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ABSTRACT

Higher-Order Ambisonics (HOA) encoding from sparse, irregular
microphone arrays remains a critical challenge for consumer spatial
audio applications. We propose Flow-HOA, a generative framework
that jointly optimizes for a multi-dimensional perceptual objective.
By employing conditional flow matching, our method learns to map
a prior distribution to a target distribution of efficient and deploy-
able Finite Impulse Response (FIR) filters. This process is guided
by a composite loss function targeting time-domain waveform er-
ror, multi-resolution spectral consistency, sub-band energy preserva-
tion, and spatial directivity. Objective evaluations demonstrate su-
perior performance in both signal fidelity and spatial accuracy met-
rics. Subjective listening tests further confirm that Flow-HOA yields
higher overall sound quality with reduced artifacts.

Index Terms— Higher-Order Ambisonics, Flow Matching,
Joint Optimization, Microphone Array Signal Processing, Spatial
Audio

1. INTRODUCTION

The proliferation of virtual reality (VR) and augmented reality (AR)
devices has established spatial audio capture and rendering as a key
technology for enhancing user immersion. Higher-Order Ambison-
ics (HOA), a powerful and loudspeaker-independent format, repre-
sents the 3D sound field using a basis of spherical harmonic func-
tions and has become a cornerstone technology in this domain [1].
Its core advantage lies in the ability to smoothly rotate the entire
sound field, which is crucial for head-tracked VR/AR applications.
In theory, specially designed spherical microphone arrays al-
low for the direct computation of HOA signals via a plane-wave
decomposition [2]. However, this approach is often impractical
for consumer-grade devices like smartphones, which are typically
equipped with only sparse and irregularly distributed microphones.
To accommodate such arbitrary geometries, researchers have de-
veloped various methods[3, 4, 5, 6, 7, 8], broadly categorized as
signal-independent and signal-dependent approaches [9].
Signal-independent methods design a universal, fixed filter bank
based on the array geometry and target HOA order. Prominent base-
lines include signal-matching techniques like Ambisonics Signal
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Matching (ASM) [3], its variants [4, 5], and our prior work SHB-AE
[6]. Despite their prevalence, these model-based methods are known
to exhibit artifacts such as temporal smearing, spectral distortion,
and spatial localization blur in practice [10].

In contrast, signal-dependent methods adapt their processing to
the captured sound field’s content. One branch, parametric synthesis,
estimates source parameters like direction-of-arrival (DOA) to syn-
thesize HOA signals; however, its accuracy is fundamentally bot-
tlenecked by the challenge of robust multi-source DOA estimation
with sparse arrays [7]. Another branch, end-to-end neural mapping
[8], learns a direct transformation from microphone signals to HOA
coefficients. While promising, these deep learning methods face sig-
nificant challenges in generalization, deployment latency, and com-
putational overhead.

A deeper analysis reveals that the limitations of prior methods
stem from their reliance on a simplified, analytical optimization ob-
jective. Whether matching ideal plane wave coefficients or minimiz-
ing a simple mean squared error, these objectives fail to fully cap-
ture perceptual quality in complex acoustic scenes. To overcome this
bottleneck, we argue for a shift towards a data-driven optimization
paradigm based on a composite perceptual metric. Such an objective
is highly non-convex and cannot be solved analytically, thus necessi-
tating a powerful optimizer to explore its complex solution space. To
this end, we propose Flow-HOA. We formulate the HOA filter de-
sign problem as a generative joint optimization task, leveraging the
conditional flow matching technique. Flow Matching offers an effi-
cient and stable method for training Continuous Normalizing Flows
(CNFs) [11] and has recently achieved great success in various gen-
erative audio tasks [12, 13]. Our core contributions are as follows:

1. A generative joint optimization framework. We depart from
traditional analytical design, instead formulating HOA filter de-
sign as a generative task of learning a probability distribution.

2. A composite perceptual optimization objective. This objec-
tive function jointly considers several key perceptual metrics
across the time, frequency, and spatial domains, guiding the
model to generate filters that excel on multiple dimensions.

3. Efficient generation of FIR filters. Unlike computationally ex-
pensive end-to-end models, the final output of our framework is
a set of fixed FIR filter efficients, which are easy to deploy on
resource-constrained devices.

The rest of this paper is organized as follows. Section 2 details
the proposed Flow-HOA method. Section 3 presents the experimen-
tal setup, evaluation, and results. Finally, Section 4 provides con-
cluding remarks.



2. PROPOSED METHODS

This section details the Flow-HOA framework, designed to bridge
the gap between simplified models and complex physical reality. We
introduce a physics-informed prior, define a joint perceptual objec-
tive, and use conditional flow matching to synthesize filters. Notably,
the entire framework is order-independent, ensuring its direct scala-
bility to higher-order systems.

2.1. Physics-Informed Prior Filter Design

Ambisonics provides a complete representation of a three-dimensional
sound field using a basis of Spherical Harmonics (SH) [1]. For a
plane wave signal s(t) arriving from a direction Qi = (0, ¢r), its
ideal HOA signal b3,,,, (t) is defined as:

brm(t) = s(t) - Yoo Ok, o) (D

where Y,7,, is the real-valued SH of order (n,m) and type o. In
this work, we define the task of HOA encoding as designing a Finite
Impulse Response (FIR) filter matrix H € RE*“*~ that accurately
estimates these C' = (N + 1)? ideal HOA signals from the signals
x(t) captured by @ microphones.

The first step in our framework is to construct a physically plau-
sible physics-informed prior filter, hyor, by solving a time-domain
least-squares problem. This approach is considered physics-
informed” because the optimization is directly constrained by two
physical principles: the measured impulse responses (dy,,) that
capture the real-world acoustics of the array, and the target response
(yx) derived from the physical theory of Spherical Harmonics.
This approach, grounded in the principles of robust broadband
time-domain array processing [10], aims to ensure that for a unit
impulse input from any direction (2, the system’s filtered output
approximates an ideal, delayed delta function weighted by the corre-
sponding SH value, yx(n) = Y,7,, (& )d[n — no]. This is equivalent
to minimizing the following cost function:

@3]

where h, € R is the filter to be solved for, and dy , € R¥1% is
the measured impulse response. The solution, found via the Moore-
Penrose pseudoinverse [ 14], yields excellent waveform reproduction
accuracy. This filter serves as the starting point for our neural gener-
ative method, not as the final solution.

2.2. Perceptual Joint Optimization Objective

The objective of the time-domain optimization described above (i.e.,
matching an ideal impulse) deviates from the complexities of hu-
man auditory perception. To generate perceptually superior filters,
we move beyond impulse-based optimization to a data-driven joint
objective, Ljoint, €valuated on continuous audio signals. The optimal
filter h™ should minimize the expected loss of this objective func-
tion over a distribution of signals S encompassing a wide variety of
acoustic scenes:

h™ = arg mhin Esn~s[Lioint (h; 8)] ®)

This joint loss function is a weighted sum of four key components,
designed to comprehensively characterize the perceptual attributes
of a high-fidelity HOA signal:

[«joim = >\mse[«mse + )\stft[«stft + Aenergy[-‘«energy + )\spalialﬂspatial (4)

To ensure fundamental waveform fidelity, the objective includes a
time-domain Mean Squared Error (MSE) loss term, Lms. It sup-
presses temporal smearing by directly penalizing the time-domain
discrepancy between the predicted signal z.q € RE*Y " and the
ideal signal yiges € RZ*¥Y ', where B is the batch size and N’ is
the number of samples in the training audio segment.
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To ensure the accuracy of timbre and spectral details, we introduce
a multi-resolution Short-Time Fourier Transform (STFT) loss, Lgs.
This loss, inspired by recent advances in audio synthesis, effectively
evaluates spectral similarity across different time-frequency scales
[15]. It imposes fine-grained constraints on the STFT spectrogram
over M different resolutions, measuring both the overall spectral
magnitude and log-magnitude differences, thereby more closely
aligning with the human auditory system’s perception of sound
spectra.
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where [Y %] and |Z{*"| represent the STFT magnitude spectro-
grams of the ideal and estimated signals for the c-th HOA channel in
the b-th batch item at the i-th resolution, respectively. T; and F; are
the number of time frames and frequency bins for that resolution.

Furthermore, to prevent the optimizer from sacrificing critical
frequency bands to reduce the overall error, we have designed an
energy preservation 10ss, Lenergy. This term ensures that the signal’s
energy distribution across P different frequency bands is consistent
with the ideal signal, effectively preventing spectral holes or energy
imbalances.

B P
Loy = 55 > > _(0g EL () ~log B, (1) (D)

Finally, to guarantee the directional accuracy of the reconstructed
sound field, we introduce a spatial fidelity loss, Lspaiat. It achieves
precise matching of the target spatial directivity patterns by perform-
ing virtual beamforming in multiple directions and minimizing the
log-difference between the energy of the estimated and ideal signals
in each direction.

B K’

Lopain = 3 K, D> (g EQ () —log B (Q0)* ®)
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2.3. Generative Synthesis via Flow Matching

Directly optimizing the high-dimensional, non-convex joint loss
function Ljoine is extremely difficult and unstable. We therefore
re-frame the problem from a conventional optimization task to one
of generative modeling, aiming to learn a model that can directly
generate optimal filters from a simple prior distribution. To this end,
we adopt the conditional flow matching paradigm. The core of this
method is to train a neural network Gy, with a U-Net backbone
[16], to accurately approximate the gradient vector field of the joint
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Fig. 1: Overview of Flow-HOA: training learns the perceptual-loss
gradient; inference refines a physics-informed prior into FIR filters.

loss function Ljoine. That is, it predicts the optimal descent direction
gc(h) = —Vn Lioine for any given filter h.

Each training iteration involves two key computations. First, the
target gradient is calculated: we sample a filter hy,nq from a distribu-
tion centered around the physics-informed prior hyior and compute
its true task loss Ljoine through a full forward pass of the physical
simulation. Subsequently, using automatic differentiation, we obtain
the gradient of the loss function with respect to the filter parameters.
The negative of this gradient, after being smoothed via an Expo-
nential Moving Average (EMA), constitutes the target vector g. for
the training step. Concurrently, the generator network Gy, takes the
filter hyynq and a random time step ¢ as input, outputting a predicted
gradient vector g. We update the network parameters 6. by minimiz-
ing the mean squared error between the predicted and target vectors.
This loss is known as the flow matching loss, Lrv [11]:

Leni(0:) = Enes [[|Go. (b, 1) — g (h)[2] ©

This training procedure is repeated to train a separate expert network
G, for each of the C HOA channels.

Once trained, the network G, defines the vector field of an Or-
dinary Differential Equation (ODE) that maps from a prior distribu-
tion to the distribution of optimal filters, a generation process that is
theoretically linked to score-based generative models. During infer-
ence, we start from the physics-informed prior filter hyyor, slightly
perturbed by random noise, and iteratively solve this ODE using a
numerical integrator such as the Euler method to refine it. The up-
date rule for each step is as follows:

hiya: =he +1- Go, (hy,t) (10)

After N steps of iteration, the final result hy is the HOA filter that
satisfies our complex perceptual objective.

As illustrated in Fig.1, the process starts with a prior filter com-
puted from the array’s transfer function. This prior is used to gener-
ate a perceptual loss gradient for training the network Gy, which in
turn acts as an ODE vector field during inference to refine the prior
into the final FIR filter.

3. EXPERIMENTS

3.1. Experimental Setup

The target device in this study is a smartphone microphone array
(SPMA) featuring four asymmetrically distributed microphones,
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Fig. 2: Microphone array configuration of the SPMA.

Fig. 3: Anechoic-chamber measurement setup.

with precise coordinates illustrated in Figure 2. The impulse re-
sponses (IRs) for filter design and evaluation were physically mea-
sured in an anechoic chamber from K = 180 spatial directions.
These directions were formed by sampling 36 azimuth angles at 10°
intervals across 5 elevation angles (0°, £30°, +60°). Figure 3 illus-
trates the measurement setup within the anechoic chamber, where a
loudspeaker was excited by an exponential sine sweep (ESS) signal
[17] to capture the IRs. The captured microphone signals for all
experiments were then synthesized by convolving these measured
IRs with anechoic source signals from the FSD50K dataset [18]. We
evaluate our proposed method, Flow-HOA, against the conventional
ASM baseline, which is designed analytically in the frequency do-
main. The training of the Flow-HOA model was conducted using the
FSD50K development set. For each of the C = 25 HOA channels,
an independent U-Net based generator was trained for 50 epochs us-
ing the AdamW optimizer with a learning rate of 10~° and a cosine
annealing scheduler. The training was performed with a batch size
of 256 on 1-second audio segments with loss weights of Apse = 50
and >\stﬂ - Aenergy - Aspatial =0.1.

3.2. Evaluation Metrics

To comprehensively evaluate performance, we designed a suite of
multi-dimensional, perceptually relevant objective metrics. All eval-
uations are conducted on a dedicated test set of anechoic audio sig-
nals not seen during training. For any given source signal s(¢) from
a direction Q, we synthesize the estimated HOA signal beg,x (%)
by processing the microphone input signal with the filter bank un-
der evaluation. This is then compared against the ground truth ideal
HOA signal bigea, 1 (t), which is obtained by multiplying the source



Table 1: Objective Evaluation Results.

Method SI-SDR(dB)t LSD| SPM-KL| DGC(dB)|
ASM -13.72 11.12 1.44 2.17
Flow-HOA -7.31 5.07 1.14 0.84

signal with the ideal spherical harmonic values. The following met-
rics are based on this comparison.

The signal fidelity is assessed in both the time and frequency
domains. We measure the time-domain waveform fidelity using
the well-established Scale-Invariant Signal-to-Distortion Ratio (SI-
SDR) [19], where a higher value indicates less waveform distortion.
To evaluate fidelity in the frequency domain, which is highly cor-
related with perceived timbre, we use the Log-Spectral Distance
(LSD) [20], where a lower value signifies higher timbral fidelity.

To specifically address the crucial aspect of spatial accuracy, we
define two metrics to evaluate the reconstructed sound field’s struc-
tural integrity and consistency. The Kullback-Leibler divergence of
the Spatial Power Map (SPM-KL) quantifies the difference between
the spatial energy distribution of the estimated sound field (Pes) and
the ideal distribution (Pgea). These distributions are computed by
beamforming the HOA signals onto a spherical grid of N, points.

Ng .

. Pideal(l)
DKL(Rdea]HPesI) ;Rdeal(z) log (Pesl(i) T E) (11)
Directional Gain Consistency (DGC), defined as the standard devi-
ation of the energy gain (in dB) across K test directions, was used
to evaluate response uniformity. The gain for each direction, Gy, is
the ratio of the output HOA signal energy to the input microphone

signal energy, where E'(-) denotes signal energy.

E(best,k)

Gk =10 logm (m

) ,DGC = std (G1,...,Gk) (12)

3.3. Objective Evaluation

The objective evaluation was performed on the FSD50K evaluation
set. For each of the 100 randomly selected audio clips, performance
was assessed at 50 randomly sampled spatial directions, resulting in
5000 unique evaluation instances. The quantitative results are sum-
marized in Table 1.

As shown, the proposed Flow-HOA method significantly outper-
forms the conventional ASM baseline across all metrics. In terms of
signal fidelity, Flow-HOA achieves a substantial 6.41 dB improve-
ment in SI-SDR and more than halves the LSD score, indicating
vast improvements in both time-domain waveform reconstruction
and spectral fidelity. Regarding spatial accuracy, the DGC value is
drastically reduced from 2.17 dB to 0.84 dB, indicating a much more
uniform gain response across directions. The improvement in SPM-
KL further confirms that the spatial energy pattern reconstructed by
Flow-HOA is more accurate. These comprehensive improvements
validate the effectiveness of our generative joint optimization frame-
work, which achieves a synergistic enhancement of time-domain,
spectral, and spatial fidelity.

3.4. Subjective Evaluation

To assess perceptual performance, we conducted a formal MUSHRA-
based listening test with 16 participants (11 male, 5 female, aged
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Fig. 4: Boxplots of the subjective listening test results for overall
sound quality (left) and spatial localization (right).

20-25), all with no self-reported hearing loss. Using the web-
MUSHRA framework [2 1], stimuli were presented over Sennheiser
HD 600 headphones in a controlled environment. The stimuli were
generated from anechoic source signals physically recorded in an
anechoic chamber, which were unseen by the model during training.
These signals, captured at 45-degree intervals, were processed by
the filters under evaluation and rendered to binaural audio using the
HRTF database from [22]. Participants were asked to evaluate over-
all sound quality and spatial localization separately. Low-passed
stimuli and opposite-angle stimuli were used for the sound quality
and spatial localization tests, respectively. Post-hoc screening was
applied based on each listener’s correct-identification rate for the
reference and anchor trials.

Results (Fig. 4) were analyzed using paired-sample t-tests with
Holm correction for multiple comparisons. For overall sound qual-
ity, Flow-HOA (Mean = 64.4) was rated significantly higher than the
ASM baseline (Mean = 50.9), with a mean difference of 13.6 points
(Holm-corrected p < .001), indicating a substantial improvement
in perceptual audio fidelity consistent with the objective metrics.
For spatial localization, no significant difference was found between
Flow-HOA (Mean = 60.4) and ASM (Mean = 62.6; Holm-corrected
p = .40). Interestingly, some participants reported a stronger in-
head localization (IHL) effect with Flow-HOA. We hypothesize this
is because our method’s high-fidelity reproduction of the anechoic
source signals made the inherent lack of externalization cues (e.g.,
reverberation) more apparent, which may have confounded spatial
judgments [23, 24].

4. CONCLUSION

We introduced Flow-HOA, a framework that formulates the design
of FIR filters for HOA encoding as a generative joint optimization
task. Unlike conventional approaches based on simplified analytical
objectives, our method employs conditional flow matching guided
by a composite perceptual loss to learn the mapping from a prior
distribution to optimal filters. Objective experiments showed that
Flow-HOA outperformed the ASM baseline in signal fidelity and
spatial accuracy. Subjective listening tests confirmed higher over-
all sound quality. The model’s strong performance on real-world
recorded stimuli unseen during training further underscores its gen-
eralization capabilities. They also revealed, however, that improved
fidelity does not necessarily enhance spatial externalization, as in-
head localization was still observed. This points to future work on
integrating perceptually motivated externalization metrics into the
optimization process to achieve a truly immersive experience.
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