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ABSTRACT

We address the problem of accurately interpolating measured ane-
choic steering vectors with a deep learning framework called the
neural field. This task plays a pivotal role in reducing the resource-
intensive measurements required for precise sound source separa-
tion and localization, essential as the front-end of speech recogni-
tion. Classical approaches to interpolation rely on linear weighting of
nearby measurements in space on a fixed, discrete set of frequencies.
Drawing inspiration from the success of neural fields for novel view
synthesis in computer vision, we introduce the neural steerer, a con-
tinuous complex-valued function that takes both frequency and direc-
tion as input and produces the corresponding steering vector. Impor-
tantly, it incorporates inter-channel phase difference information and
a regularization term enforcing filter causality, essential for accurate
steering vector modeling. Our experiments, conducted using a dataset
of real measured steering vectors, demonstrate the effectiveness of
our resolution-free model in interpolating such measurements.

Index Terms— Steering vector, neural field, spatial audio, inter-
polation, representation learning

1. INTRODUCTION

Steering vectors are a fundamental concept in multichannel audio sig-
nal processing as they describe the acoustic relationship between a
sound source and a set of microphones in anechoic settings. It serves
as a core component of speech enhancement [1], source separation [2]
and localization [3], and acoustic channel estimation [4]. Hence, their
accurate representation is fundamental for robust sound analysis and
to achieve realistic rendering. In most actual applications, steering
vectors are computed based on algebraic anechoic models or esti-
mated by measuring head-related transfer functions (HRTFs), direc-
tivity profiles of a microphone array, and acoustic transfer functions.

Algebraic steering vectors analytically encode the direct prop-
agation over space and frequency, typically as a function of sound
incident angle. In real scenarios, however, such an algebraic model
is limited by several impairments and often replaced with measured
general filters [5]. Extended formulations include models for directiv-
ity and filtering as well as sound interaction with the receiver, such as
occlusion, diffraction, and scattering. In the hearing aid applications,
the steering vectors encode HRTF that capture the effects of the user’s
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Fig. 1: Schematic representation of the proposed Neural Steerer for
measured anechoic steering vectors interpolation.

pinnae, head, and torso. In order to model all the effects at each space
and frequency, one may use dedicated simulators, which suffer from
significant realism-computational complexity trade-offs [6]. Alter-
natively, steering vectors can be measured in dedicated facilities [1].
However, measuring them at high spatial resolution is cumbersome
due to the cost and setup complexity, if not unfeasible.

Reliable data-driven approaches for steering vector and HRTF
interpolation have gained much attention over the last decade [7–9].
As shown in Figure 1, These methods use measurements on a coarse
spatial grid as a basis and then interpolate them to obtain measurement
estimates at new locations, typically on a finer grid. However, such
methods suffer from two main drawbacks. First, they assume that the
target quantity undergoes a polynomial transformation of some basis
function at the desired spatial location, which may not accurately
represent reality and introduce artifacts. Second, all these methods
operate interpolation only in the spatial domain, leaving the frequency
(or temporal) grid resolution fixed, under-modeling the target quantity.

Recent works on deep learning showed that coordinate-based ar-
chitectures are able to encode signals continuously over space and
time [10–12]. These methods, also called neural fields (NFs), can be
trained easily using data-fit and model-based loss functions in order
to interpolate and super-resolve target quantity at an arbitrary reso-
lution. Their outstanding applications include novel view synthesis
from sparse 2D images [13], image super-resolution [11], and anima-
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tion of human bodies [14]. Unlike on-grid discrete measurements at
a given resolution, the memory complexity of an NF scales with the
data complexity and not with the desired resolution. In addition, be-
ing over-parameterized modular network models, NFs are effective
for regressing ill-posed problems under appropriate regularization.
However, in practice, they tend to overfit, and their resolution capa-
bilities are limited by network capacity and training schemes [12].

Interestingly, physics-informed neural networks (PINNs) [15–17]
are similar models proposed in the field of computational physics.
Here, partial differential equations (PDEs) are used as regularization
terms evaluating coordinates at arbitrary resolution exploiting auto-
matic differentiation. The resulting NFs are likely to be a physically
consistent continuous function defined over the whole input domain
and less prone to overfit to noisy or sparse input observations. How-
ever, these networks are required to be differentiable with respect to
the input variables used in the PDEs, which is not the case for avail-
able audio-based NF models returning a discrete set of frequencies.

In this work, we address the limitation of available discrete steer-
ing vector interpolation methods by leveraging recent advances in
neural fields. The proposed method models both the magnitude and
the phase of steering vectors (related to HRTFs) as a complex-valued
field defined continuously over space and frequency. Based on the
theoretical foundation of signal processing, we propose a novel regu-
larizer that enforces the estimated filter to be causal, leading to more
accurate filters with respect to standard approaches. Finally, thanks to
its continuous formulation in space and time, the proposed approach
can be used in the framework of PINNs evaluating the wave-equation
terms with respect to the model inputs.

2. RELATED WORK

Given a set of steering vector measurements in the frequency or time
domain, a simple way to increase the spatial resolution is to obtain an
estimate for a new position by weighted averaging known measure-
ments from multiple surrounding positions. Methods of this form are
extensions of polynomial interpolation where data are projected onto
ad-hoc basis functions (e.g., spherical harmonics or spatial charac-
teristic function) whose coefficients are then interpolated at desired
positions [7–9]. The well-known limitations of these approaches are
the requirement of near-uniform sampling for the training data and
the difficulty of conditioning the optimization on ad-hoc prior infor-
mation. Also, the performances are related to the choice of the basis
function and their interpolating algorithms.

In audio processing, NFs have recently been proposed for acous-
tic impulse response (AIR) estimation and interpolation [18], for
HRTF magnitude encoding over arbitrary spherical coordinates [19,
20], and binaural rendering [21–23]. Interestingly, in [20], estimation
of AIRs is performed incorporating explicitly the algebraic model of
early sound propagation. However, these approaches treat frequency
(time) as a discrete quantity corresponding to the output dimension
of neural networks, which limits the model’s applicability.

By explicitating frequency (or time) as a network’s input variable,
the model can be trained within the PINN framework, leveraging the
wave equation to enforce physics coherence. This approach has been
used to recover AIRs at unseen locations in the time domain [24] and
to spatially super-resolve complex HRTF for a single given frequency
bin [25]. Besides the promising results, no guarantees are given on the
shape of estimated filters, which may feature, for instance, anti-causal
components. Moreover, it is worth noting that, apart from [21,25], the
phase components of the steering vector are ignored. This limitation
can significantly affect spatial processing and rendering, where phase
information is crucial for accurate processing.

3. PROPOSED METHOD

It is reasonable to start with the theoretical computation of steering
vectors. Let us consider an anechoic steering vector that encodes the
direct signal propagation from the j-th source located at position sj
to an I-microphone array centered at r as a function of the incident
direction of arrival (DoA) represented by azimuth θj and elevation φj .

Following the far-field algebraic model in the frequency do-
main [26], the anechoic steering vector dij(f) for the i-th micro-
phone located at mi at frequency f is expressed as

dij(f) = exp

(
−
ȷ2πfn⊤

j (mi − r)

c

)
, (1)

where nj = [cos θj cosφj , sin θj cosφj , sinφj ]
⊤ is the unit-norm

vector pointing to the j-th source, c is the speed of sound, and ȷ
represents the imaginary unit.

The real-world steering vector deviates from the ideal anechoic
steering vector due to various filtering effects caused by complex
physical phenomena such as signal propagation in the air and micro-
phone directivity [27]. We thus formulate a steering vector hij(f) as
a modified version of dij(f) as follows:

hij(f) = exp(−2πfȷτ)︸ ︷︷ ︸
≜ d̄(f)

gair
j (f) gmic

ij (mi, f) dij(f), (2)

where gair
j (f) represents the frequency-dependent air attenuation and

the eventual source-dependent characteristics and gmic
ij (mi, f) repre-

sents the microphone directivity defined with its phase center at r,
which typically depends on the type and manufacturing of the micro-
phones [28]. Finally, a global delay term d̄(f) accounts for the global
constant time offset τ , often presented in real-world measurements.

3.1. Neural Steerer

The family of steering vectors can be represented by the functional:

M : S2 × R+→ C
((θj , φj), f) 7→ hij ,

(3)

where S2 is the set of polar coordinates on the unit sphere. The
dependency on mi is omitted for readability as they are constant.

We parameterize M with an NF [10–12], that, once trained on
a finite set of observations, can evaluate any input coordinate at ar-
bitrary resolution whose super-resolution capabilities depend on the
network’s inductive bias, e.g., architecture topology and regularizers.
Similarly to [21], we model τ and mi as free parameters of the model,
which are optimized during training. Then, d̄ and dij can be com-
puted algebraically from the input coordinated using (1). Therefore,
the network predict only the terms gair

j (f) and gmic
ij (mi, f). Such a

physics-inspired formulation is helpful as it enforces the inductive
bias and provides a good initialization, although the single terms may
not correspond to the actual physical contributions.

3.2. Network Architecture

The proposed architecture is shown in Fig. 2. As in [19], a SIREN
network is used, i.e., a multi-layer perceptron (MLP) with sinusoidal
activations [11]. This model, denoted by SIRENPhase, takes as input
the desired source DoA (θj , φj) and frequency f and returns the
components of (2): Gj ≜

{
gair
j (f), {gmic

ij (mi, f)}Ii=1

}
.
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Fig. 2: Illustration of the proposed Neural Steerer. Both ⊙ and ·
denote element-wise multiplication.

Let g∗ be an entry of Gj . Instead of directly predicting the
complex-valued g∗ or its real-imaginary parts, we propose to estimate
its magnitude and phase implicitly. More precisely, for each g∗, the
network returns a 3-dimensional vector g∗ ∈ R3 that is used to obtain
g∗ via its magnitude and phase as

g∗ = exp ({g∗}1) exp
(
−ȷ2π arctan

(
{g∗}2
{g∗}3

))
. (4)

Such representation handles phase wrapping, suffered by the
magnitude-phase format, and enhances stability and convergence
speed compared to a real-imaginary one, leading to better results.

The steering vector hij(f) is then obtained as in (2) given gair
j (f)

and gmic
ij (mi, f) estimated by the NF and the theoretical steering

vectors dmic
ij (f) and the global delay dj(f) are computed knowing

the microphone positions and the offset, respectively.
Following the work in [29], we propose an alternative architec-

ture (denoted by SIRENMag→Phase), where the phase estimation is con-
ditioned on the magnitude estimation. In practice, the network com-
prises a cascade of two SIREN, jointly trained: the first outputs the
magnitudes of the components from input coordinates, while the sec-
ond reconstructs the phase based on both coordinates and magnitudes.

This proposed model considers frequencies as continuous input
variables. In this setting, hereafter referred to as continuous frequency
(CF) model, the network output 3×(I+1) real values, where 3 is the
dimension of g∗ to represent complex values. In the case of discrete
frequency (DF) modeling, the last layer of the network is modified to
output 3× (I + 1)F for a given single source DoA, where F is the
total number of frequency regularly sampled in [0, Fs], similarly to
the DFT operation, where Fs is the sampling frequency.

3.3. Training Loss and Off-Grid Regularization

The neural network is trained to return filters with low phase distortion
in both frequency and time domains for a given source DoA (θj , φj)
and frequency f . Similarly to the loss proposed in [30], we optimize
the explicit magnitude and phase errors in the frequency domain plus
one explicit term time-domain ℓ2-loss, that is

L =
∑
ij∈B

 1

|F|
∑
f∈F

Lfreq
ijf +

1

F
Ltime

ij

 (5)

Lfreq
ijf =LLogMag(ĥij(f), hij(f)) + λ1LPhase(ĥij(f), hij(f))

Ltime
ij =λ2

∥∥∥iDFT
(
[ĥij ]F

)
− iDFT

(
[hij ]F

)∥∥∥2
2
,

where B and F are the sets of random training DoAs and frequencies
used in a batch, respectively, with |F| < F . [hij ]F denotes the
concatenation of F elements for equally spaced frequencies in [0, Fs].

In practice, as reported in [31], we also find the ℓ1 loss on the
log-magnitude spectrum plus a ℓ1 loss on the cos and the sin of the
phase component work best, denoted by LLogMag and LPhase, respec-
tively. Moreover, we found empirically that modeling continuous fre-
quencies (CF) is a much harder task than modeling frequencies as
discrete output variables. In particular, we found that the NF fails
to capture the details across the frequency dimension, converging to-
wards erroneous solutions. We addressed this pathology by modi-
fying loss functions LLogMag and LPhase to account for the sequential
nature of frequencies. In practice, the losses are inversely weighted
to the magnitude of the cumulative residual loss from the previous
frequencies [32]. Details are omitted due to lack of space.

The main limitation of the loss in (5) is that it can be evaluated
only on training data. Following the training strategies used in PINNs,
we can use a physical model to regularize the objective evaluated
on source locations at any arbitrary resolution in an unsupervised
manner [17, 33]. One of the main requirements is that our estimated
steering vector ĥij and its components are causal for every source
position. Anti-causal components may lead to artifacts and incoherent
steering vectors. In order to enforce this, we propose a regularization
term based on a classic relation saying that the imaginary part of the
transfer function must be the Hilbert transform H of the real part of
the transfer function [34]:

LCausal =
∥∥∥H(ℜ{[ĥij ]F

})
−ℑ

{
[ĥij ]F

}∥∥∥2
2
, (6)

where ℜ{·} and ℑ{·} are the real and imaginary part. This regular-
ization term can be computed straightforwardly in the DF case by
sampling randomly source positions in R3. In the CF condition, in-
put frequencies need to be sampled. To simplify the computation of
the Hilbert and Fourier transform, we chose to sample a random num-
ber of equally distributed frequencies in [0, Fs].

4. EVALUATION

We aimed to obtain a reliable representation of the steering vectors
in both the time and frequency domains. Therefore, we evaluate the
performance of the proposed SIRENPhase and SIRENMag→Phase models
in terms of three metrics, i.e., the root mean square error (RMSE)
and the cosine distance between the estimated and reference steering
vectors in the time domain and the log-spectral distance (LSD) [dB]
between the magnitudes of the estimated and reference HRTFs. We
compare our models against a vanilla SIREN as used in [19] (SIREN∗)
modified to return magnitude and phase, and an interpolation method
based on the spatial characteristic function (SCF∗) [8].

Our evaluation used the EasyCom Dataset [1] featuring steering
vectors of a 6-channel microphone array consisting of 4 microphones
attached to head-worn smart glasses and 2 binaural microphones
located in the user’s ear canals. All data were measured at Fs =
48 kHz on a spherical grid with 60 equally spaced azimuths and
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Fig. 3: RMSE (left) and cosine distance (right) of time-domain steer-
ing vectors for locations in the test set (top) and the whole sphere re-
construction on random data (bottom). Shaded regions show the con-
fidence interval for both continuous and discrete frequency models.

17 quasi-equally spaced elevations. If not otherwise specified, we
consider F = 257 positive frequencies.

Our SIRENPhase and SIRENMag→Phase models utilized a SIREN ar-
chitecture composed of four 512-dimensional hidden layers. Addi-
tionally, SIRENMag→Phase used a second SIREN featuring two 512-
dimensional hidden layers. Those models were trained using a batch
size of |B| = 18, and a learning rate that is initialized to 10−3 and
scaled by a factor of 0.98 at every epoch. An early stopping mecha-
nism is applied to avoid overfitting by monitoring a loss computed
on a part (20%) of the training data. In all experiments, we set
λ1 = λ2 = 10 to match the scale of the different loss terms. LCausal

is computed using B random coordinates uniformly sampled in the
unit sphere. The baseline SIREN∗ used the same parameterization ap-
plied to our SIRENPhase model, but output only magnitude and phase
directly, without the transformation in (4).

We first considered the task of interpolating the steering vector
on a regular grid. In this task, the training dataset consisted of steer-
ing vectors and locations downsampled regularly by a factor of 2 as
in [19]. Table 1 reports the average RMSE and cosine distance of the
unseen (missing) data points at full frequency resolution. Our models
trained with the proposed regularizers outperformed the baseline in
both metrics. Specifically, the performances were improved by intro-
ducing new regularization techniques and conditioning the phase esti-
mation on the magnitude. Additionally, in the context of continuous
frequency modeling, incorporating the off-grid regularizer LCausal re-
sults in comparable reconstruction results to those achieved through
discrete frequency modeling (with a p-value of 0.0032).

Subsequently, we analyzed the reconstruction capabilities as a
function of available points (in percentage) randomly sampled from
the original grid. Fig. 3 displays the two time-domain objectives for
the unseen data only (top) and on the full test dataset (bottom), which
comprises training and unseen data points. The curves reaffirm the
results discussed earlier, showing that conditioning phase estimation
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Fig. 4: Average log-spectral distortion at different resolutions in the
whole (left) and a selected (right) frequency range. The model was
trained on F = 257 frequency bins.

Table 1: Average RMSE and cosine distance (in parentheses) be-
tween the estimated and reference time-domain steering vectors in
the steering vector interpolation task. The values average over the 6
channels. * denotes baseline methods.

Freqs Model LMSE LLogMag + λ1LPhase +λ2LiDFT +LCausal

DF SCF∗ 1.42 (0.94) - - -
DF SIREN∗ 1.09 (0.78) - 1.02 (0.70) 1.01 (0.73)
DF SIRENPhase 1.26 (0.77) 0.36 (0.06) 0.34 (0.06) 0.34 (0.06)
DF SIRENMag→Phase 1.22 (0.66) 0.32 (0.05) 0.29 (0.05) 0.28 (0.05)
CF SIRENPhase 1.42 (0.88) 0.63 (0.17) 0.58 (0.17) 0.33 (0.06)
CF SIRENMag→Phase 1.37 (0.80) 0.53 (0.13) 0.45 (0.09) 0.37 (0.08)

on magnitude estimates yields better results. Notably, it can be
observed that the SIREN∗ model trained solely to minimize the ℓ2
norm in the complex domain exhibits suboptimal performance in the
reconstruction of both seen and unseen points, even when 90% of the
points are seen during training.

Finally, we analyzed the interpolation performances along the fre-
quency axis. Specifically, we trained a CF variant of SIRENMag→Phase

model to fit steering vectors measured at F = 257 frequencies and
then evaluated at varying spectral resolutions. The results, presented
in Fig. 4, demonstrate that the reconstruction error remains consis-
tently low across different evaluation grids. However, it should be
noted that the errors increase with the frequency and become more
pronounced at the boundaries. This observation could be attributed
to the band-limited nature of the target signal. It was also in line with
previous findings reported in [19]. Nevertheless, within the frequency
range commonly utilized in classical speech processing applications,
namely f ∈ [40, 20000] Hz, the mean LSD was around 0.5 dB lower.

5. CONCLUSION

This paper proposes a novel neural field model that provides a contin-
uous encoding of steering vectors over both spatial and frequency co-
ordinates given a discrete set of measurements. Our approach places
a strong emphasis on accurately capturing the phase component of
the target steering vector while enforcing that the filters maintain
their causal nature. Our experimental results have illustrated the ef-
fectiveness of our model in reconstructing real steering vector mea-
surements. As we look ahead, we envision a wide array of potential
applications. Specifically, the continuous synthesis of steering vec-
tors holds promise for tasks such as beamforming in sound source
localization and separation. Furthermore, the versatility of our pro-
posed model extends to microphone calibration, as we optimize mi-
crophone positions as model parameters.
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