative error reduction compared to state-of-the-art
interpolation methods. This translates to nearly a halving of the
required data to achieve a comparable level of accuracy. More-
over, our model is shown to provide well-calibrated uncertainty
estimates.

This paper is organized as follows. Section II provides back-
ground on the ConvCNP model and its meta-training procedure.
Section Il introduces the SConvCNP model, defines the interpo-
lation tasks on which the model is trained, and proposes baseline
and metrics for evaluating the model’s performance both in terms
of interpolation accuracy and uncertainty calibration. Section IV
presents and discusses the experimental results. Section V con-
cludes this paper.

II. BACKGROUND

In this section, we provide a technical review of the ConvCNP
model and its meta-training procedure as background for the
introduction of the SConvCNP model in Section III.

A. ConvCNP Architecture

Neural Processes form a class of deep neural networks oper-
ating on sets to model stochastic processes [34], [35]. In neural
process models, a set of observed location-feature data point
pairs { (¢, y.)}<_; at the input informs a predictive distribution
provided at the output for unseen values y; at target locations
¢, much in the same fashion as in Gaussian Processes [36].
In particular, the elements of the input set are subsumed into a
representation embedding, which allows for handling sets of
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Fig. 1.  Schematic block diagram of a typical ConvCNP model’s architecture.

different sizes and ensures invariance in the ordering of set
elements [37]. Recently, functional representation embeddings
have been proposed that preserve the spatial structure in the input
set and are addressable at any location coordinates ;. These
functional embeddings enable constructing translation equiv-
ariant neural process models, as appropriate when modeling
stationary data [31], [38], [39]. The ConvCNP is an example
of such a model [31]. A description of its architecture is given
in the current section.

A typical example of ConvCNP model architecture is given
in the block diagram of Fig. 1. The model includes a first set
convolution (block SetConv) which maps a set of observed data
points {(z.,y.)}<_, into a functional representation [31], [39]

r = SetConv ({(xc,yc)}cczl> ) (1

which, assuming a multiplicity of one for data set elements [31],
returns a vector-valued point-wise representation

25:1 ch(xm :L‘)
Yooy K (e, )

at any specified location x. In the above expression, K : X' x
X — R denotes a positive definite kernel with learnable param-
eter(s), for example, a Gaussian kernel in the case of planar data
such as images [40]. Accordingly, the first channel of functional
embedding r before discretization, forms a kernel density of
the observed locations: the result of a convolution between
filter K (x.,-) and a sum of unit-weighted Dirac distributions
centered at locations {z.}<_;. The second channel forms an

C
r(z) =Y K., 2), )
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interpolant of the observed data points {(z.,y.)}<_, following
the Nadaraya-Watson kernel regression method [41].

In ConvCNP models, translation equivariant representation
learning is performed downstream of the set convolution using
a Convolutional Neural Network (CNN). As pictured in Fig. 1,
representation r is first discretized following a grid (x4)g4ecg of
regularly-spaced coordinates. Assuming two-dimensional pla-
nar data for example: G = {1,...,G} x {1,..., G}, in which
G denotes the number of samples of the grid in each dimension.
A second set convolution converts—at least implicitly—the
learned representation at the output of the CNN back to a
functional one [39], denoted ¢ in the diagram. Crucially, ¢’s sec-
ond channel' forms an interpolant of the learned representation
{(zg, 2¢) } geg following (2).

Given the above, ¢ forms a learned functional representation
of the input set which is spatially-structured and addressable at
any user-specified target location x;. In the example of Fig. 1,
the resulting point-wise representation g; is decoded using a
fully-connected neural network (MLP)? decoder, which maps
the target location x; to mean pi; and standard deviation o values
specifying a predictive distribution for the target features y; at
that location:

p(yt Ty, {(xwyc)}cc_1> ~N (y; my0p), @)

where we assume uni-variate features for simplicity and N
denotes the normal distribution.

B. Meta-Training

Features and advantages of the model are best understood
under the lens of the meta-learning framework [42]. Under this
perspective, the observed data-points {(z., y.)}$_; form a task-
specific train set and the ConvCNP model forms a meta-learning
algorithm mapping the set to a trained discriminator MLP o ¢
that,® given query location x;, returns a predictive distribution
N (ys; pe, 07). In particular, the learned functional embedding
q of train set {(x.,y.)}S_, parametrizes said discriminator
MLP o ¢ such that the set’s data point locations {z.}¢ ; can
be leveraged to provide well-calibrated uncertainty estimates
0. This is unlike common learning methods which generally
discard such information and, as a consequence, provide trained
models that cannot recognize when queried far from the points
of the train set. While it remains possible for these models to
quantify the uncertainty resulting from noise present in the labels
(“data uncertainty”, “aleatoric uncertainty”), the uncertainty in
the choice of model and the value of its parameters (“model
uncertainty”, “epistemic uncertainty”), in particular as it relates
to the train set used to optimize parameter values, is typically
unaccounted for. In contrast, ConvCNP models are shown to pro-
vide well-behaved uncertainty estimates for stationary data [31].
This results in part from translation equivariance. Indeed, this

IThe first channel, representative of density, is less informative at this stage
than in the case of the first set convolution and can optionally be discarded.

2MLP is the acronym for multilayer perceptron. As is common practice, it
stands here as a synonym of fully-connected neural network despite it being a
slight misnomer.

3Here, MLP o ¢ denotes the composition of functions ¢ and MLP.
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ensures the model’s outputs can be computed as function of
distance to the context set’s data points but not as a function of
the data points’ coordinate values themselves.

Model optimization within the meta-learning framework is
carried out on a set of learning tasks (the meta-training set),
each defined by a context (train) set and target (test) set pair.
In particular, ConvCNP models can be trained following the
maximume-likelihood objective [34]

max Z Z logp(y |z,C; 6), 4

€, T)eM (z,y)eT

where 0 denotes the coefficient vector of the model’s learnable
parameters, M = {(Cy,, Ton)}22_, denotes the meta-training
set, Con = {(2¢,ye) }S_, forms a context (train) set, and 7, =
{(w¢,y;)} L., forms a target (test) set. Additional validation and
test meta-sets composed of held-out data are used to perform

model selection and evaluate generalization performance.

III. NOVEL MODEL AND METHOD

In this section, we introduce the SConvCNP model and define
the interpolation tasks on which the model is trained. Further-
more, we select the baselines and metrics for the purpose of
evaluating the model’s performance both in terms of interpola-
tion accuracy and uncertainty calibration.

A. Interpolation Task

When applied to the problem of HRTF interpolation, each
task (C,7) composing the meta-training set M consists in
interpolating a given subject’s HRTF to specified unseen (target,
test) locations given a set of observed (context, train) HRTF data
points acquired from the subject. A detailed description of the
specific interpolation task studied in this work follows.

Consider the following time-alignment factorization of the
HRTF spectrum [18], [20], [21]:

h(z) = (ei%TnT(”))

N/2
- ©m(z), (5)
where

® (© denotes the Hadamard (element-wise) product,

e 1€ 8%={x e R?®||z|2 = 1} denotes the sound source
direction represented in cartesian coordinates on the unit
sphere,

e N denotes the filter tap count of the Head-Related Impulse
Response (HRIR),

e 7:8%—[0,00)? returns the pure delay values for both
ears at specified location z,

o m: 8% — CW/2+1)*2 returns the positive frequency side
of the time-aligned HRTF spectrum for both ears at speci-
fied location z,

o h:8? = CW/2+D)*2 returns the positive frequency side
of the HRTF spectrum for both ears at specified location
x.

Under this factorization, the time-aligned spectrum is com-

posed of the minimum-phase and nonlinear phase all-pass com-
ponents of the HRTF [43].
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Inspection of (5) reveals that interpolating the pure delay 7
and the time-aligned spectrum m is in principle less challenging
than interpolating spectrum h directly. Indeed, the exponential
factorin (5) maps pure delay values on the unit sphere to complex
values, which real and imaginary parts ripple on the surface of
S? following the spatial variations of pure delay 7, at a rate
proportional to normalized frequency n/N. Consequently, this
exponential factor significantly contributes to the irregularity
of the HRTF spectrum, especially in the higher portion of the
frequency range. In effect, pure delay and aligned spectrum
components have been shown to require spherical harmonic
representations of greatly reduced order compared to the non-
processed spectra for comparable reconstruction accuracy [18],
[20], [21], [44].

In this work, we employ simulated HRTFs from the HUTUBS
database without changes to its coordinate system, which places
the origin at the center of the subject’s head [45]. We extract
the time-aligned spectrum m by factoring out the pure-delay
exponential term out of (5) for each data point of the HRTF
set individually. In particular, the pure delay is estimated in a
preliminary step as the power-weighted average of excess group
delay [43]. More specifically, the weighted-average is computed
using frequency bins lying within the O to 1.1 kHz frequency
range. This avoids sharp group delay jumps occurring around
zeros of the HRTF spectrum in the upper frequency range [43].
When applied to the simulated HRTFs of the HUTUBS database,
this approach provides pure delay values that are spatially
smooth. We apply this time-alignment method to down-sampled
versions of the binaural filters from 44.1 to 33.075 kHz. This
reduces the HRIR tap count from N = 256 to N = 192. This
is carried-out solely for the purpose of lowering the memory
requirements when running the model.

For brevity, we limit the experiments of this work to
the interpolation of the time-aligned spectrum m and leave
the comparatively less challenging problem of interpolating the
pure delay 7 as future work. More specifically, we aim to interpo-
late the time-aligned spectrum centered around the population-
mean. Accordingly, the " data point entering the composition
of context or target set C, 7 is given for a particular subject s by

(i 9) = (2o m = i) ©)
where
Lon ()
i = < ; mi®, @)

denotes the time-aligned spectrum mean taken across the .S
subjects of the train set and mz(-s) = m(®)(z;) denotes the value
of time-aligned spectrum specific to subject s at location x;.
Each task (C,T) in the train/validate/test meta-set splits is
composed using the HRIR filters from a single individual’s set
in the HUTUBS database [45]. In particular, the context sets
C = {(w¢,yc)}&; are of varying size and comprise from zero
to a hundred data points sampled on the unit sphere according
to an approximately-uniform-grid layout. In practice, one such
approximately-uniform grid is prepared beforehand for each
possible sample count. For each generated task (C,7), one
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TABLE I
SpPLIT OF SUBJECTS FROM THE HUTUBS’ SIMULATED HRTF DATABASE [45]

Set Subjects Count
. All but 1, 4, 18, 27,

Meta-train | 5930 53, 65, 67, 88, 96 | O

Meta-validate | 4, 28, 30, 53, 65 5

Meta-test 1, 18, 27, 67 4

of these grids is randomly drawn, thereby selecting both the
number of context data point samples and their relative loca-
tions on the unit sphere. Following this, a randomly-determined
three-dimensional rotation of the grid is conducted to produce
the final set of sampled coordinates on the unit sphere. Finally,
the HRTF set data points closest to the coordinates of the rotated
grid are elected to form the context set C. The remaining data
points of the HRTF set are used to form the target set 7.

In order to augment the meta-train set, the uniform grid is
replaced by an irregular grid with identical data point count half
of the time during training. In particular, the coordinates of the
irregular grid are in this case drawn independently following a
uniform density across the surface of the sphere. Furthermore,
the data points of the task (C, 7") are mirrored about the median
plane half of the time. This augments the meta-train set with
variants of the original subjects presenting permuted ears.

Given that the simulated HRTF sets from the HUTUBS
database comprise 1730 data points per subject, the approach
described above provides a great number of interpolation tasks.
In practice, each task (C,7) is generated in real time within
the train loop. This results in a meta-training set M of con-
siderable size from relatively few subjects. A summary of the
HUTUBS subjects split among the meta-train, meta-validation
and meta-test set is given in Table I. In this split, subjects 88 and
96 are discarded since they form duplicates of subjects 22 and
1 respectively [46].

B. SConvCNP Model

The ConvCNP model was originally introduced with applica-
tions on planar data, such as images [31]. Accordingly, we adapt
it to the spherical geometry of HRTF data and to the approximate
symmetry between the left and right channels of the HRTF about
the median plane [17]. A detailed description of the resulting
SConvCNP model is provided in this section.

Assuming a subject’s morphology is perfectly symmetric
about the median plane, the right HRTF channel would be per-
fectly recoverable from the left, thereby reducing the effective
dimensionality of the HRTF feature space by a factor of two. In
practice however, subjects are only approximately symmetric.
Nevertheless, allowing observed feature values from one chan-
nel to inform the values in the opposite channel at the mirrored
location should facilitate HRTF interpolation. The SConvCNP
ensures this by mirroring the right channel of the data points
about the median plane. As shown in Fig. 2, the context set
is decomposed (in the “split” block) into two channel-specific
context sets at the input of the first discretized set convolution
block. In particular, the coordinates perpendicular to the median
plane are flipped (“flip” block) in the right channel’s context set.

IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 32, 2024
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Fig. 2. Schematic block diagram of the SConvCNP model. Refer to Table II
for tensor dimensions.

The set convolution processes each context set in sequence with
shared parameters and the two resulting tensors are concate-
nated along the channel dimension downstream (‘“‘concatenate”
block). Fig. 2 also shows that the mirroring operation is executed
a second time for the right channel, upstream of the second
discretized set convolution. This recovers proper left-right filter
channel pairings at the output.

A significant aspect of the interpolation task described in
Section III-A lies in the spherical geometry of the time-aligned
spectrum features to be interpolated. Specifically, each data point
location takes value on the unit sphere. Accordingly, specialized
set convolutions adapted to this spherical geometry are imple-
mented in the SConvCNP model, as pictured in Fig. 2. In this
work, we use a spherical Gaussian kernel [40]:

K(x1,22) = e 2B(-zrwa) (8)
where 21, x3 € {x € R® | ||x||2 = 1}, - represents the dot
product and the precision parameter § € (0, c0) is learned. As
pictured in Fig. 2, the first set convolution block carries out
a dedicated spherical set convolution for each frequency bin,
ensuring a specific precision parameter [ is learned at each
frequency. In contrast, the second set convolution block per-
forms a single discretized set convolution operation repeatedly
with a single learned precision parameter 3 shared across all
channel-frequency pairs. Furthermore, the density channel at
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TABLE II
DIMENSION OF TENSORS IN THE SCONVCNP MODEL

Tensor Type Shape Channels
Yo C N/2+1) 2
ydom C (N/2 +1) 1
yrieht) C (N/2 +1) 1
(“”) C | GxGx(N/2+1) 4
( ) S >0 B GxGx(N2+1) M
€

’ R | GxGx(N2+1) | M

(}, ) R | GxGx(N/2+1) | M/2

( (“gh‘>) R | GxGx(N2+1) | M/2

9€g

R (N/2 +1) M
ot C (N/2 +1) 2
o C (N/2 +1) 2

the output of the second set convolution is discarded (“discard
density channel” block).

To further accommodate the spherical geometry of HRTF
data, we substitute planar convolutional layers in the CNN
component with recently proposed spherical ones [32], [33].
Correspondingly, rotation equivariance is achieved in place
of translation equivariance. We based our implementation on
publicly-available code provided for spin-weighted spherical
convolution [47]. In particular, we recover Esteves’ simple
zonal filter convolution [32] as a special case discarding all
spin directions but the null-valued one. In the resulting layer,
the convolution operation is carried out in Spherical Harmonic
(SH) space by matrix-multiplication of the input features with
the layer’s filter coefficients. In practice, the SH representation
of the filter is interpolated directly from a few number of learn-
able SH coefficients. This provides localized zonal filters while
simultaneously avoiding the cost of the forward SH transform
for that part of the operation [32].

In principle, the frequency dimension could be treated as
an additional channel dimension. In this work, we propose to
implement (single dimension) planar convolution in this dimen-
sion in order to promote the meta-learner’s sample efficiency.
This results in a three-dimensional hybrid planar-spherical con-
volution, with one axis for the frequency bins and two for
the sound source direction. As reported in Table II, the re-
ceptive fields has dimensions G x G x (N/2 + 1) throughout
all planar-spherical convolutional layers, where GG denotes the
number of equiangular samples in each azimuth and elevation
directions.

In classical fashion, the spherical CNN component of the
model is composed of residual blocks arranged in a sequence.
As pictured in Fig. 3, each block follows a single-layer
pre-activation architecture [48]. As common in residual archi-
tectures, a “resize” layer is positioned at the input of the spherical
CNN. Firstly, this block converts the complex-valued input
tensor into an equivalent float-valued tensor, by concatenating
real and imaginary parts along the channel dimension. Moreover,

4[Online]. Available: https:/github.com/google-research/google-research/
tree/master/spin_spherical_cnns
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Fig.3. Single-layer pre-activation residual blocks used to compose the spher-
ical CNN (left) and MLP (right) components of the SConvCNP model of Fig. 2.
Refer to Table II for dimension of tensors.

it scales the number of channels to the specified count M used
in the residual blocks of the spherical CNN.

The point-wise MLP component of the SConvCNP model
is also composed of single-layer pre-activation residual blocks
as represented in Fig. 3. Each block is implemented using
a point-wise convolution layer for sharing parameters across
frequency bins. The model comprises a final layer that resizes
and splits the channel dimension to provide a complex-valued
predictive mean tensor (; and an unconstrained complex-valued
standard deviation tensor . Furthoremore, this layer provides
the predictive standard deviation tensor o using a risen softplus
non-linearity forcing the real and imaginary parts of the uncon-
strained standard deviation coefficients to positive values [31],
[49]:

o, = risen_softplus (Re (0}))
+ ...irisen_softplus (Im (a})), (9)

where
— Ofoor) log (1 +€"),

risen_softplus (v) = ogeor + (1 (10)

and ogeor € (0,00) is small. This yields the following condi-
tional probability density estimate for the target features y;,:

P (yt T4, {(:cc,yc)}f_l)

AN (S SR N (™ ™, B, ()
where N denotes the multivariate normal distribu-
tion, Re = flatten(Re(y:)), Re = flatten(Re(u)),
YRe = diag(flatten(Re(0)))?, = flatten(Im(y;)),

pim = flatten(Im (1)), yIm = diag(flatten(Im(oy)))?,
and flatten reshapes the tensor provided as argument into a
vector.

C. Interpolation Accuracy

In this work, we compare the performance of the SConvCNP
model to Gaussian process regressor, thin-plate spherical spline
and barycentric interpolation baselines. Interpolation is carried
out for all three methods on the SConvCNP model’s input fea-
tures. Similarly to [15], the thin-plate spherical spline method is
implemented following Whaba [50], using second-order splines
and without smoothing. Gaussian process regression is con-
ducted on a per-frequency basis similarly to Luo et al. [16].
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At each frequency, we define a covariance function for the real
part and one for the imaginary part of the bin using the spherical
Gaussian kernel from (8). The observational noise of the model
is fixed with a value of 1e-4. The remaining meta-parameters, in
particular the precision parameters from the spherical Gaussian
kernels, are fitted on 340 tasks from the meta-train set under the
log marginal likelihood objective [36]. Meta-parameter values
are maintained fixed upon evaluation on the meta-test set. In
classical fashion, the barycentric interpolation baseline provides
each interpolated feature ¢ as a convex combination of the values
{y;}3_, found at the observed data points defining the smallest
spherical triangle enclosing the target point location z, i.e.:

3
§=> by,
i=1

where b; denotes the barycentric coordinate of the target location
x associated with the i vertex of said spherical triangle. The
barycentric coordinates b; are computed as ratios of spherical
triangle areas, each computed as the sum of the spherical angles.

We also compare the SConvCNP model’s HRTF magnitude
interpolation performance specifically, to that of a publicly-
available implementation’ of the natural-neighbors interpolation
method [13], [51]. In particular, we apply this implementation di-
rectly on the HRTF spectrum after downsampling to 33.075 kHz
but without any time-alignment pre-processing. More specif-
ically, we run the implementation provided for the NAT-PH
variant, which carries out interpolation on the magnitude and
phase of the HRTF as described in [13].

Candidate methods are compared using common metrics
computed on a per-feature basis, including the relative error
(LRE)

12)

LRE (mj.c,1y..) = 20logyo | ~L<—20e )13
f.e
and the log-magnitude distance (LMD)
LMD (my.c,iye) = 20logyo [~2||,  (14)

where in a slight departure of notation, 1 and m denote here
the predicted point-wise time-aligned HRTF spectrum value and
the ground truth value respectively, f indexes over the frequency
bin, and e indexes over the left and right ears. For completeness,
we also report the log-spectral distortion (LSD), which is given
in prior work as follows for a whole binaural filter [22]:

LSD (m, )

2
o . N/2+1 g
=3 \/(N/2+1) > (2010810 |73
e=1

D. Uncertainty Calibration

)2. (15)

Several methods have been proposed for assessing a regres-
sor’s ability to gauge the uncertainty it provides alongside its
point-wise predictions [52], [53], [54]. In particular, Levi et

3[Online]. Available: https://github.com/AudioGroupCologne/SUpDEq
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al. introduce a specific definition of uncertainty calibration
according to which the model is calibrated if, in expectation
over the data-generating distribution, the predicted variance it
provides matches the squared error it commits upon carrying out
the point-wise prediction [54]. In principle, this condition must
hold across all possible values for the predicted variance.

In practice, an approximate but tractable verification of this
condition can be conducted for a limited number of variance
values using a data set of finite size [54]. In such an approach,
the resulting set of predicted variance and squared error pairs
are divided into equally-sized groups forming non-overlapping
contiguous interval divisions of the predicted variance axis.
The expectation over the data-generating distribution is ap-
proximated within each group as the sample mean of squared
error values in the group. The resulting mean squared error
(MSE) values obtained for all groups are plotted as a function of
the groups’ respective mean predicted variance values (MPV).
This allows for assessing the degree of miss-calibration. In
particular, overconfident models produce an MPV versus MSE
curve exceeding the identity line. Under-confident ones produce
a curve lying under it. Miss-calibration can be summarized by a
single-scalar mean-aggregate of the calibration error [54]. In this
work we propose to use the following mean calibration distance
(MCD) metric:

MSE;
MPV;

>

i=1

10log;q ; (16)

where D denotes the number of divisions of the predicted
variance axis.

IV. RESULTS

This section summarizes the meta-test set performance of
a selected SConvCNP model configuration, which, among
other candidates, achieved, after early stopping, near-best meta-
validation set performance in both mean relative error level and
mean calibration distance metrics according to (13) and (16)
respectively. All candidate configurations were trained with a
batch size of 8. Both meta-test and meta-validation sets com-
prised 340 tasks. The selected configuration’s spherical CNN
and point-wise MLP components both comprise five residual
blocks with M = 128 channels each. The spherical convolution
is implemented using a 64 x 64 equiangular grid (G = 64). Each
planar-spherical filter is composed of 7 taps of SH representa-
tions interpolated from 16 learnable SH coefficients each [32].
The standard deviation floor o, value is 1le-4 in the selected
model. A version of the model and code is publicly available
online.®

Fig. 4 provides an example of HRTF interpolation task using
the SConvCNP model. In particular, this example is given for the
FABIAN head and torso simulator (subject 1 of the HUTUBS
dataset) and a specific draw of 20 context point locations repre-
sented in the top diagram of the figure (black markers). The
diagram further marks the location of three target locations

%[Online].
interpolation

Available: https://github.com/etienne-thuillier/np_4_hrtf _
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Fig. 4. Time-aligned HRTF spectrum interpolation task example presenting
twenty context data points sampled from subject 1 of the HUTUBS database.
Firstrow: diagram marking the locations of the context data points (black) as well
as three target locations (colored). Left plots: ground truth residual time-aligned
HRTF spectrum (colored) and corresponding predictive distribution (black,
grey) provided by the SConvCNP for the left channel at the target locations.
Right plots: corresponding log-magnitude HRTF spectrum.

each with a distinct color code. The prediction provided by the
SConvCNP model at each target location is reported in a corre-
sponding row of the figure. The left plot of each row compares
the predictive distribution to the ground truth. The right plot rep-
resents the associated log-magnitude spectra, namely point-wise
estimate m = p; + my and ground truth m = y, + m; where
m; denotes the population mean as defined in (7). The 50"
percentile (median) and the 95% confidence intervals appearing
in the log-magnitude plots are simulated estimates, computed
from a population of samples randomly drawn according to the
predictive distribution provided by the SConvCNP model.

As pictured, the model’s predictive distribution lies in good
agreement with the ground truth features y,;. In particular, the
ground truth generally falls within the 95% confidence interval
(£20; range, grey region) around the predictive mean in all
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Fig. 5.  Left ear channel Gaussian Process solution at the contralateral (top),
frontal (middle) and ipsilateral (bottom) target directions of the interpolation
task of Fig. 4.

three target location cases. Moreover, the predictive mean fu;
of the model (full black line) shows significant correlation with
the ground truth y, in both the ipsilateral direction case (green
marker) and frontal direction case (blue marker). Furthermore,
the model’s prediction is more uncertain when the target point
(ipsilateral direction, green marker) lies further away from
context data points than in close vicinity (frontal direction,
blue marker). This suggests the model’s predictive distribution
effectively captures model uncertainty.

In contrast, the predictive mean is much less correlated with
the ground truth in the contralateral direction case (red marker)
despite the target direction being close to a context data point as
indicated by the diagram at the top of Fig. 4. In particular, the pre-
dictive mean is practically agnostic above the 5-kHz mark, with
anear-zero value throughout, and the standard deviation extends
significantly outwards from the abscissa to capture variations in
ground truth value. This is not unexpected as interpolation is
a harder problem in the contra-lateral region, where the HRTF
is spatially more intricate such that correlations between data
points would occur within small distances only. Given this,
the magnitude spectrum estimate |7i;| = |+ + M| significantly
undershoots the ground truth (right plot), while the transformed
distribution’s median (50% percentile) better predicts the power
spectrum of the filter in this case (red curve).

Fig. 5 depicts the solution provided by the Gaussian process
regressor baseline for the target directions of Fig. 4’s task.
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Fig. 6. Left ear channel time-aligned HRTF spectrum as a function of sound

source direction x; for the interpolation task of Fig. 4. Plots are provided for
the 58 frequency bin of the spectrum. Top and middle: log-magnitude and
phase for ground truth m¢ = y; + my (left) and SConvCNP model’s predictive
mean my = . + my (right) of the time-aligned HRTF spectrum. Bottom left:
relative error committed by the SConvCNP model. Bottom right: SConvCNP
predictive uncertainty relative to ground truth magnitude in decibels.

Contrary to SConvCNP, the Gaussian process’ predictive dis-
tribution does not capture the variability of the ground truth
features along the frequency axis for any of the targets. Crucially,
the uncertainty estimates are of similar value at any given fre-
quency in the contralateral and frontal target cases (top-left and
middle-left plots). This is expected since the Gaussian process’
predictive uncertainty is solely a function of distance to context
data points [36], which is similar for both these target locations
in the example. In this baseline specifically, the modeled degree
of correlation between feature values at distinct locations on
the unit sphere is tuned by the precision meta-parameter of
the covariance function, and is hence equal everywhere on the
sphere, including in the contralateral and ipsilateral regions.
This contrasts starkly with the SConvCNP model’s ability to
provide well-behaved uncertainty estimates in both these regions
as seen in Fig. 4. Contrary to the Gaussian Process model, the
SConvCNP is allowed to exploit information from the feature
values in order to predict uncertainty, which could explain
this ability.

The magnitude and phase responses of time-aligned HRTF
spectrum is represented on HUTUBS’ data point grid for the
58" frequency bin in Fig. 6. As pictured, the SConvCNP model’s
mean estimate m; = u; + my closely matches the ground truth
m¢ = Yy + m; both in terms of magnitude and phase (top and
middle plots). More precisely, the predictive mean solution’s
error generally lies under the -15 dB threshold relative to ground
truth outside low-magnitude areas on the unit sphere (lower left
plot). Furthermore, the predictive uncertainty provided by the
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Fig.7.  Average time-aligned HRTF spectrum interpolation error across output
features in the 0-15.5 kHz range and meta-test set’s interpolation tasks as
a function of context data point count. The proposed method (SConvCNP)
improves upon all baselines on all three evaluation metrics. Upper-left: relative
error level according to (13). Lower-left: log-magnitude distance according to
(14). Lower-right: log-spectral distortion according to (15).
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Fig. 8. Definition of HRTF regions used in generating the plots of Figs. 9 and
10. The boundaries separating the regions lies at +18.1° lateral angle from the
median plane, which distributes the HRTF directions of the HUTUBS grid in
approximately equal proportions amongst the three specified regions.

model seems generally consistent with the observed error (lower
right plot).

A sample efficiency comparison of candidate methods is
provided in Figs. 7 and 9. In particular, the graphs of these
figures report error scores as a function of the number of context
data points provided to the interpolation method candidates.
Fig. 7 includes plots for the LRE, LMD and LSD metrics as
defined in (13), (14) and (15) respectively. Fig. 9 provides
further detail for the LRE metric specifically. In this figure, three
additional LRE plots are provided for the ipsilateral, median,
and contralateral HRTF regions defined in Fig. 8. Error levels
are provided in each plot of Fig. 9 for three distinct frequency
bands: 0-5 kHz, 5-10kHz, and 10-15 kHz. The natural neighbor
method is intentionally omitted from the LRE plots of Figs. 7
and 9 as this candidate can only be meaningfully compared on
magnitude-error-metric grounds since it interpolates the HRTF
spectrum without the time-alignement pre-processing. In both
Figs. 7 and 9, each curve represents an average error score
value taken across tasks, directions, left/right ear channels and,
the case being, frequency bins. In particular, the average was
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Fig. 9. Per frequency-band average time-aligned HRTF spectrum interpo-
lation error across output features and the meta-test set’s interpolation tasks
as a function of context data point count. The proposed method (SConvCNP)
improves upon all baselines in all specified regions and in each frequency-band.
Upper-left, lower-left and lower-right: relative error level according to (13) for
HRTF direction sub-regions defined in Fig. 8.

TABLE III
PER-SUBJECT MEAN RELATIVE ERROR LEVEL

thin-plate SConvCNP | difference
spherical spline

-18.31 dB -20.86 dB 2.56 dB

-17.13 dB -19.81 dB 2.68 dB

-18.92 dB -20.90 dB 1.98 dB

-17.21 dB -19.53 dB 2.32 dB

taken for each reported count over a set of 340 randomly drawn
meta-test tasks.

As expected, all candidates exhibit monotonically decreasing
error scores with increased sample count. This observation holds
for all error metrics considered in Fig. 7 and for all regions
and frequency intervals considered in Fig. 9. Moreover, the
SConvCNP model presents significantly lower relative error
level compared to the thin-plate spherical spline method, which
forms the best baseline: up to 3 dB globally (top left plot of
Fig. 7) and up to 4.5 dB in the 0-5 kHz range (contralateral
region, bottom right plot of Fig. 9). This improvement translates
to nearly a halving of required measurement count to meet an
error specification level. For example, meeting a —20 dB average
relative error requires approximately 50 measurements using
the thin-plate spherical spline method while approximately 28
is sufficient on average using the SConvCNP model. Similar
observations can be made in the case of both the LMD and LSD
metrics pictured in Fig. 7.

Table III contrasts the relative error level between the pro-
posed method and the best performing baseline (thin plate spher-
ical spline) for all four subjects of the test set taken individually.
Each reported mean value is taken over a set of 85 interpolation
tasks from the meta-test set described in Section III-A. Each
individual mean error difference of the table forms a sample
independent from the others. Under the reasonable assumption
that the underlying distribution of the mean error difference
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Fig. 10. Average LMD (log-magnitude distance) as a function of frequency
for meta-test tasks with numbering 40 context data points. Each plot corresponds
to one of the three HRTF direction regions defined in Fig. 8.

values is normal, a (paired, one-tailed) Student’s t-test analysis
can be carried-out to determine if the proposed method provides
a statistically significant improvement over the best performing
baseline [55]. We conduct this test with a significance level value
of 0.05, which translates to a critical value of 2.35. The test’s
t-value is given as:

Hediff

O dift//Mest
where pqir denotes the sample average of the individual mean
error difference values reported in Table III, o4 denotes the
associated sample deviation and ng denotes the number of
subjects in the test set. The resulting t-value greatly surpasses
the critical value of the test: ¢ = 15.4 > 2.35. This corresponds
to a p-value of 2.9e — 4, which lies two orders of magnitude
under the significance level. Hence we conclude that the SCon-
vCNP model does provide a statistically-meaningful reduction
of relative error level over the best performing baseline.

Fig. 10 provides a summary of log-magnitude distance level
as a function of frequency in the specific case of context sets
numbering 40 context data points. The three plots of the figure
detail the error levels specific to each region defined in Fig. 8.
The SConvCNP model significantly outperforms all baselines
in the 0—14 kHz across all regions, except in the contralateral
region (top-right plot) where the natural neighbour matches and
then outperforms the proposed model from the 7.5 kHz mark on-
wards. In agreement with the results of Fig. 9, the improvements
brought by the SConvCNP model are most significant beyond
the 6 kHz mark in the frontal and ipsilateral region, while it
is most significant under 6 kHz in the contralateral region. In
particular, the SConvCNP model provides an improvement of
up to 0.8 dB compared to the best baseline at any frequency, as
found in the ipsilateral region around the 9.2 kHz mark.

Miscalibration of the trained SConvCNP model is summa-
rized in Fig. 11. In this figure, the calibration of the trained
SConvCNP model is evaluated over a meta-test set of 340 ran-
domly generated tasks using D = 16 divisions. In particular, the

a7
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Fig. 11.  Miscalibration of the trained SConvCNP model’s uncertainty esti-
mates. Left: mean predicted variance (horizontal axis) versus mean square error
(vertical axis) plot. Perfect calibration corresponds to the identity line (dashed).
Right: miscalibration level in decibels.

predicted variance and squared error pairs observed at the output
of the model are pooled across interpolation tasks, data point
locations, frequency bins, left/right channels, and real/imaginary
parts to form the MSE versus MPV curve shown in Fig. 11.

As pictured in the left plot of Fig. 11, the mean predicted
variance closely matches the mean square error. In particular,
the resulting curve lies neither significantly above or below the
identity line. Hence, the trained SConvCNP model is neither
markedly over-confident or under-confident in its predictions.
More precisely, the rightmost plot reveals that the effective
squared error lies, in expectation and for all but most uncertain
predictions, within 1.0 dB of the predicted variance. This level
of miscalibration is moderate when put in contrast to the range
of relative error reduction that is achievable when using inter-
polation. In particular, the mean relative error reaches —9.1 dB
before acquisition of the first observations (not represented in
the figures) and drops under —21 dB at the 40 points mark as
pictured in the top-left plot of Fig. 7. Accordingly, we con-
clude that the model’s uncertainty estimates o, could usefully
inform the problem of acquiring additional HRTF data points
to improve HRTF individualization upon a pre-existing HRTF
estimate.

V. CONCLUSION

In this work we introduced a model for HRTF interpolation
which, for the first time, outputs well-calibrated uncertainty
estimates. We showed the method proved sample efficient on the
time-aligned HRTF spectrum interpolation task. In particular,
meta-training was carried-out successfully using a modest data
set of 85 subjects. Furthermore, the interpolators returned by
the proposed meta-learning model were shown to require up
to nearly half the number of context data point count com-
pared to state-of-the-art interpolation methods at comparable
accuracy level. In particular, as few as 28 points are required
to reach an average of —20 dB relative error per interpolated
feature, compared to 50 points in the case of the best performing
baseline. Contrary to the Gaussian process regression base-
line, the interpolators also showed well-calibrated uncertainty
estimates.

The proposed model’s time and space complexity severely
limits its applicability towards real-time interpolation and audio
rendering setups. However it can readily be used for offline
up-sampling of sparse HRTF sets. Furthermore, a promising
application lies in facilitating the sequential decision problem
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of acquiring as few correcting HRTF data-points as needed to
achieve a required degree of HRTF individualization accuracy.
In particular, the provided uncertainty estimates could be used
to identify the location at which obtaining a new measurement
would, in expectation, maximally reduce the model’s uncer-
tainty. Furthermore, the predictive distribution could be used to
compare the probability of HRTF query candidates conditioned
on the data points already acquired for the subject so as to select
the most relevant ones to be submitted for perceptual feedback
evaluation from the subject. Treatment of such sequential de-
cision problem is left as future research work. Other future
development avenues include evaluation of the model’s ability to
correct HRTF estimates provided by state-of-the-art parametric
individualization methods instead of the train set population
mean used under the limited scope of this work.
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